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Abstract

In this research, the suitability of back-propagation artihcial neural networks (ANNs)

for modelling multivariate water quality time series is demonstrated. They are

successfully applied to two case studies, namely the long-term forecasting of saliniry,

and the modelling of blue-green algae, in the River Murray, Australia.

Univariate and multivariate ANN and autoregressive integrated moving average

(ARIMA) models are developed to obtain real time forecasts of salinity in the River

Murray at Murray Bridge, South Australia, 1, 5 and 14 days in advance. A number of
issues in relation to the construction of multivariate ANN models are investigated and

guidelines for optimising their performance are developed.

The one day forecasts obtained using the ARIMA models are slightly better than those

obtained using the ANN models. However, the ANN models perform significantly

better than the ARIMA models with increasing forecasting period. The multivariate

ARIMA model only performs marginally better than its univariate counterpart.

However, multivariate ANN models perform significantly better than univariaæ ANN
models.

Analytical methods, including the method of Haugh and Box (1977), which is commonly

used to determine the inputs for multivariate time series models of the ARMA type, and

a neural network based method, a.re proposed as means for determining the inputs for
multivariate ANN models. Both methods are applied successfully to the saliniry

forecasting problem.

A multivariate ANN model is developed to forecast the incidence of blue-green algae

(Anabaena spp.) n the River Munay at Morgan, South Australia, given various

prevailing environmental conditions. These include the colour, turbidity, temperature

and flow of the river and the concentrations of total phosphorus, soluble phosphorus

and total nitrogen. The neural network based method is used to determine the lags of
the model inputs. The model is able to successfully predict the relative magnitude and

the timing of incidenc e of Anabaena \p to 4 weeks ahead.

The interaction of the input variables is found to be very complex. No one variable is

found to be dominant, with all variables contributing approximaûely equally- In addition,

different environmental conditions are found to be responsible for significant incidences

of Anabaena-
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Chapter 1

Introduction

1,.1 Introduction

Atifrcial neural networks (ANNs) are a form of computing inspired by the funcúoning

of the human brain and nervous system. Although the fust artifrcial neuron was

developed in 1943 (McCultoch and Pita, 1943), the true capabilities of ANNs have only

become apparent since backpropagation networks were developed in 1986 (Rumelhart

et al., 1986). The number of uses for ANNs is increasing rapidly. The world market for

the commercial use of ANNs has expanded from virual non-existence in 1985 to be in

the order of tens of millions of dollars at present; and is expected to reach approximately

$5 billion by the year 2000 (Hubick, 1992)-

Traditionally, ANNs have been used to carry out cognitive tasks performed naturally by

the brain, including recognising a familiar face, learning to speak and understand a

natural language, identifying handwritten characters and deærmining that a target seen

from different angles is in fact the same object. However, in recent years ANNs have

been used extensively for forecasting and have proved to be an attractive altemative to

more conventional forecasting techniques-

1



2 Chapter I : Introduction

ANNs are particularly suited to modelling environmentâl systems, as they are able to

perform well when a large amount of data is available, when the input data are noisy,

when the probability distribution of the data is unknown, when a large number of
attributes describe the system being modelled, when uncertainty exists about the rules

governing the relationship between the va¡iables and when non-linearities a¡e suspected.

In this research, ANNs have been applied to the modelling of water quality parameters

in the River Murray.

The Murray-Darling system, located in the south-east of Australia, is the fourth longest

river system in the world. Flow is regulated by four major storages, a series of 14 locks

and weirs and 5 barrages. The Murray-Darling basin covers 1-06 million lan2, which is

one seventh of Australia's surface area. Water from the River Murray is vital for

irrigation as well as water supply purposes. Most major cities in South Australia are

connected to the River Murray via pipelines and rely on Murray water to meet their

annual water demand.

A decline in the quality of River Murray water as a result of land clearance, flow
regulation, inefficient irrigation and inappropriate catchment management practices is of
major concern to water management authorities. High levels of salinity and frequent

outbreaks of blooms of toxic blue-green algae have a number of adverse effects on

domestic, industrial, agricultural and recreational water users. Computer modelling can

be used to gain a better understanding of the factors responsible for the decline in water

quality and to obtain forecasts of water quality parameters to assist with the

management of the Murray.

1.2 Objectives and Scope

The objectives of this research include:

1. To explore the use of ANN models for forecasting waûer quality parameters and to

compare their performance with traditional (statistical) time series models.

2- To develop guidelines for the best construction of ANN models, addressing issues

such as:

o Possible methods for determining the inputs to multiva¡iate ANN models.

o The effects of less significant inputs on model performance.

o The effects of using stationary and non-stationary data on model performance.

o The best way to obtain multi-step forecasts.



Chapter I : Introduction

The behaviour of ANNs during training, especially as they approach a local

minimum in the error surface-

The effect of internal network parameters and network geometry on model

performance.

The two case studies considered to achieve the above objectives include:

1. The forecasting of salinity in the River Murray at Murray Bridge, South Au.stralia.

2. The prediction of a particular genus of blue-green algae (Anabaena spp.) in the

River Murray at Morgan, South Australia.

The secondary objectives of the two case studies include:

i. To obtain forecasts of salinity in the River Murray at Murray Bridge up to 28 days in

advance-

ä- To forecast concentrations of Anabaena in the River Murray at Morgan up to 4

weeks in advance.

üi. To gain a better understanding of the causal factors of blooms of blue-green algae.

L.3 Layout and Contents of Thesis

In Chapter 2, a detailed review of the modelling æchniques used is given. ANNs are

discussed in Section 2.1, while tradiúonal time series analysis methods are covered in

Section 2.2. Insection 2.3, the use of ANNs for modelling time series is described, and

a comparison between ANN and the more traditional ARMA (Autoregressive Moving

Average) type models is given.

Satinity forecasting in the River Murray is discussed in Chapær 3. An introduction to

the chapter is given in Section 3.1, while a review of background literature is provided

in Section 3.2. Theva¡ious forecasting models úsed are discussed in Section 3-3.

Sections 3.4 to 3.7 give details of the va¡ious models developed for forecasting salinity

in the River Murray at Murray Bridge up to 14 days in advance. The development of

the univariate ANN model is covered in Section 3.4, the development of the multiva¡iate

ANN model is covered in Section 3.5, the development of the univariaæ time series

model is covered in Section 3.6 and the development of the multivariate time series

model is covered in Section 3.7. Acomparison of the results obtained using the various

forecasting methods is given in Section 3.8.

Long term salinity forecasting using multivariate ANN methods is explored in Section

3-9 by extending the forecasting period to 28 days-

3
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In Section 3.10, a method for determining the inputs for multivariate ANN models is

introduced and compared with empirical and anal¡ical methods traditionally used for

multivariate time series analysis. All three methods were applied to the salinity

forecasting problem. The conclusions of the chapter are given in Section 3. 11.

The case study of forecasting concentrations of blue-green algae in the River Murray at

Morgan is discussed in Chapær 4. An introduction to the chapter is given in Section 4.1

and a review of background literature is presented in Section 4.2. The case study

considered is described in Section 4-3, while the development of the multivariate ANN

model is discussed in Section 4.4. The conclusions of the chapter are given in Section

4.5.

The conclusions and recommendations of the thesis are given in Chapter 5. In Section

5.1, the contributions of the research a¡e detailed. The general and specific conclusions

are provided in Sections 5.2 and 5.3 respectively. Recommendations for future work

are given in Section 5.4.



Chapter 2

Literature Review

2.L Artifïcial Neural Networks

2.1.1 Introduction

Artificiat neural networks provide a means of computation inspired by the functioning

of the human brain and nervous system.

The brain has a novel way of processing information. It utilises vast numbers of

neurons whose individuat processing capabilities are quite limited. These neurons are

linked by, and transmit information via, electrochemical pathways. The resulting neural

network is able to learn by adjusting the strength of the pathways. As a result, parallel

computation can occur. The memory of the network is represenæd by the strength of

the connections between the neurons.

Artifrcial neural networks (ANNs) are modelled on the gross stnrcture of the brain

outlined above. Neurons are represenæd by simple processing elements, which are

generally arranged in layers; an input layer, an output layer and one or more layers in

between called hidden layers. The processing elements are ñ,rlly or partially liriked by

5



6 Chapter 2: Literature Revie.w

weighted connections. Different values of weights represent connections of varying

strength. These weights are adjusted using a learning rule.

Artiltcial neural networks are able to determine relationships between input data and

corresponding output data. 'When presented with input-output paired training

examples, artificial neural networks adjust their connection weights on the basis of the

training samples and discover the rules goveming the association between variables.

2.1.2 Artificial Neural Networks in Perspectiye

2.1.2.1 Parallel Versus Serial Computing

ANNs are a type of parallel computer, which differ from the more traditional serial

(Von Neumann) computers.

Von Neumann computers are the type used most widely today. Their operation is

controlled by a single central processing unit (CPU), which holds the computer's

memory and processes information in a sequential manner. The sequential manner in

which data is processed limits the overall processing speed of the computer, which can

lead to a "bottle neck" of information transfer if a large amount of information has to be

processed (Hubick, 1992).

Parallel computers consist of a number of smaller processing units that are linked

together. This allows information to be processed in a parallel manner, which is useful

when many pieces of information are required to carry out a particular operation (e.g.

when the brain makes a decision)-

2.1.2.2 ANNs as a Form of Artificial Intelligence

Artificial intelligence was first introduced in the 1950s and includes expert systems,

natural language, ANNs, voice recognition, machine translation, inælligent text or media

and other related activities (Hubick, 1992). A comparison of expert systems and

artihcial neural networks is given below.

Expert systems

Rule-based expert systems attempt to duplicate the behaviour of a human expert in a

particular field of lnowledge. The knowledge of an expert system is derived from a
large database of knowledge which is created by a human expert. When using an expert

system, this knowledge base is interrogated to obtain the desired answer, as though it
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were an expert on the subject in question (Schildt, 1987; Hancox et al., 1990)- The

expert system also reveals the rules that were used to arrive at a particular conclusion

(Hubick, lgg2). The use of expert systems is well suiæd to serial computers'

The major advantage of expert systems is that they allow the user to check the logic

used by the expert system to arrive at its conclusion (Hubick, 1992). However, there

are a number of disadvantages associated with using expert systems (Hubick, 1992)'

including:

. A set of rules needs to be developed for each individual problem.

. If one aspect of a particular problem changes, the rules have to be adjusæd. This

may lead to a chain reaction, aS some rules affect others and so on.

. They do not tolerate any errors in the rules.

. The rules need to be converted to the appropriate computer code.

. They are unable to cope with breakdowns or unexpected events - all possible

outcomes need to be taken into account when the knowledge base is established.

. They are expensive to develop commercially.

. There is no methodology for developing the knowledge base.

Artificial neural networks

ANNs process information in a parallel manner. They develop their own set of rules as

they learn "by example" and a¡e therefore well suited for complex processes for which

explicit rules are unknown (Hubick, 1992). The knowledge of ANNs is distribuæd and

is stored in the interconnections between the processing elements. This is in contrast to

expert systems, whose knowledge is represented by its rules.

The advantages of using artificial neural networks include (Jones and Hoskins, 1987;

Lippmann, 1987; Daniell, 1991; Burke and Ignizio, 1992: Burke, 1991; NeuralWare,

Inc., 1991; Kimoto and Asakawa, 1990; Josin, 1987; Saito and Nakano, 1990; Hechç

Nielsen, 1988; Maren et al., 1990; Hubick, 1992):

. High processing speeds as a result of their parallel natufe.

. They have the abiliry to deal with bad or missing data-

. They are very robust or fault tolerant- If some processing elements, or the links

between them, are damaged or disabled, the overall performance of the network is

not degraded signifrcantly. This property arises from the fact that information is

distributed and not contained in one place (e.g. the CPU in Von Neumann

computers).

. They generate their own rules internally by learning from examples. This gives

neural networks an advantage when dealing with complex problems, for which the

7
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underlying rules or algorithms are unknown. Even if an algorithm is known, it is

often too computationally intensive to generate solutions in an acceptable time

frame.

They have the ability to produce continuously graded inputs or outputs. This can be

used to represent the intensity of an input feature or the certainty of a classihcation.

They are virtually unaffected by noisy input data.

They can be inserted into existing technology with ease. They can be designed

quickly and the direct hardware implementation of artificial neural networks is cost

effective. As a result, artificial neural networks can be used for incremental system

improvement and upgrade.

They have good generalisation ability.

The disadvantåges of ANNs include (Hubick, 1992):

. There is no set methodology for determining the optimal structure of the neural

network for a particular problem.

. There are no means for determining the rules used by the network to arrive at a
particular decision.

. They are not suited to problems where the relationship betrveen the model inputs

and outputs is deterministic.

2.1.3 History of Neural Computing

The history of neural computing is discussed by various authors (NeuralWare, Inc.,

1991; Daniell, 1991; Vemuri, 1988; Maren et al., 1990; Hecht-Nielsen, 1990).

At the inception of the field of computing, there were two philosophically opposing

views about what the purpose of computing should be. One philosophy stated that the

mind, as well as computers, are symbol manipulating systems and that the aim of
computing is to represent the computational capabilities of the brain. The opposing

view was that the aim of computing is to model the structure of the brain itself

(Vemuri, 1988). Neural computing follows the latter philosophy.

McCulloch and Pitts (1943) introduced one of the first theoretical models of artificial

neurons, the M-P neuron. M-P neurons feature bitrary inputs and outputs a.ssuming

values 0 or 1 and an inærnal threshold level. Operation is such that the neuron output

is one if the total input is greater than or equal to the threshold level. Individual M-P

neurons can be interconnected to form artifrcial neural networks.

a

a

a
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Hebb (Ig4g) proposed that the connection strength between neurons changes as

learning occurs. Hebb also postulated that the connection between two neurons gets

stronger if the two neurons are excited simultaneously'

The hrst conference on artihcial intelligence was held at Dartmouth in 1956. The fields

of artificial inælligence and neural computing were launched at this conference

(NeuralWare, Inc., 1991).

The first major research project in neural computing was conducted by Rosenblatt in

1958. Rosenblatt (1958, 1961) showed that if M-P neurons are linked with

connections of adjustable strength, they can be "trained" to perform pattern

classilications. These networks are called "perceptrons" and combine McCulloch and

pitts' work with Hebb's postulate. Perceptrons are able to make limited generalisations

and are able to perform classifications even when the input is noisy. Perceptron

networks consist of an input sensory layer, a hidden layer and an output layer' Ilritially,

all the connection weighs are given arbitrary values, producing an arbitrary response

to a given input. The weights are adjusted during "training" to produce the desired

output. Rosenblatt's work on perceptrons sparked great interest in the research area of

neural computing and ANNs.

Widrow and Hoff (1960) developed the ADALINE (ADAptive LINear Element)

leaming algorithm. The ADALINE is a variant of the perceptron and is also based on

simple neuron-like elements.

The two-layer version of the ADALINE, the MADALINE (Multiple ADALINE), was

introduced n 1962 (Widrow and Smith, 1963). The ADALINE and MADALINE

were used in a variety of applications, including weather prediction, character

recognition, speech recognition and adaptive control.

Minsþ and Papert (1969) published a critical review of perceptron networks called

"perceptrons". They showed that single layer perceptrons cannot solve non-linear

separable problems such as representing the Exclusive-OR function. As a result,

funding for research into ANNs and neural computing decreased markedly and caused

most research into this area to be abandoned. This is despiæ the fact that perceptrons

with three layers of processing elements have the ability to implement any conúnuous

function, as proven by Kolmogorov (1957). The only obstacle to using multilayer

perceptrons was the lack of a suitable learning rule to adjust the weights in the hidden

layer. In spite of this drawback, some research into neural networks continued.

9
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Grossberg (1976) developed the Adaptive Resonance Theory (ART) network, which is

a neurally inspired computing model.

Kohonen (1982) introduced the Self Organising Feature Map (SOM). This model is

based on the principle of competitive lea¡ning, where elements compete to respond to

an input stimulus and the winner adapts itself to respond more strongly to that

stimulus. This results in an unsupervised leaming procedure, as the internal

organisaúon of the network is only dependent on the input stimulus.

Hopfield (1982, 1984) developed the Hopfield model, which sparked a resurgence into

research in the held of neural computing. This model consists of interconnected

processing elements which seek an energy minimum and store information in their

connections.

In 1983, Anderson (1983) presented his Brain-State-in-a-Box model, which was based

on his earlier Linear Associator model. It is a distributed, associative model based on

Hebb's postulate.

The Boltzmann Machine was developed by Ackley et al. (1985). It is based on the

Hopfield model, but incorporates stochastic updating procedures during recall to allow

the network to escape from local minima in the energy surface. The Boltzmann

Machine makes use of a sea¡ch method called simulated annealing.

Rumelhart et al. (1986) introduced the Back-propagation network, which is the most

widely used network today. The back-propagation learning rule enables the weights in

the hidden layer(s) to be adjusted successfully, allowing back-propagation networks to

implement the Exclusive-OR function.

The Bi-directional Associative Memory (BAM) network was designed by Kosko

(1987) and is similar to Grossberg's models.

Another resurgence in the field of neural network research is taking place at present

due to the development of new network topologies, new learning algorithms, ne\ry

analog VLSI implementation techniques and a growing fascination with the functioning

of the human brain (Lippmann, 1987).



Chapter 2: Literature Review 11

2.1.4 Natural Neural Networks

The structure and operation of natural neural networks (NNNs) is addressed by several

authors (NeuralWare, Inc., 1991; Vemuri, 1988; Hecht-Nielsen, 1988; Burke, 1991;

HLertzet al., 1991).

NNNs consist of tens of billions of nerve cells called neurons, which are densely

interconnected. Each neuron is connected to as many as 10,000 others- The cerebral

cortex of the human brain is an example of a NNN'

Neurons essentially behave as microprocessors. Each neuron receives the combined

output of many other neurons through input paths called dendrites. If this input signal

is strong enough, the neuron is activated and produces an output which is transmitted

through output structures called axons. This information transfer is electrochemical in

nature.

The axon splits up and connects to the dendrites of many other neurons via junctions

called synapses. The connection is chemical and is made possible by the release of

neurotransmitters by the axon, which are received by the dendrites. The strength of the

connection is modihed as the brain learns and it depends on the amount of

neurotransmitter released. The way neural networks process information, corhbined

with the action of the s)¡napse, results in the basic memory mechanism of the brain.

The typical structure of a neuron is shown in Figure 2.1-

Neuron

Dendrites

Nucleus

Synapses
Axon

Axon

Figure 2.1: Typical Sructure of a Neuron (Source: NeuralWare,

Inc., 1991)
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2.1.5 Artifïcial Neural Networks

2.1.5.1 fntroduction

ANNs are described by a number of authors (NeuralV/are, Inc., 1991; Lippmann,

1987; Hecht-Nielsen, 1988; Josin, 1987). They are loosely based on the structure of
NNNs, but exhibit only a very small portion of their capabilities. ANNs are simila¡ to

NNNs in that they consist of interconnected processing elements (neurons) and satisfy

the "locality constraint", which means that processing elements are only allowed to

receive information supplied locally. As a result, the input to a processing element can

only be directly affected by a node connected to its input path (Burke and Ignizio,

1992).

In ANNs, processing elements (nodes) are equivalent to neurons in natural neural

networks. Processing elements are usually analog, non-linea¡, possess a small local

memory and a¡e slow compared with advanced digital circuitry. Individual processing

elements are usually arranged in layers. Two of these layers, the input layer and the

output layet, are connected to the environment. Data are presented to the network at

the input layer and the response to the inputs is presented at the output layer. The

layers in-between the input layer and the output layer are called hidden layers. Hidden

layers enable the network to cater for non-linea¡ities.

Nodes in the va¡ious layers are either fully or partially inûerconnected. Each

connection has associated with it a particular adaptation coefficient or "weight",

representing the synaptic strength of neural connections. A typical network is shown in

Figwe2.2.

Output layer

Hidden layer

Input layer

Figure 2-2: Typical ANN (Source: NeuralWare, Ihc., 1991)
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2.1.5.2 OPeiation

The operation of ANNs is described extensively by a number of authors (NeuralWare,

Inc., l99l; vemuri, 1988; Lippmann, 1981; Daniell, 1991; Maren et al., 1990;

Hecht-Nielsen, 1988; Jones and Hoskins, 1987; Burke and Ignizio,1992)-

The propagation of data through the network starts with the presentation of an input

stimulus at the input layer. The data then progress through, and are operated on by,

the network until an output stimulus is produced at the output layer.

Individual processing elements receive inputs from many other processing elements via

weighted input connections. These weighted inputs are summed and an optional

threshold value is added or subtracted, producing a single acúvation level for the

processing element. This activation level constitutes the argument of a transfer

function, which produces the node output. This output is passed to the weighted input

connections of many other processing elements. This process is shown for node 'J" in

Figure 2.3.

The following notation aPPlies:

¡P = the number of nodes in the previous layer

x¡ = the input from node i, i = 0, l; "', NP

wji = the connection weight between nodes i and j
Ij = the activation level of node j
F(.) = the transfer function

Y¡ = the output of node j
Tj = the threshold for node j

The governing equations ale given by (NeuralWare,Inc., 1991; Maren et al., 1990):

I
J

¡P

)w¡ixi *Tj (summation)

i=1

(2.r)

(2.2)
Y¡ = F(I¡) (transfer)

The performance of processing elements can be affecæd by changing transfer functions

and adding new parameters or functions such as thresholds or gains.
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v'l

Output path

x

x ,

x

Weights

w
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w

Processing

Element¡nJ

xNn

Figure 2.3: Operation of a Typical Processing Element (Source: NeuralWare,
Inc., 1991)

Processing at each node occurs independently of the processing at all other nodes. At
the same time, the processing done at each node effects the network as a whole as the

output of one node becomes the input to many other nodes.

In a similar way to NNNs, ANNs learn by altering the connection strength between the

processing elements. This is done by adjusting the weights on presentation of a set of
training data using a learning rule. Once the learning phase is complete, the weights

arg "frozen".

Connection weights (Hecht-Nielsen, 1988; Jones and Hoskins, 1987)

Connection weights have the function of amplifying, attenuating or changing the sign

of the input signal. A znro weight represents the absence of a connection and a

negative weight represents an inhibitory relationship between two nodes. In general,

the output of node i is multiplied by the weight of the connection between nodes i and j
to produce the input signal to node j. Hence connection weights represent the strength

of the connection between two nodes. Weights are stored in the local memory of
nodes and hold the long-term memory of the network.

Sum Transfer
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Threshold (Maren et al., 1990)

A threshold (bias) acts like another processing element that has a constant output- The

effect of the threshold is to add a constant value to the summed input. The purpose of

this is to scale the input to a useful range-

Transfer functions

The use of different transfer functions is addressed by various authors (Burke and

Ignizio, 1992; Lippmann, 1987; Daniell, 1991; Ma¡en et al-, 1990; NeuralWare, Inc.,

1991). Transfer functions are mathematical formulae that give the output of a

processing element as a function of its input signal. {ransfer functions can take a

variety of forms. \

A. Threshold functions

Threshold functions only produce an output if the total input exceeds an intemal

threshold (t;). The use of such functions is limited, as the output can only take on one

of two values, as shown in Figure 2.4-

j)
1

T

1

Figure 2.4: AnExample of a Threshold Function (Source:

Maren et al-, 1990)

+1 if Ij 2 T'j

-1 otherwise

F(I

0

F(I¡) = (2.3)
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B. Hard limiærs

Hard limiærs produce a linearly varying output between defined bounds of node

activation (-o, a). Outside these bounds, the output is either -l or 1. This is shown in

Figure 2.5.

F(Ij)
1

I0
c[-c[

1

F(I¡ ) =

+1 if
l- ir
c[-l if

Figure 2.5: An Example of a Hard Limiter (Source: Maren
et al., 1990)

Ij>

-cL<I¡<cL
Ij<o

(2.4)

C. Continuous functions

Continuous functions produce a continuous output as a function of the total input
Common transfer functions of that type include the sigmoid function and the hyperbolic

tangent function, both of which are examples of squashing functions. A squashing

function is a special type of transfer function that is differentiable and non-decreasing.

It enables a trained network to perform non-linear inærpolations, to provide a

reasonable output in response to a range of inputs. It also limits the output for extreme

input values. The sigmoid and hlperbolic tangent transfer functions are shown in

Figures 2.6 and 2-7. Sometimes other smooth functions are used as transfer functions.

The sine function, for example, enables the network to perform a mode decomposition.

Usually all processing elements in a particular layer have the same tansfer function.
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F(I¡)
1

Figure 2.6: The Sigmoid Function

F(I¡)
't

0

I¡

-8-64-202468

(2.s)

Ij
-8-64-2 2468

1

Figure 2.7: The Hyperbolic Tangent Function

(2.6)

Learning (Hecht-Nielsen, 1988)

Iæarning is the process in which the weights are adjusted in response to taining data

provided at the input layer and, depending on the learning rule, at the output layer-

The learning process allows the network to adapt its response with time in order to

produce the desired output. Weights are updaæd in accordance with a learning rule

using an on-line or off-line algorithm (Jones et a1., 1990), 'When an off-line algorithm

is used, all the training data need to be collected before learning can commenæ- On-
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line algorithms take into account training data as they become available and are more

widely used than offline algorithms. On-line algorithms fall into two categories.

Conjugate gradient learning and the multidimensional Newton's method make use of

the entire training data each time the weights are updated (Jones et al., 1990). The

method used by Jones et al. (1990), on the other hand, only utilises the most recent

training data, resulting in increased training speed and some reduction in network

accuracy.

læarning procedures can be divided into hve main categories, namely unsupervised

learning, supervised learning, graded learning, hybrid learning and non-adaptive

leaming.

A. Unsupervised learning

Unsupervised learning rules are discussed by Thorpe and Imbert (1989), Maren et al.

(1990), NeuralWare, Inc. (1991) and Hecht-Nielsen (1990). In unsupervised leaming,

the network is only presented with input stimuli. There is no feedback from the

environment to say what the corresponding output should be, or whether the output is

right or wrong. The network itself discovers patterns, features, regularities or

categories in the input space and reorganises itself inærnally so that individual hidden

nodes correspond to a specific input or group of closely related inputs. Such groupings

represent clusters in the input space corresponding to real life concepts. There are two

different kinds of unsupervised learning, including unsupervised Hebbian leaming and

unsupervised competitive learning. In unsupervised Hebbian learning, several output

units are often active together, whereas in unsupervised competitive learning, the

processing elements compete with each other and only the winner is active.

Unsupervised learning is similar to the way learning takes place in NNNs.

B. Supervised leaming

Supervised learning rules are discussed by a number of authors, including Vemuri
(1988), NeuralWare, Inc. (1991), Hecht-Nielsen (1988, 1990) and Maren et al.

(1990). In supervised learning, the network is presenæd with an input stimulus as well

as the desired response to that stimulus. The actual output of the network is then

compared with the desi¡ed output. The aim of learning is to find a set of weights that

minimisss the mean squared error between the actual output and the desired output.

The global error function at discrete time t" EG(t), is given by (Vemuri, 1988):
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= a constant of proportionality

19

NO

Bc(t) = ålr o[{t) - o*(t) )2 (2.7)

k=1

where

ol{t) = the predicted output at discrete time t

o*(tl = the desired (actual, historical) output at discrete time t

¡o = the number of nodes in the output layer

Initially, the weights are assigned arbitrary values. The weights are then updated

systematically using a learning rule. The weight update equation typically takes the

form:

w¡i(t+l)=w¡i(t)+Âw;i (2.8)

There are several methods for finding the weight incremenq À w¡i, including the

following:

81. Hebbian learning (NeuralWare, Inc., 1991; Hecht-Nielsen, 1990)

The basis for Hebbian learning is a postulate made by Hebb in 1949, which states:

"When an axon of cell A is nea¡ enough to excite a cell B and repeatedly or persistently

takes part in f¡ing it, some growth process or metabolic change takes place in one or

both cells such that A's efficiency, as one of the cells fring B, is increased" (Thorpe

and Imbert, 1989).

The implications for ANNs are that the weight between two processing elements is

incremented if both processing elements are activated simultaneously. The weights are

updated in accordance with the following equation (Vemuri, 1988):

À w¡i = al yi yj Q')

where

a1

82. Grossberg learning

Grossberg's method is another weight update procedure that is biologically plausible.

The weight update equation is given as follows (vemuri, 1988):
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^wji=azf(yj-w¡i)
(2.10)

where

a2 = a constant of proportionality

83. Gradient descent learning (Vemuri, 1988; Maren et al., 1990)

As each combination of weights produces a different error, an error surface exists as a

function of the weight space. The gradient descent method results in weights being

changed in the direction of steepest descent down the error surface. As a result, the

weight update is carried out in the direction that yields the maximum error reduction.

The size of the step taken down the error surface is determined by a learning rate, q.

Áw
Jl (2.rr)

There is little evidence that this type of learning occurs in NNNs (Thorpe and Imbert,

198e).

84. Competitive learning (NeuralWare, Inc., 1991)

In this type of learning, a competition occurs between all processing elements. The

processing element that produces the strongest response to a particular input is the

winner and is adjusæd to become more like the input.

C. Graded learning

Graded learning is discussed by Maren et al. (1990), NeuralWare, Inc. (1991) and

Hecht-Nielsen (1988, 1990). This type of learning is similar to supervised learning.

Rather than receiving the correct response to a given stimulus, the network receives a

score or grade to see how well it is performing. This reinforcement signal is only

evaluative, not instructive. Graded learning is used for control and optimisation

problems where it is impossible to lnow the correct response.

D. Hybrid learning

Sometimes it is advantageous to combine supervised and unsupervised leaming

úechniques in the same network. The most common method of hybrid learning is to
have one layer using an unsupervised leaming rule followed by a network using a



Chapter 2: Literature Review 2t

supervised learning rule (Maren et al-, 1990). Although the tasks performed by such a

network could usually be achieved using a network that learns purely in a supervised

manner, using a hybrid learning scheme speeds up the learning process considerably.

E. Non adaptive learning (Burke and Ignizio,1992; Looi, 1992)

In this type of learning, weights are not changed adaptively, but are derived initially

from an energy function. This energy function forms a representation of the problem

beitrg considered and contains information specific to that problem. While weights are

f,rxed, node states change until the energy function reaches a steady state. The energy

function must be a Liapunov function, for which lower values correspond to better

solutions to the problem being represented. One such energy function, the generic

Hopfreld function, is given below (Burke and Ignizio, 1992):

EN = -0.5 (>>w¡i xi v¡ + )T'¡ xt) (2.r2)

ij I

2.1.5.3 Architecture

Network architecture describes the way individual processing elements are joined to

form neural networks. The factors which affect network architecture include (Maren

et al., 1990):

1. The number of layers (e.g. single layer, bi-layer or multi-layer).

2- The number of processing elements per layer.

3. The type of connection between individual processing elements (e.g. feed-forward

connections, feedback connections, lateral connections).

4. The degree of connectivity between processing elements-

2.1.5.4 Performance

The performance of artificial neural networks is affected by three factors (Vemuri,

1988; Lippmann, 1987; Josin, 1987):

1. Node characteristics.

2. Iæarning rules.

3. Network architecture-

2.1.6 Implementation of Artificial Neural Networks

There are a number of ways of implementing artificial neural networks, some of which

are discussed below
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2.1.6.1 Software Simulation

The operation of artificial neural networks can be simulated on conventional computers

using software. Special computing languages have been developed which enable the

user to describe neural network a¡chitectures. The AXON neural networks description

language is one such a language (HechrNielsen, 1990). A Iist of commercially

available software simulators is given by Taylor (1993). The major disadvantage of
using softwa¡e simulators is that they do not make use of the inherent processing speed

resulting from the parallel nature of ANNs, as processing is carried out sequentially.

2.1.6.2 Hardware Accelerators

Hardware accelerators can be used in conjunction with software simulators. The use of
hardware accelerators is ideally suited to the parallel nature of neural networks.

Hardware accelerators improve the processing speed of simulaæd networks to an

extent where they can solve problems in real time. Examples of such accelerators

include the Mark III and Mark IV, the Network Emulation Processor (NEP), the

ANZA and ANZA Plus and the Delta-II Floating Point Processor (NeuralWare, Inc.,

1991).

2.1.6.3 Optical Processors

Optical processors can also be used in the implementation of artihcial neural networ*s

and are discussed by Maren et al. (1990) and Neural'Wa¡e, Inc. (1991). Since optical

processors use light, no insulation is needed, resulting in a high density of channels. In

fact, the resulting density is four times as high as that obtained with electrical cables.

Another advantage using optical processors is that there is no interference.

2.1.6.4 Direct Hardware Implementations

Direct hardware implementations are discussed by various authors (NeuralWare, Inc.,

1Ð1; Daniell, 1991; HechçNielsen, 1988 and 1990; Maren et al., 1990).

Direct hardware implementation of a¡tifrcial neural networks is desirable, as it makes

fulI use of the parallelism of neural networks. The resulting advantages include

improved processing speed and increased maximum network size. Direct hardware

implementation can be achieved with the use of neurocomputers.
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Neurocomputers allow parallel processing and hence implement neural networks

efhciently and cost-effectively. Neurocomputers take the form of co-processor boards

which plug into standard serial computers to enhance their parallel processing

capabilities. Neurocomputers feature silicon chips that contain neural network

architectures. Neurocomputers are of the analog, digital or hybrid type' The

performance of neurocomputers can be assessed using criæria such as capacity, speed,

cost, accuracy, generality, software interface provisions and configuration provisions-

A list of available neurocomputers is given by Taylor (1993)'

2.1.7 Different Neural Network Architectures

2.L.7.1 Network Classification

Network classification is a topic discussed by many authors (Vemuri, 1988; Lippmann,

1987; Josin, t987; Daniell, 1991; Hecht-Nielsen, 1988; Maren et al', 1990)' Many

criæria can be used to classify networks of various architectures including:

1. Biological PlausibilitY:

Networks can be divided into two groups: those which employ biologically plausible

learning rules (e-g. Hebbian learning) and those which employ learning rules that a¡e

not biologically plausible (e.g. back-propagation) (Thorpe and Imbert' 1989)'

,,2. Information Flow:

Networks can be divided into feedforward and feedback networks. In feedforward

networks, there are no feedback connections and information flows in the forward

direction only. In feedback networks, feedback connections exist and information

flows forwards and backwards.

/l 3. Leaming:

Networks can be divided into those trained with and without supervision.

4. Association: ---,-'.'

Networks can be divided into auto-associative and heæro-associative networks- In

auto-associative networks, the output is the same as the input. Hetero-associative

networks associate an input pattern with a different output pattern.

5. Input:

Certain networks only accept binary inputs, whereas other networks operate on

continuous valued inPuts.
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Various authors have devised a system of classification for neural networks

Daniell (1991) suggests the factors which should be used to categorise ANNs are the

way information flows through the network and the learning rules used.

Lippmann (1987) has devised a taxonomy for ANNs. As shown in Figure 2.8, the

primary distinction is between networks using binary and continuous valued inputs.

Below this, networks are divided into those trained with and without supervision.

Figure 2.8: A Taxonomy of Neural Networks (Source: Lippmann, 1987)

Maren et al. (1990) have used structural similarity as the criterion for network

classification. This classification has been adopæd in this thesis and is summa¡ised in

Figure 2.9. Using this classification, networks are divided into six structurally related

groups:

1. Multi-layered, feedforward networl$.

2 - Single-layer, laærally-connected networks.

3. SingleJayer, topographically ordered networks.
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4- Bi-layer, feed forward/feedback networks.

5. Multilayer cooperative/competitive networks

6. Hybrid networks.

A brief description of these six groups of networks is given below. A more detailed

discussion is given by Maier (1995)-

Multilayer
Feedforward Network

(a)

Single-Layer
Laterally-Connected Network

Topographically Organized
Set of Vectors

(c)(b)

Bilayer MultilaYer
Feedforward /leedback Network Cooper bive / Competitive Neh¡vork Hybrid Network

(d) (e) (0

Figure 2.9: Six Types of Network Architectures (Source: Maren et al., 1990)

Multilayer feedforward networks have layered architectures, use supervised learning

rules and only have feedforward connections (i.e. there are no lateral-, self-, or back-

connections) (Maren et al., 1990). The difference between the various networks is in

the way they learn. Perceptron networls @osenblatt, 1958), ADALINE and

MADALINE networks (Widrow and Hoff, 1960) and back-propagation networks

(Rumelhart et al., 1986) use calculus based learning rules, which are driven by the

difference between the predicted and actual outputs. In contrast, the Boltzrnann

machine (Ackley et al-, 1985) and directed random search networks (Matyas, 1965;

Ç

o

o
a
o

@
q

o

Sub Net 2

Sub Net 2
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Solis and Wets, 1981) use random and statistical approaches to optimise the

connection weights-

Single-layer, fully laterally connected networks act as auto-associators, as they can only

store one pattern at a time- Hopheld networks (Hopheld, 1982) and brain-state-in-a-

box networks (Anderson, 1983) belong to this class of networks. As with all recurrent

networks, stability is a consideration, as information flows in more than one direction

and oscillations can occur (Maren et al., 1990).

Vector-matching networks are single-layer networks that can act as auto-associators as

well as optimisers. Unlike other network types, there are no connections between

processing elements. Instead, pattern vectors are related to similar ones in a

topological sense (Maren et al., 1990). The networks that belong to this class include

learning vector quantisation (LVQ) networks (Kohonen, 1988; DeSieno, 1988) and

self-organising maps (SOMs) (Kohonen, 1982).

Feedforward / feedback hetero-associative networks have both feed-forward and

feedback connections, and may have laterai connections. They employ unsupervised

leaming rules and there is no disúnction between the training phase and the operation

phase (Maren et al., 1990). Adaptive resonance theory (ART) networks (described in

Lippmann, 1987; Wasserrnann, 1989: Maren et al., 1990), bi-directional associative

memory (BAM) networks (Kosko, 1987) and recirculation networks (Hinton, 1988)

are examples of this type of network. As is the case with single-layer, fully laterally

connected networks, oscillations can occur that may not converge to a stable state-

Multilayer cooperative / competitive networks are designed to mimic certain biological

networks. The processing elements in the networks cooperate as well as compete with
each other in order to perform the desired task. Usually, the cooperative and

competitive processes are carried out by separate layers. This archiæcture results in

subtle and sophisticated featu¡e recognition and pattern recognition networlcs. The

competitive mechanism is achieved by adding lateral, inhibitory connections to feed-

forward networks (Maren et al., 1990). Examples of networks of this type include

competitive learning networks (Rumelhart and Zipser, 1985), masking field networks
(Grossberg, L978), boundary contour systems (Grossberg and Mingolla 1985a,

1985b), Hierarchical scene structures (Minsky and Maren, 1989) and the neocognitron
(Fukushima, 1988).

Typically, hybrid networks combine a competitive, or unsupervised, layer with a

supervised layer, resulting in rapid computation (Burke and lgnizio, 1992)- This
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architecture leads to two distinct phases in the leaming process. The unsupervised

learning component acts as a preprocessing unit which discovers features that are linear

functions of the input vector- The results of this stage are passed to the supervised

learning phase (Hrycej, 1990). Hybrid networks are usually used when known

architectures are inadequate to perform the task at hand and are usually formed by

combining networks of known a¡chitectures. Such networks can be strongly coupled

or loosely coupled (Maren et al., 1990). Strongly coupled hybrid networks are treated

as a single network. They consist of two or more networks that have been fused

together to form a single structure in a way that highlights the strengths and minimlses

the weaknesses of the component networks. Weakly coupled hybrid networks a¡e

formed by linking two or more networks that retain their individual characteristics-

Hamming networks (Lippmann, lg87), counter-propagation networks (Hecht-Nielsen,

l917a, 1938) and probabilistic neural networks (Specht and Shapiro, 1990) are

examples of hybrid networks-

2.1.8 Back-Propagation Networks

The back-propagation network was developed by Rumelhart, Hinton and Williams

(1986), and is the most widely used network today. Back-propagation networks

(Figure 2.10) belong to the class of multilayer feedforward networks that use the delta

leaming rule.

vj

1
aaa

aaa

0
Ij

Transfer Function

Figure 2.10: Typical Back-Propagation Architecture (Source: Maren et a1., 1990)

Back-propagation networks are capable of adjusting the weights in the hidden layer(s)

and hence solve the credit assignment problem formulaæd by Minsþ and Papert in

their book "Percepftons" Mnsky and Papert, 1969). This is achieved by assigning

part of the blame for erroneous outputs to all processing elements (NeuralWare' Inc.,

19e1).
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Back-propagation networks are mapping networks that approximaÍe mathematical

functions or mappings from an input space to an output space using examples of the

mapping's action- Mapping networks are variants of the methods of statistical

regression analysis (Hecht-Nielsen, 1990). They can be designed and trained to map

many complex patterns and have the ability to generalise with the aid of the hidden

layer nodes, which perform nonlinear feature extractions (Maren et a1., 1990).

Broomhead and Lowe (1988) suggest that back-propagation networks may be viewed

as performing simple curve fitting operations in high dimensional space. In addition,

learning is seen to be synonymous with producing a best ht surface in a high

dimensional space to a finite set of data points (the training set), and generalising is

seen to be equivalent to interpolating the test set on this fitting surface.

Back-propagation networks are fully interconnected. During recall, information flow is

feed-forward only. The back-propagation architecture is the same as that for

multilayer perceptrons with the following exceptions (Maren et al., 1990):

1. Back-propagation networks use continuous transfer functions, such as the sigmoid

function. These functions are asymptotic for infrnitely large and small values of
activation. In fact, for most input values, the output of the transfer function takes

on one of the two asymptotic values, allowing the output to be roughly grouped

into one of two classes.

During training, weights are adjusted in proportion to the derivative of the sigmoid

function. As shown in Figure 2.11, the derivative of the sigmoid function is always

positive, is close to zÊro for extreme input values and is at its maximum when the

input is zero. As a result, small weight changes occur when the output is either

zÊÍo or one, and large weight changes occur when the output is in the middle

range. This is desirable, as outputs of zero or one represent stable states and no

further changes are required. If the output is in the medium range, however, large

changes are required to drive the output to one of the two stable states.

2- In contrast to perceptron networks, back-propagation networks use the generalised

delta learning rule discussed in Section 2.I.8.I below.
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Figure 2.11: The Sigmoidal Transfer Funcúon and its Derivative (Source: Maren et

al., 1990)

2.1.8.1 Learning

The most interesting aspect of the back-propagation network, and the reason for its

success and popularity, is the back-propagation learning algorithm, which is based on

delta rule learning for networks with no hidden nodes.

The delta rule

Delta rule leaming is a supervised learning algorithm for networks without hidden

nodes. The input is presented at the input layer and passed to the output layer. The

predicted output is then compared with the desi¡ed output, and the difference, or delta,

be¡ween the predicæd and the desired response of the network is calculated. The

weights are then changed in accordance with the following equation (Jones and

Hoskins, 1987):

Âw¡i=q(ofl-of)Ii (2.r3)

where = the desired (actual, historical) output at node k

= the predicted output at node k

= the change in weight between nodes i and j

= the activation of the input node

= the learning rate

Ii

ofl

oI

^

Tì

wji
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This basically means that the credit (or blame) fo.r the error assigned to the input units

is proportional to their activation. The more active nodes are, the more they are

responsible for the actual output, and hence the error produced. As a result, the

weights of the most active nodes undergo the largest modihcation. In fact, the

direction of weight change is such that it will minimise the sum of the squares of the

output deltas. As learning progresses, the network cycles through the training set until

a specified performance level is reached.

The delta rule works well for single layer systems but cannot be used for multilayer

systems, as there is no mechanism for working out weight changes for nodes in the

hidden layer(s). This problem was solved by the introduction of the back-propagation

or generalised delta rule.

The generalised delta rule

The generalised delta rule is a supervised learning rule for adjusting weights in
multilayer networks. It is widely used and is discussed by many authors (Maren et al.,

1990; Hecht-Nielsen, 1990; Lippmann, 1987; Burke and Ignizio,1992; White, 1990;

Jones and Hoskins, 1987; Minai and Williams, 1990; NeuralWare, Inc., l99L;
Cheung et al., 1990).

The goal of the learning procedure is to find a set of weights that enable the network to

pedorm the desired inpuloutput mapping. During training, the mean squared

difference benrueen the predicted and the desired output is calculated as a function of
the weights. A different error is obtained for each combination of weights, creating a

mean squared error surface sitting above the weight space (Figure 2.12). This error

surface has a large number of local minima, because of the large number of
combinatorial permutations of the weights that leave the network input/output function

unchanged. The aim of the training procedure is to hnd a set of weights that will
minimise the error function-

.The weight changes are obtained by performing gradient descent in weight space.

Each weight is changed in proportion to the value of the partial derivative of the error

function with respect to that weight. Consequently, weight changes are made down

the gradient of the error surface.
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Figure 2.12: ATypical Error Surface (Source: Hecht-
Nielsen, 1990)

The weights are adjusted in two stages. ,-?_"d"g the first stage, the weights between the

hidden layer and the output layer are adjusæd. In the second stage, the weights

benveen the hidden layer and the input layer are adjusted.¡ An iterative method is used,

which propagates the error terms needed for weight adjustment back from the output

layer to the input layer via the hidden layer(s). As training patterns are presented to the

network, and weights are adjusted gradually in order to approximate the correct

inpuloutput mapping, the network goes through the following stages of learning

(Cheung et al, 1990):

1. Error-Convergent Stage:

In this stage, the errors produced by the various patterns ænd to converge towards

their mean.

2- Competition Stage:

The competition stage immediaæly follows on from the error-convergent stage.

Initially, the gradients of the individual patterns are in opposing directions and ænd to

cancel each other out, resulting in an overall gradient equal to 7Êro. Consequently, the

individual pattern gradients compete with each other in order to drive the overall

gradient away from zero. The changes in the overall gradient will be such that they

result in a decrease in the error function. This will cause the errors to eventually move

away from their mean.

3. Domination Stage:

In this stage, some patterns are dominantly trained. The errors of these patterns

decrease relatively quickly in comparison with other patterns. As learning progresses'

this domination situation disappears-

EG

WN
EG.

mln
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In general, stage one is very short, whereas the duration of stages two and three is

highly problem dependent.

The detailed back-propagation algorithm is given below (Neural'Ware, Inc., 1991):

1 The input vector, i, is presented at the input layer, and the desired output, od,

is applied at the output layer-

32

2.

a

a

a

a

a

The input vector is then propagated through the network producing the

predicted output, oP.

As the input propagates through the layers, the output state is obtained for

each node as a function of the input activation, I.

y¡tsl - F ( >( w¡¡[sJ x,[s-lì )) = F (Ijts])

where x.¡ ls-ll

v;tsl

wji ls

lsl

EG
No

Ir(ofl - o[)21
k=1

the current input from the ith processing element in layer

ls- 1l

the current ouþut state of the jth processing element in

layer [s]
the weight on the connection joining the ith processing

element in layer [s-1] to the jth processing element in

layer [s]
the weighæd summation of inputs to the jth processing

element in layer [s]

(2.t4)

I

Traditionally, F is the sigmoid function, but it can be ary squashing function.

/'
The scaled error and the delta weight a¡e calculaæd for each processing

element in the output layer in accordance with the following equations.

The global error function is given by:

I
2

a

where PG the global error

(2.rs)
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ofl

ofl

the desired output for the kth processing element

the predicted outpút for the kth processing element

The scaled local error at each processing element in the output layer, EL, is

given by:

EL [o] = (ofl - ofl) F (Ir) (2.16)

where F'(Ir) the derivative of the transfer function with respect to

its input

The global error, EG, is minimised by modifying the weights using the

following gradient descent rule:

a

a

Àw .t
I

sl =-nJ

(2.t7)

3 a

where rl the leamingrute

In other words, each weight is changed in proportion to the size and direction

of the negative gradient of the error surface.

By rearranging and substituting, the following expression for the weight

change is obøined:

Àw¡,tsJ = n ELj [s] *'[s-l] (2.18)

where EL' [s] - the scaled local error in the jth processing element in

layer [s]

The scaled error and the delta weight are calculated for each processing

element in the layers between the layer below the output layer and the layer

above the input laYer.

The local error that is passed back through the layers is given by:

EL'[s]
AEG
ãT'I

a

(2.1e)
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The relationship between the local error at a particular processing element at

level [s] and all the local errors at level [s+l] is obtained by applying the chain

rule twice to Equation (2.I9).

EL, tsl = p q¡.lsJ¡ ) {eln [s+r] *u.[s+11, (2.20)
k

The weight update equation is the s¿Lme as that for the output layer and is

given by Equation (2.18).

All the weights in the network are updated by adding the delta weights to the

corresponding previous weights.

Once training is complete, the weights are frozen. Training is the only time data is

back-propagated through the network. During recall, the network is strictly feed-

forward.

Use of training data (Hecht-Nielsen, 1990; Specht and Shapiro, 1990)

The training data consist of examples of the desi¡ed inpuloutput mapping. Generally

the lraining data a¡e divided into two subsets; one portion for training and one portion

for testing the performance of the network. It is vital that the test data are not used

during training. When a limited data set is available, the holdout method can be used

(Specht and Shapiro, 1990). When the holdout method is used, one pattern is held out

and training is carried out using the remaining patterns. The held out pattern is then

tested against the trained network. The above procedure is repeated, holding out each

pattern in turn.

Generally, the more training examples are presenæd to the network, the better it
performs the desired input/output function. However, back-propagation networks can

"overtrain". When too many training examples are presented to the network, it ænds

to learn the specific data set better than the general problem. This is undesirable, as the

network should have the ability to generalise. When a network overtrains, training

should be stopped. However, it is difficult to know when to stop training. The only

way to determine whether a network is overtraining is to stop training at periodic

intervals, freeze, the weights temporarily and test the performance of the network using

the test set. As shown in Figure 2.I3, the mean squared error will decrease in the

initial stages of training. As the network starts to overtrain, the error will increase

again.
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Approximate
in operational
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performance level of network
environment if training is stopped Approximate performance level of

network in operational environment

i ïîï not stopped

E
test set
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set

Number of
training cycles

Stop training here

Figure 2.13: The Fhenomenon of Overtraining (Source: Hecht-Nielsen, 1990)

Stopping criteria

Stopping criæria determine when the training process should be stopped. Examples of

stopping criteria include the following (Patterson, 1993; Lachtermacher, L993;

NeuralWare, Inc., 199 1):

1. t-earning can be stopped when the magnitude of the derivative of the transfer

function reaches a sufficiently small value for all connections.

2- .[raming can be stopped after a fixed number of training samples have been

presented to the network.

3. Learning can be stopped when there is no further improvement in network

performance during the æsting phase. This involves stopping faining at regular

intervals, presenting the test set to the network and comparing network predictions

with the actual values. This method is lnown as cross-validation-

4. 
- 
I-eaming can be stopped when the value of the error function reaches a sufficiently

small value during training. However, this can lead to overtraining.

2.1.8.2 Measuring Network Performance

When the performance of a network is assessed, two factors should be taken into

account: learning speed and generalisation ability. It has been shown that leaming

speed and generalisation ability are closely related ([.eCun, 1989). Ultimaæly, it is the

network's ability to generalise that is most important, as it deærmines the amount of

data needed to train the network. The network's generalisation ability is a measure of
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how well the network has learned to approximate the desired mapping for arbitrary

inputs.

A means for assessing generalisation ability is to calculate the root mean squared error

(RMSE) between the predicted and the desired output. Using the RMSE as a

performance measure has the advantage that large errors receive more attention than

small ones. The RMSE is also more sensitive to effors on frequent inputs (Hecht-

Nielsen, 1990). Alternative methods for assessing a network's generalisation ability

include the average absolute error (AAE), the average absolute percentage error

(AAPE), the maximum absolute error (MAE) and the median squared error (MSE)

(Hecht-Nielsen, 1990).

The RMSE, AAPE and the AAE a¡e calculated as follows. If there a¡e PE patterns in

the testing set:

#å'
1tRMSE =

,)

ofl-o[
o

ofl- oI ) (2.2t)

(2.22)AAPE (7,) = #
PTE

k=1

AAtr = # _ì l"t "ll (2.23)

2.1.8.3 Network Design

As discussed in Section 2.I-8.2, the ability to generalise is the most important network

performance measure. The likelihood of correct generalisation depends on the size of
the hypothesis space (the total number of networls beirg considered), the size of the

solution space (the number of networks that have good generalisation ability) and the

number of training examples (LeCun, 1989). If the hypothesis space is too large, or

the number of training examples is too small, then there exist many networks consistent

with the training data, but only very few of these lie in the true solution space, resulting

in poor generalisation ability. Conversely, in order to obtain good generalisation ability

with a network of increased generality, more training examples are required. However,

it should be noted that Wann et al. (1990) suggest that increasing the number of
training samples does not guarantee better generalisation ability. Hertz et al. (1991)

indicate that good generalisation ability can be achieved by building as much a priori
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knowledge as possible into the network, and by minimising the number of free network

parameters-

In an attempt to improve network performance, it is important to optimise the network

geometry, the initial weight distribution and the learning rate.

Network GeometrY

Several authors give guidelines as to how many hidden layers should be used (Maren

et a1., 1990; Hefiz et al., 1991).

As shown by Cybenko (1988), at most two hidden layers are needed to approximate a

particular function to a given accuracy, provided that there are sufhcient processing

elements per layer. The reason why two hidden layers are enough to approximate any

function is based on the argument that any "reasonable" function can be represented by

a linear combination of localised "bumps" and that such "bumps" can be constructed

with two hidden layers. However, it may be possible that a network using more than

two hidden layers may find a solution with less units in total or may speed up leaming.

Another point to consider is that although some functions may be represented using an

architecture with two hidden layers, they may not be capable of learning with that

architecture.

As a general guide, one hidden layer is probably suffrcient for classification (decision

boundary) problems, where the output node with the greaûest activation will deærmine

the category of the input pattern. However, if the outputs need to be continuous

functions of the inputs, two hidden layers, or different transfer functions, such as radial

basis functions (Section 2.1.8.5), should be used (Maren et al., 1990)'

When choosing the number of hidden layer nodes, the following should be kept in mind

(Maren et al., 1990):

1. The hidden nodes represent features in the input space and not the exact input

pattern.

2- Keeping the number of hidden layer nodes to a minimum reduces the number of

weights that need to be adjusted, and hence reduces the computational time needed

for training.

Hidden nodes detect relationships between input and output values. If there is an

insufficient number of hidden nodes, it may be difficult to obtain convergence during

training, as the network is unable to create adequately complex decision boundaries- If
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too many hidden nodes are used, the network may lose its abitity to generalise. This is

simila¡ to the area of statistics and curve htting, where too many free parameters result

in overfitting, as shown in Figure 2.14.

z
z(x) z

z(x)

o

(a) A good fit to noisy data (b) Overfitiing the same data

Figure 2-14: The Phenomenon of Overfitting (Source:Hertzet al.,
1991)

A curve frtæd with too many parameters follows atl the small details or:noise but is
unable to interpolate or extrapolate effectively. The same applies to artificial neural

networls; too many nodes result in poor generalisation.

Guidance for choosing the correct number of hidden layer nodes is given by various

authors, some of which are a function of the number of network inputs and outputs,

whereas others depend on the number of training samples available.

Hush and Horne (1993) suggest that the number of independent training samples

should be approximately ten times the number of weights for the network to have

good generalisation ability.

o

xx

a

a Baum and Haussler (1989) derived a theoretical relationship between the number of
training samples and the network size required to achieve valid generalisation.

They suggest that for a given network geometry, the number of training samples

required, PTR, is given by:

pTR¿ Nw/ cr

where Nw = the number of weights

and 0<cr<1/8

(2.24)
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If the above relationship is satisfîed, the fraction of test samples that will be

correctly classified is (1 - a).

Rogers and Dowla (1994) suggest using the rule of thumb that the number of

training samples (PTR) should be greater or equal to the number of weights in the

network (N*).

39

a

a Weigend et al. (1990, 1991) suggest using the following heuristic rule for

determining the initial number of hidden nodes:

# < NHl (NI+t). + (2.2s)

(2.26)

where PTR =
NHI =

¡I=

the number of training samPles

the number of hidden nodes

the number of inputs

However, Chakraborty et al. (1992) found this rule to be too restrictive when

limited training data are available.

NeuralWa¡e, Inc. (1991) give the following upper bound for the number of hidden

layer nodes:

a

NHI <

where PR
¡o
¡I

the number of training samPles

the number of ouþuts

the number of inputs

the number of hidden nodes

a constant

NHl _

Ct=

The constant, ¡¿, ranges between 2 and 10; 2 is used for very clean data while 10 is

used for noisy data.

Hecht-Nielsen (1987b) gives the upper limit for the number of hidden nodes as

2NI+1 for a network with one hidden layer.

o
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Maren et al. (1990) report that for many applications, the optimum number of
hidden layer nodes has been found to be less than the number of inputs.

DeSilets et al. (1992) specihed the number of hidden layer nodes as a percentage of
the total number of nodes in the input and output layers. They found that the

optimum percentage ranged from20Vo to 5OVo-

Kudrycki (1988) empirically deærmined that for networks with two hidden layers, the

optimum ratio of first to second hidden layer nodes is 3:1.

When limited data sets are available, the following methods may be used to increase

generalisation ability ([æCun, 1989):

1. Several connections can be controlled by a single parameter by using a æchnique

called "weight sharing".

2. "[Jseless" connections can be dynamically deleted during training.

Methods for deærmining the optimum network architecture include the following:

Harp et al. (1989) applied genetic algorithms to populations of descriptions of
back-propagation networks. Each description (genome) contains values of various

network parameters (genes). The population converges to a ne¿u optimal

architecture by using a technique that ensures that good building blocks found in

one trial are refined and combined with good building blocks from other trials.

Fahlman and læbiere (1990) developed an algorithm which adds individual nodes

as needed during training. Initially, a network without hidden layers is trained to

optimum performance. Subsequently, hidden nodes a¡e added and trained one at a

time until the model performance reaches a target value.

Weigend et al. (1990) added a term to the error function that penalises large

networks, resulting in the removal of excess weights during training.

a

o

a

a

a Sietsma and Dow (1991) and Chung and Iæe (1992) developed pruning methods

for removing superfluous processing elements based on the examination of the

node outputs.
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Initial wei ght distribution

The size and distribution of the connection weights at the beginning of training is very

important. If the weights are identical, the network may not learn (Rumelhart et al-,

1936). If the magnitude of the initial connection weights is too large, the activation

function will be large and the transfer function might saturate, leaving the network in a

local minimum or in an undesirable region of the weight space. Consequently, the initial

weights should be small and randomly distributed-

Learning rate (DeSilets et at.,1992; Minai and Williams, 1990; White, 1990)

The learning rate determines the absolute size of the weight change during learning. It

determines the magnitude of the steps taken down the error surface. The learning rate

is one of the factors which determines how fast the network learns.

Error surfaces have a multitude of areas with shallow slopes. As a result, large

learning rate values are needed for rapid learning. However, rapid training may not

necessarily be effective. If the learning rate is too large, the network might jump to

undesirable areas in weight space.

Generally, the learning rate has to be found by trial and error. Rumelhart et al. (1986)

have reported successfutly using values ranging from 0.05 to 0.75 for a variety of

problems.

2.1.8.4 Deficiencies of the Back-Propagation Algorithm

The dehciencies of the back-propagation algorithm have been wideþ discussed

(Cheung et al., 1990; Hrycej, 1990; Specht and Shapiro, 1990; Burke, 1991;

Vemuri, 1988; Burke and Ignizio,1992; Jones et al., 1990).

Deficiencies of back-propagation networks include that they:

1. Take a long time to train.

2. May suffer from "overtraining",leading to poor generalisation.

3. Can be temporally unstable.

4. Rely on non-local comPutation.

5. Require re-training if new information arises.

6. Tend to get stuck in local minima of the error surface, and hence global minima

cannot be guaranteed.
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7. Assume all patterns are equally effective during training.

8. May suffer from "network paralysis", which occurs when some weights actually

frer-zr- and the network stops adjusting these.

9. Require îEreat deal of training data.

10. Are sensitive to the value of control parameters such as the learning rate.

Some of the dehciencies related to network training stem from the fact that the

assignment of optimal weights is a high dimensional, nonlinear optimisation problem

for which there is no adequate solution algorithm.

2.1.8.5 Ways of Improving the Back-Propagation Algorithm

There have been a number of attempts to address the dehciencies of the back-

propagation algorithm discussed in Section 2.I.8-4, some of which are discussed

below.

Momentum (NeuralWare,Inc., 1991; Minai and W'illiams, 1990)

As discussed in Section 2-1.8-3, it is difhcult to determine an appropriate learning rate.

At points of high curvature, a small learning rate is required to avoid divergent

behaviour. At points of shallow slopes, a large leaming rate is required in order to

avoid slow learning. To resolve this contradiction, the momentum term was

introduced.

The inclusion of the momentum term modifies Equation 2.18 as follows (Neural'Ware,

Inc., 1991):

Âw¡i[t]{t) = n ELj [s] *.[s-1] + ¡r aw¡¡tsl{t-r) (2.27)

where tl the momentum value

The fact that a function of the previous weight change is passed through to the current

weight change ensures that general trends are reinforced and oscillatory behaviour

cancels out. A positive momentum value provides a built-in inertia, allowing a small

learning rate but faster leaming.
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Modifying the derivative (NeuralWare, Inc., 1991)

Modifying the derivaúve of the sigmoid transfer function can nearly double the leaming

speed. 'When the node activation value becomes saturated (0.0 or 1.0), the derivative,

and hence the scaled error, becomes 0.0 and the network ceases to learn. This problem

is eliminated by adding a small positive offset to the derivative.

Different error functions (NeuralWare, Inc-, l99l; Bishop, 1990)

As discussed in Section 2-1.8.3, if the number of hidden nodes is insufhcient, the

desired accuracy may not be achieved. However, if there are too many nodes, the

network overhts the data as shown in Figure 2- 14.

The following error function has been proposed by Bishop (1990) to smooth out the

output function and to eliminate the problem of overfitting (Figure 2-I4)-

EG = I I 
((o* - ofll2) + cEc

= a constant

lrb I
= - I K-

2Ja

where c

(2.28)

(2.2e)

EC

K

¿(+
dx=1[o

2¿a
(r" )2

(1 )2)3
dx

the curvature of the hne z= z(x) - see Figure 2-14.

Many different error functions can be used. The only requirement is that their

derivatives can be calculaæd at the output layer. Examples of possible error functions

include the cubic and the quartic eror functions shown below.

By using Equation 2.28,many hidden nodes can be used without overfining the data.

EG=å1|,"fl "p)'l

(2.30)EG=]I,"*-ol)4
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Cumulative update of weights (NeuralWare, Inc., 1991)

l-eaming rules determine how the weight updates are carried out during training. When

a cumulative delta learning rule is used, a number of training samples are presented to

the network before the weight update is carried out. The number of training samples

presented to the network before each weight update is called the epoch size (e). The

epoch size used can be equal to the entire training set or a subset of the training set- By
presenting a number of training samples to the network before the weights are updated,

rather than updating the weights after the presentation of each training sample, leaming

speed can be increased, as each update works more towards reaching the global

minimum in the error surface, rather than the local minimum for the particular pattern

being considered (Neuralware, Inc., 1991). However, this advantåge may be lost if the

epoch size is too large, as many more calculations need to be canied out for a single

update.

Fast back-propagation (NeuralWare, Inc., 1991)

Fast back-propagation is a variation of the back-propagation algorithm developed by

Samad (1988)- In fast back-propagation, the weight update equation is given by:

Åw¡,[sJ = q ELj [s] 
1 *.[s-1ì + BL' ts-lì¡ (2.3r)

Using this variation of Equation 2.18 can dramatically reduce the number of iterations

required for convergence.

Dynamic learning rate (Schmidhuber, 1989; White, 1990)

Another way to speed up the learning process is to use a dynamically varying leaming

rate. Gradient descent methods attempt to find a point of zero gradient in the error

surface, corresponding to a local minimum in the error. However, it would be more

appropriate to find the zero points of the error function. This can be achieved by using

a dynamically varying leaming rate that is computed during the presentation of each

training sample.

The learning rate is selected so that the updated weight vector points to the intersection

of the weight hyperplane and the line defined by the cument error and the current
gradient. It is assumed that the error function can be locally approximated by its
tangential hyperplane- Thus the gradient is used for linea¡ extrapolation in order to
update the weight vector, producing a 7Êro value for the error function or a value close
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to zero. The above process is repeated with the updated vector as the starting point

for the next iteration. One step of the process is illustrated in Figure 2-15 fot a two-

dimensional example.

EG

po(*)

w

n

Figure 2.15: Illustration of One Iteration Step (Source:

Schmidhuber, 1989)

The value of the learning rate for each training pair is given by (Schmidhuber, 1989):

EG (2.32)

When the denominator of Equation 2.32 is equal to zßro, the leaming rate is set equal

to zero

The above method is based on the Newton-Raphson method for hnding the roots of an

equation- As the learning rate is calculated automaticallY, the need for parameter fine

tuning and the empirical uncertainty in calculating the learning rate are eliminaæd. A

simila¡ method is described by White (1990)-

Delta-Bar-Delta algorithm (NeuralWare,Irc., 1991; Minai and Williams, 1990)

The delta-bar-delta (dbd) algorithm was developed by Jacobs (1988) in an attempt to

increa.se the convergence speed of back-propagation networks. The slope of the back-

propagation error surface varies considerably along different weight di¡ections. By

using a constant learning rate, and hence step size, for each weight, the distance moved

down the error surface will be considerably larger for an area with a steep slope than
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one that has a shallow slope. As a result, local minima across steep slopes can be

jumped over and descent along shallow slopes is very slow.

The delta-bar-delta algorithm addresses the above problem by using the following four

heuristics (Minai and V/illiams, 1990):

1. All weights have individual learning rates.

2- The weights are varied in response to changes in the geometry of the error surface.

3. When the sign of the error surface gradient remains unchanged for several

iterations, the corresponding learning rate is increased, as this indicates that a

minimum lies ahead.

4. When the sign of the error surface gradient changes for several consecutive time

steps, the learning rate is decreased, as this indicates that a minimum is being

jumped over.

Although the delta-bar-delta algorithm speeds up the learning process considerably, it
suffers from the following drawbacks (Minai and'Williams, 1990):

1. Using the momentum term in conjunction with the delta-bar-delta algorithm can

result in divergent behaviour.

2. The learning rate can sometimes increase to such an extent that the decrease

described in 4 above might not be sufficient to prevent wild jumps.

The extended-delta-bar-delta (edbd) algorithm was developed (Minai and Williams,

1990) to overcome these shortcomings. The following changes were made to the

delta-bar-delta algorithm :

1. The increase in the leaming rate is changed from a constant to an exponentially

decreasing function. As a result, the learning rate increases faster on flat a¡eas than

on areas of greaûer slope.

2- A time-varying momentum term is added to each weight. The momentum term is

varied in the same way as the learning rate, resulting in an increased momentum

term on plateaux and an exponentially decreasing momentum term in the vicinity of
local minima.

3. A ceiling is placed on the learning rate and momentum values in a further attempt

to prevent wild jumps and oscillations in weight space.

4. A memory with recovery feature is built into the algorithm. It has the function of

saving the best result seen so far, and restarting the sea¡ch at this point with



Chapter 2: Literature Review

attenuated leaming rate and momentum values when the error becomes greater

than a specihed value.

Adaptive back-propagation (Silva and Almeida, 1990)

The back-propagation algorithm performs weight updates in the direction that yields

the maximum error reduction. However, there is good reason to do exactly the

opposite. If the gradient is small, small steps are actually taken, although the error

surface has a gentle slope so that bigger steps are more appropriate. If the gradient has

a large value, the back-propagation algorithm takes large steps whereas small steps are

required to avoid oscillations as a local minimum is being approached.

Adaptive back-propagation makes use of the same principles as the delta-bar-delta

algorithm and the exænded-delta-bar-delta algorithms. The adaptive back-propagation

algorithm adjusts the learning rate as learning progresses. If the sign of a certain

component of the gradient remains the same for several iterations, the error surface has

a smooth variation along this axis and an increase in the learning rate is warranted- If

the sign of a component changes in several consecutive iterations, the learning rate is

decreased to avoid oscillations. The adaption of the learning rate occurs at each epoch

and is exponential in nature. The optimal learning rate values are usually determined in

a few learning cycles, resulting in a rapid reduction of the total output error.

Dynamic training sets and weighting factors

Back-propagation training can be slowed down by some "poorly-trained patterns"

(Cheung et al, 1990)- Such patterns usually belong to infrequent classes, which form

part of random training sets- Generally, frequent patterns will be dominantly trained,

leaving the information of the infrequent patterns uncaptured. The back-propagation

algorithm does not make any concessions for poorly trained patterns. However, two

simple modifrcations can be made to the back-propagation algorithm to take poorly

trained patterns into account (Cheung et al., 1990):

1. Using a Dynamic Training Set

The training set can be enlarged by including more examples of infrequent classes.

Poorþ trained patterns can be identified, as they produce the largest errors. If poorly

trained patterns remain a feature, the size of the training set should be increased

further. On the other hand, when the behaviour of the error function normalises, the
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training set can be reduced. The training set is thus a dynamic one, as the size and

content of the set is changing as part of training.

2. Using Weighting Factors

The direction in which the system is moving down the error surface should incorporaæ

weighting factors to take into account the relative effors of training patterns.

Functional link networks (NeuralWare, Inc., 1991)

Functional link networks differ from traditional back-propagation networks in that they

have additional nodes in the input layer that may dramatically increase the learning rate.

The additional nodes can be added in one of two ways:

1. Outer Tensor Model

In this model, the additional inputs are created by multiplying each component of the

input vector with the entire input pattern- For example, if the input vector is given by

t5: t <j<NIl, thentheinputsforthetensormodelaregivenbytT,r¡i¡: 1< j<NI, j<
il. In this way, no new information is added, but the representation of the input space

is enhanced, making the learning process less difficult.

2. Functional Expansion Model

In this model, the additional inputs consist of functions of the existing inputs. For

example, in addition to ij, there might be input nodes for sin (ær;), sin (z'rlij). Again, the

representation of the input space is enhanced by mapping the input vectors into a larger

patúern space-

Supplementary learning (Kimoto and Asakawa, 1990)

Supplementary leaming was developed to cater for high-speed leaming with a large

volume of data. This æchnique has two important features:

1. Prior to commencement of training, tolerances are set for all output units. As the

network learns, only errors exceeding this tolerance are propagated back through

the network. As a result, the computational load drops as learning progresses

because fewer errors will exceed the tolerance.
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Z- The learning rate parameter (nÆR) is adjusæd automatically, and is dependent on

the size of the training set. The weight update equation is given by:
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(2.33)

where pTR - the number of training pattems used

As the learning rate is divided by the number of data items that actually requlre

error back-propagation, its value does not need to be changed during the course of

training. Initially, the learning rate parameter is relatively small, as the number of

leaming patterns is large. As learning progresses, the learning rate parameter is

increased automatically because the number of learning patterns decreases.

The result of the above measures is that the supplementary learning procedure is very

fast and that there is no need to adjust the learning parameter-

Radial basis functions

The use of radial basis functions is discussed by a number of authors (Hertz et al.,

1991; Maren et al., 1990; Broomhead and Lowe, 1988; Jones et al., 1990).

The performance of back-propagation networks can be improved by using radial basis

functions as the transfer function in the hidden layer (Broomhead and Lowe, 1988).

Each processing element in the hidden layer represents a radial basis function centre.

The response of the hidden layer nodes is given by the following function (Jones et al.,

1990):

NHl
z(I) = I À¡ frb.¡ (I¡) (2.34)

n a-GÂw(r)=Ë-ffi-pÀw(t-l)

j=1

where ?rj =acoefficient

NHl = the number of basis functions (the number of hidden nodes)

f tb¡ (. ) = a radial basis function at node j

A common radial basis function is the normalised Gaussian function given below

(Hertzet al., 1991):
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= the centre of the jth radial basis function

= the variance or spread around the centre, c¡, of the jth function

= the input to the jth neuron

f

An example of a radial basis function is given in Figure 2.16.

(Ij
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L

Figure 2.16: An Example of a Radial Basis Transfer Function
(Source: Maren et al., 1990)

The use of radial basis functions can be advantageous when the network is required to

perform continuous function mappings. When radial basis functions are used, the

network only requires one hidden layer, as each unit has its own receptive field in the

input space; a region centred on c.¡ (i.e. on the centre of each hidden layer processing

element) with size proportional to o¡. The goal is to pave the input space with these

receptive frelds- In order to achieve that goal, appropriate receptive held centres, c;,

and widths, o¡, nood to be determined-

Hefiz at al. (1991) suggest that vector quantisation techniques, such as the competitive

learning algorithm, can be used to obtain suitable receptive held centres. The problem

of how to adaptively set the radial basis function centres has also been addressed by

Moody and Darken (1989) and Saha and Keeler (1990). As the performance of the

network is not very sensitive to the variance, it is usually determined by an ad hoc

choice, such as the mean distance to the neighbouring centres (Hertzet al., 1991).

Once the input space is covered by appropriate receptive helds, the problem is almost

solved. If a particular input lies in the middle of a receptive field, only the

I
0
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corresponding processing element is activated, producing the network output- If a

particular input lies somewhere between two receptive field centres, the two processing

elements involved are activated to a certain degree, and the network output will be a

weighted average of the individual node outputs. As a result, the network provides a

sensible, smooth fit to the desired function.

Once the radial basis function centres have been dehned, the connection weights from

the input layer to the hidden layer nodes are effectively flxed. Consequently, only the

weights from the hidden layer nodes to the nodes in the output layer need to be

determined during training. These connection weights correspond to the \ coefficients

in Equation 2-34, and can be obtained by linear optimisation. For example, the delta

rule can be used to adjust the connection weights, which will minimise the mean

squared error between the actual and desi¡ed outputs. As a result of this linearity, the

learning speed of radial basis function networks is higher than that of conventional

back-propagation networks.

One problem associated with radial basis function nets is that they do not lend

themselves to electronic implementation (Hertz et al., 1991)'

2.1.9 Applications

Traditionally, ANNs have been used to carry out cognitive tasks performed naturally by

the brain, inctuding recognising a familiar face, leaming to speak and understand a

natural language, identifying handwritten characters, retrieving contextually appropriate

information from memory and determining that a target seen from different angles is in

fact the same object (Vemuri, 1988; HechrNielsen, 1988)- They have also been used to

obtain a greater insight into the cognitive capabilities of the brain, such as searching,

representation and learning. Ultimaæly, this understanding may be used to construct

cognitive models which form the basis of artificial inælligence (Vemuri, 1988).

However, the areas in which neural networks are being used is expanding rapidly' In

1985, the world market for the commercial use of ANNs was virtually non-existent. At

present, it is in the order of æns of millions of dollars and is expected to reach

approximately $5 billion by the year 2000 (Hubick, 1992). In order to exploit the

strengths of ANNs, the problems they are used for should have one or several of the

following properties (Burke, I99l; Lippmann, 1987; Josin, 1987):

. A large amount of data is available.

. The input-generating distribution is unknown and probably non-Gaussian.
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. It is expensive to estimate statistical parameters.

. Nonlinear relationships are suspected.

. The input data are noisy.

o I large number of attributes describe the inputs.

. On-line decision making is needed.

. Possible re-calibration of the system may be required.

. Uncertainty exists about the rules governing the mapping.

. Available models account for some, but not all of the data.

. Many hypotheses are pursued in parallel.

. High computation rates are required.

. Algorithms are unknown or intractable.

. Computations are time and resource intensive.

Neural networks provide a viable alternative to expert systems when the following

conditions apply (Burke, 1991):

. Rules underlying decisions are not well understood.

. Numerous examples of the decisions are available.

. I large number of attributes describe the inputs.

. Underlyrng distributions a¡e unloown and assumptions of linearity or Gaussian data

prove inadequate-

o ,A. good deal ofnoise confounds analysis.

. Outliers may exisl

2.1.9.1 Networks for Pattern Recognition

When performing pattern recognition tasks, classification and association networks

may be used. Classification networks determine which class best represents a set of
input values. There are a number of networks that can be used for classification, all of
which are based on Kohonen's method of self-organisation. tæarning vector

quantisation networlc are the most popular of these (Lippmann, 1987).

Data association is very similar to classification. Association networks learn

associations for error free or ideal patterns and then recognise noisy input patterns as

Neural models may ouþerform statistical approaches when (Burke, 1991):

Different applications require the use of distinct classes of networks.
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one of the learned patterns. Networks that can be used for this application include the

bi-directional associative memory network, the Bolømann machine, the Hamming

network and the Hopfield network (NeuralWare,Inc-, 1991).

In the field of pattern recognition, ANNs have been successfully used for:

o Recognising handwritten Chinese cha¡acters (Yeung and Fong, 1994)-

. Alphabetical letter recognition (Omatu et a1-, 1990).

o Recognising music symbols (Ezhov and Sala, 1994).

o Recognising stock price patterns (Kamijo and Tanigawa, 1990).

o Target recognition (Mertzanis and Austin, l99I; Gilmore and CzuchrY Jr., 1990).

o Contour recognition (Rangarajan et al., 1991; Loncelle, 1990; Oja et al-, 1990;

Thiaville et al., 1990; Lampinen and Oja, 1990).

o Texture recognition (Khotanzad and Lu, 1991; Gosh and Bovik, 1991; Rangarajan

et al., 1991, Tirakis et a1., 1990; Lampinen and Oja, 1990).

o Face recognition (Lampinen and Oja, 1990; Cottrell and Fleming, 1990).

. Classifying fingerprints (Mitra et al., L994).

. Classifying two-dimensional shapes (Khotanzad and Lu, 1991).

2.1.9.2 Networks for Conceptualisation

Conceptualisation networks analyse input data in order to determine conceptual

relationships. Adaptive resonance theory networks and self-organising maps can be

used for this application (NeuralV/are, Inc., 1991).

2.1.9.3 Networks for Filtering

Filtering encompasses the smoothing of an input signal. Recirculation networks can be

used for this purpose (NeuralWare,Inc., 1991)-

2.1.9.4 Networks for Optimisation

The use of neural networks for optimisation is discussed by a number of authors

(NeuralWare, Inc., I99l: Burke and Ignizio, 1992; Krowidy and Wee, 1990; Looi,

L992; Wang and Changkong, 1992; Vaithyanathan and Ignizio, 1992; Johnston and

Adorf, 1992).

Artifrcial neural networks have the ability to represent and solve diffrcult combinatorial

optimisation problems. Networks with non-adaptive learning rules are used for such
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tasks. The most widely used of these networks is the Hopheld/Tank network

(Hopfield and Tank, 1985).

In optimisation, energy functions resemble cost functions and have to be structured so

that they encompass the objective function as well as the relevant constraints. The

objecúve is to minimise this energy function in order to find the best solution to the

original problem. To map a problem onto a neural network, the following steps need

to be taken (Krovvidy and'Wee, 1990):

1. A representation scheme has to be chosen which enables the decoding of the

outputs into a solution to the problem.

2. An energy function has to be derived, the minimum value of which corresponds to

the "best" solution to the problem.

3- Values have to be assigned to the parameters of the energy function.

4- Connectivities and input bias curents should be derived so that they appropriately

represent the instance of the specific problem to be solved.

Neural network methods are capable of computing good, although not necessarily

optimal, solutions. They provide viable alternatives to classical optimisation techniques

for solving cert¿in optimisation problems.

Reasons for using artificial neural network methods include (Looi, 1992; Wang and

Changkong, 1992):

1. Their operation speed is high as a result of massively parallel computation.

2. They may be implemented by optical devices, which operate at higher speeds than

conventional electronic circuits.

3- They have improved fault tolerance.

4. In contrast to methods based on the simplex algorithm, the solution procedure is

not based on the sequential enumeration of extreme poins.

As a result, the use of ANN methods is most appropriate for large-scale, linear

programming problems (Wang and Changkong, 1992).

The major drawback with using ANN methods is that they tend to get stuck at local

optima. One way to overcome this problem is to find many solutions, starting from

different initial states, in an attempt to find the global optimum. However, this method

is not very satisfactory and stochastic procedures, such as simulated annealing, can be

used to "jolt" the network out of local minima.
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Neural network methods are suited to solving resource constrained scheãuling

problems. In such problems the aim is to achieve a certain degree of scheduling

effectiveness while satisfying the consUaints imposed by one or more limiæd resources'

Efhcient scheduling is often of great importance in the business world- Recently,

ANNs have been applied to a variety of scheduling tasks, including:

. Integrated scheduling of manufacturing systems (Dagli and Lammers, 1989)-

. Planning and scheduling in aerospace projects (Ali' 1990)'

. Space mission scheduling (Gaspin, 1989)-

. Delivery truck scheduling (Daws et al, 1988)-

. Large scale plant construction scheduling (Kobayashi and Nonaka, 1990).

. Scheduling of astronomical observations for the orbiting Hubble space telescope

(Johnston and Adorf, 1992)-

2.1.9.5 Networks for Prediction

The use of ANNs for prediction has been discussed by various authors (NeuralWare,

Inc-, 1991; Varhs and Versino, 1990; Jones et al., 1990; Windsor and Harker, 1990;

Kimoto and Asakawa, 1990; Walter et al-, 1990)-

"Prediction" involves the estimation of output values given a set of input values- For

example, evaporation rate can be predicted using temperature, humidity and wind

velocity as inputs. Primarily, feed-forward networks with nonlinear transfer functions

are used for prediction, of which back-propagation networks ale the most common-

Neural networks have been used successfully for complicated nonlinear forecasting

tasks (Varfis and Versino, 1990) and time series prediction (Jones et al, 1990)-

Hybrid methods combining regression techniques with neural network techniques can

also be used with great success (Walær et a1., 1990). Adaptive linea¡ regression

methods are used to calculaæ the predicted value at the next time step as a linear

combination of previous values. However, in many cases the actual relation is

nonlinear, so that a fixed set of linear prediction coefficients will not produce accurate

results. To overcome this problem, a Kohonen network can be used to adaptively

discretise the input data. If these discretisations are small enough, linear relations will

be a good approximation in each cell, and a separate set of linear prediction coefficients

can be estimated for each cell.

Examples of the use of artificial neural networks for prediction are given below-
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A. General ApplÍcations

Economic time series prediction

Varfis and Versino (1990) used a multilayer feedforward network to predict

manufacturing industries and energy production indices. Training was carried out

using an on-line back-propagation algorithm. The training data consisted of daily

manufacturing industries and energy production indices from January L97 L to August

1988. The results obtained were comparable with those obtained using ARMA type

models.

Chakraborty et al. (1992) used a simple feed-forward network for the prediction of
flour prices for the cities of Buffalo, Minneapolis and Kansas City. The neural

network model performed better than a well known time series model described by

Tiao and Tsay (1989).

Windsor and Harker (1990) used a standard back-propagation network for predicting

the UK ordinary share index. The inputs used include the UK share index, interest

rate, the Ml money supply, gross national product, personal disposable income, the

balance of payments, the conservative party majority, the savings ratio, the birth rate,

the unemployment rate, the US balance of payments and the Dow Jones index. Data

from the previous 20 to 25 years was used for training, which was considered enough

to capture all typical movement patterns. The back-propagation network was able to

perform better than any of the alternative methods tried.

Kimoto and Asakawa (1990) used a back-propagation network with one hidden layer

to learn the relationship betrveen various technical and economical indices, and the

timittg for when to buy and sell stocks. The network was used to predict the best time

to buy and sell for one month in advance. A standard sigmoid transfer function was

employed. The indices that were used as inputs include the vector curve, the turnover,

the interest rate, the foreign exchange rate and the New-York Dow Jones average.

The neural network prediction system made an excellent profit in a simulation exercise,

and obtained better results than a multiple regression analysis model.

Chaotic time series prediction

Lapedes and Farber (1988) used back-propagation networks to accurately predict

future values of a chaotic time series, which frequentþ occur in nature. In this method,
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past values of the series a¡e used to predict future values, x(t+g), where g is some

prediction time step in the future. As g increases, the prediction accuracy decreases.

At large prediction time steps, g, neural network methods can be orders of magnitude

more accurate than conventional methods (Lapedes and Farber, 1988)-

The neural network determined the following input/output relationship:

o (t+g) = f (i1(t), i2(t-Â), --.,iN, (t-NI¡)) (2.36)

(2.31)

where

X=

o (t+g)
i1' .'-,

^

tN
= the output at discrete time t+g

= the network inputs

= a time delay

- b x(t)

The time series used by Lapedes and Farber was generated by inægrating the Glass-

Mackey equation shown below.

ax (t -t)
t+xlo(t-t)

where T the width of a time strip

a,b constants

Training was carried out using 500 input/output training sets. Initially, values of NI = 4

and Â = 6 were chosen, but it was found that various choices of NI and Â can affect

the prediction accuracy by a factor of two.

Lapedes and Farber (1983) also determined that an iterative method is by far the most

accurate method to use for large prediction steps. This involves predicting for a small

value of g (say glk, k = integer) initially and using the result of this prediction as the

input to the next prediction step (i.e. at t + 29lk). The iærative process is repeaæd

until the predicæd value at time t+g is obtained-

Predicting electrical power system loads

Atlas et a1. (1990) used a multilayer perceptron network to successfully predict

electrical power system loads from an hour to several days in the future. This is useful

in the efficient scheduling and utilisation of power generation. The training set used

consisted of 523 days of hourly temperature and load data from November 1, 1988 to

January 27, lg8g. The test set consisted of four days of hourly temperature and load
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data from January 28 to January 31, 1989- The network inputs included the hour of
the day, the two previous temperature readings and the two previous load readings.

The output consisted of the current load. The predictions obtained were very accurate,

with a¡r average percentage error of l.39Vo-

B. Applications in Water Engineering

The stochastic nature of many hydrological data sets, where a particular output is

dependent on many unmeasurable actions, makes them suitable for analysis using

anificial neural networks (Daniell, 1991). The following are potential application

areas of artif,rcial neural networks in the field of water engineering (Daniell, 199 I ):

. Predicting flows, water consumption and evaporation.

. Filtering noisy data.

. Optimising waûer supply systems.

. Mapping radar rainfall images.

. Classifying data.

. Developing flood forecasting models.

. Developing flood warning systems.

. Developing streamflow models.

. Developing regional flood estimates.

. Evaluating water quality data.

ANNs are particularly suiæd to the prediction of water quantity and water quatity

parameters as:

. The prediction of one parameter is usually dependent on many other parameters.

. The exact relationship between parameters is generally unknown and is likely to be

non-linear.

. Extensive data sets exisl

. The data is usually noisy as a result of measurement and sampling effors.

Estimation of water corsumption / demand

Daniell (1991), compared the performance of a threeJayer back-propagation network

with that of an existing linear regression model used to estimate the monthly water

consumption for Canberra, Australia. Network inputs included monttrly rainfall, the

Examples where ANNs have been used in the field of water engineering include:
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number of rain days per month, monthly evaporation and monttrly average temperature.

The output consisted of the average daily per capita water consumption for the month

under consideration. Training data was taken from 1975 to 1984 and the test set

consisted of data from 1985 and 1986. The network consisted of one output node,

four input nodes and three hidden layer nodes. The results obtained using the ANN

model compared favourably with those obtained using the linear regression model.

Fleming (1994) used an ANN model to forecast monthly water demands for the

Northern Adelaide Plains, South Australia. The input variables that were found to be

signihcant include the month of the year, the rainfall in the "current" month and the

rainfall in previous months. The results obtained compared favourably with multiple

regression and time series (Box-Jenkins) models-

Zhang et al. (1994) found that ANN models clearly outperformed multiple regression

models, ARIMA models and Kalman filtering models for predicting daity water

demands. The following hve inputs were found to be dominant: daily maximum

temperature, the weather condition (i.e. whether it was sunny, cloudy or rainy),

precipitation, wherher it was a weekday or a Sunday (inctuding public holidays) and the

last day's deliveries.

Canu et al. (1990) developed an ANN model to forecast daily water demand and

compared the results obtained with those produced by stochastic and statistical

methods. They found that ANNs were able to overcome the following limitations of

statistical and stochastic methods:

o Stochastic models cannot accommodate inputs such as weather information or tho

day of the week.

o Both the stochastic and statistical models are linear in nature and hence cannot treat

nonlinear phenomena such as steep consumption increases.

The ANN model used consisted of a fully-connected multi-layer percepfton network.

The inputs used include the past seven consumption values, three pluviometer valuas,

three temperature values and seven values representing the day of the week. The single

output consisted of the predicæd demand. The training set contained 12 years of data

from 1976 to 1987, and data from 1988 were used for testing. The best value for the

learning rate was determined by trial and error. The average prediction error \ryas

found to be very similar for all methods tested. However, the maximum prediction

error is considered to be a better measure of the success of a forecasting tool. 'When

considering this as the criteríon, the ANN outperformed all other methods used- It

should be noted, however, that the results obtained using the neural network method

59
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were highly dependent on the learning rate. It was found that using small learning rates

produced better results than using large learning rates.

Regional flood estimation

Daniell (1991) used a three-layer back-propagation network for regional flood

estimation in the Australian Capital Territory, and compared the results with those

obtained using multiple regression analysis. The ten catchment parameters that were

used as inputs include area, slope, length, fall, precipit¿tion, fractions of the catchment

under urban, rural and forest use, annual series skew and partial series skew. There

were seven nodes in the hidden layer and five nodes in the output layer representing the

2, 5, I0,50 and 100 ARI flood flows. The hyperbolic tångent transfer function was

used- The results obtained using the ANN model rvere very impressive and compared

favourably with those obtained using a linear regression model.

Predicting salinity

DeSilets et al. (1992) developed a neural network model for predicting salinity in the

Chesapeake Bay, U.S.A., and have compared its performance with that of a regression

model. Predicting salinity values is important, as salinity affecfs the oyster populations

in the area.

A total of æn neural network models were developed; five using bottom-of-the-bay-

only data and five using data from all depths. Each of the five models corresponded to

various regions of the bay; the upper bay, the middle bay, the lower bay, the tributaries

and the entire bay. The regression model was used ¿ìs a measure of compa¡ison and to

gain an understanding of the facbrs affecting salinity. It was found that location, depth

and time of the year had a direct impact on salinity, and were used as inputs to the

network. The solitary network output was the predicæd salinity value. Training and

testing data were collecæd from 34 stations throughout the bay, and a total number of

36,258 observations were available. The network used a back-propagation algorithm,

a sigmoid transfer function, was fully connected and the number of nodes in the hidden

layer varied from one to three. The optimum learning rate for the va¡ious models

varied from 0.2 to 0-8, and the optimum momentum value varied from 0.1 to 0.9.

These values were obtained by trial and effor.

A stopping rule was used to determine the length of the training period. Training was

stopped when one of the following occurred:
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The number of passes through the training set was at least 100 and the worst

absolute error at the output node, once all patterns were considered, was less than

207o.

The number of iterations reached 2,000

Three main results were obtained:

1. The ANN model produced a lower mean absolute error than the regression model

in 18 out of 20 cases.

Z- Jþs tails of the prediction error distribution produced by the neural network were

shorter than those of the regression model. Hence the maximum errors obtained

from the model were less.

3- The neural network model had more errors in the smallest error range and fewer

errors in the largest error range.

Flow prediction

Lachtermacher and Fuller (1994) used ANN methods to obtain univariaæ flow

predictions for the Gota River. The one-step ahead predictions were found to be

slightly betrer than those obtained using other time series models, including ARMA

models.

Karunanithi et al. (1994) developed a neural network model to predict the flow at an

ungauged siæ in the Huron River, Michigan, using known flows at upstream and

downstream locations. The predictions obtained using the neural network model were

more accurate and less susceptible to noisy data than those obtained using a more

conventional power model.

Runoffprediction

Zhu and Fujita (1994) successfully used ANN methods to obtain on-line and off-line

runoff forecasts. The relationship between rainfalt and runoff is dependent on many

variables that interact with each other in a complex, usually non-lineat, mannet.

Consequently, ANNs are well suiæd ûo this application.

Halff and Halff (1993) developed an ANN model for predicting runoff hydrographs

given the rainfall at the 25 præeding time steps. The resolution used was five minutes-

A three-layor network was used, with five nodes in the hidden layer and one node in the

output layer. The data from four storms were used for training, while testing was

a
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ca¡ried out using the data for one independent storm event- The results obtained were

encouraging.

Prediction of nutrient concentratiorn

Daniell and Wundke (1993) used ANNs to successfully derive continuous records of

total nitrogen and total phosphorous using continuous flow, conductivity, turbidity,

temperature, oxidised nitrogen and soluble phosphorous records as inputs, in order to

calculaæ nutrient loads of total nitrogen and total phosphorus. The neural network was

found to perform better than a simple regression model.

Forecasting Minimum Temperafure

Schizas et al. (1994) used a backpropagation network to forecast daily minimum

temperatures at Lamaca Airport, Cyprus. The inputs used include the total cloud

cover, wind direction, wind speed, visibility, the present weather conditions,

atmospheric pressure, dry-bulb temperature, wet bulb temperature, the low cloud

amount, astronomical day length and the observed minimum temperature of the

previous night. The results obtained indicate that the neural network approach appears

to be a viable alternative to traditional statistical techniques when limited historical

data are available-

Design of a Reliable Groundwater Remediation Strategy

Ranjithan et al. (1993) used ANNs as a screening tool to assist in the design of reliable

groundwater remediation strategies, which a¡e determined with the aid of a

management model. In many instances, the spatial variation of hydraulic conductivity

is unknown, so that the management model has to be run for a large number of equally

probable hydraulic conductivity distributions. In order to minimise the number of
scenarios that have to be evaluated, a neural network model can be trained to predict

the level of criticalness of a particular distribution of hydraulic conductivities, so that

the management model only has to be run for the cases that are most critical.
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2.2 Time Series AnalYsis

2.2.1 Introduction

A time series is "a collection of observations made sequentially in time-" (Chaffield,

Ig75). The units of time used vary depending on the application (e.g. year, quarter,

month, day, second). The observations may be continuous or discrete in time. Discrete

time series may be obtained by sampling a continuous time series at regular intervals, or,

if a variable does not have an instantaneous value, values may be aggregated over

periods of time (Chatfield, 1975)- The analysis of time series discussed in this review is

concemed with discrete time series. Typically, the observations of a discreæ time series

made at time t are denoted bY zr.

The purpose of time series analysis is:

. To understand and evaluate the probability model or stochastic mechanism that

gives rise to the time series under consideration (Cryer, 1986; Chatheld, 1975)-

. To predict or forecast future values of the time series based on the history of the

time series (Cryer, 1986).

2.2.2 Time Series Models

When devetoping a time series model, one is generally concemed with stochastic time

series. In stochastic time series, "future values have a probability distribution which is

conditioned by a knowledge of past vafues" (Chatfield, 1975)- The basic steps in

developing a time series model are given below (Cryer, 1986; Bowermann and

O'Connell, 197 9; Box and Jenkins, 1976):

1. Model identification:

In this step, the type and order of time series model that is appropriate for the given time

series is tenøtively identifred. This is carried out by performing certain statistical

analyses on the historical data, which enable a suitable model to be chosen. If more than

one model appears suitable, the one with the fewest parameters should be chosen

(parsimony).

2. Parameter estimation:

Once the tentative model has been identified, the unknown model parameters need to be

estimated using techniques such as least squares estimation or maximum likelihood

estimation.
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3. Diagnostic checking:

In this step, the adequacy of the tentative model is assessed. This is performed by

analysing how well the model fits the data and checking whether all assumptions have

been reasonably satisfied. If the model proves to be inadequate, steps 1 and 2 above

need to be repeated.

4. Forecasting:

Once it has been determined that a model is adequate, it can be used to forecast future

values of the time series.

Criteria for a good model are discussed by a number of authors including Hendry and

Richard (1983), Mizon and Richard (1986), Ericsson and Hendry (1985) and Harvey

(1989). Some of these are given below:

1. Parsimony:

All other things being equal, the model with the fewest parameters is preferred.

2.Data coherence:

The model should be consistent with the data. This property is addressed in the

diagnostic checking phase discussed above.

3. Consistency with prior knowledge:

The information derived from the model should be consisænt with any prior knowledge

about the time series.

4. Structural stability:

The model should provide a good fit to the data used in the parameter estimation phase

as well as data that were not used to obtain the model parameters.

There are many different types of time series models. In ttris review, the focus will be

on the ARMA (AutoRegressive - Moving Average) class of models. The vast majority

of well developed, proven methods for implementing the model identihcation, parameter

estimation and diagnostic checking stages are geared towards this class of models

(Salas et al., 1985), and they have been widely used in many fields, including economics

and water resources planning and management (Hipel, 1985). A brief discussion of
more recent models is given in Section 2-2.13.10.
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2.2.3 LinearitY

Models of the ARMA type are usually linear. In a linear model, the output is a linear

combination of the variables and whiæ noise terms. This is in contrast to non-linear

models, where at least one of the variable or whiæ noise terms is raised to a power or is

multiplied by another variable or white noise term (Hipel, 1985).

In general, non-linearities gain greater importance as the time interval between

observations decreases (Hipel, 1985). A number of stochastic models have been

developed to cater for non-linearities (e.g. Tong et al., 1985; Ozaki, 1985; Brillinger,

1985).

2.2.4 Distribution of Data

Generally, it is assumed that the data used to develop ARMA type models follow a

Gaussian distribution (Irvine and Eberhardt,1992). One way to test whether the data

follow a Gaussian distribution is to use the probability plot correlation coefhcient

(ppCC). Filliben (1975) found that this compared favourably with seven other tests for

normality. If the data follow a Gaussian distribution, the plot of the ordered

observations versus the order statistic medians should be approximately linear- The

PPCC test provides a measure of the linearity of the probability plot.

The ppCC test proposed by Filliben (1975) is only applicable to time series with less

than lffi observations. However, Vogel (19S6) extended the PPCC test for normality

to sample lengths of 100 to 10,000.

When a time series is found to be non-Gaussian, it can either be transformed into a

normally distributed time series, or a model can be frtæd to the time series that takes its

actual distribution into account (Hipel, 1985)-

Data can be transformed to a Gaussian distribution using the Box-Cox transformation

(Box and Cox, 1964). Conventional models a¡e then fitæd to the transformed series'

Once modelling is complete, the time series has to be converted back into its original

form- However, these backtransformations may introduce bias ìnto the analysis, so that

careful consideration should be given to transforming data which approach normality

(Salas er a1., 1980; Koch and Smillie, 1986). If it has been determined that transforming

the data will improve model performance, various techniques (e.g. Matalas, I967i

Pankrarz, 1983) can be used to minimise the bias (Rao et al., 1982).
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Lewis (1985) describes a number of models that can be htted to time series that follow

the Exponential, Gamma, Weibull, Laplace, Beta or Mixed Exponential distributions,

without fi¡st transforming them into normally distributed time series.

2.2.5 Spacing of Observations

When using the ARMA class of models, the observations have to be equally spaced in

time. If this is not the case, appropriate æchniques have to be used to produce a time

series in which the observations a¡e equally spaced (Hipel, 1985)- Intervention analysis

canbeusedif thereareonlyafewmissingobservations (Baracosetal., 1981). If the

gaps in the data are large, the seasonal adjustment approach suggested by Mcleod et al.

(1983) might be appropriate.

2.2.6 Stationarity

In order to fit a model to a particular time series, the series needs to be stationary. If a

time series is stationary, the probability laws goveming it do not change with time (i.e.

the time series is in statistical equilibrium) (Cryer, 1986). Consequently for a staúonary

time series:

. The mean is constant with time (i.e. pú(t) = pth) or there is no trend.

. The variance is constant with time (i.e. o2(Ð = o\-

. There are no seasonal or irregular fluctuations-

Trend is defined as the long term change in the mean (Chatfield, 1975). However, it is
difficult to define what is meant by 'long term', as an apparent trend might be part of a
cyclic variation with large period. Granger (1966) provides the following defrnition:

"Trend in mean comprises all frequency components whose wavelength exceeds the

length of the observed time series."

Seasonal variations are annual in period. Other cyclic variations might also have a füed
period (e.g. daily variation in æmperature), or might be oscillations that do not have a

frxed period but are predictable to some extent (Chatfield, 1975)-

There are various methods for deærmining whether a time series is stationary or not,

including plotting the data or using autocorrelation functions and partial autocorrelation

functions. The various methods are discussed below.



Chapter 2: Literature Review

2.2.6.1 Plotting the Data

The first step in any time series analysis is to plot the data. This gives a visual indication

of whether the time series is stationary or not, as it is usually possible to detect seasonal

effects, trends and changes in variance-

Apart from giving an insight into whether a time series is stationary ot not, plotting the

data enables the detection of outliers, discontinuities and tuming points. If there are any

outliers, they should be examined carefully to see whether there is justification for

discarding them @rockwell and Davis, 1987). If there are any discontinuitie.s in the

data, it might be advisable to split the time series into homogeneous segments and to

model each segment separately (Brockwell and Davis, 1987)-

2.2.6.2 The Autocorrelation Function

The autocorrelation function (ACF) can be used to determine whether a time series is

stationary or not. The theoretical autocorrelation (p¡) "measures the relationship

between any two time series observations separated by a lag of k time units"

@owermann and O'Connell, 1979), and has the following properties:

o -1. pr. I

' Pt=P-k

Values of the theoretical autocorrelation near +1 or -1 indicate a strong linear

dependence between the values considered, whereas a value close to 0 indicates very

little correlation, which suggests that the values considered are independent.

The theoretical autocorrelation (pt) is estimated using the sample autocorrelation (r¡)-

For the time series zt= za, za+l , za+2, -.....--..,2N, the sample autocorrelation (rn) is

given by (Bowermann and O'Connell, 1979):
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(2.3e)

(2.38)r¡

N-k

t=a

\(zt - z) (z¡*y - z)

\(zt - z )2

N

2,,
t=à
n+1where Z
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The sample ACF (conelogram) is a plot of the sample autocorrelation against the lag k
for k > 0. The maximum number of lags (K) for which the sample autocorrelation

should be calculated is discussed by a number of authors. The various estimates for K
are given below:

K<% (Chatfield, 1975; Hipel er al., t977a).

K< 12 for non-seasonal time series (Bowermann and O'Connell, I9l9).

K < 4L for seasonal time series (Bowermann and O'Connell, l9l9)
where L = the number of seasons in a year

(e.g. L = 12 for monthly data,L = 4 for quarterly data)

The correlogram is a very useful tool for examining dependence. Inærpretation of the

correlogram is vitally important and conveys a lot of information about the time series

considered. However, the interpretation of correlograms can be difficult. Special

features of correlograms for various types of time series are discussed below (Chatheld,

L975), which serves as a general guide for the interpretation of correlograms.

For a completely random series, one can expect values of r¡ close to zÊro, provided a

large number of observations are available. However, even if a time series is compleæly

random, some values of r¡ are generally significantly different from zero.

A stationary time series is considered to exhibit short term correlation if the correlogram

consists of a reasonably large value of 11 , followed by values of 12, 13 etc. that get

progressively smaller. As the lag increases, t¡ is approximately znro. lf ry r2and 13 are

positive, larger than normal values of the series are more likely to be followed by other

larger values, and similarly smaller values are more likely to be followed by smaller

values.

When a series alternates, consecutive values are on different sides of the overall mean.

The correlogram of such a series also alternates.

If a time series is non-stationary, the correlogram will die down extremely slowly
(Bowermann and O'Connell, 1979). This is due to the fact that values on one side of the

mean usually get followed by a large number of values on the same side of the mean as a

result of the trend. If a time series exhibits seasonal or cyclic variation, it is also non-
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stationary and the correlogram will have significant values of r¡ (spikes) at the .seasonal

lags (Bowerrnann and O'Connell, L979)-

When a time series is stationary, the theoretical ACF tends to either:

. Die down with increasing lag k.

. Cutoff after a particularlag k- qc (i.e. Pr= 0 fork > qc).

Since p¡ is approximated using r¡ , it is difficult to know when p¡ = 0, as r¡ does not

cut off completely- Guidelines to determine when Pt = 0 have been proposed by a

number of authors.

Bowermann and o'connell (1979) suggest that p¡ = 0 if the following applies:

1
q' z¡/z for k> qcl'*l = z (N-a +t¡/z

(l+2)r¡
j=1

(2.40)

(2.4r)

whereas, chatheld (1975) suggests that p¡ = 0 if the following applies:

I'ol < z 1 for k> qc

(N-a +t¡t/z

2.2.6.3 The Partial Autocorrelation Function

The partial autocorrelation function (PACF) can also be used to determine whether a

time series is stationary or not. The theoretical partial autocorrelation (p¡¡) "may be

thought of as the autocorrelation of any two observations, z¡ and ftaft , separaæd by a

lag of k time units, with the effects of the inærvening observations zr+t , zÍ+Z ,

..........,2r+k-1 eliminated" @owermann and O'Connell, 1979). In other words, the

theoretical partial autocorrelation (pg) is the correlation between the residuals of z¡ and

z¡*¡ after linear regression on z¡a1 , zt+2 , .---------'z¡+k-1.

The theoretical partial autocorrelation (p¡¡) is estimated using the sample partial

autocorrelation at lag k (r¡¡). The sample pafial autocorrelation is given by the

following formula:



k-1

)tr-r,j.r-
j=1

r¡¡
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11 if k=1

r¡ 1 (2.42)
if k= 2,3, -..

Itr.-r,jtj
j=1

where rtj = rt-t,j - rkk rk-l,k-j for j= I,2,-.-.,k-I

The sample PACF is a graph plotting r¡¡ for lags k=1,2,3,..... . The number of lags for

which the sample parúal autocorrelation should be plotted is the same as for the sample

ACF. When a time series is stationary, the theoretical PACF tends to either:

. Die down with increasing lag k.

. Cutoff after a particularlagk= q" (i.e. pkk = 0 fork > qc).

Since phq is approximated using r¡¡ , it is difficult to know when pkk = 0, as r¡¡ does

not cut off completely. Guidelines to determine when pkt = 0 have been proposed by

Bowermann and O'Connell (1979), who suggest that p* = 0 if the following applies:

l'*l < z I
for l> qc

(N-a +t¡/z
(2.43)

If the time series is non-stationary, the PACF will die down extremely slowly for non-

seasonal time series and will exhibit 'spikes' at the seasonal lags for seasonal or cyclic

time series.

In summary:

A. If a time series is stationary, the ACF and/or the PACF ænd to either:

. Die down with increasing lag k.

. CutofTafter a particularlagk-qc (i.e. pr= 0 fork > qc).

For non-seasonal time series, the following generally apply (Bowermann and O'Connell,

t97e):
¡ If the ACF or the PACF does cut off, it does so when the lag q" < 2.

o If the ACF or the PACF does notcut off when q" < z,then it generally dies down.

On the other hand, for a time series with seasonal or cyclic variation, the following

applies (Bowermann and O'Connell, 1979):

k 1

1
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The time series may be considered stationary if the ACF or the PACF cut off after z

lug q" < ZL+2, where L is the number of seasons in a year (".g.L = 12 for

monthly data and L = 4 for quarterly data),but will frequently do so for q" < L+2.

B. If a time series is non-stationary, the ACF and/or the PACF will:

. Die down extremely slowly if the time series under consideration does not possess

seasonal or cyclic va¡iation.

. Exhibit regular spikes at the seasonal lags if the time series under consideration

possesses seasonal or cyclic variation-

If a time series is found to be non-station¿ìry, it has to be transformed into a stationary

time series before a tentative time series model can be chosen. A variety of

transformations afe available, some of which are discussed in Section2.2-'1.

2.2.7 Transformations

The two most common methods of transforming a non-stationary time series into a

stationary time series include using the classical decomposition model and differencing.

2.2.7.1 The Classical Decomposition Model

The classical de¡omposition model (Chatheld, 1975; Brockwell and Davis, 1987)

assumes that a time series consists of:

. A trend (mean function) component-

. A seasonal componenl

. A random noise component.

The philosophy of the model is to first estimate and then eliminate the trend and

seasonal components. The remaining random noise component, which is stationary, is

then modelled. A purely random process with no time structure is called 'white noise',

which is a sequence of independent, identically distributed random va¡iables. For whiæ

noise in discreæ time, the theoretical autocorrelation has the following properties:

I
0

k=0
Pk =

(2.M)
k=I,2,3,....

Using the classical decomposition model, time series commonly take on one of the

following forms:
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(2.4s)

(2.46)

zt=Zt+St+et

zt= zt\+ et

a (2.47)

where zr = the observation at time t

Zt = the trend component

St = the seasonal component

et = the random noise component

In order to estimate and remove the trend and seasonal components, they, and the

random noise component, have to be made additive, as is the case in Equation (2.45).

If the time series is compleæly multiplicative, as is the case in Equation (2.41), fhe

variance increases with the mean. The variance can be stabilised and the components

made additive by performing a logarithmic transformation:

ut=lnzt (2.48)

Time series where the seasonal effect is multiplicative but the random noise component

is additive (Equation (2.46)) are difficult to transform. Ad hoc methods or the Box-Cox

power transformation @ox and Cox, 1964) may be appropriate in this case.

Once the time series is in a form where the trend component, the seasonal component

and the random noise component are completely additive, the frst two components have

to be estimated.

In the absence of seasonality, the trend component can be estimated using æchniques

such as curve frtting (Brockwell and Davis, 1987; Cryer, 1986; Chafreld, 1975) and

filæring (Chatfield, 1975; Brockwell and Davis, 1987). If the time series possesses both

trend and seasonality, the small trend method @rockwell and Davis, 1987) or moving

average estimation (Brockwell and Davis, 1987) may be used.

2.2.7.2 Differencing

Differencing is a widely used method for producing stationary time series, which

involves taking the difference of data at appropriate time points (Box and Jenkins,

r976).

zi= zfs)et
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Elimination of trend in the absence of seasonality

The trend component can be eliminated by differencing. The following notation will be

used (Brockwell and Davis, 1987):

The first difference operator (V) is given by:

73

a

a

a

Y"r= zt- zt-t = (1-B) z¡ (2.4e)

where B z¡= z¡-1

B = the backshift operator

The powers of B and V are defined as follows (Brockwell and Davis, 1987):

gd(rr) = zt-d (2.s0)

Vd=V(Vd-l (zr)) ,d>1 (2.sr)

Yo(zr) = z¡ (2.s2)

poþomials involving V and B are manipulaæd in exactly the same manner as

poþomials involving real variables, for example:

Yzzr= V(Vz) = (1-BX1-B) zr= (1-28+B2) zt= z¡"- 2 zçt t z¡-z

In general, non-stationary data are differenced until they become stationary. First or

second order differencing is generally sufhcient. In cases where the variance is

multiplicative, it is necessary to perform a logarithmic transformation before differencing

the data. However, care must be taken to avoid 'overdifferencing', which tends to

intoduce unnecessary correlations and hence may complicate a relatively simple model

(Cryer, 1986).

Elimination of both trend and seasonality

In very simple cases, the seasonal component can be eliminated by differencing at the

seasonal lag (Chatfield, Ig75), e.g. for monthly data, the following transformation

would be appropriate:
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Y tZzt= zt- zt-I2

A more general model is described by Bowermann and O'Connell (1979)

following dehnitions apply :

Ydz¡- (1-B)d z, (2.s4)

(2.s3)

(2.ss)

The

a

a

where d = the degree of non-seasonal differencing required to produce

stationary time series values

YrD tr= (l-BL)D z¡

where | = the number of seasons in a year (e.g.L--I2 for monthly data)

D = any degree ofseasonal differencing required to produce

stationary time series values

Before the general transformation can be applied, the variance has to be constant or
additive- If this is not the case, and the variance is multiplicative, the logarithmic

transformation given in Equation (2.48\ needs to be applied. Once the variance has

been made additive, the following general transformation will produce a stationary time

series, ur:

ur = VLD Yd zt- (l-BL)D(1-B)d zt (2.s6)

Usually, only the following specific cases of the general transformation need to be

considered:

d = 1, D = 0: ut = VLo Yl zt- zt- zt-l (2.s7)

d = 1, D = 1: ut = VLI Vl 4= 4- z¡_t - 4_f + z¡-t-L (2.s8)

d = 0, D = 1: ut = VLI V0 4= zt- z¡_L (2.se)

a

a

a

2.2.8 Model ldentifîcation

Once the time series has been made stationary, a choice has to be made about which

probability model to use. Data familiarity plays a vital role in the model identificaúon

phase (Salas et al., 1980; Anderson, 1977)- Generally, the ACF is used together with
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the pACF 
.to discern which model type is appropriate for the time serie.s under

consideration. This is the technique that will be discussed in this review.

Akaike's Information Criterion (AIC) (Akaike, 1973, 1974) is another method used for

model identification. Other methods which are not discussed in this review include:

. The Criterion Autoregressive Transfer function (CAT) (Parzen, I9l4).

o Extended autocorrelations (Tiao and Tsay, 1981).

. S and R arrays (Gray et al., 1978).

. Schwarz's approximation of the Bayes Information Criærion (BIC) (Schwarz,

1978).

Probability models for time series are collectively called stochastic processes, which are

a collection of random variables ordered in time (Chatfield, 1975). Models that are in

common use include:

. Moving Average (MA) models.

. AutoRegressive (AR) models.

. Mixed AutoRegressive-Moving Average (ARMA) models.

. Integrated Mixed AutoRegressive-Moving Average (ARIMA) models.

. General Multiplicative Seasonal Models.

The flrst step in deciding which of the above models is appropriate is to calculate the

sample ACF and the sample PACF of the time series. The manner in which these

functions die down (if they die down) and at what lag they cut off (if they cut off) can

then be used to determine the type and order of model that is appropriate.

2.2.8.1 Non-Seasonal Models

Moving average model of order q

If {et} is a random noise process with mean zero and variance o2 , then {zr} is a MA

process of order q if

zt= ët- 0tet-t Oq"uq (2.60)

The process is called moving average because 4 is obtained by applying the weights (1,

-0t , -02 ,r......., -00 ) to the variables (e1 , or-l , a¡-/ t.....t e¡-O ), and then moving the

same weights one unit of time forward and applying them to o¡a1 r ft ¡ e¡-l ,....., e¡-qa1 to

obtain zt+t (Cryer, 1986).
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A moving average process is characterised by:

. I PACF that dies down.

. An ACF that cuts off after lag q.

The manner in which the PACF dies down is typical for a particular type of model.

Examples are given by Bowermann and O'Connell (1979) and Box and Jenkins (L976)-

The behaviour of the ACF and the PACF are used to determine which model order is

appropriate. If it is difficult to determine the model order using the ACF and the PACF,

the following procedure may be used (Chatfield, l9l5):

1. Fit processes of successively higher order to the data.

2. Calculate the sum of squares of the residuals of each order

3- Plot the sum of squares against the order.

As the number of parameters is increased, the residual sum of squares always decreases.

However, by plotting the sum of squares of the residuals against the order, the point

where additional parameters result in very little improvement can be identified. This

process requires a signihcant amount of computation and is ofæn unnecessary.

Autoregressive model of order p

If {et} is a purely random process with mean znro and variance o2 , then {zt} is an AR
process oforder p if:

4= þtzçt + QZzçZ +......+ $pz¡-O + e, (2.6r)

The current value that is given by the model is a linear combination of the p past values

of the time series plus an 'innovation' term (et), which accounts for everything that is not

explained by past valucs. This is very similar to multiple regression analysis, but z, is

not regressed on independent variables, but on past values of 21, hence the name

autoregressive.

Atty AR process of finiæ order can be expressed as a MA process of infrniæ order- For

example, the first order AR process may be expressed as an infinite order MA process

of the form:

zt= at* @r-t + &e¡-2+....... , (provided -1<a<+1) (2.62)
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An autoregressive process is characterised by:

. A PACF that cuts off after lag p.

. An ACF that dies down.

The manner in which the ACF dies down is typical for a particular type of model-

Examples are given by Bowermann and O'Connell (1979) and Box and Jenkins (1916)-

The behaviour of the ACF and the PACF a¡e used to determine which model order is

appropriate. Significant values of the PACF will generally indicate the order of the

process, as the PACF of a pth order AR process is zero for all lags greater than p. If it

is difhcult to determine the order using the ACF and the PACF, the sum of squares of

the residuals may be computed for processes of increasing order, as described above-

Mixed autoregressive - moving average model of order (pr q)

Mixed autoregressive - moving average (ARMA) models of order (p,q) consist of AR

terms of order p and MA terms of order q. Although most time series can be adequately

described by a. AR model or a MA model, it usually requires fewer parameters to

describe the same time series using a mixed model. A mixed ARMA model of order

(p,q) is defined as:

4= þtzçt + QZzt-Z+......+ Qprçp - 0tet-t O'e¡-n + e, (2.63)

An mixed ARMA process is characærised by:

. A PACF that dies down.

. An ACF that dies down.

The manner in which the ACF and the PACF die down is typical for a particular type of

model. Examples are given by Bowermann and O'Connell (1979) and Box and Jenkins

(re76).

Integrated mixed autoregressive - moving average (ARIMA) model

"A series {zr} is said to follow an ARIMA model if the dth difference ut = Vdzt is a

stationary ARMA process-" (Cryer, 1986). The ARIMA process is of the form:

ut = Qlut-l + QZur-Z +.-....+ Qptçp - Otet-t O'e,-n + e, (2.64)
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The name integrated model derives from the fact that the stationary model which is

fitted to thé differenced data had to be summed, or 'integrated', to provide a model for
the non-stationary data (Chatfield, 1975).

If u, is described by an ARMA process of order (p,q), then z, is described by an ARIMA
process of order (p,d,q). Usually d = 1 or d = 2 is sufficient.

2.2.8.2 Seasonal Models

There are two types of models that deal with data with seasonal variation; namely

Periodic AutoRegressive - Moving Average (PARMA) models and general

multiplicative seasonal models.

PARMA model

PARMA models are extensions to ARMA models that allow different models to be

f,rtted for different seasons (Vecchia, 1985). The term season is defined as any time

resolution smaller than one year. Essentially PARMA models consist of a series of
ARMA models; using a different model for each season (Hipel, 1985).

PARMA models may be represented as follows (Vecchia, 1985):

zn'L+v = Qt(v) zn,L+v-l + QZ(v) 4r+v-2+......+ 0p1v¡(v) h,l+v-p(v)
- 0r(v) en,L+v_l - OZ(v) en,L+v-2........- 0n1y¡(v) en,L+v_q(v) + en,L+v

where

(2.6s)

{ rn't*u } =
r_
lJ

n'=
V=
{eo't*u} =

0r(v), Qz(v), ... =
0r(v),02(v),... =
o2(v) =

a seasonal time series

the number of seasons per year

the year index (n = 0, 11, ...)

the season index (v = 1, 2, .-., S)

independent, zþro mean va¡iables with Va¡ {%'r*u} = o2(v) > 0

the seasonal AR parameters

the seasonal MA parameters

the seasonal variance

It should be noted that:

l. The AR orders (p(v)) and the MA orders (q(v)) are also allowed to vary with the

seasons.
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Z- It is assumed that {rn'r*v} has finite second order moments and that E(zn'¡ay) = 0

for all n' and v. If the latter assumption does not hold, z"¡'L+v should be replaced by

Z"¡'L+v - E('n'I-*u)'

pARMA models will not be discussed further in this review, as systematic procedures

for determining the order of the AR and MA components are not well developed- A

derailed description of the PARMA modelling procedure is given by Vecchia (1985),

Tao and Delleur (1976) and Salas et al. (1982)-

General multiplicative seasonal model

With this type of model, the data is first deseasonalised, and an appropriate non-seasonal

stochastic model is then fitted to the deseasonalised data (Thompstone et al., 1985).

Multiplicative seasonal models have been frequently used for modelling seasonal data

(Irvine and Eberhardt,lgg2; Rao et a1.,1982; Vandaele, 1983)-

In order to identify the appropriate multiplicative seasonal model, the following notation

needs to be introduced (Bowermann and O'Connell, 1979):

By including the backshift operator (B), the mixed ARMA model of order (p,q)a

a

a

a

(Equation 2.63) can be expressed as:

(1 - 0rB - þzB2 opBp) zr= (I - 0rB - 0rBz -..... - onBe) e,

The non-seasonal AR operator of order p is defined as:

Op(B) = (1 - 0rB - þzB2 -....-.- OpBp)

The non-seasonal MA operator of order q is defined as:

eq(B) = (1 - 0rB - 0rB2 -.....- OqBq)

Op(B) z, = 0n(B) et

The seasonal AR operator of order P is given by:

The non-seasonal mixed ARMA model of order (p,q) can therefore be written as:

(2.66)

(2.67)

(2.68)

(2.6e)

a

Qp@L) = (1 - Q1¡_BL - Qz,t-BL qp,r-BPL) (2.70)
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The seasonal MA operator of order Q is given by:

oe(BL) = (1 - or,lBl - }z,rB2L 0q,¡BQL) (2.7t)

Using the terms defined above, the general multiplicative seasonal model, which is a
mixed ARMA model of order (p, P, q, Q), can be expressed as:

Op(B) Op(BL) z¡ = on(B) oq(BL) et (2.72)

In order to determine which form of the general multiplicative seasonal model most

adequately describes the time series under consideration, one needs to determine:

. Which of the operators Op(B), Op(BL), eq(B) and Oq(BL) are appropriare.

. The order of each operator that is included.

As with non-seasonal models, model identification is carried out with the aid of the ACF

and the PACF. The following two methods can be employed.

Method I

This is similar to the method used for non-seasonal models. The ACF and the PACF

can be compared with those given by the various special forms of the general

multþlicative seasonal model. A summary of these is given in Box and Jenkins (1976).

However, in practice this comparison is difficult to carry oul

Method 2

This method is discussed by Bowermann and O'Connell (1979) and is somewhat

inn¡idve. Several iterations of the procedure may be required to arrive at a satisfactory

model. The general procedure involves the following steps:

1. The ACF and the PACF are calculated.

2- The behaviour of the ACF and the PACF are used to identify the most obvious

component of the tentative model in accordance with the guidelines given below.

3. The adequacy of the model is checked and if the proposed model is inadequate, the

next most obvious component has to be chosen and added to the model.

Some guidelines for choosing appropriate components are given below @owermann
and O'Connell,1979):



o If

Chapter 2: Literature Review 81

the sample autocorrelation dies down fairly quickly and

the sample PACF cuts off after a lag that is substantially less than L

(perhaps < 2).

some form of the non-seasonal AR operator Qp(B). The order, p, that

should be used is determined from the lag at which the sample partial

autocorrelation function cuts off (e.g. if it cuts off after lag q", p = qc)'

the sample autocorrelation dies down fairly quickly and

the sample PACF cuts off aftet a lag that is nearly equal to L (e.g. L,L+I,

2L,2L+I,2L+2) and

no spikes exist in the PACF at lags substantially smaller than L (perhaps at

lags 1 and2).

some form of the non-seasonal MA operator eq(B). The order q that

should be used is determined from the lag at which the sample ACF cuts

off.

- the sample PACF dies down fairly quickly and

- rhe sample ACF cuts off afær a lag that is nearly equal to L (e.g. L, L+L,

2L,2L+I,2L+2) and

oIf

a If

a If

Use

Use

Use - some form of the seasonal AR operatot Qp(BL). The order p is determined

by the lags at which spikes occur in the sample ACF-

the sample autocorrelation dies down fairly quickly and

the sample PACF cuts off after a lag that is nearly equal to L (e.g. L, L+1,

2L,2L+1,2L+2) artd

spikes exist in the PACF at lags substantially smaller than L (perhaps at

lags 1 a,nd2).

Use some form of the product of the non-seasonal AR operator and the

seasonal AR operator 0p(B) 0p(BL). The order is determined by the lags

at which the spikes occur in the sample PACF.

the sample autocorrelation dies down fairly quickly and

the sample ACF cuts off afær a lag that is substantially less than L (e.g

<2).

a If
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no spikes exist in the ACF at lags substantially smaller than L (perhaps at

lags 1 and2).

some form of the seasonal MA operator 0q(BL). The order, Q, is

determined by the lags at which spikes occru in the sample ACF.

the sample PACF dies down fairly quickly and

the sample ACF cuts off after a lag that is nearly equal to L (e.g. L, L+1,

2L,ZL+I,2L+2) and

spikes exist in the ACF at lags substantially smaller than L (perhaps at lags

I andZ).

some form of the product of the non-seasonal MA operator and the

seasonal MA operator 0n1n¡ Oq(BL). The order is determined by the

lags at which the spikes occur in the PACF.

Use

a If the sample autocorrelation dies down fairly quickly and

the sample partial autocoffelation dies down fairly quickly.

Use some form of both operators eq(B) eq(BL) and Qo@) 0p(BL). usually

a simple form is sufficienl

2.2.8.3 Akaike's fnformation Criterion (AIC)

Up to this point, the use of the ACF and the PACF has been discussed as a means for
model identification. Akaike's information criærion (Akaike, 1974) is an alternative

method for identifying an appropriate tentative model. Akaike's information criterion is
given by:

AIC = -2log (maximum likelihood) +2n, (2.73)

where np the total number of AR and MA parameters

Akaike's information criærion is evaluaæd for a range of possible models, and the model

choseri is the one with the lowest value of AIC (Ihompstone et al., 1935). The ærm

2noin Equation (2.73) seryes as a penalty function to avoid consideration of models that

have too many parameters. The advantage of using the AIC is that it takes into account

two of the most important modelling principles, namely parsimony and the goodness of
the statisticat fit (Hipel, 1985).
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2.2.9 Parameter Estimation

Once the type and order of the tentative model that best describes the time series under

consideration have been determined, the unknown model parameters have to be

estimated. Different methods can be used to estimate the parameters (Cryer, 1986)

including:

. The method of moments.

. l-east-squaresestimation.

. Maximum likelihood estimation-

. Unconditional least-squares estimation-

The model parameters (0p, 0e, 0O and 0q) and the theoretical ACF are related, so that

the parameters can be expressed in terms of Pt. The particular relationship depends on

the type of model that is being used-

Preliminary estimates of the pafameters 0p, 0e, 0O and 0q are made by using the sample

autocorrelaúon (r¡) instead of the theoretical autocorrelation (p¡).

Before th,e preliminary estimates of the parameters can be used to produce the hnal

estimates, they have to meet certain stationarity and invertibility conditions- This

ensures that the particular model obtained is unique for a given ACF. Stationarity and

invertibility conditions for a variety of models are discussed by Chatfield (L975)- The

preliminary parameter estimate that satisfies the imposed stationarity and invertibility

conditions is then used as an input to a computer program, which produces the fural

parameter estimates @owermann and O'Connell, 1979). The computer applies an

iærative procedure to obtain the final estimates in accordance with the least-squares

error criterion, which gives parameters such that the squares of the errors between the

actual and predicted values are minimised. Standard computer packages are widely

available which perform least-squares estimation.

It should be noæd that it is sometimes diffîcult to obtain preliminary palameter estimates

in terms of the sample autocorrelation- This is especially the case for seasonal models.

In those situations a pretiminary estimate of 0.1 may be used for all parameters

@owermann and O'Connell, 1979). Using preliminary estimates of 0.1 is acceptable as:

. preliminary estimates of 0.1 satisfy all stationarity and invertibility conditions.

. The final estimates produced using least-squares analysis are not sensitive to the

preliminary inputs.
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2.2.10 Diagnostic Checking

Once a particular model has been tentatively chosen and the unknown model parameters

have been estimated, the adequacy of the proposed model has to be evaluated. This is

done by examining the errors produced by the model (Bowermann and O'Connell,

1919), which are caused by:

. The irregular component.

. The inabitity to perfectly predict the trend, seasonal and cyclic components of the

úme series.

The error is more commonly called the residual, which is the difference between the

actual and the htted values. If the model adequately describes the data, the residuals

should be almost uncorrelated. However, the residuals {R,} ænd to have different

properties to true white noise.

For a large sample, the sample autocorrelation of true white noise is approximately

uncorrelated, and the data are normally distributed with mean zero and variance 1/n.

The residuals are also normally distributed with mean zero. However, for small lags, the

variance can be substantially less than l/n and the estimates of r for the various lags can

be highly correlated. For larger lags, the varia¡rce approximates l/n and the estimates of
r are uncorrelated (Cryer, 1986).

The fust step in any residual analysis is to inspect the graph of residuals against time

(Cryer, 1986). If the model is adequate, the plot should consist of a rectangular scatter

of values about a. z.eto mean level without trends.

The second step is to check the normality of the residuals by plotting a histogram of
residual distribution about the mean (Cryer, 1986; Hipel, 1985). The variance of the

residuals should also be constant (homoscedasticity). If the residuals are non-normal or

do not have constant variance, the originat data should be transformed using a Box-Cox

transform (Hipel, 1985).

Various additional tests have been developed to determine whether the model obtained

adequaæly describes the time series. Some of these tests are described below.
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2-2.10.1 The Durbin' Wátson Statistic

This test examines the residuals. The Durbin - Watson statistic is a test for lrst order

correlation only and is given by (Chatheld, 1975):

n

)(zt - 
"t-ù2

,DW -u
l=).

n

dD'il = 2 (l-:u)

(2.14)

(2.7s)

2r?
t=1

The Durbin - W'atson statistic is related to the fi¡st autocorrelation coefficient of the

residuals in the following manner:

DW

If dDw exceeds a critical value, the model is deemed to be inadequaæ. Critical values of

dDW depend on the number of independent variables in the model (Kendall, 1973)-

Tables of these values a¡e available

Similar statistics can also be calculated for higher order correlations. The following

statistic can be used for fourth order correlations:

d4

n

l@t - ,¡-q)Z
t=5 (2.76)

This value is related to the fourth autocorrelation coefficient in the following manner:

d?w = 2 (l-ta) (2_77)

2.2.10.2 The Box - Pierce Method

This method was devised by Box and Pierce (1970) and involves the calculation of the

correlogram for the residuals- The correlogram is then checked to see if there are any

significant correlations, in which case the proposed model is inadequaæ. Values of r¡

are deemed to be significant if they lie outside the range X zl^ln . For low lags, values

n

>,7
t=1
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of r¡ inside the range t 21'./; may still be signihcant and may require further

rnvestlgatlon.

2.2.10.3 The Portmanteau Lack-of-fit Test

Unlike the previous methods, in which the autocorrelations of the residuals were

examined separately, this method investigates the f,rst k' valuqs of r¡ at the same time.

This is achieved by using the Box-Pierce chi-square statistic (QBP), which is given by

(Bowermann and O'Connell, 1979):

k'

eut = (n-d')>t
i=l

where Jl=

d'=
fi=

(2.78)

If the residuals are highly correlated, QBP wil be large, and the proposed model is

unacceptable. The model chosen is appropriate if:

eBP . 2¿ ! 1t'-no) (2.7e)

where np

the number of observations in the original time series

the number of observations 'lost' as part of differencing

the sample autoconelation of the residuals at lag i

k'

the number of parameters that must be estimated in the

model

the number of residual autocorrelations used in the

calculation of QBP

the point on the chi-square distribution having ß' - np)

degrees of freedom such that there is an area of 0.05

under the curve of this distribution above this point

, ! 1t'-nn)

The value of k' is chosen arbitrarily. However, Bowermann and O'Connell (1979) give

the following guidelines:

. For non-seasonal models: k' = 12 (possibly 24 and36).

. For seasonal models: k = 3L.

The modified Box - Pierce statistic (or Ljung - Box - Pierce statistic) was proposed by

Ljung and Box (1978) and is given by:
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Q"n* = n(n +Ð L
2

r¡ (2.80)
k'

n-1

Non-stationary time series are transformed into ståtionary time series by means of

differencing (Section 2.2.7 .2).

If the dat¿ are non-seasonal, an ARMA model is fitæd to the differenced time series,

u¡ (Section 2.2.8.1).

87

i=1

This statistic usually gives better results (Cryer, 1986).

2.2.11 Forecasting

Forecasts of future values can be made once the type and order of the model have been

chosen, the model parÍìmeters have been estimated and the adequacy of the model has

been checked. When forecasting, the pattern that has been found to adequately describe

the historical data in the model development process is extrapolated to prepare forecasts

of future values. The assumption is that the pattern that has been identified will

continue in the future.

For a given time series zt= za, za+l , za+2, --........,2N , the aim of forecasting is to

predict the value 4+g , where g is called the forecasting period. The longer the

forecasting period, the greater the chance that the underlying model might change and

hence the more unreliable the forecast.

If a forecast zo,+Eis made from time origin o', the following applies:

. If g 10, the enor term eo'*, can be estimated.

. If g > 0, the enor term eo,+g cannot be estimated and is set equal to 0

2.2.12 The Box-Jenkins Methodology

The Box-Jenkins methodology @ox and Jenkins, 1976) provides a framework for htting

a univariate ARIMA model to a given time series. The methodology incorporates many

of the concepts discussed in this chapter and is summa¡ised in Figure 2.17. The

following poina should be noted:

The sample ACF and the sample PACF are used to determine whether the time

series is stationary as described in Sections2.2.6.2 and2.2.6.3.

a

a

o
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If
stationary

If model
inadequate

If model adequate

Plot the time
series

Determine whether the time series is
stationary using the ACF and the PACF

(Sections 2.2.6.2 and 2.2.6.3)

Transform the data by differencing
(Section 2.2.7.2)

If non-stationary

tentative model (type and order)
(Sections 2.2.8.1 and 2.2.8.2)

Estimate the model parameters
(Section 2.2.9)

Perform diagnostic checking
(Section 2.2.10)

Forecast future values (Section 2.2.1I)

Figure 2.17: Summary of the Box-Ienkins Methodology
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If the data are seasonal, a general multiplicative seasonal model is fitted to u,

(Section 2-2.8-2). It should be remembered that the order of the model (p,P,q,Q) is

determined with the aid of the sample ACF and the sample PACF- Values for p and

p are chosen by looking at the frst few values of the sample ACF and the sample

pACF, whereas q and Q are chosen by looking at values of the sample ACF and the

PACF function at seasonal lags.

The model parameters for the particular model chosen are estimated using a method

such as least squares estimation (Section2-2.9)-

89

a

a

a Diagnostic checking is carried out using the Portmanteau lack-of-fit æst (Section

2.2.rO_3).

Advantages of the Box-Jenkins methodology include the following (Chatfield, 1975):

. There are a wide number of model classes available-

. It produces more accurate forecasts than other methods.

Disadvantages of the Box-Jenkins method include the following (Chatfield, I975):

. It is fairly complicated.

. It requires considerable skill and experience.

. It requires lengthy computer programs and time-

. It is expensive.

2.2.13 Multivariate Time Series Models

2.2.13.1 Introduction

Multivariate time series models deal with several time series that are intenelated.

Frequently, variables not only depend on their own past values, but also depend on past

values of other variables.

When analysing multivariate time series, the aim is to determine which variables a¡e

inænelaæd and at what lags, resulting in a model describing the relationship between

the variables. Multivariate time series are utilised where a priorí knowledge is available

suggesting that the various time series a¡e linked together-

Examples of the interrelation between several variables a¡e found in a variety of helds

such as economics and enginee.it g. An example in the freld of economics includes the

prediction of the share market index, which depends on economic variables such as
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interest rate, foreign exchange rate, gross national product, balance of payments,

personal disposable income, investment and unemployment rate (Windsor and Harker,

1990; Kimoto and Asakawa, 1990; Harvey, 1989).

Examples in the held of engineering include the prediction of water consumption, floods

and salinity. Water consumption depends on monthly rainfall, the number of rain days

per month, monthly evaporation and monthly average temperature (Daniell, 1991).

Regional floods depend on various catchment parameters such as area, slope, length,

fall, precipitation, the fraction of the catchment under urban, rural and forest use, annual

series skew and partial series skew (Daniell, 1991). River salinity at a particula¡ location

depends on va¡ious upstream salinities, river levels and flows (Maier and Dandy,1993)-

As is the case with univariate time series models, multiva¡iate time series models are

only htted to variables which are stationary (Harvey, 1981). In fact, most of the basic

theory applying to univa¡iate time series models extends to multivariate time series

models (Brockwell and Davis, 1987). The basic steps of model identification, parameter

estimation, diagnostic checking and forecasting used in developing univariate time series

models still apply to multivariate time series models. However, some new problems

arise in the multiva¡iate case. In particular, the model identihcation process is not as

well defined and requires a trial and error approach combined with a great deal of
judgement.

In general, one would expect multivariate models to outperform univariate models, as

univariate models simply extrapolaûe past events. However, univariate models ofæn

provide a valuable yardstick against which the performance of multiva¡iaæ models can

be assessed (Harvey, 1989).

2.2.13.2 Classes of Multivariate Time Series Models

There a¡e a number of classes of multiva¡iate time series models of the ARMA type

(Salas et al., 1985), including:

1. Vector autoregressive - moving average (VARMA) models.

2. Contemporaneous autoregressive - moving average (CARMA) models.

3. Transfer function autoregressive - moving average Gf'$ models.

4. Exogenous-variable autoregressive - moving average (ARMAX) models.

5- Periodic autoregressive - moving average (PARMA) models.
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VARMA models

The general VARMA (p,q) process for N' time series is described by the following

equation (Harvey, 198 1):

(2.81)

where

A VARMA model frtæd to a set of differenced time series is known as a Vector

AutoRegressive Integraæd Moving Average (VARIMA) model.

When developing VARMA models, the parameter matrices consist of non-zero elements

(Ledolter, 1978)- This indicates that feedback relationships exist, in the sense that if one

time series causes another, the reverse is also true. An example of such a relationship

can be found between time series of precipitation, lake evaporation and lake storage for

some large lakes (Salas et al., 1985).

However, there are a number of problems associaæd with models of the VARMA type

(Salas et al., 1985; Camacho et al., 1985, 1983), including:

o They generally contain a large number of parameters, making it difficult to estimate

them efficiently, especially when limited data sets are available.

o The relationships found in many physical systems, including those in the fields of

hydrology and water resources, make the inclusion of feedback parameters

unjustified.

In order to overcome the above problems, CARMA and TFN models, which are special

cases of VARMA models, have been introduced.

CARMA models

CARMA models result when all but the diagonal elements in the parameter matrices of a

VARMA model are zeÍo (Salas et al., 1985). CARMA models are essentialTy a

collection of N' univariate ARMA models with contemporaneously correlated error

tetms (Camacho et al., 1985). When developing CARMA models, univariate

4
et

o,
oj

= aN'

= aN'
= aN'

= aN'

x I vector of observations

x I vector of noise elements

x N' matrix of AR parameters

x N' matrix of MA parameters



techniques are used to frt ARMA models to each time series. A multivariate model is

then htted to the residuals of the univariate models (Salas et al., 1985).

A property of CARMA models is that only concunent, or contemporaneous variables,

of the different time series are correlated, which is referred to as instantaneous causality

(Granger, 1969). The annual or seasonal precipitation time series at several locations in

a particular region may be contemporaneously correlated (Salas et a1., 1985)-

TFN models

TFN models result when the parameter matrices in a VARMA model are upper or lower

triangular (Salas et al., 1985; Camacho et al., 1985). This indicates unidirectional (one-

way) causality, which means that one time series causes another, but the reverse is not

true.

An example of such a relationship is that of three streamflow time series at different

locations along a river. The flow at the site located furthest upstream causes the flow at

both downstream sites. The flow at the inærmediate siæ is caused by the flow at the

upstream site and causes the flow at the downstream site. The flow at site located

furthest downstream is caused by the two upstream flows but has no effect on either of
them. Each variable is also assumed to be affected by its own past values (Salas et al.,

1e85).

ARMAX models

ARMAX models (Cooper and Wood, 1982a,1982b) are an extension to ARMA models

that take exogenous variables into account. ARMAX models are multiple input-output

models and are described by the following equation (Salas et al., 1985):

92
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(2.82)

Qrt-t + ... + ôprt-p * et - @tet-t @ne1-O +

ft vt-t + ... + lrYt-r,

4
et

vt
q
@j

fk

= a N' x 1 vector of observations

= a N' x 1 vector of noise elements

= a K'x I vector of exogenous variables

= a N'x N'matrix of AR parameters

= a N'x N'matrix of MA par¿rmeters

= a N' x K' matrix of parameters for the exogenous variables
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PARMA models

A pARMA model (Section 2.2.8.2) may be classed as a special kind of multiva¡iate

model, as it can be expressed as a VARMA model and is made up of a number of

models; one for each season (Salas et al-, 1985; Vecchia, 1985)'

2.2.13.3 The Cross-Correlation Function

The cross-correlation function (CCF) can be used to determine:

. Whether the time series under consideration are jointly stationary.

. The strength of the relationship between two time series, and at what lag(s)

maximum correspondence occurs (Brockwell and Davis, 1987).

The CCF is simply a plot of the cross-correlation between two time series against the

lag (k).

The following steps are required to calculate the CCF benveen two time series zi,t= zi,a,

zi,a+1, zi,z+2,.......,2i,N and z¡,t = zj,^, zj,a+l, \,a+2,...r"',ï,N (IMSL, Inc', 1991):

1. Estimate the mean (7i, z) for each time series.

2. Estimate the autocovariance function for each time series.

The autocovariance function of {zi,¡}, o ,, (k), is estimaæd by:

r n-k
s, (k) = ; å,ri,t 

-z) (zi,t*L - z), k=0, 1, --..-, K (2.83)

(2.84)

where K the maximum lag considered

The autocovariance function of {zj,t} , 6 ,, (k), is estimated in similar fashion-

3. Estimate the ACF for each time series.

The ACF of {zi,t} , P ,, (k), is estimated by:

r,¡(k)=#, k=0, 1, ...--, K
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where K the maximum lag considered

The ACF of {zi,ù , p ,¡ (k), is estimated in simila¡ fashion.

4- Estimate the cross-covariance function.

The cross-covariance function between {z¡,¡} and {zi,J, 6 zizj(k), is estimated by:

n-k

) (zi,t - z') (zi,t+u - Zj), k=0, 1, .-.., K

sz (k) = t=l (2.85)
l'J

k=-1, -2, -..., -K
t=1-k

function-

5. Estimate the CCF

The CCF between {2i,,} and {o1,ù , p ,ir¡(k), is estimaæd by:

s"ir, (k)
k=0, t1, ....., tK (2.86)rrirt(k) =

[sr¡ (0) *", (0)]1/2 '

It should be noæd that when | = j, the value of rzizj(k) is that of the ACF.

For each value of k, the autocovariances and cross-covariances may be formed into a

cova¡iance matrix. 'When considering N' time series, \i, i - 1, .....,N', Equation (2.85)

yields the yth element of the covariance matrix.

In general, the covariance matrix at lag k is not the same as the covariance matrix at lag

-k. However, the yth element of the covariance matrix at lag k is equal to the jíth

element of the covariance matrix at lag -k. In other words, the covariance matrix at lag

k is equal to the transpose of the covariance matrix at lag -k (Harvey, 1981).

The correlation matrix is simply a standardised version of the covariance matrix. The

yth element of the correlation matrix is given by Equation (2.86).

1
n

1
n

It should be noted that when i - j, the value of srir¡ (k) is that of the autocovariance

Tiao and Box (1981) suggest that p ,iri(k) = 0 if the following applies:
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I
1r;rl <2

(N-a *t¡/'
for k> qc (2.87)

2.2.13.4 Stationarity

In order to ht a multivariate time series model of the ARMA class to a number of

dependent time series, they need to be jointly stationary (Priestley, 1988). A

multiva¡iate time series is jointly stationary if the mean of the series, and all elements of

the covariance matrix, are independent of time for all values of k (Brockwell and Davis,

1987). To achieve joint stationarity between component time series, the following steps

should be followed.

Firstly, each of the component time series should be checked for stationarity in

accordance with the procedure outlined in Section 2-2-6. If the component series are

non-stationary, they should be transformed into stationary time series using the

differencing procedure described in Section 2.2.7.2- It should be noted that each time

series should be differenced the same number of times in order to maintain the phase

relationship between them (Harvey, 1981)-

However, the conditions for joint stationarity are stronger than just requiring each

component series to be stationary. This would simply constrain the diagonal elements of

the covariance matrix to be independent of t, without imposing similar constraints on the

off-diagonal elements (Harvey, 1981).

As the off-diagonal elements correspond to the cross-covariances between different time

series at various lags, the following steps shoutd be followed to ensure that the off-

diagonal elements are constrained, and hence the component time series are jointly

stationary:

1. The CCF should be calculaæd between two component series at the lags suggested

for ACFs (Section 2.2.6.2)-

2. If the CCF cuts off at the lags specified for ACFs in Section 2.2.8.2, the two time

series under consideration may be deemed jointly stationary-

If steps t and2 are repeated for all possible combinations of component time series, and

each pair of time series is found to be jointly stationary, the multivariate time series may

be considered jointly stationary.
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2.2.13. 5 Model Identifrcation

The model identification process involves choosing the correct model class followed by

deærmining the appropriate order of the AR and MA parameters for the type of model

chosen.

Model class

'When choosing an appropriate model class, a decision has to be made whether to use a

model with constant or periodic parameters (Salas et al., 1985). The dependence

relationship between the input and output time series also has to be deærmined. This

can be done in one of the following ways (Hipel, 1985; Salas et al., 1985):

1. Plots of the time series can be inspected in order to get an appreciation of any

trends, periodicities, temporal and spatial relationships and the degree of
randomness. This information can then be used in conjunction with a sound physical

understanding of the data to determine appropriate model classes.

2. Statistical analysis of the data can be carried out. Univariate ARMA models can be

fitæd to each time series and the cross-correlations between the residuals examined.

If the only signifrcant value is at lag zero, the relationship is contemporaneous. If
the only signifrcant values occur at lags either greater or smaller than zero, the

relationship is unidirectional. If values are significant at positive as well as negative

lags, a feedback relationship exists.

Model order

In general, the æchniques used for the determination of the order of the AR and MA
parameters for multiva¡iate time series models are generalisations of those used in

univa¡iate time series analysis (Salas et al., 1985). The model order can be obtained by

using an empirical and/or anal¡ical approach (Haltiner and Salas, 1988; Thompstone et

al., 1985).

The empirical approach has been successfully used by a number of authors, including

Hipel et al. (I977b), Baracos et al. (1981) and Mcleod et al. (1983), and involves the

utilisation of any knowledge about the physical processes that generated the time series.
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The analyical approach is based on the method of Haugh and Box (1977), which makes

use of the bCF to determine the appropriate model order. The CCF provides

information about the strength of the relationship between time series, as well as the lag

at which maximum correspondence occurs (Davis, 1913), and is hence a useful tool for

identifying the order of AR parameters to be used in the multivariate model.

The CCF should only be calculated for time series that are jointly stationary (IMSL,

Inc., 1991). However, the CCF be¡ween t'ù/o time series not only depends on the

relationship between the two time series, but also on the nature of the processes

generating the time series (Harvey, 1931). As a result, the two time series under

consideration need to be "prewhitened" in some instances. This process involves

transforming each component time series into a stationary time series and then fitting a

univariate ARIMA model to each time series. The CCF is then calculated for the

"whitened" series of residuals (Brockwell and Davis, 1987). This method caters for the

case where there is one input series and one output series. In cases where the number of

input time series is greater than one, the method can be used to examine the output time

series and each of the input time series in turn (Thompstone et al., 1985).

In general, it is difficult to know how many MA parameters are required. Univa¡iaæ

ARIMA models htted to the component time series may give some guidance, but are by

no means conclusive. As a rule, several model configurations have to be tried, and the

whiteness of the residuals checked, to see if the proposed model is adequaÛe.

The AIC can also be used as a guide for selecting model orders (Salas et al., 1985;

Hipel et al., I977a).

2.2.13.6 Parameter Estimation

Many authors discuss methods for estimating the unknown model parameters, including

Aoki (1987), Schweppe (1973), Harvey (1981, 1989), Lütkepohl (1991) and

Christensen (1991). Most of these techniques are based on the principle of maximum

likelihood. The advantage of this method is that the parameter estimates obtained a¡e

statistically efficient in large samples. However, the disadvantage in using this method is

that some kind of iærative procedure is usually required to compute the parameter

estimates (Harvey, 1981).

97
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The likelihood function

The joint density function of a set of n observations, 21, L2, ---..,\¡, is assumed to depend

on a set of unknown parameters. Once the observations have been made, the joint

density function may be rc-interpreted as the likelihood function (Harvey, 1989). In

other words, the likelihood function is a measure of the plausibility of a particular set of

parameters, given the sample. By maximising the likelihood function, the most plausible

set of parameters is obtained.

In the classical sense, the likelihood function applies to independent, identically

distributed observations. However, time series analysis deals with observations which

are not independent. Despite this, the standard results obt¿ined from the theory of

maximum likelihood estimation apply to time series models (Harvey, 1981).

Prediction error decomposition

The prediction error decomposition enables the likelihood function to be broken down

into a manageable form (Harvey, 1981). Once the likelihood function has been put into

prediction error decomposition form, full maximum likelihood estimation of relaúvely

complex time series models can be carried out. In addition, suitable approximations to

full maximum likelihood estimation can be obtained (Harvey, 1981),

The prediction error decomposition form of the log-likelihood function for a

multiva¡iaæ time series model is given below (Harvey, 1981):

nN' 1
n

log L(21,......,zn) )togln,l - ";q-
1r,Ît- -2 2

t=1

where the number of observations made at each point in time

a N'xl vector of prediction errors at time t with

- mean zero (E(n) = 0) and

- covariance matrix fI. (Var(n¡) = flt)

A suitable approximation to the logJikelihood function can be obtained by identifying n,

with the vector of white noise disturbances (e) driving the process. If 
"t 

is normally,

identically distributed with mean zero and covariance matrix H, then the log-likelihood

function can be approximated by:

Log 2
n

t=1

I
) (2.88)

N'

nt
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rog L(.) = -1", z* - )LLoglHl ;å (2.8e)

Maximisation of the likelihood function

The best estimates for the unknown model parameters are found by maximising the log-

likelihood function. The maximum likelihood estimators are generally obtained by

differentiating the log-likelihood function with respect to each of the unknown

pa.rameters. By setting these derivatives equal to zero, the likelihood equations are

obtained. In most cases, the likelihood equaúons are non-lineat, and the maximum

likelihood estimates have to be found using an iterative procedure.

Some commonly used numerical optimisation methods for maximising the log-likelihood

function are lisæd below:

. The EM (expectation step - maximisation step) algorithm proposed by Dempster et

ar. (1977).

. The scoring algorithm discussed by Lütkepohl (1991)-

. The Newton-Raphson algorithm as discussed by Gupta and Mehra (1974)'

Jones(1980) and Ansley and Kohn (1984)-

. The Gauss-Newton method-

2.2.13.7 Diagnostic Checking

The methods for checking the whiteness of the residuals described for univariate time

series in Section 2.2.L0 can generally be extended to multivariate time series. Plots of

the residuals can be examined, and the histograms of their distributions checked for

normality and homoscedasticity, as in the univariate case. In addition, the ACFs of the

residuals and the CCFs between them should be examined, as they are assumed to be

independent of each other (Thompstone et al., 1985).

Harvey (1981) suggests that a QBP matrix can be obtained as a generalisation of the

Box-Pierce chi-square statistic. The diagonal elements of the QBP matrix consist of the

QBP values calculated for the residuals of the appropriate univa¡iate time series, whereas

the off-diagonal elements of the QBP matrix consist of the QBP values calculaæd for the

appropriate residual cross-corïelations. The QBP matrix can be used to obtain a rough

indication of the goodness of fit of the model by testing each individual matrix

component against the chi-square distribution.

elH-le1
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2.2.13.8 State Space Models

State space models are a very powerful tool for handling time series data and give a very

compact description of any finiæ parameter linear model (Priestley, 1988).

Consequently, state space models provide a general paradigm for modelling multivariate

time series (Christensen, 1991).

State space models were first presented by Kalman (1960) and Kalman and Bucy

(1960). Originally, the state space representation was introduced to track missiles using

satellite observations of their positions, but have since been used extensively in system

theory, the physical sciences and engineering (Lütkepohl, 1991).

The general philosophy underlying the state space form is that an observed mulúvariate

time series, 21, L2t ....,2N, depends on a state, gÞ that may not be observable and is

driven by a stochastic process (Lütkepohl, 1991).

Modelling time series in state space form has the following advantages (Harvey, 1989,

1e81):

. State space models can cope with missing observations and temporal aggregation.

. The state space representation allows time series models to be formulated in

continuous time-

. The state space form can deal with time series that have inegularly spaced

observations.

. St¿te space models can model va¡iables that are not directly observable-

. State space models can accommodate variables that are subject to systematic

distortion and are contaminated by noise.

Model specification

The general state space model is specified by two equations; the measurement (or

observation) equation and the transition (or state) equation.

The measurement equation relates a multiva¡iate time series 4, containing N' elements,

to a m x I vector of variables, (pj, known as the state vector (Harvey, 1989). The

variables in the state vector may or may not be observable. The measurement equation

is given by (Harvey, 1981, 1984):

zt=Yt(pt*€t, t=1, , n (2.eo)
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where Yr = aN'xmmatrix

= a N' x 1 vector of serially uncorrelated disturbances with

- mean zero (E(e) = 0) and

- covariance matrix H, (Var(e,) = Hr)

Despiæ the fact that the state vector is generally not observable, it is assumed to be

driven by a hrst order Markov process, which is described by the transition equation

(Harvey, 1981, 1984):

et

I t = Tt I t-t + ft' t=1' """' n (2_er)

where Tr = amxmmatrix

= a m x 1 vector of serially uncorrelated disturbances with

- mean zero (E(f,) = 0) and

- covariance matrix Q¡ ffar(f) = Qt)

The specification of a linear state space model is completed by the following

assumptions (Harvey, 1989, 1981; Lütkepohl, 1991):

1. The initial state vector, eg, has a mean of j6 (E(<pg) = iO) and a covariance matrix Pg

(Var(gs) = Po).

2. The noise terms e, and f, are uncorrelated with each other at all times and are also

uncorrelated with the initial state, p¡-

'When specifying a model in state space form, the following objectives should be met

(Harvey, 1989; Priestley, 1988):

1. The state vector, g¡, should contain all the relevant information about the system at

time t.

2. The state vector should not contain any redundant variables. If this is the case, the

equations describing the state space model are said to provide minimal realisation,

and the dimension of the state vector may be called the dimension of the model.

System matrices (Harvey, 1989; Lütkepohl, 1991)

The system matrices of a state space model are defined as the unknown matrices in the

measurement equation (Y, and H) and the unknown matrices in the transition equation

(T, and Q). The system matrices a¡e assumed to be non-stochastic. Consequently, if

they change with time, they do so in a manner which is predetermined (Harvey, 1989),

resulting in a linea¡ system in which 4can be expressed as a linea¡ combination of past

and present disturbances (e, and f) and the initial state vector (Q0).

fr
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Frequently, the system matrices do not change with time, in which case the model is

referred to as time-invariant or time homogeneous. For this class of models, the state

space equations can be written as:

zt=Yg1 *€1: Var(e1)=H (2.e2)

g r = Tg ¡_1 + f¡, Var(f,) = q (2.e3)

When specifying a state space model, the system matrices are assumed to be known.

However, this is usually not the case, and in many instances the main statistical task is to

estimate these unknown matrices. The unknown model parameters are called

hyperparameters and determine the stochastic properties of the model. They are also

the parameters on which the likelihood function depends (Lütkepohl, 1991).

VARMA models in state space form

The fact that the state equation is a first order AR process might appear to be rather

restrictive. However, since it is a vector process, there is nothing fundamentally frst
order about it (Christensen, 1991). In fact, any hniæ-order linear differential or

difference equation can be expressed as a vector first order equation @riestley, 1988)-

Consequently, any VARMA model can be represented in state space form.

A. The VAR (q) process (Lütkepohl, 1991)

All finite order VAR models can be cast into state space form. The general VAR (p)

process is given by:

z¡=Q1z¡-1 *....-. + Õoz,-o + e¡ (2.e4)

where = a N' x I vector of observations

= a N'x N'matrix of AR parameters

= a N' x 1 vector of serially uncorrelated disturbances

One possible state space representation for the VAR (p) process is given below. The

following notation applies:

4q
et
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zt Ik

@=

z¡-p+l
0

103

Õp

0

q Õp-l

0

et

0

0

z¡ and E, =

rko

Ik = the identity matrix

The transition equation is given by:

Z¡=QZ¡-1 +E¡ (2.es)

The measurement equation is given by:

z, = [I¡ 0 ... 0lZ¡ (2.e6)

When comparing Equations (2.96) and (2.95) with Equations (2.90) and (2.91) it can be

seen that in this case:

4.=4
9l¡=Zt
Yt = [Ir 0 ... 0]

ct=0
Tt=Õ
ft=Et

B. The VARMA (p,q) process (Lütkepohl, 1991)

The general VARMA (p,q) process is given by Equation (2.81). One possible state

space representation of the general VARMA process is obtained by choosing the

following notation:



to4

Z
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where

Et=

et+1

0

et+l

0

zt

zt-p+l

et

et-q+1

Qr \z
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@1

0

o
00

q-1 q

Õ2t = o

0

0

@

0

Õu = tÞtz =

00

0

rk

Õ

0 r¡o
The transition and measurement equations are given by Equations (2.95) and (2.96)

respectively.

In general, there is no unique state space representation of a linear model. The state

vector and the system matrices can usually take on a variety of forms. Other state space

0 r¡o
and

22

0

0

0

0
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representations of VARMA models are given by Aoki (1987), Hannan and Deistler

(1987) and Wei (1990)-

When multivariate VAR or VARMA models are cast into state space form, the system

matrices Y and T are time invariant. In addition, the state vector contains at least some

observed or observable variables (Lütkepohl, 1991). This is contrary to the tradiúonal

use of state space models, where the main objective is the prediction of the unobservable

state vector.

2.2.13.9 The Kalman Filter

The Kalman hlter is a statistical algorithm for dealing with state space models and was

introduced by Kalman (1960) and Kalman and Bucy (1961). The Kalman hlær can be

used to recursively estimate the state vector, 9t, tr new observations become available.

Recursive techniques have the advantage that they:

. Are not as computationally intensive as other æchniques-

. Do not require as much memory as other methods-

This is achieved by utilising previous calculations and by retaining in memory only those

items necessary for the processing of future observations (Sallas and Harville, 1981).

The Kalman hlter can also be used to estimate the hyperparameters with the aid of

maximum likelihood estimation. This is because the prediction error decomposition

form of the likelihood function is expressed in terms of one-step-ahead prediction errors,

which are a by-product of the Kalman filter recursions (Harvey, 1989). By using the

prediction error decomposition form of the likelihood function, any unknown model

parameters can be estimated. This æchnique also provides the basis for statistical

testing and model specification (Harvey, 1989).

The general form of the Kalman filter

Once a model has been put into state space form, the Kalman filter provides a recursive

algorithm for calculating the optimal estimator of the state vector at time t, based on the

observations up to and including 2,. This estimate can be continually updated as new

observations become available. In order to calculate the estimates of the state vector,

the system matrices, as well as the initial conditions, are assumed to be known at each

time period-
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The general form of the Kalman filter consists of two steps; a prediction step and an

updating step. In the prediction step, the optimal estimator of the state veÆtor (ir) is

obtained, based on the information currently available. Once the new observation, z¡,

becomes available, the estimator of g, obtained in the prediction step is updated.

In general, the recursions are carried out by the procedure given below:

1. Initial values of the state vector and the cova¡iance matrix are specified.

2. The prediction step is carried out at t = 1.

3. The updating step is carried out at t = l.
4. The prediction and updating steps are then repeated for t = 2,t= 3, ...., t = n

When all n observations have been processed by the Kalman filter, the optimal estimator

of the state vector, based on all observations, is obtained. This opens the way for

obtaining optimal predictions of the state vector and of the observations at time t > n
(forecasting), and extracting optimal estimators of the state vectors at time t < n based

on the entire information set (smoothing).

Using state space models in conjunction with the Kalman filter recursions has the

following advantages:

a On-line estimation of the model parameters is possible. As new data become

available, the model parameters can be updated using only the most recent

information. In other words, there is no need to process the entire data set, which is

computationally efficient @ergman and Delleur, 1985a).

System noise can be separaæd from observation noise. The measurement equation

caters for observation noise while the transition equation allows system noise to be

modelled (Bergman and Delleur, 1985a).

Data irregularities, such as missing observations, temporal aggregations, irregularly

spaced observations and data revisions can be taken into account (Harvey, 1984)-

In order to deal with missing observations, the appropriate updating equations have

to be omitæd as part of the Kalman filter recursions. A maximum mean squared

estimator (MMSE) of the missing observation can then be obtained with the aid of a

smoothing filter once all the observations have been processed (Harvey, 1984). It
should be noted that the prediction error decomposition form of the ML function

can still be obtained when some observations are missing. The above procedure also

caters for outliers, which can be omitted from the data set and processed as missing

observations.

a

o
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2.2.13.10 Time Yariable Parameter (TVP) Models

Recently, more advanced time series analysis procedures have been developed, which

are able to fit models to non-stationa-ry data. In these models, the model parameters

vary with time, resulting in Time Variable Parameær (TVP) models (Young et al.,

1991). TVP models are capable of modelling gradual as well as sudden fluctuations in

the data, including discontinuities (Ng and Young, 1990).

Generally, TVP models are written in state space form and make use of optimal state

estimation algorithms such as the Kalma¡r filter (Young,1994). In TVP modelling, the

Kalman hlter is not used to represent the stochastic model itself, but to model the

variations of the model parameters (Young, 1994)-

The state space representation and the Kalman filter can be most effectively utilised

when TVP models are used in structural time series form (Harvey, 1984; Harvey and

Peters, 1990). Structural time series models provide a general framework in which

different types of time series models can be modelled (Harvey, 1984). They consist of

trend, seasonal and random noise components (Equation 2-45), which are modelled

directly. The model is therefore structural, as each of the individual components cair be

given direct interpretation (Harvey, 1984).

Generally, a state space approach is used to model the seasonal and trend components.

The majority of the component models are based on a simple Generalised Random Walk

(GRW) approach, which caters for non-staúonarities in the states as well as the

parameters (Ng and Young, 1990). The individual component models a¡e then

combined, resulting in a discrete-time state space representation of the observed time

series (Ng and Young, 1990). The Kalman filter can then be used for recursive state

estimation, forecasting and smoothing (Young et al., 1991)-

The model identification and parameter estimation stages in the development of

structural models are by no means trivial. The frst attempt to address this problem was

made by Hanison and Stevens (197I, 1976), who used a Bayesian approach. This

method involves frxing the variance parameters (e.g. the variance of the whiæ noise

terms in the state space equations), on which the forecasts obtained using structural

models depend, using a priori information, rather than estimating them (Harvey and

Peters, 1990). When using the Bayesian model, the role of the Kalman filter is to obtain

an estimate of a posærior distribution for the state vector by updating a prior

distribution (Harvey, 1934). Consequently, it is not the MMSE of gt, but the mean of
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the posterior distribution of g, (Harvey, 1984). One of the advantages of the Bayesian

approach is that al:ty o priorí knowledge can be built into the model. However, the fact

that the variance parameters have to be chosen a priori can also be restrictive, ¿ìs

sufhcient knowledge to do this successfully may not always be available in practice.

The need for any a priori knowledge can be minimised by formulating structural models

in ML terms (Hawey, 1984; Harvey and Peters, 1990). In this approach, the

likelihood function is obtained in prediction error decomposition form with the aid of

the Kalman filær. The model parameters Íìre then estimated by maximising the

likelihood function using an appropriate numerical optimisation method. However, this

procedure is quite complex, even for relatively simple models (Ng and Young, 1990).

In addition, the above method makes it "difficult to formulate all aspects of parameter

and st¿te estimation in compleæly recursive terms, so restricting adaptive

implementation of the resulting algorithms" (Ng and Young, 1990).

To simplify the model identification and parameter estimation phases of model

development, a Sequential Spectral Decomposition (SSD) procedure has been proposed

(Young, 1988; Young et al., 1989; Ng and Young, 1990; Young et a1., l99I; Young,

1994). This procedure also fully utilises recursive solutions at all stages of modelling,

thus catering for all types of non-stationarity (Ng and Young, 1990). The SSD

approach is used to "sequentially decompose the time series into quasi-orthogonal

estimates of the trend and periodic components" (Young et al., 1991). The frst step in

this procedure is to estimate the trend component using a stochastic, second-order,

Integrated Random Walk (IRW) model. The trend component is then subtracted, and

the remaining time series modelled using a General Transfer Function (GTÐ or

Dynamic Harmonic Regression (DHR) model. As a result, the non-linear estimation

procedure is broken down into a number of linear parts, each of which is solved in ftrlly

recursive terms (Young et al., 1991).

2.2.13.11 Forecasting

The forecasting procedure for multivariate models is very similar to that for univariate

time series. Forecasting involves the extrapolation of the components estimated at the

end of the sample (Harvey, 1989). The larger the forecast time span, the greater the

uncertainty of the forecast. Forecasts will only lie between the specihed confidence

limits if the fitted model continues to be an adequate representation of the underlying

data generating process (Harvey, 1989).
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2.2.13.12 Aþplications

Time series analysis has been widely used in the field of economics (Nelson, 1973;

Granger and Newbo\d,1977 Granger, 1980; Abraham and lædolter, 1983; Pankratz,

1983; Abraham, 1993).

Time series analysis methods have also been extensively used to model hydrological time

series, water quality time series, water demand, water pricing and meteorological time

series, and are a vital tool used in water resources planning and management Glipel,

1985).

In the held of water resourcés engineering, time series analysis is used for forecasting,

generating synthetic data sequences and investigating and modelling the underlying

processes of the system of interest (Hipel, 1985). Examples of specific applications of

time series models of the ARMA type for forecasting water resources time series are

given below.

Modelling River Flows

Salas et al. (1985) developed CARMA and VARMA models for modelling the annual

river flows of the Green River near Palmer and the South Fork Sþkomish River near

Index, both locaæd in the State of Washington, U.S.A. Both models performed well,

but the CARMA model was preferred from a practical viewpoint, as it was more

parsimonious and its model parameters were easier to estimate.

Camacho et al. (1985) developed a CARMA model for modelling annual riverflows for

the Wolf River near London, Wisconsin, and the Fox River near Berlin, Wisconsin.

Vecchia (1985) developed a PARMA model to model monthly streamflows for the Rio

Caroni River in Venezuela.

Haltiner and Salas (1983) developed an ARMAX model to forecast daily streamflows in

the headwaters of the Rio Grande River in southern Colorado, U.S.A. The forecasting

periods considered include one and three days. Daily precipitation, streamflow, average

daily æmperature and snow-covered-area data were used as model inputs.

Thompstone et al. (1985) developed a number of time series models to obtain one-step

forecasts of quarter-monthly (i.e. near weekly) natural inflows to the Lac St. Jean
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Reservoir, Quebec, Canada- ARMA and PARMA models were htæd to the

deseasonalised, log-transformed inflow time series. Iri addition, transfer function models

were developed, using the inflow as well as rainfall and snowmelt úme series as inputs.

The results obtained were compared with those produced by a physically based model

simulating the relationship between daily meteorological conditions and natural inflows

to various reservoirs. The best performance was obtained using the transfer function

model, followed by the ARMA model, the PAR model and the physically based model.

Bergman and Delleur (1985b) developed an AR model in søte space form to obtain

forecasts of daily river flows for the Potomac River near Pointy Rocks, Maryland,

U.S.A. The Kalman hlter was used to update the model parameters in real time. The

maximum forecasting period used was four days.

Modelling Water Levels

Irvine and Eberhañt (1992) developed a univariate multiplicative seasonal ARIMA
model for forecasting mean monthly water levels for Lakes Erie and Ontario, Canada,

up to six months in advance- Although the model was able to forecast the general

trends in the data for all forecasting periods, a maximum forecasting length of three

months was found to be desi¡able for greatest accuracy.

Modelling Water Quality Parameters

Camacho et al. (1985) developed a CARMA model to model monthly concentrations of

total and Kjeldahl nitrogen in the Middle Fork Creek near Seebe, Alberta, Canada.

2.3 Artificial Neural Networks for Modelling Time
Series

Back-propagation networks are the neural network type most suiæd to forecasting

(NeuralWare, fnc., 1991). Examples of the successful application of backpropagation

networlrs for forecasting have been discussed in Section 2.1.9.5. An advant¿ge of
back-propagation networls, when compared with more complex network types, is that

they ate not ¿rs computationally intensive and hence take less time to train

(Chakrabony,1992).

In this section, the use of back-propagation networks is compared with traditional

methods of time series analysis, The class of ARMA models has been chosen as the
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basis of comparison as they are "-.. accepted, standard representâtions of stochastic

time series" (Young et al., 1991) and a¡e among those forecasting models most

successfully applied in practice (Tang et al-, 1991).

When using ANNs for time series analysis, the modelling philosophy employed is

similar to that used in traditional statistical approaches. In both cases, the unknown

model parameters (i.e. the connection weights in the case of the ANN) are adjusæd in

order to obtain the best match between a historical set of model inputs and the

corresponding outputs. The steps involved in developing an ANN model are outlined

in Figure 2.18.

Figure 2.18: Sæps in the Development of an ANN model

2.3.1 Inspection of Plots of the Time Series

As discussed in Section 2.2.6.1, data familiarisation should be the first step in the

development of any time series model. Inspecúng the data plots gives an indication of

any trends or seasonal variation in the data and enables the deæction of outliers,

discontinuities and turning points.

2.3.2 Determination of the Model Inputs

One of the advantages of using a neural network approach for modelling time series is

that the amount of data pre-processing required is minimal.

In order to fit an ARMA type model to a time series, or a set of time series, the data are

assumed to follow a normal distribution (kvine and Eberhardt, 1992). If this is not the

daø
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case, the data need to be transformed using the Box-Cox transformation (Box and Cox,

1964)- In contrast, there is no need to transform the data when developing an ANN

model, regardless of the distribution of the data (NeuralWare, Inc., 1991; Burke and

Ignizio, 1992).

More recent time series approaches enable models to be fitted to time series that follow

the Exponential, Gamma, Weibull, Laplace, Beta or Mixed Exponential distributions

([æwis, 1985). However, in order to use these models, the exact distribution of the

data still has to be known.

When developing ANN models, the raw data are usually used without transforming

them into stationary data first, as ANNs have the ability to determine underlying

relationships in the data, such as trends and seasonal variations, with the aid of their

hidden layer nodes. However, to the author's knowledge, the effect of using stationary

data, as opposed to the raw data, has not yet been investigated. Such a comparison is

carried out in Section 3.4.

When developing ARMA type models, on the other hand, the data used have to be

stationary. If this is not the case, the data have to be transformed using techniques such

as differencing (Box and Jenkins, 1976). Recently the use of TVP models has been

suggested as a means of dealing with non-stationary data directly (Young, 1990; Ng

and Young, 1990; Young, 1994).

ANNs belong to the class of data driven approaches (Chakraborty et al., 1992), which,

when presented with a set of input and corresponding output data, have the ability to

determine which of the model inputs a¡e criúcal (Daniell, I99l; Neural'Ware, fnc.,

1991). The forecasting ability of ANNs is not compromised by the presence of non-

critical inputs, suggesting that ANNs are not significantly affected by model noise. In

fact, Tang et al. (1991) found that increasing the number of model inputs marginally

improved the forecasts obtained, as the ANN was able to make use of any additional

information presenæd to it. The above properties make ANN models well suiæd for

complex problems, "which may be poorly understood and which cannot be adequaæly

described by a set of rules or equations" (Maren et al., 1990)-

The class of ARMA models, on the other hand, belong to the class of model driven

approaches (Chakraborty,1992). In this type of model, the structure of the model is

determined first, before the unknown model parameûers are estimated.
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Despite the fact that ANNs are data driven, it is desirable to have some indication as to

which inputs should be included in the model, especially when dealing with complex,

multivariate time series where the number of potential inputs could be in the order of a

few hundred. Having a large number of inputs generally increases the size of the

network, resulting in increased training times, possible over-parameterisation and poor

local minima.

To the author's knowledge, no analytical approaches for determining the inputs for

multivariate ANN models have been developed to date. Lachtermacher (1993) and

Lachtermacher and Fuller (1994) have developed a hybrid methodology for

deærmining the inputs for univa¡iate ANN models. This method involves fitting a

univariate Box-Jenkins type model to the time series, which is then used as a guide for

deærmining the inputs to the ANN model. However, this method is only applicable to

univariate models and has not yet been extended to cater for multivariate cases. In this

research, the problem of deærmining inputs for multivariate ANN models is addressed

in Section 3.10.

2.3.3 Choice of the Network Parameters and Geometry

One of the disadvantages of back-propagation models is that the internal model

parameters (e.g. learning rate, momentum and epoch size) and the network geometry

(i.e- the number of hidden layers and the number of nodes per hidden layer) have to be

deærmined by trial and error, although some guidance is available, as discussed in

Section 2.I.8.3.

Users of backpropagation networks are often unsure of the effect different internal

parameters and network geometries have on model performance. A detailed sensitivity

analysis was carried out in this research (Section 3.5.3) to demonstrate the effect of

various internal parameters and network geometries on training speed and

generalisation ability, and to devise some general guidelines for optimising network

performance.

2.3.4 Training of the Network

The training data are usually presented to the network repeatedly until the stopping

criteria chosen (Section 2.1.8.1) are satisfied. However, it should be noæd that the

number of training samples that need to be presented to the network to achieve a

certain performance level can vary greatly, depending on the internal network

parameters used.
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ANNs generally learn an approximation to the underlying rules governing a relationship

(NeuralWare, Inc., 1991). Consequently, they Íue not well suited to leaming

deærministic input - output relationships, as they are usually not able to perform exact

mappings. However, because ANNs have the ability to leam the underlying

relationships between inputs and outputs (as opposed to the exact relationship), they are

relatively insensitive to noise and have good generalisation ability (NeuralWare, Inc-,

I99l; Hubick, 1992; Maren et al., 1990; Tang et al., 1991; Burke and Ignizio,1992).

However, care must be taken not to include an excessive number of connection weights,

as this might result in overfitting of the data (Burke and Ignizio, 1992), which is

undesirable. [n contrast, ARMA type models are sensitive to noise (Iang et al., 1991).

However, data noise can be modelled explicitly by transforming ARMA models into

state space form and using the Kalman hlær.

ANN models also perform better than ARMA type models when a limiæd data record

is available (Tang et al., 1991; Schizas et al., 1994). This is of great importance when

dealing with real life problems, as the amount of data available is often constrained by

hnancial considerations.

2.3.5 Validation of the Network

When validating an ANN model, the traditional diagnostic checking step of examining

the residuals is usually not ca¡ried out. The adequacy of an ANN model is generally

determined by assessing the forecasting capability of the model when presented with a

data set not used in the training phase.

2.3.6 Forecasting

The ARMA class of models is suiæd to shorter term forecasting (Tang et al., 1991).

However, ARMA type models are not suiæd to longer term forecasting, as multi-step

forecasts are obtained in a recursive fashion (Lachærmacher, 1993; Tang et a1., 1991).

ANN models, on the other hand, are well suiæd to longer term forecasting, as they

base their forecasts on the approximate underlying relationships in the data (Tang et

al., L99l; NeuralW'are, Inc., 1991).

However, when forecasting for more than one tme step, it is unclear whether it is

better to train ANNs for a single time step forecast and then apply it recursively, or to

train them for a multi-step forecast directly. Lapedes and Farber (1988) found the

former method to be superior in obtaining multi-step forecasts of a noise-free, chaotic
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time series. On the other hand, Tang et al. (1991) had great success in obtaining

longer-term forecasts of domestic ca¡ sales in the U.S.A. using the direct forecasting

method. The question of whether it is betær to use the direct or recursive forecasting

method is addressed in Section3-4.

Several researchers have compared the performance of ANN models with ARMA type

models (e.g. Chakraborty, 1992; Tang et al., 1991; Lachtermacher and Fuller, 1994).

However, to date, the majority of these comparisons have been restricted to simple

univa¡iate models (e.g. Tang et al., 1991; Lachtermacher and Fuller, 1994). Tang et al.

(1991) suggest that the comparison of ANN models with more conventional models

should be extended to the multivariate case. Chakraborty et al. (1992) compared the

performance trivariate ANN and ARMA type models relating flower prices for the

cities of Buffalo, Minneapolis and Kansas City. However, to the author's knowledge,

no comparison has been carried out for multivariate models using causal variables,

especially in the field of water resources engineering. Such a comparison is carried out

in Section 3.8.

2.3.7 Other Differences Bet\ileen ANN and AftMA Type Models

Although some time series models cater for non-linearities (Tong et al., 1985; Ozaki,

1985; Brillinger, 1985), models of the ARMA type are usually linear. This makes the

modelling of natural systems, which are generally highly non-linear, very difficult. A

deøiled discussion of the disadvantages of non-linear models is given by Tong (1983).

ANNs overcome this problem with the aid of their non-linear transfer functions (Burke

and Ignizio,1992).

One of the disadvantages of ANN models is that the relationship between variables

cannot be obtained directly. However, information about the relative significance of

the various inputs can still be obtained by carrying out a sensitivity analysis, as

demonstrated in Chapærs 3 and 4.

An advantage of ANN methods is that they require less storage and are much faster

than conventional statistical approaches (Burke and lgnizio, 1992). At present, the

processing speed of ANNs is limited by the lack of readily available parallel

computers. However, with advances in technology, this situation is likely to be

rectified in the future, allowing the full capabilities of ANNs to be exploited.
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Salinity Forecasting in the River Murray

3.1 Introduction

Human induced salinisation is an increasing cause of environmental problems, especially

in the arid and semi-arid regions of the world (Ghassemi et al., 1991). The South

Australian portion of the Murray-Darling Basin in the southeast of Australia is one such

region. Increasing levels of salinity in the River Murray as a result of land clearance,

inefficient irrigation practices and flow regulation have had a number of adverse effects

on water users. The River Murray supplies water for irrigation and for cities in South

Australia which have access to the river via pipelines, including Adelaide (population 1

million). The high salinity of the water results in corrosion of pipes and fittings,

increased usage of soap and detergents, as well as soil salinisation and a reduction in

crop yield. It is estimated that high levels of salinity cause $30 million damage per year

to domestic and industrial users in Adelaide (Dwyer Leslie Pty. Ltd., 1984).

In this chapter, univariate and multivariate artifrcial neural network (ANN) and time

series models of the ARIMA type are developed for forecasting salinity in the River

Murray at Murray Bridge. A significant part of Adelaide's water supply is abstracted at

this point of the river. Forecasts of salinity can be used to mdrfy pumping schedules so

that less water is pumped at times of high salinity and more water is pumped at times of

1r6
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low salinity- Dandy and Crawley (1992) have developed a model for optimising

pumping policies taking salinity into account. Results from the model indicate that the

average salinity of the water supplied to Adelaide could be reduced by about l07o tÏ

salinity was forecast several weeks in advance and pumping policies were modihed

accordingly.

The objectives of this chapter are to:

1. Develop models aimed at obtaining the best possible forecasts of salinity in the River

Murray at Murray Bridge.

2. Use the case study of salinity forecasting to investigate the following issues in

relation to the modelling of time series using artificial neural networks (ANNs):

o What is the effect of adding less signifrcant parameters on network performance?

o When forecasting for more than one time step, is it better to train the network

for a single time step forecast and then apply it recursively or train it for a

multistep forecast directlY?

o Is it better to train networks using stationary data or raw data?

o 'What is the effect of including hidden layers?

o Are there any methods for determining inputs for multivariaæ ANN models?

o What is the effect of intemal parameters and geometry on network performance?

o How does the training data used affect network performance?

o What is the effect of having multiple network outputs?

o How does a network behave when it approaches a local minimum in the error

surface?

o Can ANNs be used to extract information about the relationship between the

input and output variables?

o How does the performance of univariate and multivariate ANN models compare

with that of the more traditional and widely used time series models of the

ARMA type for various forecasting periods?

3.2 Background

The River Murray starts as a small stream nea¡ Mt. Kosciusko, New South Wales- For

the first 400 km, it flows rapidly and is fed by high rainfalls and melting snow.

Subsequently, the flow slows considerably as the river broadens and starts to meander.

The water has travelled about 2500 tan by the time the river discharges into the sea near

Goolwa, South Australia. Along the way, the Murray is joined by the Darling and

Mumlmbidgee Rivers as well as many small tributaries, and traverses hve distinct

TI7
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regions including the Headwaters, the Riverine Plains, the Mallee Trench, the Mallee

Gorge and the Lakes and Coorong. The location of the River Murray is shown in

Figure 3.1. The Murray-Darling system is the fourth longest river system in the world,

but the volume of water that travels down the river system is low by world standards.

Its average annual flow is approximately 16% of that of the Nile, 3.5% of the

Mississippi and 0.257o of the Amazon (Mackay and Eastburn, 1990).

The flow in the River Munay is highly regulated by four major storages, a series of 14

locks and weirs and 5 barrages (Figure 3.2)- T}:,e river is regulated in order to stabilise

water levels for irrigation, water supply and navigation purposes. The barages stop

seawater from travelling upstream during times of low flow (Figure 3.3). There are

three major storages on the River Murray, namely: Lake Victoria (680 GL), Hume

Reservoir (3040 GL) and Dartmouth Reservoir (4000 GL). The fourth major storage is

Menindee Lakes (1680 GL), which is located on the Darling River. The combined

capacity of the four major storages is 9400 GL.

In addition to these four major storages, there are a number of smaller storages on the

Murray's tributaries (Mackay and Eastburn, 1990), including:
o Glenlyon and Beardmore Dams in Queensland.
o Burredong, Wyangala, Carcoar, Burrinjuck, Blowering, Windamere, Keepit,

Chaffey, Pindari and Copeton Dams in New South Wales.

o Eildon and Eppalock Dams in Victoria.

The high degree of regulation of the Murray River system is highlighted by the fact that

only two of the Murray's tributa¡ies, namely the Kiewa and Ovens Rivers in north

eastern Victoria, have not been significantly regulated (Mackay and Eastburn, 1990).

A water sharing agreement between the states determines how River Murray water is

divided benveen New South Wales, Victoria and South Australia, and features the

following main points (Mackay and Eastburn, 1990):

1. The flow at Albury (which is located just downstre¿Ìm of the Hume Reseryoir,

Figure 3.2) is shared equally between New South Wales and Vicûoria.

2. Victoria and New South Wales retain control of their tribuaries below Albury.

3- Victoria and New South Wales supply South Australia with a guaranteed

minimum quantity of water, or "entitlement" (fable 3.1). These entitlement flows

provide Adelaide with a guaranteed water supply, even in the driest years.
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Table 3-1: Entitlement Flows to South Australia

Month Entitlement Flow (MUday)

January

February

Ma¡ch

April

May

Iune

JulY

August

Sepæmber

October

November

December

7,000

6,900

6,000

4,500

3,000

3,000

3,500

4,000

4,500

5,500

6,000

7,000

The Murray Darling basin covers 1.06 M kn2, which is one seventh of Australia's

surface area (Figure 3.1). There a¡e four major climatic zones throughout the basin.

The climate is subtropical in the north, cool and humid in the eastern highlands,
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temperate in the south a¡d hot and dry in the west. The mean average rainfall in the

catchment is 430 mm and varies from 250 mm in South Australia to 1500 mm in the

upper catchment (Ghassemi et al., 1991).

The River Murray is Australia's major surface water resource. It supplies a significant

portion of the domestic water for towns along the river and those places in South

Australia which have access to River Murray water via pipelines, including Adelaide,

Port Pirie, Whyalla, Port Augusta and smaller country towns on the Yorke Peninsul4 as

well as in the centre and in the south-east of South Australia (Mackay and Eastburn,

1990). The various River Murray pipelines a¡e shown in Figure 3.4.
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The water pumped from the River Murray via the Mannum to Adelaide and Murray

Bridge to Onkaparinga pipelines plays a vit¿l role in meeting Adelaide's water demand.

Adelaide has a population of approximately I million and is the capital of South

Australia, which is frequently referred to as the driest state in the driest inhabiæd

continent on eafh (Figure 3.1). Although the majority of Adelaide's water supply

comes from catchments in the Mt. L,ofty Ranges, the amount of water supplied by the

River Murray is signihcanr The fraction of water supplied by the Murray varies
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between IyVo and 80Vo n any particular year, with an average of 35Vo (Dandy and

Crawley, lgg1). A detailed description of the Adelaide water supply system is given by

Dandy and Crawley (1992).

The water obtained from the Mt. Lofty Ranges and the River Murray is of poor quality.

Some measures have been undertaken to improve ïvater quality, including the

installation of water hltration plants to reduce the turbidity and colour of the water and

the use of chloramination and chlorination to control the bacærial content of the water.

However, the water supplied to consumers has high levels of salinity. From July 1975

ro June 1988, rhe salinity in the Murray at Munay Bridge varied from 140 mgtL to 820

mElL, with an average of 400 mgtL (Dandy and Crawley, 1992)- In comparison, the

World Health Organisation's maximum desirable level for human consumption is 500

mglL (WHO, 1984).

3.2.1 The Salinity Problem in the River Murray

The Murray-Darling river system has a major salinity problem, both in terms of river

salinity and land salinisation. The River Munay provides the only 'natural'means for the

removal of salts from the Murray basin. The salinity of the River Murray varies

considerably along its length (Figure 3.5). In the upper reaches, river salinity is only a

few times higher than that of rainwater. However, the salinity increases dramatically in

the lower part of the river, and at Murray Bridge, the salinity is approximately 7 to 20

times greater than that at Jingellic on the upper Murray above Hume Dam (EWS,

1990). In the upstream states, the increase of salinity with distance is small. This is due

to the large number of tributaries with low salinities and the absence of inflows of saline

groundwaters- In South Australia, on the other hand, the increase of salinity with

distance is very rapid, as there are extensive inflows of highly saline groundwater and

there are no signif,rcant tributaries-

The salinity of a water sample is defined as the concentration of all the solids dissolved

in it, and is hence dependent on the salt load as well as the volume of water, i.e.

concentration (mg/L) = salt load (tonnes) / flow (GL). In most natural waters, the

dissolved solids will be made up entirely of salts. The major constituents of the salinity

of the River Murray are chlorides, bica¡bonates and sulphates of calcium, sodium,

magnesium and potassium (Mackay and Eastburn, 1990)-

Salinity is measured in 'EC' units. 'EC' units are defined as micro Siemens I cm at 25o

Celsius. 'EC' units measure the conductivity of saline water, which increases with

increased concentrations of dissolved salts (EWS, 1990)- The conductivity is also
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dependent on the temperature and ionic composition of the water, and corrections have

to be made to adjust the conductivity measurement to the standard temperature of 25"

Celsius. For the River Murray, a typical factor used to convert 'EC' units to salinity as

mg/L total dissolved solids (TDS) is 0.6, i.e. TDS (mg/L) = (0.6) EC units (Mackay

and Eastburn, 1990).
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3.2.1.1 Factors Causing Salinity

Sources of salt (Mackay and Eastburn, 1990)

Salt comes from the following sources:

l. Small quantities of salt are contained in rain.

2. SaIt is deposited by wind.

3. Salts are released by the breakdown of rock minerals and the structural weathering

of rocks which contain salts.
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Processes by which salt enters the river

In the normal range of operational discharge (3,000 MUday to 15,000 MUday), salt

enters the river in the following ways (Jakeman et al-, 1986; EWS, 1990; Mackay and

Eastburn, 1990):

1. Inflows of saline groundwater. The salinity of the groundwater is high as it

dissolves salts from the soil and rock structure through which it moves and also

contains sals that have been leached from the surface (Figure 3-6).

2. Saline inflows from drains. Drains recycle the salt present in irrigation water and

often intercept saline groundwaters.

3. Inflows of saline tributaries-

4- Natural surface runoff, which carries with it salts that have been deposited on the

land.

5. The weathering of mineral soil particles in river sediments.

The above processes are illustrated in Figure 3-7

Figure 3.6: Inflows of Saline Groundwater (Source: Adapted from EWS' 1990)

Groundwater inflows are the largest single source of salt in the River Murray. Maunsell

and partners (1979) estimate that in a typical year, the total salt inflow to South

Australia (measured at Lock 6) is approximately 1,100,000 tonnes, of which 600,0ü)

tonnes a¡e attributed to tributary inflows, 250,0(X) tonnes to drainage inflows and the

remaining 250,000 tonnes to groundwater inflows. However, it is estimated that a

further 500,000 tonnes of salt are added in South Australia; all due to groundwater

inflows.

Ftooding has a profound effect on the way salt enters the river. The effect of a flood

hydrograph is to flrst suppress, then to accentuate groundwater inflow. IWhile the

discharge is high, saline accessions are attributed to the following phenomena (Jakeman

et al., 1986; Mackay and Eastburn, 1990):

r25

Saline Groundwater
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1. The contents of backwaters and anabranches are flushed into the river. Backwaters

and anabranches are very saline, as they intercept saline groundwaters. The

concentration of the salty water trapped in these systems is further increased as a

result of evaporation.

2. Salt residues are leached from banks located above the normal operational range of
river levels.

3. Turbulent flow increases bank erosion of saline soils and mixes saline waters trapped

in deep holes in the riverbed.

cyclic salt
ration

44

g

drainage
felufns

flushino of
billaboñgs and
swamps

Figure 3.7: Natural Sources of Salinity (Adapted from Jakeman et al., 1936)

3.2.1.2 Factors Increasing Saline Accessions

Development within the catchment has increased saline accessions through the fbllowing
mechanisms (Jakeman et al-, 1986; Ghassemi et al., l99l; EWS, 1990):

Land clearance:

Trees intercept rain and transpire. Consequently, only a small percentage of
rainfall reaches the groundwater system. However, as a result of European

settlement, the land has been cleared and a lot of deep-rooted trees have been

removed, causing more precipitation to reach the groundwater. The effect of this

is to mobilise soil salts and to raise the groundwater level resulting in more saline

groundwater discharges into the river.

I

weathering of mineral soil particles

Saline
groundwater

inflow
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Irrigation drainage:

European settlement also resulted in the onset of irrigation practices. Usually,

excess irrigation water is applied in order to flush salts beyond the root zone. The

excess water reaches the groundwater, forming a groundwater mound- As a

result, groundwater inflows to the river are increased. In addition, waterlogging

of rootzones and loss of agricultural productivity occurs if the groundwater level

is high enough.

3. River structures:

River structures, such as locks and weirs, increase river levels by several metres.

The resulting hydrostatic pressure forces saline groundwaters into the river on the

downstream side (Figure 3.8).

Weir

Figure 3.8: Salt Inflows Aggravated by River Structures (Source: Adapted from EWS,

ree0)

River salinity is also affected by other physical processes, such as evaporation and

rainfall:

. Evaporation causes an increase in the concentration of salts.

o During high rainfall periods, more salt is washed into the river, but the salinity is less

due to the increased flow.

3.2.1.3 Effects of High SalinitY

In general, the more saline the water, the fewer the uses to which it can be pul High

salinity levels have two interconnected effects (Mackay and Eastburn, 1990):

t27
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1. They affect users of River Murray water.

2- They cause salinisation of soils if groundwater levels are sufficiently high.

Effects on domestic users

High salinities of river water have the following effects on domestic users (EWS, 1990;

Mackay and Eastburn, 1990):

Palatability:

When salinity levels are high, the taste of the water becomes noticeable.

2- Hardness:

As the proportion of magnesium and calcium ions in solution increases, so does

the hardness of the water. As a result, more soap and detergents are required,

water softeners may be needed, stunting of growth of domestic plants may occur,

scaling occurs in pipes and heaters and fabric wear is increased.

3- Corrosion:

Saline water increases the rate at which pipes and f,rttings corrode and hence

results in higher maintenance and replacement costs.

The effects described above carry with them economic costs. Dwyer t^eslie Pty. Ltd.
(1984) estimate the cost for domestic users in Adelaide as 35.9 cents per year per mgtL
of salinity per household (in 1983 Australian cents). This would result in a total cost to

domestic users in Adelaide of approximaæly $118,500 per yeÍu per mg/L (in 1983

Australian dollars). Mackay and Eastburn (1990) provide a more recent estimate for the

cost to domestic users, which is equal to 25 cents per household per EC unit per year.

Effects on industrial users

Saline water used for industrial purposes causes corrosion, scaling and poor steam

quality. This results in increased energy and chemical treatment costs. There are major

costs involved in the steam generation process (Australian Mineral Development

Laboratories (AMDEL), 1983), resulting from:

o Heat energy lost due to blow down.

o Water lost due to blow down.

o Chemicals lost due to blow down.

. Softening of boiler feed water-

I
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Demineralisation of boiler feed water'

t29

a

AMDEL (1983) esrimate the cost to industrial users of saline water as $5600 per year

per mg/L (in 1983 Australian dollars) for salinities in the range of 300 mg[' to 500

mgL. Mackay and Eastburn (1990) esúmate the cost to industrial users of River

Murray water as $6500 per EC unit per year.

Effects on agricultural users

Irrigators along the River Murray rely entirely on river water. However, irrigation with

saline water, combined with the inefficient use of watet, can lead to soil salinisation-

Saline water reduces the permeability of clay soils, making surface soils súcky and

waterlogged when wet and hard when dry. Soil salinisation is usually only a pro'blem in

arid and semi-arid regions, as rainfall leaches salts through the soil in non-arid regions,

preventing soil salinisation. Buringh (1979) estimates that soil salinisation causes the

worldwide loss of arable land at a rate of 3 ha/min (i.e. 1.6 Mha per year) and Kovda

(19g3) estimates the same value to be 1 to 1.5 Mha per year. Soil salinisation has a

number of negative effects on the environment, the economy and on society (Ghassemi

et al., 1991; Mackay and Eastburn, 1990), including:

1. It reduces soil productivity and may transform fertile soils with high yields into

barren land.

2- It reduces crop yield, limits the choice of crops that can be grown and may kill

vegetation (Figure 3.9).

3. It may lead to loss of habitat and reduced biodiversity.

4. It can cause the dislocation of farm populations.

Saline irrigation water also has the following direct effects on crops (Mackay and

Eastburn, 1990):

1. Osmotic effects:

The roots of plants have the ability to exclude salt from water they absorb-

However, this becomes more diffrcult as the salinity of the irrigation water

increases- As a result, the plants suffer from water stress.

2. Toxic effects:

At high salinity levels, ions enter the root system and can build up to toxic levels in

the roots and leaves-
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The economic costs of salinity to irrigaæd agriculture is a combination of production

losses and corrosion damage to water supply systems.

Total costs

The EWS (1990) estimates the total costs for domestic, industrial and agricultural users

per change of one EC unit in the average salinity at Morgan to be $82,000 per year (in

1988 Australian dollars). Mackay and Eastburn (1990) put the same figure at $70,000'

3.2.1.4 Remedial and Preventive Measures

Remedial and preventive measures to combat the salinity problem include (Ghassemi et

a1., 1991; EWS, 1990; Mackay and Eastburn, 1990; Dandy and Crawley,1992):

Reducing saline accessions bY:

o Improving surface drainage.

o Improving inigation techniques.

. Lining irrigation channels-

o Land forming.

. Establishing deep-rooted vegetation-

. Interceptingsalinegroundwater-

. Interæpting saline drainage.

. Improving water distribution systems.

2. Lowering water tables bY:

o Groundwater pumping.

o Tile drainage.

Releasing dilution flows from reservoirs-

Using surface water in conjunction with groundwater fesources.

Water pricing to reduce water consumption-

Optimising pumping from the River Murray with respect to water quality.

The choice of remedial and preventive measures depends on the circumstances and

usually a combination of the above measures is adopted.

3.

4.

5.

6.
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3.2.2 Case Study

The case study considered in this chapter is concerned with forecasting salinity in the

River Murray. Salinity forecasts at important locations are needed for daily

management purposes as well as planning and analysis purposes. Salinity forecasting

models (Jakeman et al., 1986; Thomas and Jakeman, 1983) can be used to:

1. Predict downstream salinity concentrations from upstream data to assist in

management strategies, such as salinity dilution by the release of additional

discharges from upstream storages.

2- Assess management strategies aimed at reducing the influx of aquifer salinity into

the river.

3. Provide accurate advice to irrigators.

4- Model the "pre-scheme" and "post-scheme" salt regimes for salinity reduction

schemes in order to measure their effectiveness.

5. Develop optimal pumping and./or flow release strategies in order to achieve

desired salt concentrations.

6- Adjust operations to cater for contigencies such as salt slugs or periods of high

salinity.

In this case study, Murray Bridge (Figure 3.4) was chosen as the siæ at which salinity

forecasts will be obtained. The offtake from the River Murray at Murray Bridge forms a

signifrcant part of Adelaide's water supply, which is pumped to Adelaide via the Murray

Bridge to Onkaparinga pipeline. By knowing salinity values in advance, adequate

pumping policies can be developed such that more \l/ater can be supplied at times of low

salinity and pumping at times of high salinity can be reduced. In fact, Dandy and

Crawley (1992) have developed an optimisation model for obtaining an optimum

pumping policy taking salinity into account. Assuming that salinities can be forecast

perfectly several weeks in advance, the model indicates that a reduction of 45 mg/L can

be achieved in the average salinity of the water supplied. The increased purnping cost to

achieve this would be $2.0 Million per year. However, the reduced satinity is estimaæd

to reduce the salt damage costs by $6.0 Million per year, resulting in a benefit/cost ratio

of 3.0.



Chapter 3: Satinity Forecasting in the River Murray

3.3 Salinity Forecasting Models

3.3.L Forecasting Methods

possible methods for forecasting salinity in the River Murray at Murray Bridge include:

. ANN methods.

. "Traditional" time series methods.

o physically based methods using the St. Venant equations and the one-dimensional

convective diffusion equation (James, 1984).

As discussed in Sections 2.1.9.5 and 2.3, ANNs are suitable for forecasting watsr

resources time series and provide an alternative to more traditional time series methods-

ANN methods were considered suitable for this case study, as the following criteria,

(exploiting the srrength of ANN methods (Section 2.1.9)), were met:

o A considerable amount of input data is available.

o Non-linear relationships are suspected.

o There is considerable noise (measurement and sampling) in the data collected

(fhomas and Jakeman, 1983).

o It is difhcult to prescribe the exact mathematical relationship benreen the variables

(fhomas and Jakeman, 1983).

Back-propagation networks were used in this case study, as they are well suiæd to, and

have been successfully used for, forecasting applications. Although more complex

networks exist (e.g. recurrent networks), back-propagation networks generally give

good perforrnance and take less time to train (Chakraborty et al., 1992).

It was also decided to consider time series models of the ARMA type, as these have

been traditionally used to model water resources time series (Section 2.2.13.12) and

provide a good basis of comparison for the ANN model. ARIMA type models were

developed in preference to more advanced time series models, such as time variable

parameter (TVP) models (Section 2.2.13.10), as they have been in common usage since

at least 1970 and a-re among those forecasting models most successfully applied in

practice (Tang et al., 1991).

physically based models mathematically simulate the physical processes underlying the

relationships of interest (Hipel, 1935). Some problems associated with physically based

models include that they afe very complex, incorporate a large number of parameters in

order to describe physical phenomena, all of which must be calibrated (Tong et al.,

133
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1985) and are generally only an approximation to reality due to the great complexity of
natural systems (Hipel, 1985).

In this research, a physically based model was considered to be too expensive and

difficult to develop for the following reasons:

o It would be very difficult to accurately model all the processes affecting river salinity

described in Section 3.2. .1.

o Additional data would need to be collected to enable the model to be calibrated and

verihed.

o Sufficiently comprehensive, controlled experiments to deærmine the precise

relationships between the variables cannot be carried out (fhomas and Jakeman,

1e83).

o Coincident flow and salinity measurements are required at the prediction location

(Thomas et al., 1986). These are not available at Murray Bridge.

Consequently, it was decided to develop a univariate ANN model (Section 3.4), a
multivariate ANN model (Section 3.5), a univa¡iate time series (ARIMA) model

(Section 3.6) and a multivariate time series (VARIMA) model (Section 3.7). The

univariate models were developed, as they provide a good yardstick against which the

performance of the more complex, multiva¡iaæ models can be compared (Harvey,

1989).

3.3.2 Forecasting Period

Initially, a forecasting period of 14 days was selected, as this enables short term

adjustments to be made to the pumping schedule. One and frve day forecasts were also

obt¿ined, in order to assess the performance of the various models at different

forecasting periods. Shorær term forecasts are also useful in providing advice to

irrigators. The multivariate ANN model was also used to obtain a 28 day forecast, as

this type of model proved to be the most successful for longer term forecasting.

Forecasts of this length are nequired for the development of pumping schedules taking

salinity considerations into account.

3.3.3 Available Data

ANN and time series models do not directly model the individual processes responsible

for high levels of salinity. However, it is important to have a good understanding of the

underlying physical processes affecting salinity, so that an informed choice can be made
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about which input variables to include in the model, and to gain a good understanding of

the limitations imposed on the model by the available data.

The main processes affecting salinity in the River Murray include the transport of salt

from upstream locations and saline accessions along the length of the river (fhomas a¡rd

Jakeman, 1933). In the South Australian reaches of the Murray, accessions are almost

entirely due to the inflow of saline groundwater-

The factors affecting salinity transport include flow and upstream salinities, whereas

accessions of saline groundwater are a function of flow as well as river and groundwater

levels (Jakeman et al., 1986). Consequently, upstream salinities, flow, river levels and

groundwater levels were identihed as the dominant variables. All of these variables,

with the exception of groundwater levels, are measured on a daily basis at various

locations along the Murray. However, groundwater levels change slowly with time

(Jakeman et al., 1986) and thus do not have a significant influence on the æmporal

variaúon of groundwater accessions. As a result, the available data should account for

salinity transport and groundwater accessions. However, no information is available on

other accessions, including saline inflows from drains, natural surface runoff and the

flushing of anabranches and backwaters.

The data used were supplied by the Engineering and V/ater Supply Deparrnent (EWS)

of South Australia and are summarised in Table 3.2 (refet to Figure 3.10 for locations).

Atl dara were available from 01-12-1986 to 30-06-1992. The abbreviations shown in

Table 3.2 will be used in the remainder of this chapter and are also shown in Appendix

B.
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Table 3.2: Available Data (Daily)

Location Data Type Abbreviation

Murray Bridge

Mannum

Morgan

Waikerie

Loxton

Lock 5 Upper

Lock I Lower

Overland Corner

Murray Bridge

Mannum

Lock l Lower

Lock l Upper

Morgan
'Waikerie

Overland Corner

Loxton

Salinity

Salinity

Salinity

Salinity

Salinity

Salinity

Flow

Flow

River l-evel

River lævel

River l-evel

River l-evel

River l-evel

River l,evel

River lævel

River l-evel

SMB

SMN

SMO

S}VE

SLO

SL5U

FLlL
FOC

LMB

LMN

LLIL
LLIU
LMO

LWE

LOC

LLO

3.3.3.1 Inspection of Plots of Data

Prior to detailed data analysis, it is important to inspect the plots of the time series lisæd

in Table 3.2 n order to get a visual indication of any seasonal effects, trends, changes in

variance and temporal and spatial relationships benveen them. Inspection of the plots

also enables the detection of outliers, discontinuities and turning points.

Salinity Data:

A plot of the time series of salinity at Murray Bridge (SMB) from 01-01-1987 to 30-06-

1992 is shown in Figure 3.11. It can be seen that there is a definiæ seasonal variation,

with high salinities in the fust half of the year and low salinities in the second half.

However, the pattern is not regular and the start, end and duration of the periods of high

and low salinity vary from year to year. The data exhibit no apparent t¡end. Over the

hve and a half year period considered, salinity ranged from 261 to 1l 16 EC units, with a
mean of 599 EC units and a standard deviation of 199 EC units.
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138 Chapter 3: Salinity Forecasting in the River Murray

The means, standard deviations, maxima and minima of the salinity time series upstream

of Murray Bridge are shown in Table 3.3. As expected (Section 3-2.1), the mean,

standard deviation and maximum values decrease with increasing distance upstream.

Table 3.3: Statistics of Salinity Time Series at, and Upstream of, Murray Bridge (1987
to 1992)

Time Series Average

(EC units)

Standard

Deviation

(EC units)

Maximum

@C units)

Minimum

@C units)

SMB

SMN

SMO

SWE

SLO

SL5U

599

580

579

571

502

417

1

I

I
1

I
I

99

87

9l
80

32

09

1116

1075

1061

t02L

907

712

26r

253

177

247

225

179

Annual plots of salinity at Murray Bridge and salinity at locations upstream of Murray

Bridge are shown in Figures 3.12 to 3-41- It can be seen that the shape of the salinity

time seäes at upstream locations is very similar to that of salinity at Murray Bridge. As

expected, the plots also show that the further upstream the site is, the lower the salinity

values and the greater the lag between the upstream time series and the time series at

Muruay Bridge. The plots also show that:

1. There appear to be measurement errors at the following locations and times, as

indicated by sharp drops or peaks in salinity which are confined to the location in

question (i.e. which do not appear upstream or downstream of the siæ):

o Mannum, 1989, days 64 and 100.

o Morgan, 1989, day 116.

. Morgan, 1990, day 305.

2. There appear to be saline accessions between l,oxton and Waikerie, as a number of
sharp peala appear (or are accentuated) on the plot of salinity at Waikerie, which

are not present (or are significantly diminished) on the plot of salinity at Loxton.

This phenomenon usually occurs after the passing of the flood hydrograph and might

be the result of the flushing of a billabong or an anabranch of the river. Examples

can be seen by inspecting the plot of salinity at l,oxton and the corresponding plot of

salinity at Waikerie at the following times:
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. 1988, days 250 to 300.

. 1989, days 125 to 175 and 300 to 350

3. In some instances, salinities at upstream locations are higher than those at Murray

Bridge, even when the lags due to salinity travel times have been taken into account.

This seems anomalous, as saliniqr may be considered to be conservative and salinity

at downstream locations generally increases as a result of saline accessions.

Examples of the above phenomenon occur at the following locations and times:

. Morgan,1987, days 300 to 350.

o Waikerie,1987, days 300 to 350.

. Morgan, 1989, day 116.

. Waikerie, 1989, day 116.

. Morgan,199I, days 320 to 365.

. Waikerie, 1991, days 320 to 365.

o Loxton,199L, days 320 to 365.
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Figure 3.13: Salinity at Munay Bridge (SMB) and Salinity at Morgan (SMO) - 1987
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Figure 3.15: Salinity at Murray Bridge (SMB) and Salinity at Loxton (SLO) - L987
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Figure 3.16: Salinity at Murray Bridge (SMB) and Salinity at Lock 5 Upper (SL5U) -
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Figure 3.17: Salinity at Murray Bridge (SMB) and Salinity at Mannum (SMN) - 1988
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Figurc 3.18: Salinity at Munay Bridge (SlvtB) and Salinity at Morgan (SMO) - 1988
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Figure 3.19: Salinity at Munay Bridge (SMB) and Salinity at Waikerie (S!VE) - 1988
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Figure 3.20: Salinity at Murray Bridge (SMB) and Satinity at Loxton (SLO) - 1988
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Figure 3.21: Salinity at Murray Bridge (SMB) and Salinity at Lock 5 Upper (SL5U) -
1988
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Figure 3.22: Salinity at Murray Bridge (SMB) and Salinity at Mannum (SMN) - 1989
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Figure 3.23: Satinity at Munay Bridge (SMB) and Salinity at Morgan (SMO) - 1989
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Figure 3.24: Salinity at Munay Bridge (SMB) and Salinity at Waikerie (SWE) - 1989
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Figure 3.25: Salinity at Murray Bridge (SMB) and Salinity at Loxton (SLO) - 1989
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Figure 3.26: Salinity at Murray Bridge (SMB) and Salinity at Lock 5 Upper (SL5U) -
1989
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Figure 3.27: Salinity at Murray Bridge (SMB) and Salinity at Mannum (SMN) - 1990
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Figure 3.28: Salinity at Murray Bridge (SMB) and Salinity at Morgan (SMO) - 1990
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Figure 3.29: Salinity at Murray Bridge (SMB) and Salinity at Waikerie (SWE) - 1990
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Figure 3.30: Salinity at Murray Bridge (SMB) and Salinity at Loxton (SLO) - 1990
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Figure 3.31: Salinity at Murray Bridge (SMB) and Salinity at Lock 5 Upper (SL5U) -

1990
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Figure 3.32: Salinity at Murray Bridge (SMB) and Salinity at Mannum (SMN) - 1991
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Figure 3.33: Salinity at Munay Bridge (SMB) and Salinity at Morgan (SMO) - 1991
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Figure 3.34: Salinity at Murray Bridge (SMB) and Salinity at Waikerie (SWE) - 1991
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Figure 3.35: Salinity at Murray Bridge (SMB) and Salinity at Loxton (SLO) - 1991
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Figure 3.36: Satinity at Murray Bridge (SMB) and Salinity at Lock 5 Upper (SL5U) -
L99t
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Figure 3.37: Salinity at Murray Bridge (SMB) and Salinity at Mannum (SMN) - 1992
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Figure 3.38: Satinity at Munay Bridge (SMB) and Salinity ar Morgan (SMO) - 1992
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Figure 3.39: Salinity at Munay Bridge (SMB) and Salinity at Waikerie (SWE) - 1992
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Figure 3.40: Salinity at Murray Bridge (SMB) and Salinity at Loxton (StO) - 1992
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Figure 3.41: Salinity at Murray Bridge (SMB) and Salinity at Lock 5 upper (SLsu) -
1992

Flow Data:

The means, standard deviations, maxima and minima of the flow time series are shown

in Table 3.4. It can be seen that the summary statistics for flows at Lock I Lower and

Overland Corner a.re very similar.

Table 3.4: Statistics of Flow Time Series (1987 to l9g2)

Time Series Average

(MUday)

Standard

Deviation

CMUdav)

Maximum

(MUday)

Minimum

(MUday)

FLlL
FOC

20378

2t89r
25024

24993

111m0

I 10618

1026

r769

Plots of the flow time series and the salinity time series at Murray Bridge are shown in
Figures 3.42 and 3.43. It can be seen that there is no long term trend and there appear

to be no outliers. By examining the fust four years of the time series (1987 to 1990), it
appears as though there is an increasing trend in flow. However, the fact that the floods
in successive years were bigger than the ones in the previous year is pure coincidence

and conhrmed by the lower flows in 1991. Both flow time series exhibit irregular
seasonal variation, with floods occurring in the second half of the year. There also
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seems to be quite a strong inverse relationship between flow and salinity at Murray

Bridge.
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Figure 3.42: Salinity at Murray Bridge (SMB) and Flow at Lock 1 Lower (FLIL) -

1987 to L992
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River Level Data:

The means, standard deviations, maxima and minima of the river level time series are

shown in Table 3.5. As expecæd, the mean and maximum values increase with

increasing distance upstream.

Table 3.5: Statisúcs of River lævel Time Series (1987 to 1992)

Time Series Average

(m)

Standard

Deviation

(m)

Maximum

(m)

LMB

LMN

LLIL
LLlU
LMO

LWE

LOC

LLO

0.77

0.84

1.61

3.36

3.89

6.69

7.16

t0.79

0.14

o_22

1.16

0.36

1.03

0.89

1.30

1.11

r.57

1.89

5.28

5.17

7.53

10.r0

IL.M
13.98

0.56

0.50

0.50

2.88

3.10

6.r3

6.15

9.85

Plots of the river level time series and the salinity time series at Murray Bridge are

shown in Figures 3-44 to 3.51. It can be seen that there is no long term trend and there

appear to be no outliers. As is the case with the flow data, there appears to be an

increasing trend over the first four years. However, this is not long term, for the reasons

mentioned in the discussion of the flow data. As expected, there seems to be a strong

positive correlation between flow and river levels, and hence an inverse relationship

between river levels and salinity. This is particularly apparent for the levels at [,ock 1

Lower, Morgan,'Waikerie, Overland Corner and Loxton- The level at Lock I Upper is

fairly constant, except for ext¡eme flood cases. This is to be expected, as the aim of
lock operations is to maintain a constant weir pool level. The levels at Murray Bridge

and Mannum follow the general trend shown by the other river levels. However, the

data appear to be very noisy.
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Figure 3.44: Salinity at Murray Bridge (SMB) and River Level at Murray Bridge
(LMB) - 1987 to 1992
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Figure 3.46: Salinity at Murray Bridge (SMB) and River l.evel at Lock I l,ower
(LLIL) - 1987 to 1992
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Figure 3.48: Salinity at Murray Bridge (SMB) and River Level at Morgan (LMO) -
1987 to 1992
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Figure 3.50: Salinity at Murray Bridge (SMB) and River lævel at Overland Corner
(LOC) - t987 to 1992
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3.3.4 Implementation

3.3.4.1 ANN Models

Development of the ANN models was carried out on a 80486 PC using the

commercially available software packages NeuralWorks Explorer and NeuralWorks

Professional IVPlus (NeuralWare, Inc., 1991). Some of the features of the softwa¡e

packages are described below:

1. The training and testing sets can be automatically scaled to a user defined range,

producing normalised training and testing sets. The ranges used in conjunction

with the linear and hyperbolic tangent transfer functions were -1.0 to +1.0 for the

network inputs and -0.8 to +0.8 for the network outputs. The network output range

was modified to +O.2 to +0.8 when the sigmoidal transfer function was used.

2- The number of nodes in the input layer, hrst hidden layer, second hidden layer, third

hidden layer and output layer can be selected.

3. Different leaming rates and momentum values can be selected for the different

layers, and can also be changed as learning progresses-

4. There is a choice of three different leaming rules, including the delta (DE) leaming

rule, the cumulative delta (CDE) leaming rule and the normalised cumulative delta

(NCDE) learning rule. The epoch size (e) used in conjunction with the two

cumulative learning rules can also be selecæd. It should be noted that when the

NCDE learning rule is used, the error term in the weight update equation is equal to

the individual errors produced by each training sample summed over one epoch,

divided by the square root of the epoch size.

5. Three different transfer functions can be chosen, including linear, sigmoidal and

hyperbolic tangent transfer functions.

6. There is a choice of three different error functions, including the quadratic, cubic

and quartic error function.

7. There are facilities for using the delta-bar-delta (dbd) and extended delta-bar-delta

(edbd) algorithms.

8. Læaming progress can be monitored with the aid of a plot showing how the root

mean squared error (RMSE) between the normalised actual and normalised

predicted values of the training set varies during training-

9. During training, the network (connection weights) can be saved at predetermined

inærvals.

10. Knowledge can be extracted from a trained network by examining the connection

weights and by carrying out a sensitivity analysis (using the software's "Explain"

function), which determines how much each network output is changed in response

to a given change in one of the network inputs. The effect of each network input is

161
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examined in turn. The network inputs can be changed by a percentage of the input

range of the network (see I above). A change of +5Vo was used in this research.

The sensitivity of the inputs is given by Equation 3.1:

Sensitivity =
Vo Change in Output

Vo Change in Input
x 100 (3.1)

11. The initial weight distribution is randomly generated within a range set by the user.

The range chosen was -0.1 to +0.1 for all networks. Different random initiat weight

distributions (within the limits specihed) can be obtained with the aid of the

software's "Initialise" command.

12. During training, random values can be added to all connection weights (within a user

sperified range) to enable the network to escape local minima in the error surface.

This process is referred to as 'Togging" the connection weights-

13. There are no facilities for deærmining the optimimum network architectu¡e using

methods such as those described in Section 2.1.8.3, apart from very simple weight

pruning techniques. Consequently, the optimum network geometry was obtained by

tial and error in this research.

3.3.4.2 Time Series Models

The software required for the development of the ARIMA and VARMA models was

developed with the aid of a commercially available suiæ of Fortran subroutines (IMSL,

1991) in order to cater for daily data with seasonal variation. A list of the Fortran

progr¿ìms developed is given in Tables 3.6 to 3.8, indicating the name and function of

each program, as well as the IMSL subroutines used.

Table 3.6: Computer Programs Developed for Time Series Modelling and their
Function (Utility)

Program

Name

IMSL Subroutines

Used

Program Function

APCORR ACF, PACF a calculate ACF and associated bounds of

significance

calculate PACF and associated bounds of

significance

calculate the Box-Pierce statistic (QBP)

a

a

DIFFER DIFF a difference a time seriqs

CROSSCORR CCF a calculate CCF between two time series
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Table 3.7: Computer Programs Developed for Time Series Modelling and their
Function (Univariate)

163

Program

Name

IMSL Subroutines

Used

Program Function

PRELIM NSPE calculate preliminary parameter estimates for

an ARIMA model

determine whether the estimates are

significant

a

a

PAREST NSLSE calculate frnal least squares parameter

estimates for an ARIMA model

calculate residuals

a

a

FCAST NSBJF obtain differenced n-step

forecasts

convert differenced forecasts

original (non-differenced) form

a

a

Box-Jenkins

into their

UNIEST FCN, UMACH,

UMINF, MRRRR,

LFTRG, LFGRG,

LINRG, MXTYF

calculate parameter estimates for ARIMA

model in state space form

calculate log-likelihood and AIC

a

a

RESID MRRRR* calculate residuals of ARIMA model in state

space form

a

PREDICT MRRRR obtain differenced n-step forecasts for

ARIMA model in state space form

convert differenced forecasts into their non-

differenced form

a

a
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rable 3.8: computer Prosrams 
3r."itåi:flliJ'ö" 

Series Modelling and their

3.3.5 Performance Measures

The root mean squared error (RMSE) (Equation 2.21) was used to measure the

generalisation ability of the models developed, as it places greater emphasis on larger

forecasting errors. Consequently, models which have the ability to forecast rapid

variations in salinity are favoured. The average absolute percentage error (AAPE)

@quation 2.22) and the average absolute error (AAE) (Equation 2.23) were also

calculaæd. For the ANN models, training speed was also used as a performance

measure.

The stopping criæria used for all networks w¿rs cross-validation (Section 2.1.8.1), which

involves the following steps:

1. Sta¡t training by randomly presenting TI training samples to the network.

2. Stop training.

3. Assess network performance by presenting the test (validation) set to the network

and calculating the RMSE between the actual and predicæd values for the

forecasting period of interest.

4. Continue taining by randomly presenting a further TI training samples to the

network (note: once all samples in the uaining set have been presented to the

network, the training set is presented to the network repeaædly).

5. Repeat steps 2 to 4 until a plateau in the RMSE of the forecasts obtained using the

test set has been reached.

Program

Name

IMSL Subroutine

Used

Program Function

MULTIEST FCN, UMACH,

UMINF, MRRRR,

LFTRG, LFGRG,

LINRG. MXTYF

calculate parameter estimates for

VARIMA model in state space form

calculate log-likelihood and AICa

MPREDICT a obtain differenced n-step forecasts for

VARIMA model in state space form

convert differenced forecasts into their

non-differenced form

calculate residuals

a

a
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The number of training samples presented to the network in one training / testing cycle

(II) will henceforth be referred to as the testing interval-

The test sets used usually consist of one year of daily data. Consequently, when the test

set is presented to a model, 365 forecasts are obtained. The performance of each model

was measured by averaging the RMSE (and the AAPE and AAE) over the 365 forecasts

(i.e. pE = 365 in Equarion s 2.2I to 2.23). The RMSEs of the forecasts obtained using

the test set a.re shown in Appendix E for the various models developed.

3.3.6 Nomenclature

The following nomenclature will be used in this chapter to identify the different models

developed:

Model Name:

Cell Number:

165

XXX.X-X-XX-XX.XX
I 2 3 4 5 6 7 8 9 10 1l t2 13 t4 15 ß

Cell Number(s):

1-3

9-10

5

7

Meaning:

Identify which time series is being forecast.

The abbreviations used are in accordance with Table 3-2

(eg. SMB = Salinity at Murray Bridge

LOC = Level at Overland Corner)-

Identify whether the model is univa¡iate or multivariate-

U = Univariate

M = Multivariate

Identify model Type.

A = ANN model

T = Time Series Model

ANN model: model number (01 to 99).

Identify internal network parameters (e.g. learning late,

momentum, learning rule, epoch size, error function, transfer

function) and network geometry (i.e. the number of hidden layers

and the number of nodes per hidden layer). Parameters and

geometries corresponding to each model number are given in

Appendix D.

Time Series model: model number (01 to 99).

Identify type and order of model parameters.
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t2-13 ANN model: training / test set (01 to 99).

Identify network inputs and outputs. The inputs and outputs

corresponding to each training / testing set are given in Appendix

C.

Time Series model: transformed data set identihcation code.

Identify the degree of differencing of the data set used for model

development.

CelI4: Degree of seasonal differencing (D = 0, 1 or 2).

Cell5: Degree of non-seasonal differencing (d = 0, L or 2).

15-16 Identify the year of data used for forecasting.

(eg.91 = 1991

87 = 1987)

3.4 Development of Univariate Neural Network
Model

3.4.1 Introduction

In this section, the development of the univariate ANN (UANN) model for the

prediction of salinity in the River Munay at Murray Bridge is described. The objectives

are:

1. To develop a UANN model which provides a yardstick against which the

performance of the more complex multivariate ANN GvfANN) model can be

compared.

2. To address the following issues in relation to ANN models:

o [s it better to train ANNs using stationary data or raw data?

. When forecasting for more than one time step, is it betær to train the model for a

single time step forecast and then apply it recursively, or train it for a multisæp

forecast directly?

o 'What is the effect of adding less signifrcant inputs on network performance?

o What is the effect of including hidden layers?

The steps shown in Figure 2.18 were followed to develop the various UANN models.

Initially, the performance of the various models was evaluated for short (l day) as well

as longer term (14 day) forecasts. A real time forecasting situation was also simulated,

in which l, 5 and L4 day forecasts were obtained. This enables the performance of the
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various types of models (i.e. univariate ANN, multivariate ANN, univariate time series

and multivariate time series) to be compared for various forecasting periods.

For all models developed, data from 1987 to 1990 were used for training and data from

1991 were used for testing in order to simulate real time forecasting conditions. It was

decided to use the 1991 data for testing, rather than the data from the last half of 1991

and the lust half of 1992, as most of the major variations in salinity occur in the middle

of the year.

3.4.2 Checking of the Time Series for Stationarity

One of the objectives when developing the UANN model is to determine whether it is

better to use stationary data or raw data. As explained in Section 3-3-3.1, the salinity

time series at Murray Bridge exhibits a distinct seasonal pattern. Consequently, one

would expect the time series to be non-stationary. In this section, the statistical tests for

stationarity described in Section 2.2.6 were applied to the time series to determine

whether the assumption of non-stationarity is valid.

The ACF and the PACF of the salinity time series at Murray Bridge were obtained with

the aid of the computer program APCORR. The maximum lag used was 1095, which is

equivalent to 3L (i.e. 3 times the seasonal component of 365 days). Bowermann and

O'Connell (1979) suggest using a maximum lag of 4L. However, due the limited data

available, the maximum lag that could be used was 3L. The ACF and PACF are shown

in Figures 3.52 and 3.53 respectively. As can be seen in Figure 3.52, the ACF dies

down extremely slowly, indicating that the original time series is non-stationary. The

seasonality of approximately 365 days is confirmed by a strong negative correlation at

approximately 183 days (0-5L) and a strong positive correlation at approximaûely 365

days (L). The PACF dies down very quickly, as shown in Figure 3.53.
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Figure 3.52: ACF for Salinity at Murray Bridge (1987-1991)
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Figure 3.53: PACF for Salinity at Murray Bridge (1987-1991)

1

0.8

0.6

0.4

o-2

co
(ú
õ
o(J
o
5

0

-o.2

-0.4

732366

Lag (days)

0951

c.o
(tt
õ
L
Looo
5

õ
E
G'
fL

0.2

0.15

0.1

0.05

0

-0.05

-0.1

-0.15

-0.2

1 83



Chapter 3: Salinity Forecasting in the River Murray 169

3.4.3 Transformation of the Data by Differencing

As the original time series is non-stationary, it was transformed into a stationary time

series using differencing (Box and Jenkins, 1976)- Differencing is the simplest way to

remove trends and seasonalities (Vandaele, 1983). One problem associated with

differencing is that the transformed time series may possess infiniæ variance (Irvine and

Eberhardt, 1992). Using more sophisticaæd methods, such as harmonic analysis with

Fourier coefhcients, may overcome this problem (Tao and Delleur,1976)- However, as

well as being more time consuming, more complex methods can still induce anal¡ical

distortions (Salas et al., 1980). Consequently, it was decided to use differencing in this

research.

Differencing was canied out in accordance with Equation 2.56, as the time series

exhibits seasonal fluctuations. The seasonatity (L) was chosen to be 365 days and the

various degrees of seasonal and non-seasonal differencing used a¡e summarised in Table

3.9.

Table 3.9: Degrees of Seasonal and Non-Seasonal Differencing used

Transformed Data Set

Identification Code (dD)

Degree of Non-Seasonal

Differencing (d)

Degree of Seasonal

Differencing (D)

10

20

01

02

12

2T

11

22

I

2

0

0

1

2

1

2

0

0

I

2

2

1

I

2

Computer program DIFFER was used to perform the differencing operation- As

discussed in Section 3.4.I, it was decided to use the salinity data from 1987 to 1990 for

parameter estimation purposes. As a result, only data from 1987 to 1990 were

differenced and examined for stationarity at this stage. The ACF and the PACF for each

differenced data set were obtained using computer program APCORR. The maximum

lag used was 1095. In the cases where the degree of seasonal differencing used was 2

(i.e. D=2), the data set was reduced to fewer than 1095 values due to the large number

of values lost as part of the differencing process- In these cases, the largest available lag

was used. The ACF and the PACF of the differenced data sets were examined for non-
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zero values in accordance with Equations 2-40 and 2.43 respecúvely. The bounds of

signihcance were automatically obtained by computer program APCORR. The lags at

which the values of the ACF and the PACF were significantly different from zero a¡e

shown in Tables 3.10 to 3.12. The numbers in brackets indicate the total number of

significant values.

It should be noted that the only values of the ACF and PACF that were substantially

greater than the bounds of signifrcanæ were those at very low lags (i.e. I to 10), and

those in the vicinity of one seasonal lag (i.e. 364 to 367). The other values that were

significantly different from zero were in the vicinity of the bounds of signihcance.

Table 3.l0: Lags at which Values of the ACF and PACF are Significantly Different
homZnro for the Differenced Data Sets Without Seasonal Differencing (D{)

Transformed Data Set

Identihcation Code

Lags at which significant values occur (days)

ACF PACF

l0 r, 2, 3 , 4, 12, 2l , 22, 23, r7J ,

179, 180, 201, 3lI, 312, 427,

428. (16)

I, 2, 12, 2r, 26, 27, 29, 37,

62,98, 104, 106, I40, l4l,
142, L43, 156,179,196, 199,

25L, 259, 27 4, 300, 3 10, 331,

345,348,365, 405, 427, 5lr-
ß2\

20 r, 2,3, 12, 17 ,20,2L, 26, 28,

36, 96, 9'1, LM, 190, 364,

365, 369. (17)

1,2,3, 4, 5, 6,7 , 8,9, r0, 12,

13, 14, 15, 16, 19, 20, 22, 26,

3r, 36, 38, 52, 55, 61, 64, 97,

103, 105, 140,1.41,142, r55,
178,250,258, 298, 299, 309,

330, 3M, 347, 364, 426, 5LO.

(4s)
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Table 3.1 1: Lags at which Values of the ACF and PACF are Signif,rcantly Different

from Zero for the Differenced Data Sets With a Degree of Seasonal Differencing Equal

to 1 (D=1)

Tab1e 3.L2: Lags at which Values of the ACF and PACF are Signihcantþ Different

fuom7.ero for the Differenced Data Sets With a Degree of Seasonal Differencing Equal

toz (D=2)

17T

Transformed Data Set

Identif,rcation Code

Lags at which significant values occur (days)

ACF PACF

01 Dies down extremely slowlY. 1,2, 63, 153, 183, 186, 189,

r97, 211, 350, 365, 366, 56r.
(13)

11 r, 2, 3, I0, 12, 13, 26, 62,

63, 64, 144, 180, 364, 365,

366. (14)

1,2, 8, ll, 12,21,25,26,29,

37, 40, 57, 62,73, 82,89, 93,

104, 127, 132, 143, 185, 205,

25r, 299,300, 304, 3r0, 320,

347, 348, 364, 365, 366. (34L

2l r, 2, 3,8, 10, L2, 2L, 26, 28,

36, 40, 56,93,106, 131,

r42, rM,180, 182, 309,

329,363,365. (23)

l, 2, 3, 4, 5, 6, 8,9, L2, 14,

16, 19, 20,22,26, 27,29, 36,

49, 52, 55, 6r, 64, 65, 81, 92,

98, 104, r05, 126,142,184,

250,298, 299, 303, 309,319,

346, 347, 363, 364, 365, (43)

Transformed Data Set

Identification Code

Lags at which significant values occur (days)

ACF PACF

02 Dies down extremely slowly 1,2,26, 27 , 38,63, 186, 189,

r97,366,367. (11)

12 l, 2, 12, 26, 62, 63, 64, 144,

364,365,366. (11)

l, 2, lL, 12, 21, 25, 29, 37,

40, 57, 62,73,82,89, 127,

r32, I33, 150, 178, 304,364,

365,366,367.

Q4\

22 L, 2, 3, lO, 12, 26, 28, 36,

38, 40, 56, r3l, 142, t44,

180, 182, 365. (r7)

1,2,3,4, 5, 8, 9, L2,14,16,
19,20,36, 42, 48, 56, 6r,72,

81, 88, 98, L25, 132, r49,

299, 303, 363, 364, 365, 366.

(30)
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Bowermann and O'Connell (L979) suggest that seasonal data may be deemed staúonary

if the ACF and/or the PACF cut off at a lag less than or equal to 2L+2- However, if
either the ACF or PACF die down extremely slowly, the time series must be deemed

non-stationary. Using these criteria, all differenced data sets, with the exception of data

sets 01 and 02, may be deemed stationary. The PACFs of all differenced time series cut

off at a lag that is less than732 (i.e.2L+2). In addition, the PACFs for data sets 02, 12,

21, Il ar:rJ 22 cut off at a lag that is less than or equal to 367 (i.e. L+2). The ACFs of

data sets 10,20,12,21,11 and 22 also cut off at alag that is less than or equal to 732.

In addition, the ACFs for data sets 12, 2I, II and 22 cut off at a lag that is less than or

equal to 367. As the PACFs, as well as the ACFs, cut off at alag that is less than 2L+2

for data sets 10, 20, 12,21, ll and 22, they may be considered stationary. The ACFs

for data sets 01 and 02, on the other hand, die down extremely slowly, and despiæ the

fact that the PACFs of these data sets cut off at a lag that is less than 732, they must be

considered non-stationary. This implies that seasonal differencing alone is not enough

to remove non-stationa¡ities-

Theoretically, any of the stationary data sets could have been used in the development of
the UANN model. However, it was decided to only use one of the stationary data sets

for model development. The following criteria were considered for choosing the most

appropriate stationary data seü

. The lowest appropriate degree of differencing should be used, as differencing might

induce noise.

. As the raw data has distinct seasonal variation, some degree of seasonal differencing

appears to be appropriate.

Taking these criteria into consideration, data set 11 was chosen. A Plot of the

transformed data set is shown in Figure 3.54. Plots of the ACF and the PACF of this

set, including the bounds of significance, are shown in Figures 3.55 and 3.56. It can be

seen that the variance ofthe data set does not appear to be constant, and that the values

of the ACF and PACF in the vicinity of one seasonal lag are substantially greater than

the bounds of significance. However, as the ACF and the PACF cut off at lags less than

or equal to 732, data set 1l may be deemed stationary (Bowermann and O'Connell,

re79).
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Figure 3.56: PACF for Data Set 11

3.4.4 Development of Models Using the Differenced Data

In this section, all networks were trained and tested using transformed data set 11. The

differenced forecasts obtained (u1) were converted to their original (non-differenced)

form (z¡) using the following equation:

Zr = ur * zt_l + zt_365 - zt-366 (3.2)

Forecasts were obtained for forecasting periods of one and 14 days. It should be noæd

that a recursive procedure had to be used to obtain the multi step forecasts (zt+g), as the

original (non-differenced) form of the (g-l)-step forecast (z¿çg-1) is required to
transform the differenced form of the n-step forecast (ut*e) into its non-differenced form
(i.e. z,*r) (see Equation 3.2).

The effect of network geometry and the number of network inputs on network
performance was also investigated. The learning rate (r¡) used was 0.02, the momentum

value (p) used was 0,6 and the epoch size (e) used was 5 for all models unless stated

otherwise. Details of the network geometry and the internal parameters used for the

various models are given in Appendix D. Details of the training / æsting sets used for
the various models are given in Appendix C. The number of training samples prrsented

to each network was 100,0(X) and the testing interval used was 10,(X)0 unless stated

il|ltI hÍilir
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otherwise. The performance of the models at the va¡ious stages of learning is given in

Appendix E. As indicated in Section 3.3.5, the values shown in Appendix E are the

RMSEs between the actual and predicted values of the testing sets.

3.4.4.1 Determination of Initial Model Inputs

As the stationary data were used for model development, the ACF and PACF could be

used as a guide for determining the initial model inputs. The largest values in the ACF

and PACF occur at low lags (1 to 3) and in the vicinity of one seasonal lag (364 to 367).

Consequently, the lags of the initial inputs were chosen to be I, 2, 3, 364,365,366 and

367 (training / testing set 01).

It was decided to check which of the initial inputs were dominant by training a simple

network without hidden layers and a linear transfer function, as in such a network, the

strength of the connection weights gives a direct indication of the signihcance of each of

the inputs. It should be noted that a network with this configuration is operationally

similar to a univariate AR model, as the network output is close to a linear combination

of the network inputs.

Different learning rates were used to determine whether the learning rate affects the

connection weights obtained. The learning rates used include 0.001 (model

SMB-U-A-01-01-91), 0.005 (model SMB-U-A-02-01-9L) and 0.O2 (model

SMB_U_A_03_01_91). The weights coffesponding to each input were monitored as

leaming progressed. Training was continued until the connection weights stabilised.

The connection weights at the different stages of learning a¡e shown in Tables 3-13 to

3-15. It can be seen that the weights stabilised at approximately the same values,

regardless of the learning rate used. The variation of the connection weights with

increased learning was slightly greater when larger learning rates were used- However,

the weights stabilised much more quickly when larger learning rates were used (e.g. at a

learn count of approximately 20,000 for a learning rate of 0.02 Íts compared with a learn

count of approximately 360,000 for a learning rate of 0.001). As indicated in Tables

3.13 to 3.15 and Figure 3.57, the inputs at lags I,365 and 366 were clearly dominant.

Consequently, it was decided to use a learning rate of 0.02 in conjunction with inputs at

lags 1, 365 and 366 (training / testing set 02) for the networks trained with the

differenced data.
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Table 3.13: Connection Weights at Different Stages of læarning - Model
SMB-U-A-01-01-91 (n = O.OO1)

Table 3.14: Connection Weights at Different Stages of læarning - Model
SMB-U-A-02-01-}L (rl = 0.OOS)

[.earn

Count

Lag of inputs

1 2 3 364 365 366 367

30,000 0.316 0.087 0.005 -0.079 -0.289 0.035 0.046

60,000 0.406 0.0't4 -0.023 -0.067 -0.238 0.099 0.034

160,000 0.49r 0.024 -0.041 -0.055 -0.258 0.163 -0.007

260,000 0.508 0.004 -0.038 -0_055 -o.261 0.172 -0.002

360,000 0.514 -0.002 -0.036 -0.053 -o.260 0.175 -0.018

410,000 0.514 -0.002 -0.03s -0.053 -0.260 o.t75 -0.019

460,000 0.514 -0.003 -0.036 -0.053 -o.260 o.r76 -0.020

510,000 0.5r5 -0.004 -0.036 -0.055 -o.262 o.r76 -0.018

560,000 0.514 -0.004 -0.035 -0.054 -o.259 o.177 -0.020

[æarn

Count

Lag of inputs

I 2 3 364 365 366 367

10,000 0.364 0.111 -0.024 -o.o77 -o.230 0.068 0.061

20,000 0.447 0.068 -0.041 -0.061 -0.257 0.r27 0.013

30,000 0.481 0.036 -0.046 -0.062 -0.257 0.156 -0.001

50,000 0.504 0.009 -0.036 -0.050 -0.252 0.175 -0.019

70,000 0.513 0.004 -0.037 -0.058 -0.263 o.r73 -0.013

90,000 0.514 -0.005 -0.037 -0.058 -0.265 o.172 -0.018

120,000 0.517 -0.005 -0.040 -0.05r -0.256 0.169 -0.027

150,000 0.513 -0.004 -0.038 -0.049 -0.257 0.175 -0.021

180,000 0.517 0.002 -0.027 -0.057 -o-266 0.178 -0.020
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Table 3.15: Connection Weights at Different Stages of Irarning - Model

SMB-U-A-03-01-91 (n = O.OZ)

0.6

t-1 t-2 t-3 t-364 t-366 t-367

-0.4

lnputs

Figure 3.57: Typical Values of Connection Weights

3.4.4.2 One Day Forecasts

The best differenced one day forecasts for each network, which are highlighæd in

Appendix E, were converted to their original (non-differenced) form with the aid of

computer program FCAST. The RMSE, AAPE and AAE were then calculated for the

converted one day forecasts, which are shown in Tables 3.L6 to 3-20.

.40

U)
!
o)g o.2

co.F
()g0
co
C)

-o.2

l.earn Count LaE of inputs

1 2 3 364 365 366 361

10,000 0.494 0.009 -o.042 -0.052 -0.248 0.178 -0.007

20,000 0.507 -0.009 -0.040 -0.062 -0.268 0.r74 -0.009

30,000 0.510 -0.008 -0.040 -0.060 -0.263 0.187 -0.005

40,000 0.503 -0.016 -0.031 -0.050 -0.254 0.184 -0.017

50,000 0.503 -0.013 -0.045 -0.061 -0.255 0.178 -0.021

60,000 o.520 0.001 -0.036 -0.054 -0.264 o.176 -0_o25

70,000 0.517 -0.002 -0.026 -0.063 -0.261 0.167 -0.028

80,000 0.508 0.009 -0.031 -0.057 -0.262 0.r76 -0.029

90,000 0.529 0.000 -0.032 -0.o52 -0.264 0.t72 -0.010

t-365
II
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The lrrst network trained (model SMB_U-A-04-02_9I) had no hidden layers and a

linear transfer function. The results for the best one day forecast obtained are shown in

Table 3.16 and Figure 3.58. It can be seen that the forecast is very good and provides a

good fit to the historical data, although there is a small amount of noise present.

Table 3.16: Best I Day Forecast Obtained Using Model SMB U A 04 02 9l

Model RMSE

(EC units)

AAPE

(v"\

AAE
(EC units)

SMBUA04029I t4.9 1.5 9.6

actual

1 day forecast

0 183

Time (days)

366

Figure 3.58: Actual and Predicted Salinities Obtained Using Model
SMB_U_A_04_02 9l - 1 Day Forecast

Effect of different transfer functions

The effect of using a non-linear transfer function on network performance was

investigated by replacing the linear transfer function used in model

SMB_U_A_04-02-91 with the hyperbolic tangent transfer function (model

SMB-U-A-05-02-91). All other network parameûers were identical to those used in

model SMB-U-A-04-02-91- As can be seen from Table 3.17, using a non-linea¡

transfer function had no effect on network performance.
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Table 3.17: Best 1 Day Forecasts Obtained Using Models SMB-U-A-04-02-9L and

SMBUA05029I

Model Transfer

Function

RMSE

(EC units)

AAPE

(%)

AAE

(EC units)

SMB_U_A_O4 _02_91 Linear 14.9 1.5 9.6

sMB U_A_05_02_9L Tanh 14.9 1.5 9.6

Effect of network geometry

The effect of including one hidden layer was assessed in models SMB-U-A-06-02-9I

and SMB_U_A_O7_02_9I. The network parameters used in model

SMB_U_A_06_02_91 were identical to those used in model SMB-U-A-05-02-91,

with the exception of the inclusion of six hidden layer nodes. Six hidden layer nodes

were chosen, as this is close to the upper limit of 2NI+1 nodes suggested by Hecht-

Nielsen (1987b), where NI is the number of inputs (three in this case). The number of

hidden layer nodes was decreased to three in model SMB-U-A-07-02-91. As can be

seen from Table 3.18, the number of nodes in the frst hidden layer had virtually no

effect on network performance.

Table 3.18: Best 1 Day Forecasts Obtained Using Models SMB-U-A-05-02-97,
SMB U A 06 OZ 9l and SMB-U-A 07 02 9I

Model No. of nodes in

hidden layer I
RMSE

(EC units)

AAPE

(7o\

AAE

GC units)

sMB U_A_05_02_91 0 14.9 1.5 9.6

SMB U A-01-02_91 3 14.9 1.5 9.6

SMB_U_A_O6_02_91 6 15.0 1.5 9.6

In model SMB_U_A_08_02_91, a second hidden layer with two nodes was added to

the network used in model SMB_U_A-06-02-91. All other network parameters

remained unchanged. It should be noted that the ratio of fust to second layer hidden

nodes used was 3:1, as suggested by Kudrycki (1988). The results in Table 3.19

indicate that adding a second hidden layer had virnrally no effect on network

performance.
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rable 3.1e: Best 1 Day Forecasts{b,üT 
HtäåYi.els 

SMB u A 06 02 el and

Effect of the number of inputs

As described earlier, it was determined that inputs at lags l, 365 and 366 were clearly

dominant for networks that have a linear transfer function and no hidden layers.

However, the effect of an increased number of inputs has not yet been determined for a

network with hidden layers and a non-linear transfer function. The effect of an

increased number of inputs on network performance and the importance of each of the

inputs was investigated in model SMB_U_A_09_01_91. Training set 01 was used,

which includes inputs at lags 1,2,3, 364,365,366 and 367 . The number of nodes used

in the first hidden layer was 15 and the number of nodes used in the second hidden layer

was 5. The results obtained were marginally better in terms of RMSE (Table 3.20), but

not enough to wanant the inclusion of 4 additional parameters.

Table 3.20: Best I Day Forecasts Obtained Using Models SMB_U_A_08_02_91 and
SMBUA09OI 91

Model Number

of inputs

RMSE

(EC units)

AAPE
(7o\

AAE
(EC units)

SMBUA08029l 3 14.9 1.5 9.6

SMBUA09Ol 91 7 14.8 1.6 9.6

A sensitivity analysis carried out with the aid of the softwa¡e's (NeuralWorls

Professional IVPlus) "Explain" function (see Section 3.3.4.1) showed that inputs at lags

I,365 and 366 were again clearly dominant (Figure 3.59).

Model No. of nodes

in hidden

layer I

No. of nodes

in hidden

layer 2

RMSE

(EC units)

AAPE

(vo)

AAE

(EC units)

SMBUA06029I 6 0 15.0 1.5 9.6

SMBUA080291 6 2 14.9 1.5 9.6
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t-1 T-2 r-3 t-364 t-366 t-367

lnputs

3.4.4.3 Fourteen DaY Forecasts

The following recursive procedure was used to obtain the 14 day forecasts:

1. Variable g is set equal to 0.

2- The differenced forecast at time t (1 day forecast) is obtained using the ANN model.

3. Variable g is set equal to g + 1.

4- The data set used to obtain the differenced ANN forecasts (the test set) is modifred,

so that the differenced forecast at time t + g is obtained. If any inputs are required

such that (lag of input) > (t-1), the differenced forecasts obtained previously as part

of this procedure are used as network inputs.

5. The differenced forecast at time t + g is obtained by presenting the test set obtained

in step 4 to the network.

6. Sæps 3,4 and 5 are repeated until I = 13-

7 - The differenced forecasts are converted to their non-differenced form with the aid of

computer program FCAST (using Equation 3.2).

Initially, a 14 day forecast was obtained using model SMB-U-A-04-02-9I, as it gave

the best I day forecast of the ANN models considered.

The plot of the 14 day forecast obtained using modet SMB-U-A-04-02-91 (Figure

3.60) does not exhibit any significant lags. However, it is very noisy. This noise is a
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Figure 3.59: Relative Signihcance of Network Inputs for Model SMB-U-A-09-01-91

t-365
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result of the recursive procedure used to obtain the multi-step forecasts. Any noise

present in the one day forecast gets ampliired as the forecast period increases, as the one

day forecast is used to obtain the two day forecast, which in turn is used to obtain the 3

day forecast and so on. This reduces the usefulness of the model, as it is impossible to

discern which of the predicted variations in salinity will actually occur. It is interesting

to note that the sharp drop in salinity in the vicinity of day I25 can be attributed to a
sha¡p drop in saliniry at that time in the previous year (Figure 3.60), which forms part of

the forecast as a result of the inputs at lags 365 and 366.

1 600
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U).=c
f
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400

0

Sharp drop in sal¡nity
in the vicinity of day 1

183

Time (days)

0 366

Figure 3.60: Actual and Predicæd Salinities Obtained Using Model
SMB U A ß 02 9I- l4Day Forecast

Effect of network geometry

A fourteen day forecast was obtained using model SMB U A 06 02 9l to assess the

effect of hidden layer nodes on longer term forecasts. Model SMB_U_A_06_02_91

was chosen, as it produced the best 1 day forecast for models with hidden layer nodes.

It should be noted that model SMB U A _09_01_91 was not considered, as it had a

greater number of inputs. The results in Table 3.21 show that the ANN model without

hidden layer nodes (model SMB_U_A_04_02_9I) produced a slightly better 14 day

forecast than the model with one hidden layer (model SMB_U_A_06_02_91). This can

be attributed to the better starting point (l day forecast) of model

SMB_U_A_04_02_91. Consequently, it can be concluded that the addition of hidden

layer nodes has no impact on longer term forecasts when using differenced data.

actual (1991)

actual (1990)

14 day forecast
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Table 3.21: Best 14 Day Forecasts Obtained Using Models SMB-U-A-04-02-91 and

SMB_U_A_O6_02_91

Model No. of nodes in

hidden layer 1

RMSE

(EC units)

AAPE

(vo)

AAE
(EC units)

SMB-U_A _M-02_91 0 123.8 13.3 80.9

sMB U_A_06-02_9r 6 125.2 13.6 80.6

3.4.4.4 Summary

The results obtained using the UANN models trained with the differenced data indicate

that the one day forecasts obtained were not significantly affecæd by:

1. The transfer function.

2. The network geometry (i.e. the number of hidden layers and the number of nodes

per hidden layer).

3. The number of inputs, provided the dominant inputs are included.

The results obtained also indicate that the presence of hidden layer nodes does not

appear to have any effect on the longer term forecasts produced when using differenced

data and the recursive forecasting procedure.

3.4.5 Development of Models Using the Raw Data

Using the raw data to train and test neural network models is much quicker than using

the differenced data, as network inputs do not have to be differenced before training

commences and the forecasts obtained do not have to be converted back to their non-

differenced form.

A number of models were developed to investigaæ the effect of network geometry, the

number of inputs and !þe number of outputs on network performance., A learning rate

(q) of 0.1, a momentum value (p) of 0.6, an epoch size (e) of 5 and the hyperbolic

tangent transfer function were used unless stated otherwise. qDetails of the network

geometry and the inæmal parameters used for the various models are given in Appendix

D. Details of the training / testing sets used for the va¡ious models are given in

Appendix C. the number of training samples presented to each network was 100,000

and the testing interval used was 5,000 unless stated otherwise. The performance of the

models at various stages of learning is given in Appendix E-
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Forecasts were obtained for forecasting periods of one and 14 days. It should be noted

that one more year of data was available when training the network with the raw data

than when training the network with the differenced data, as, in the latter case, one year

ofdata (1987) is lost as a result ofthe differencing process.

3.4.5.1 Determination of Initial Model Inputs

When using the raw data, the ACF and the PACF can no longer be used as a reliable

tool for determining the initial model inputs. However, it is reasonable to assume that

the inputs at low lags and the inputs in the vicinity of one seasonal lag are still dominant.

In order to ensure that all significant inputs were included, and keeping in mind that the

results obtained in Section 3.4.4 suggest that unnecessary inputs do not have a

significant effect on model performance, training / testing set 03 was used initially,

which consists of 41 inputs at lags 1,2, ..., 19,20, 354,355, ..., 375 and 376 and 3

outputs at lags 0, -7 and -13. It should be noted that the I and 14 day forecasts were

obtained simultaneously when the networks were tested, corresponding to the outputs at

lags 0 and -13.

3,4.5.2 One Day Forecasts

Initially, a model without any hidden layers was developed (model

SMB_U_A_10_03_91), so that a direct comparison could be obtained between a model

that is trained using the raw data and a model that is trained using the differenced data.

A learning rate of 0.02 and a testing interval of 5,000 were used.

As can be seen from Table 3.22, the one day forecast obtained when the differenced

dat¿ were used (model SMB_U_A_U_02_91) was significantly better than that

obtained when the raw data were used (model SMB_U_A_10_03_91). As discussed

above, neural networks without hidden layers operate in a manner similar to univariate

time series models. Consequently, one would expect to obtain better one day forecasts

when the time series data used to train the network are stationary.

Table 3.22: Best 1 Day Forecasts Obøined Using Models SMB U A 04 02 91 and
SMB_U_A_10_03_91

Model Data RMSE

GC units)

AAPE

Øo)

AAE

GC units)

SMB_U_A_04_02_91 Differenced 14.9 r.5 9.6

SMBUAlO039l Raw 1 7 1 2.3 12.2
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In order to assess the importance.of each of the network inputs, the connection weights

obtained for model SMB-U-A-10-03-91 were examined (Figure 3.61). It is

interesting to note that the inputs that were found to be significant were quite different

when using the differenced data (lags 1, 365 and 366 - Figure 3.57) compared to when

using the raw data (lags 1, 2 and 5). The most notable difference is the significance of

inputs in the vicinity of one seasonal lag when using the differenced data, which is not

the case when using the raw data.
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Figure 3.61: Connection Weights for Model SMB-U-A-10-03-91

Effect of network geometrY

The effect of the addiúon of hidden layer nodes on network performance was

investigated in models SMB-U-A-11-03-91 and SMB-U-A-I2-03-91. The number

of nodes used in the first hidden layer was 45 for model SMB-U-A-11-03-91 and 60

for model SMB_U_A_12_03_91. The number of nodes used in the second hidden layer

was 15 for model SMB-U-A-II-03-91 and 20 for model SMB-U-A-12-03-9I.

The best results obtained using the above models are shown in Table 3.23. As can be

seen, the network with no hidden layers produced a considerably better one day

forecast. The networks with two layers of hidden nodes produced very similar

forecasts, suggesting that the number of hidden layer nodes does not have a pronounced

effect on network performance; only the absence or presence of hidden layers-
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Table 3.23: Best 1 Day Forecasts Obtained Using Models SMB_U_A_10_03_91,
SMB U A 11 03 91 and SMB U A 12 03 91

In order to assess the importance of each of the inputs for the models with hidden

layers, a sensiúvity analysis was carried out using the software's (NeuralWorks

Professional IUPlus) "Explain" function for model SMB U A 11 03 91. This does

not enable a direct comparison to be carried out between models SMB U A 11 03 91

and SMB_U_A_10_03_91, but enables the relative importance of each of the inputs to

be assessed. Figures 3.62 and 3.61 show that the inputs at lags I and 2 were dominant

for model SMB_U_A_I1_03_91, whereas the inputs at lags I,2 and 5 were dominant

for model SMB U A l0 03 91. This accounts for the difference in performance of

the models and indicates that the mechanism by which the forecasts Íue obtained is

different when hidden layer nodes are present. In the absence of any hidden layers, the

network output is a direct combination of network inputs. This is not the case when

hidden layers are present. The presence of hidden layers results in a much more

complex relationship benveen network inputs and outputs. The hidden layers enable the

network to determine some of the underlying relationships present in non-stationary

data (e.g. trends, seasonality). As discussed in Section 3.4.4.2, when the differenced

data were used, the addition of hidden layers had no effect. This is due to the fact that

after differencing, all underlying relationships in the data had already been removed, so

that there is no benefit in using hidden layers. However, as indicaæd by the results in

Table 3-23, when underlying relationships are present in the data, the presence of hidden

layers does have an effect. It should be noted, though, that in the case study considered

here, the addition of the hidden layer nodes resulted in a worse one day forecast. The

effect of the presence of hidden layer nodes on longer term forecasting is discussed in

Section 3.4.5.3.

Model No. of nodes

in hidden

layer 1

No. of nodes

in hidden

layer 2

RMSE

(EC units)

AAPE

(7")

AAE

(EC units)

SMBUAIO039l 0 0 I7 I 2.3 t2.2

SMB U A 1I 03 91 45 15 25.0 2.9 16.5

SMBUAI2O39l 60 20 24.4 2.7 15.2
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Figure 3.62: Relative Significance of Network Inputs for Model SMB-U-A-11-03-91

The plots of the one day forecasts produced by models SMB-U-A-10-03-91 and

SMB_U_A_L2_03_91are shown in Figures 3.63 and 3.64 respectively. It can be seen

that model SMB_U_A_10_03_91 models the sharp variations in salinity better than

model SMB_U-A-12-O3-91, especially the sharp peak in the vicinity of day 200.
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Figure 3.64: Actual and Predicted Salinities Obtained Using Model
SMB_U_A_12_O3_91- 1 Day Forecast - Two Hidden Layers

Effect of the number of inputs

The effect of decreasing the number of inputs on network performance was assessed in

models SMB U A 12 03 91 and SMB _U_A_13_04_9I. The details of model

SMB-U_A_12_03_91were discussed previously. Training / testing set 04 was used for

model SMB_U_A_13_04_91, which consists of 15 inputs at lags L,2, ..., 14, and 15

and 3 outputs at lags 0, -7 and -13. The number of nodes used in the first hidden layer

was 24 and the number of nodes used in the second hidden layer was 8. All other

network parameters were the same as in model SMB U A 12 03 91.

Decreasing the number of inputs from 4l to 15 resulted in a slight reduction in network

performance, as shown n Table 3.24. This suggests that network performance is not

influenced greatly by the number of inputs, provided the dominant inputs are included.

Table 3.24: Best 1 Day Forecasts Obtained Using Models SMB_U_A_12_03_91 and
SMBUA13049I

Model No. of
inputs

RMSE

(EC units)

AAPE

9o\

AAE
(EC units)

SMBUAL2O39l 4L 24.4 2.7 t5.2

SMBUA13049I 15 25.1 2.7 15.7
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3.4.5.3 Fourteen DaY Forecasts

Two methods were used to obtain the 14 day forecasts; the direct method and the

recursive method.

A. Direct method

All networks using the raw data were trained to produce 14 day forecasts, as indicated

by the inclusion of outputs at lag -13 in all training / testing .sets used. This is by far the

simplest and quickest method of obtainin g 14 day forecasts, as there is no need for

recursive procedures or data conversions-

Initially, a 14 day forecast was obtained using model SMB-U-A-10-03-91, as it gave

the best 1 day forecast of the models considered. A description of the network

parameters and training / æsting set used is given in Section 3.4.5-2.

The results in Table 3.25 show that the 14 day forecast obtained from the model using

the direct forecasting method and the raw data (model SMB-U-A-10-03-91) is

significantly better than the 14 day forecast obtained from the model using the recursive

forecasúng method and the differenced data (model SMB-U-A-04-02-91).

Table 3.25: Best l4Day Forecasts Obtained Using Models SMB-U-A-10-03-91
(direct) and SMB-U- A-04 -02-91 

(recursive)

Model Forecasting

method

Data RMSE

GC units)

AAPE
(Vo)

AAE
(EC units)

sMB U_A_10_03_91 Direct Raw 105.1 t2.l 74.5

SMB_U_A_04_02_91 Recursive Differenced 123.8 13.3 80.9

The plor of the 14 day forecast obtained using model SMB-U-A-10-03-91 is shown in

Figure 3.65. A comparison of Figures 3.65 and 3.60 shows that the forecasts produced

using the differenced data and the forecasts obtained using the raw data have markedly

different characteristics. The forecasts produced using the raw data are very smooth,

but tend to exhibit a pronounced shifr The forecasts produced by the models trained

with the differenced data, on the other hand, are very noisy, as a result of the

combination of differencing and the recursive procedure used to obtain the longer term

forecasts- However, they do not exhibit a pronounced shift-
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Figure 3.65: Actual and Predicted Salinities Obtained Using Model
SMB U A 10 03 91 -l4DayForecast@irectMethod)

Effect of network geometry

The effect of the addition of hidden layer nodes on network performance was assessed

using models SMB_U_A_I1_03_91 and SMB_U_A_L2_O3_9L. A description of the

network parameters and training / testing set used for these models is given in Section

3.4.5.2. As described earlier, the testing inærval used was 5,000. Additional testing

was canied out at intervals of 1,5ü) training samples from learn counts 10,000 to

25,000 for model SMB_U_A_I2_O3 _9 l.

The best results obtained for models SMB U_A_10_03_91, SMB_U_A_I1_03_91 and

SMB-U_A_12_03_91 are shown in Table 3.26. The results show quiæ a large

difference in performance between models. The model without hidden layer nodes

performed worst, while the model with the largest number of hidden layer nodes

performed best. This is in contrast to the results obtained for the one day forecasts

(fable 3.23). The different mechanisms by which the models obtain their ouçuts

discussed in Section 3.4.5.2 are responsible for the difference in results. Models

SMB_U-A_11_03_91 and SMB_U_A_I2 _03_91 are able to deærmine some of the

underlying relationships in the data with the aid of their hidden layer nodes and are

hence betær equipped to produce longer term forecasts. An increased number of hidden

layer nodes also had a positive effect on network performance.
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Table 3.26: Best 14 Day Forecasts Obtained Using Models SMB-U-A-10-03-91'
SMB-U-A-I 1-03-9 I and SMB-U 

-A-:12 -03 -91 
(Direct Method)

The relative significance of each model input in producing the 14 day forecast was

assessed for models SMB-U-A-10-03-91 and SMB-U-A-I1-03-91. This was done

by obtaining the connection weights for model SMB-U-A-10-03-91 and carrying out a

sensitivity analysis for model SMB-U-A- 11 03 91 with the aid of the software's

(NeuralWorks Professional IVPlus) "Explain" funcúon. Figures 3.66 and 3.67 show

that the relative significance of each of the inputs is different when the networks are

trained to produce a I day forecast compared to when they are trained to produce a 14

day forecast. This emphasises one of the advantages of neural networks, in that they

can be trained to produce a specific n-step forecast, rather than being trained to produce

a one-step forecast and then rely on a recursive procedure to obtain longer term

forecasts. By training networks to produce particular n-step forecasts, they are able to

determine relationships specific to that forecasting period'
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Figure 3.66: Comparison of Connection V/eights for 1 and 14 Day Forecasts for Model

SMB U-A-10-03-91 (No Hidden Layers)

Model No. of nodes

in hidden

layer 1

No. of nodes

in hidden

layer 2

RMSE

(EC units)

AAPE

(7o)

AAE

(EC units)

SMB_U_A_10_03_91 0 0 105.1 I 2_ I 74_5

SMB_U_A_I1_03 91 45 15 93.9 1 I I 70.2

SMB U-A-T2_O3_91 60 20 87.9 10.9 64.6
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Figure 3.67: Comparison of Relative Signihcance of Inputs for 1 and 14Day Forecasts
for Model SMB_U_A_II_03_91 (Two Hidden Layers)

Plots of the L4 day forecasts produced by models SMB_U_A_10_03_91 and

SMB-U-A-12-03-9L a¡e shown in Figures 3.65 and 3.68 respectively. The plots show

that both 14 day forecasts exhibit a pronounced shifr The shift is less than 14 days for
most periods. However, there appears to be a shift of approximately L4 days in the

region where major variations in salinity occur; between days 20O and 320.

Consequently, the models are not very useful for predicting sharp rises and falls in

salinity. However, the overall performance of the model is far better than that of a naive

model (t.e. z¡*14 = 4), as shown in Table 3.27.

Table 3.27: Bestl4Day Forecasts Obtained Using Model SMB_U_A_I2_03_91
@irect Method) and a Naive Model

Model RMSE

(EC

units)

AAPE

(vo)

AAE
(EC units)

SMB U A12 03 9I 87.9 10.9 64.6

Naive 117.0 12.5 76.7
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Figure 3.68: Actual and Predicæd Salinities Obtained Using Model

SMB-U-A-L2-03-9L - l4Day Forecast (Direct Method)

Effect of the number of outPuts

The effect of the number of outputs on network performance was assessed using models

SMB_U_A_11_03_91 and SMB_U_A_14_05-91. The network parameters used in

model SMB-U-A-14-05-9I were identical to those used in model

SMB-U-A-11-03-91. Training / testing set 05 was used for model

SMB_U_A_14_05_91, which is identical to training / æsting set 03, with the exception

that there is only one output at lag -13.

As can be seen from Table 3.28, decreasing the number of outputs from 3 to 1 did not

have a significant effect on network performance.

Table 3.28: Best 14 Day Forecasts Obtained Using Models SMB-U-A-11-03-91 and

SMB-U-A-14-05-9 1 (Direct Method)

Model No. of

outputs

RMSE

(EC units)

AAPE

9o\

AAE
(EC units)

SMB_U_A_I1_03_91 3 93.9 I 1 I 70.2

40591 I 95.7 LT.7 73.5
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Effect of the number of inputs

The effect of decreasing the number of inputs on network performance was assessed in

models SMB U A 12 03 91 and SMB U_A_13_04_91. The network parameters

and training / testing sets used for models SMB U 
^ 

12 03 91 and

SMB U A 13 04 91 have been described earlier.

The results in Table 3.29 show that reducing the number of inputs from 41 to 15 caused

a slight decrease in network performance.

Table 3.29: Best 14 Day Forecasts Obtained Using Models SMB U A 12 03 91 and
SMB_U_A_ L3 _04 _9 I (Direct Method)

Model No. of
inputs

RMSE

(EC units)

AAPE
(Vo)

AAE
(EC units)

SMB U AL2 03 91 4T 87.9 10.9 64.6

SMBUA13O49I 15 91.5 to.2 60.2

B. Recursive method

A recursive procedure, similar to that outlined in Section 3.4-4.3, was used to obøin the

14 day forecasts. As the raw data were used to train and test the models, the forecasts

obtained were already in their non-differenced form, so that step 7 in the procedure

described in Section 3.4.4.3 was not required.

Initially, a 14 day forecast was obtained using model SMB_U_A_10_03_91, as it gave

the best 1 day forecast of the models trained with the raw data. The details of model

SMB_U_A_10_03_91 are given in Section 3.4.5.2. The results in Table 3.30 show that

the 14 day forecast obtained using model SMB U A 10 03 9l was far worse than that

obtained using model SMB_U_A_M_O2_9L. As was the case with the previous

recursive forecasts obtained, the model producing the worst one day forecast produced

the worst 14 day forecast. This is what one would expect, as the I day forecasts a¡e

used to obtain the 2 day forecasts, which are in turn used to obtain the 3 day forecasts

and so on. This progression of errors is clearly demonstrated in Figures 3.69,330 and

3.71, which show the 3, 5 and L4 day recursive forecasts obtained using model

SMB_U_A_10_03_91. The plots show that the longer the forecasting period, the

greater the shift in the forecast- In addition, detailed variations in salinity a¡e lost as the

forecasting period increases.
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Table 3.30: Comparison of the Best 14 Day Forecasts Obtained Using Models

SMB-U-A-04-0 2 
-9 

I and SMB -U-A- 1 0-03-9 I (Recursive Method)
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Figure 3.69: Actual and Predicted Salinities Obtained Using Model
SMB-U-A-10-03-91 - 3 Day Forecast (Recursive Method)

366

Model Data RMSE

(EC units)

AAPE

(7o)

AAE
(EC units)

sMB U A_04 _02_91 Differenced r23.8 13.3 80.9

SMB_U_A_10_03_91 Raw 159.0 18.7 120.2
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Effect of network geometrY

A 14 day forecast was obtained using model SMB-U-A-12-03-91to assess the effect

of hidden layer nodes on longer term forecasts. Model SMB-U-A-12-03-91 was

chosen, as it produced the best I day forecast of the models with hidden layer nodes-

The details of model SMB-U-A-12-03-9I are given in Section 3.4.5.2. The results in

Table 3.31 show that the model without hidden layer nodes (model

SMB_U_A_10_03_91) produced a better 14 day forecast than the model with two

hidden layers (model SMB_U-A-12-03-91). Again, this can be attributed to the better

one day forecast produced by model SMB-U-A-10-03-91, suggesting that the

presence of hidden layer nodes does not affect the recursive forecasting procedure-

Inspection of the plots of the 14 day forecasts for models SMB-U-A-10-03-91 and

SMB_U_A_12_O3_gl @igures 3.71 and 3.72) shows that they vary considerably. The

plots indicate that model SMB_U-A_12-03-9I is able to model salinity better than

model SMB_U_A_10_03_91 when only small variations are occurring. This might be

due ro rhe presence of hidden layer nodes in model SMB-U-A-I2-03-9I. The plots

also show that model SMB_U_A-I2-03-9I places greater emphasis on inputs at one

seasonal lag, as indicated by the sharp drop in the predicæd salinity at approúmately

130 days. As explained previously, this is due to a sharp drop in salinity at that time in

the previous year (Figure 3.60).

Table 3.31: Best I4Day Forecasts Obtained Using Models SMB-U-A-10-03-91 and

SMB U-A- 12-03 
-9 

I (Recursive Method)

Model No. of Hidden

Layers

RMSE

(EC units)

AAPE

(7o¡

AAE
(EC units)

SMB_U_A_10_03_91 0 159.0 t8.7 r20.2

SMB_U_A_12_03_91 2 169.5 25.0 t22.6
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Figure 3.72: Actual and Predicted Salinities Obtained Using Model
SMB U A 12 03 91 - l4Day Forecast (Recursive Method)

Effect of the number of inputs

A 14 day forecast was obtained using model SMB_U_A_13_04_9I to assess the effect

of a reduced number of inputs on longer term forecasts- The details of model

SMB_U_A_13_04_91are given in Section 3.4.5.2. The results in Table 3.32 show that

the model with the greater number of inputs (model SMB_U_A_10_03_91) produced a

better 14 day forccast. Again, this can be attributed to the better one day forecast

produced by model SMB_U_A_10_03_91. Inspection of the plots of the 14 day

forecasts for models SMB_U_A_10_03_91 and SMB_U_A_13_04_91 (Figures 3.71

and 3.73) shows that they vary considerably. Figure 3.73 shows that for model

SMB-U-A-13-04-91, the predicted salinity drops off very early and that there is no

shaqp drop in salinity in the vicinity of day 130, as there are no network inputs at

seasonal lags.

Table 3.32: Best l4Day Forecasts Obtained Using Models SMB_U_A_10_03_91 and
SMB U_A_ 13 _04_91 (Recursive Method)

Model No. of
Inputs

RMSE

(EC units)

AAPE

(Vo\

AAE
(EC units)

SMBUAlO039I 4l 169.5 25.0 t22.6

SMB_U_A_13_04_91 15 t79.0 t7-6 1 18.1
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Figure 3.73: Actual and Predicted Salinities Obtained Using Model

SMB-U-A-I3-04-9I - 14 Day Forecast (Recursive Method)

3.4.5.4 Summary

The results obtained using the univa¡iate ANN models trained with the raw dat¿ indicaæ

that:

1. The models without hidden layers provide signihcantly better one day forecasts than

the models with hidden layers.

2- For networks with hidden layers, the number of hidden layer nodes does not have a

significant effect on model performance for one day forecasts-

3. Model performance increases with an increa^se in the number of hidden layer nodes

for 14 day forecasts.

4. The number of inputs has no significant impact on model performance, provided the

dominant inputs are included.

5. The number of outputs has no significant impact on model performance.

3.4.6 Results / Discussion

The best results obtained using the various forecasting methods discussed a¡e shown in

Tables 3.33 and 334 for the 1 and 14 day forecasts respectively. It should be noted that

in Tables 3.33 and 3-34, the only model which includes hidden layers is the one using

raw data and the direct method of forecasting. The performance of the UANN models

was compared with that of a naive forecasting model. In the naive model used here, the
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forecast value was taken to be the latest actual value (i.e. z, = zEE, where I = I for the

one day forecast and g - 14 for the 14 day forecast).

Table 3.33: Best One Day Forecasts Obtained Using the Various Forecasting Methods

RMSE

(EC units)

AAPE

(Vo)

AAE
(EC units)

ANN (differenced) 14.8 1.6 9.6

ANN (raw) t7.l 2.3 12.2

Naive 13.8 1.3 7.8

Table 3.34: Best L4Day Forecasts Obtained Using the Various Forecasting Methods

RMSE
(EC units)

AAPE
(Vo)

AAE
(EC unia)

ANN (differenced) 123.8 r3.3 80.9

ANN (raw - recursive) 159.0 t8_7 t20.2

ANN (raw - direct) 87.9 r0.9 64.6

Naive 1r7.0 t2.5 76.7

The results obtained indicate that the model using the differenced dat¿ produced a better

one day forecast than the one using the raw data. However, both models did not

perform as well as the naive model, suggesting that the UANN models are not useful for
producing one day forecasts of salinity in the River Murray at Murray Bridge.

The best 14 day forecast was produced by the model trained with the raw data, followed

by the naive model, the model trained with the differenced data and the model tained
with the raw data using the recursive forecasting procedure. These results indicaæ that

the model using the raw data in conjunction with the direct forecasting method is a
useful tool for forecasting salinity in the River Murray at Munay Bridge 14 days in

advance, as it performed significantþ bener than the naive model. At the same time, the

14 day forecasts obtained using the recursive procedure were not useful.

It should be noted that when the recursive forecasting method was used, the model that

produced the best one day forecast also produced the best 14 day forecast. The longer

term forecasts obtained were not affecæd by the type of data used (i.e. differenced or

raw) or the number of hidden layers.
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The number of model inputs used did not have a signihcant effect on model

performance, provided the dominant inputs were included. The inclusion of less

significant, inputs did not introduce any model noise, but resulted in a slight

improvement in model performance. This is in agreement with the results obtained by

Tang et al. (1991).

The results obtained indicate that the hidden layer nodes perform a task simila¡ to

differencing- When the models were trained with the differenced data, the addition of

hidden layer nodes had no effect on model performance, as all the underlying

relationships in the data (i.e. trends, seasonal variations) had already been removed.

However, when the models were trained with the raw data, the addition of hidden layer

nodes affected the performance of the models, suggesting that the hidden layer nodes

detect some of the underlying relationships present in the data.

The best 14 day forecast was obtained when the direct, rather than the recursive,

forecasting procedure was used. This is in contrast to the results obtained by Lapedes

and Farber (1988), who found that the recursive procedure produced better results in

predicting future values of a chaotic time series. This suggests that forecasting accuracy

not only depends on the forecasting method used, but also on the nature of the time

series.

Using the differenced data resulted in better one day forecasts. However, the best 14

day forecast was obtained when the raw data were used in conjunction with two hidden

layers of nodes and the direct forecasting procedure. As the one day forecasts obtained

were worse than that obtained using the naive model, and the focus in this research is on

longer term forecasting, it was decided to use the raw data together with hidden layer

nodes and the direct method of forecasting in the development of the multivariate ANN

model. This has the additional advantages that there is no need for differencing and

undifferencing the data, and that it is not necessary to use a recursive procedure to

obtain multi-step forecasts.

3.4.7 Real Time Forecasts

In this section, real time 1, 5 and 14 day forecasts were obt¿ined for 1991 using the raw

data and the direct method of forecasting (model SMB-U-A-15-06-91)- When

obtaining real time forecasts, the testing set cannot be used to assess the generalisation

ability of the model at various stages of learning in order to optimise model

performance. Instead, a fixed number of taining samples have to be presented to the

network before the forecasts are obtained-

201
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It was decided to use inputs at lags 1,2, ..., 15 (training / testing set 06), as the tests

carried out in Section 3.4.5 indicated that reducing the number of inputs from 41 to 15

does not have an adverse effect on model performance, and training speed is increased

by using smaller network geometries. The learning rate used was 0.05 and the number

of training samples presented to the network was 50,000. The results obtained using

model SMB U A 15 06 9l a¡e shown in Table 3.35. It can be seen that the real time

1 and 14 day forecasts are comparable to those obtained when model performance \¡/¿ts

assessed at various stages of learning (Tables 3.33 and 3.34). A plot of the real time 14

day forecast is shown in Figure 3.74.

Table 3.35: Real Time Forecasts Obtained Using Model SMB U A 15 06 91

Forecasting period

(davs)

RMSE

GC units)

AAPE
(Vo)

AAE
(EC units)

I 20.5 2.6 r4.8

5 46.6 5.0 30.8

t4 82.1 r0.2 6t.7

actual

predicted

0 183

Time (days)

366

Figure 3.74: Real Time Forecast of Salinity in the River Murray at Murray Bridge
Obtained Using Model SMB_U_A_15_06_91 - 1991 - 14 Days in Advance
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3.5 Development of Multivariate Neural Network
Model

3.5.1 Introduction

In this section, the development of the multivariate ANN (MANN) model for the

prediction of salinity in the River Murray at Murray Bridge is described. The objectives

afe:

1. To develop the best possible model for forecasting salinity in the River Murray at

Murray Bridge 14 days in advance.

Z. To obtain l, 5 and 14 day forecasts of salinity at Murray Bridge, which can be

compared with those obtained using UANN, univariate and multivariate time series

models.

3. To address the following issues in relation to ANN models:

o How does the training data used affect network performance?

. Can ANNs be used to extract information about the relationship between input

and output va¡iables?

o 'What is the effect of adding less signihcant inputs on network performance?

o What is the effect of having multiple network outputs?

. What is the effect of intemal parameters and geometry on network performance?

o How does a network behave during training, CIpecially as it approaches a local

minimum in the error surface?

The steps shown in Figure 2.18 were followed to develop the various MANN models.

The raw data were used in conjunction with hidden layer nodes and the direct

forecasting technique, as they gave better results, and were simpler to use, when

developing the UANN model (Section 3.4). A discussion of the plots of the input time

series is given in Section 3.3.3.

3.5.2 Determination of Model Inputs

The procedure used for determining an appropriate set of model inputs is shown in

Figure 3.75.
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until no
further
improvement

Figure 3.75: Procedure for Determining Appropriate Model
Inputs

3.5.2.1 Determination of Initial Model Inputs

The initial model inputs were obtained by examining the underlying physical processes

causing high salinities at Murray Bridge. As discussed in Section 3.3.3, the available

data effectively allow the modelling of salinity transport as well as groundwater

accessions.

Input data to account for salinity transport

Salinity transport is dependent on flow and upstream salinities (Jakeman et al., 1986).

The time taken for salt to travel from one location to another is a function of flow.

Salinity travel times at various flows between a number of locations in the South

Ausralian reaches of the Murray were provided by the EWS (table 3.36). In order to

obtain 14 day forecasts of salinity at Murray Bridge, the salinity tavel times between a

particular upstream location and Murray Bridge have to be greater than 14 days. In
accordance with Table 3.36, the salinity travel time from Mannum to Murray Bridge is

40 days at a flow of 4000 MUday and 14 days at a flow of 6500 MUday.

Consequently, in order to cater for the range of flows from 4000 Ml/day to 6500

MUday, salinities from Mannum at lags 1, 2,3, ...,27 have to be included in the input

set to obtain 14 day forecasts of salinity at Murray Bridge (i.e. at time t+13). Once the

flow exceeds 6500 M[-/day, the salinity travel times from Mannum to Murray Bridge are

less than 14 days, so that salinities from a site upstream of Mannum are required to
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produce a L4 day forecast at Murray Bridge. The lags of the salinities required from

various upstream locations to produce 14 day forecasts at Murray Bridge at various

flows are summarised in Table 3.37. The corresponding lags of the initial model inputs

chosen are also shown in Table 3.37. It should be noted that the lags used as model

inputs were slightly greater than those suggested by the salinity travel times to ensure

that all significant inputs were included. It should also be noted that salinity values at

Mannum were used at two-daily intervals in an attempt to reduce the total number of

inputs. This is reasonable, as salinity travel times from Mannum to Murray Bridge are

greater than 14 days at periods of low flow, during which changes in salinity occur

slowly. In addition to the inputs shown in Table 3.37, salinities at Murray Bridge at lags

1,2,3, ..., lJ were included to give an indication of the short term trend of salinity at

Murray Bridge. The choice of a maximum lag of 17 was arbitrary.

Flows at Lock 1 were chosen to model salinity transport, as this is the flow record

closest to Murray Bridge. Close inspection of the plot of flow at Lock 1 Lower versus

salinity at Murray Bridge (Figure 3.42) indicates that the major variations in flow lead

the major variations in salinity by approximately 18 days. Consequently, it was decided

to include flows at lags -23, -22, -21,.-., -I2, -I1, which are centred around the lead

time of 18 days (i.e. lag -17). The total number of flow inputs was chosen to cover a

reasonable range of flows. Future values of flow can be obtained using an existing flow

forecasting model (Water Studies Pty,. Ltd., 1992). However, in this study, the actual

values of future flows were used.

Table 3.36: Approximate Salinity Travel Times

Flow

(MUday)

Travel time (days)

Loxton

to

Waikerie

Waikerie

to

Morgan

Morgan

to

Mannum

Mannum

to

Murray Bridee

Total

4000

6500

N/A
N/A

N/A

N/A

N/A
N/A

40.0

14_0

40.0

14.0

7000

16000

N/A

N/A

N/A
N/A

26.0

10.0

12.5

4.0

38.5

14.0

17000

21000

N/A

N/A

2.5

2.5

9.5

8.0

4.0

3.5

16.0

14.0

22000

30000+

4.5

3.0

2.5

2.0

8.0

7.0

3.0

2.5

18.0

14.5
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Table 3.37: Lags of Salinity Inputs Chosen to Cater for Salinity Transport

Input data to account for groundwater accessior¡s

As discussed in Section 3.3.3, groundwater accessions are a function of flow and river

level. No information was available to suggest which lags of flows and river levels are

critical. It was therefore decided to include level data at all available locations (with the

exception of Overland Corner) atlags 1,6, and 11, in order to cover a time span that is

reasonable without having too many model inputs. Future values of level data Qags -19,

-14 and -9) were included at Overland Corner to see whether future values of level are

significant It should be noted that future values of level could only be obtained at

Overland Corner and Lock I Lower, as rating curves exist at these locations, relating

flow to river level, so that flow forecasts can be used to obtain level forecasts. As with

the level data, the flow inputs were chosen to cover a reasonable time span. Flow data

at Lock 1 at lags -9, -4, ...,36,41 and at Overland Corner at lags -9, -4,..., 16, 2l were

included in the initial training / æsting set.

The initial model inputs chosen (training / æsting set 07), as discussed above, are

summa¡ised in Table 3.38. The total number of inputs chosen was 141. The only

network ouþut chosen was that of salinity at Murray Bridge at lag -13-

Site Lags of salinity required for 14 day

forecasts at Murray Bridce

Lags of salinity chosen as

model inputs

Mannum

Morgan

Waikerie

Loxton

1,2 ,,
tt

27

261,2

1,2,3
r.2. ....5

1,3, 5, .-.,33

1,2,3,...,31
r,2,3,..., 1 1

7,2,3,..., I 1
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Table 3.38: Training / Testing Sets Used

3.5.2.2 Choice of Internal Parameters and Network Geometry

Choosing a successful network geometry is highly problem dependent. As discussed in

Section 2.I.8.3, Maren et al. (1990) suggest using 2 hidden layers when the outputs

need to be continuous functions of the inputs. Consequently, it was decided to use 2

hidden layers. Guidance as to how many hidden layer nodes should be used is given by

several authors, as discussed in Section 2.1.8.3. A number of these guidelines (e.g.

Baum and Haussler, 1989; Weigend et al., 1990) relate network size to the number of

training samples available. However, as pointed out by Chakraborty (1992), such

methods are too restrictive when a small number of training samples are available, as is

rhe case here. Hecht-Nielsen (1987) suggests an upper limit of 2NI+1 hidden layer

nodes, where NI is the number of inputs. However, in many practical applications, the

optimum number of hidden layer nodes was found to be considerably less (e.g. DeSilets

Training / testing

set 07

Training / testing

ser 08

Training / testing set

09

Training /
set 1

testrn g
Þ

0

Variable /

Location

(days Total

No.

Lags (days) Total

No.

Lags (days) Total

No.

Lags (days) Total

No.

SMB

SMN

SMO

SWE

SLO

FLlL

FOC

LMB

LMN

LLlU
LLIL
LMO

LWE

LOC

LLO

Ir2, ...,16

1,3, ---,33

r,2,...,3r
1,2, .-.,11

1,2, ...,ll
-23, --., -ll
-9, -4, --,41

-9, -4, -.,21

1,6, 11

1,6, 11

1,6, 11

1,6, 11

1,6, l1
1,6, 11

-19, -14, -9

1.6. 11

l6
I7

3l
ll
11

13

11

7

3

3

3

3

3

3

3

3

1, 3, .-., 9

1' 3, ..., 15

1,2,3
l, 2, -..,'l
1,2, ...,6
-23, ..., -20

-9, -4, -., -6

4l
-9, -4, ..,2r
1, 6, 11

1,6,11
1, 6, 11

,6, 11

,6, 11

,6, 11

19, -I4, -9

,6, 11

1

I

1

5

8

3

7

6

4

4

1

7

3

3

3

3

3

3

3

3

1,2,3,4
1, 3, ..-, 15

1,2,3

1,2,3

1,2, ...,5

-15, -13, .., -1

1, 3, ..., l5

11, 16

11,16

14, -12, .., -4

3

8

3

3

5

8

I

3

3

6

1, 3, ..., 11

1, 3, ..., 15

1, 3, ..-, 15

1,2, .--,5

1,2, -..,5

-r9, -17, --,'l

-3, -1, , 5

6

8

8

5

5

t4

5

Total

number

t4t 69 5l 51
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et al., 1992)- Maren et al. (1990) indicate that for many applications, the optimum

number of hidden layer nodes has been found to be less than the number of inputs.

Taking the above information into account, it was decided to use 90 nodes in the first

hidden layer. The ratio of frst to second hidden layer nodes used was 3:l in accordance

with Kudrycki (1988). Consequently, 30 nodes were used in the second hidden layer,

resulting in a 14l-90-30-1 network (i.e. 141 inputs, 90 nodes in the first hidden layer, 30

nodes in the second hidden layer and I output).

The internal network parameters include the learning rate (q), momentum (p), epoch

size (e), transfer function, error function, leaming rule and initiat weight distribution.

The default values in the software package, which were determined using the experience

gained from developing back-propagation models for a variety of applications

(NeuralWare, Inc., 1991), were used to train all networks. The default values of the

learning rate and momentum a¡e shown in Table 3.39. The hyperbolic tangent transfer

function, the normalised cumulative delta learning rule, the quadratic error function, as

well as an epoch size of 16, were used. The initial weights were randomly distributed

between +0.1 to -0.1.

It should be noted that different geometries and inærnal parameters were not used, as

the main objective of this stage of the model development process is to determine an

appropriate set of model inputs.

Table 3.39: Default Learning Rates (q) and Momentum Values (p)

Layer Parameter Learn count

0

to

10,000

10,001

to

30,fi)O

30,001

to

70,000

70,001

to

310,ü)0

310,001 +

Ouþut layer n
tr

0.15

0.40

0.075

0.200

0.01875

0.05000

0.00117

0.00313

0.00001

0.00001

Hidden layer2 ïl

lr

0.25

0.40

0.125

0.200

0.03t25

0.05000

0.00195

0.00313

0.00001

0.00001

Hidden layer 1 Tl

p
0.30

0.40

0.150

0.200

0.03750

0.05000

0.00234

0.00313

0.00001

0.00001

3.5.2.3 Training / Testing

In order to make maximum use of the limited data set available, and to investigate the

effect of using different years of data for training and testing on the generalisation ability
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of the network, four networks were trained using training / testing set 07 (Iable 3.38);

each using different years of data for training and testing. In model

SMB_M_A_16_07_88, the data from 1988 were used for testing while the remaining

data were used in the training phase. Similarly, data from 1989 were used for testing in

model SMB_14_A_16_07_89, data from 1990 were used for testing in model

SMB_M_A_16_07_9O and data from 1991 were used for testing in model

SMB_M_A_16_07 _91- In each case, the remaining data were used for training.

The testing interval used was 10,000. When training the four models, less than 50,000

training samples had to be presented to the networks before a plateau was reáched in the

RMSE of the test set. The RMSES at the various stages of learning are shown in

Appendix E. The time taken for each network to process 10,000 training samples was

27 minutes-

The RMSEs, AAPEs and AAEs of the best 14 day forecasts obtained for models

SMB-M-A-16-07-88, SMB-M-A-16-07-89, SMB-M-A-1,6-07 -90 and

SMB_M_A_16_07 _gl are shown in Table 3.40. It can be seen that the performance of

the models is generally good, with a RMSE of 53.3 EC units, an AAPE of 7 -5Vo, and an

AAPE of 38.3 EC units, averaged over the 4 years. However, model performance is

significantly influenced by the data used for training and the data used for testing- The

best forecast was obtained for 1988 with a RMSE of 47.7 EC units, while the worst

forecast was obtained for 1989 with a RMSE of 57-8 EC units-

Table 3-40: Best L4Day Forecasts Obtained for the Various Training / Testing Sets

Training / testing

set

Performance

measure

Year predicted Average

1988 1989 1990 1991

o7

RMSE (EC units)

A.ÃPE (7.)

AAE (EC units)

47.7

5.3

33.0

57.8

8.0

37.9

50.0

8.6

37.6

57.7

8.2

M.5

53.3

7.5

38.3

08

RMSE (EC units)

AAPE, (Vo)

AAE (EC units)

M.4

5.1

3r.4

49.3

6.4

3r.3

44.5

7.4

32.3

52.0

7.O

37.7

47.6

6.5

33.2

09

RMSE (EC units)

AAPE. (Vo)

AAE (EC units)

42.6

4.8

3r.2

55.3

6.5

32.3

45.2

7.5

32.6

44.4

6.6

33.8

46.9

6.4

32.5

10

RMSE (EC units)

AAPE (Vo)

AAE (EC units)

M.8

5.3

31.0

49.3

6.8

32.4

M.5

7.0

32.2

45.8

6.5

34.O

46.1

6.4

32.4
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3:5.2.4 Sensitivity Analysis

Although ANNs belong to the clæs of data driven approaches, it is important to keep

the number of inputs, and hence the size of the network, to a minimum, as larger

networks take longer to train, require more data to efficiently estimate the connection

weights and have an increased number of local minima in the error surface. A sensitivity

analysis was ca¡ried out using models SMB_M_A_16_07_88, SMB_M_A_16_07_89,

SMB-M_A-16-07_90 and SMB_M_A-16 -07_91 to determine the relative significance

of each of the model inputs, with the aim of deleting those inputs that do not have a

signif,rcant effect on model performance. In order to determine which inputs to retain

and which inputs to delete, plots of the sensitivities of the inputs were inspected. A
typical plot of the relative significance of the salinity inputs at Mannum is shown in

Figure 3.76. No fxed level was used to distinguish between significant and non-

significant inputs. The sensitivities were used as a guide to decide which inputs to retain

and which to delete by applying some degree of judgement. In the case of salinity at

Mannum, the inputs at lags l, 3, ..., 15 were deemed to be significant and were retained

for training / testing set 08 (fable 3.38).

15

5

0

Lags of inputs

Figure 3.76: Typical Sensitivities of Salinity Inputs from Mannum

The plots of the sensitivities for the remaining salinity inputs and the flow inputs (not

shown here) were also inspected, and appropriate changes made to training / testing set

07 (Table 3.38). It should be noted that the frequency of the inputs of salinity at Murray
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Bridge was reduced to alternate days in an attempt to reduce the number of inputs. No

changes were made to the level inputs, so that the effects of changing the salinity and

flow inputs could be assessed. The total number of inputs was reduced from 141 to 69-

The effect of using training / testing set 08 was assessed in models

SMB_M_A_17_08_88, SMB_M_A_17_08_89, SMB_M_A_17-08-90 and

SMB_M_A_17_08_91. Using the guidelines described above, the network geometry

was chosen to be 69-45-15-1. The testing interval used was 5,000. When training the

four models, a plateau in the RMSE of the test set was reached after the presentation of

approximately 50,000 training samples. It should be noted that the connection weights

were re-initialised before training commenced in order to get an indication of the total

time taken for training networks of different sizes. The RMSEs at the various stages of

leaming are shown in Appendix E- By reducing the network size from 141-90-30-1 to

69-45-15-I, the time taken to process 10,000 training samples was reduced from 27

minutes to 7 minutes. In addition, the RMSE, averaged over the four models, was

reduced from 53.3 EC units to 47.6 EC units, the AAPE, averaged over the 4 models,

was reduced from 7 -5% to 6-5Vo and the AAE, averaged over the 4 models, was

reduced from 38.3 EC units to33.2 EC units (Table 3'40)-

A sensitivity analysis, similar to that described above, was carried out using models

SMB_M_A_17_08_88, SMB_M_A_17_08_89, SMB_M_A_17_08_90 and

SMB_M_A_17_08_91. The resulting changes made to training / testing set 08 are

shown in Table 3.38 (training / testing set 09). It should be noted that all flows at Lock

1 were removed, as they are very similar to flows at Overland Corner. Additional level

data were included at Munay Bridge and Overland Corner, and the frequency of these

inputs was reduced from 5 days to 2 days. The total number of inputs was reduced

from 69 to 51.

The effect of using training / testing set 09 was assessed in models

SMB-M-A-I8-09-88, SMB-M-A-I8-09-89, SMB-M-A-I8-09-90 and

SMB_M_A_18_09_91. Using the guidelines described above, the network geometry

was chosen to be 51-45-15-1. The testing interval used was 5,000. When raining the

four models, a plateau in the RMSE of the test set was reached after the presentation of

approximately 50,000 training samples. The RMSEs at the various stages of leaming

are shown in Appendix E. By reducing the network size from 69-45-15-l to 51-45-15-

1, the time taken to process 10,000 training samples was reduced from 7 minutes to 6

minutes. In addition, the RMSE, averaged over the four models, was reduced from 47.6

EC units to 46.9 EC units, the AAPE, averaged over the 4 models, was reduced from
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6.57o to 6.47o and the AAE, averaged over the 4 models, was reduced from 33.2 EC

unirs to 32.5F;C units (Table 3.40).

Inspections of the data plots of the input time series (shown in Section 3.3.3.1) were

used in conjunction with sensitivity analyses carried out on models

SMB_M_A-I8-09-88, SMB-M-A-I8-09-89, SMB-M-A-I8-09-90 and

SMB_M_A_18_09_91 to adjust training / testing set 09. The number of inputs of

salinity at Murray Bridge, Morgan and Waikerie, as well as flow at Overland Corner

were increased. All level data, with the exception of levels at Lock I Lower, were

removed, as there appears to be a strong correlation between the level data at all

locations. The changes made to training / testing set 09 are shown in Table 3.38

(training / æsting set 10). The total number of inputs used remained at 51-

The effect of using training / testing set 10 was assessed in models

SMB_M_A_I8_10-88, SMB_M_A-I8-10_89, SMB_M_A_I8-10_90 and

SMB M A 18 10 91. The inærnal network parameters and geometry were identical

to those used for models SMB M_A_18_09_88, SMB_M_A_18_09_89,

SMB M A 18 09 90 and SMB M A 18_09_91. The testing inærval used was

5,000. 'When training the four models, a plateau in the RMSE of the test set w¿rs

reached afær the presentation of approximately 50,ü)0 training samples. The RMSEs at

the various stages of learning are shown in Appendix E- By using training / testing set

l0 instead of training / testing set 09, the RMSE, averaged over the four models, \ryas

reduced from 46.9 EC units to 46.1EC units, the AAPE, averaged over the 4 models,

remained constant at 6.4 Vo and the AAE, averaged over the 4 models, was reduced

from 32.5 EC units ro 32.4 EC units (fable 3.40). The best forecast w¿rs obtained for

1990, with an RMSE of M.5 EC units , and the worst forecast was obtained for 1989,

with an RMSE of 49.3 EC units. It is interesting to note that the difference in the

RMSEs between the best and the worst forecasts obtained using uaining / æsting set 10

(i.e. 4.8 EC units) is considerably less than that obtained using training / testing set 07

(i.e. l0.l EC units), indicating that the generalisation ability of the models trained with

training / testing set 10 is considerably better. One of the reasons for this could be

associated with the diffrculty of finding near-optimum local minima in the error surface

for larger networks.

It should be noted that there is some disagreement between the three performance

measures (i.e. RMSE, AAPE and AAE) as to which of the models performs the best for

any particular year of æsting (Table 3.40). In addition, when considering the RMSEs of
the various models, the best forecasts for the different years are obtained using different

input sets (Table 3.40). However, when the RMSEs, AAPEs and AAEs are averaged
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over the 4 years used for forecasting (i.e- 1988-1991), the three perforrnance measures

are in agreement, and there is an increase in performance from training / testing set 07 to

training / testing set 10. This highlights the fact that the data used for training and for

testing can have a significant effect on the results obtained, and stresses the importance

of obtaining independent forecasts for a number of years, so that the generalisation

ability of the models can be accurately assessed.

It was decided to adopt training / testing set 10, as it produced the best 14 day forecasts

of the training / testing sets considered and, judging from the consistency of the results

obtained using uaining / testing sets 08, 09 and 10, it seems unlikely that further

changes in the training / testing set would result in significant improvements in

generalisation ability or training speed.

By inspecting training / testing set 10, it can be seen that the lags of the salinity inputs

that were found to be signihcant (Table 3.38) are in good agreement with the inputs

suggested by the salinity travel times measured by the EWS (fable 3.31). Fewer model

inputs were found to be significant at Mannum and Morgan than the salinity travel times

would suggest. However, salinities from these locations are used to obtain forecasts at

Murray Bridge at times of low flow, when changes in salinity are small. Consequently,

if the salinities at greater lags are not signifrcantly different from those at smaller lags,

they do not provide any new information a¡rd are not required by the model. The

salinity inputs that were found to be significant at Waikerie and Loxton are in excellent

agreement with the saliniry úavel times.

The performance of the models trained with the different input sets indicates that flow

and level inputs are only required from one location, although saline groundwater

inflows occur all along the river. This suggests that the flows and levels at one location

are indicative of those at all other locations, and that the relationship between river level,

flow and saline accessions is similar along the length of the river.

3.5.2.5 Effect of the Number of Ouþuts

The effect of including multiple network outputs was assessed in models

SMB-M-A-19-1 1-88, SMB-M-A-19-11-89, SMB-M-A-19-11-90 and

SMB_M_A_19_11_91, which are identical to models SMB-M-A-I8-10-88,

SMB_M_A_18_10_89, SMB_M_A-18-10-90 and SMB-M-A-18-10-91, with the

exception of the inclusion of additional outputs at lags -1, -3, -5, -7, -9 and -11.
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The testing interval used was 5,000. When training the four models, less than 50,000

training samples had to be presented to the networks before a plateau was reached in the

RMSE of the test set. The RMSEs at the various stages of learning are shown in

Appendix E. The time taken for the networks to process 10,000 training samples

remained at 6 minutes.

The RMSEs, AAPEs and AAEs of the best 14 day forecasts obtained are shown in

Table 3.41. It can be seen that the inclusion of additional inputs did not have a

signif,rcant impact on overall model performance.

Table 3.41: Results Obtained Using a Different Number of Outputs

Number of

outputs

Performance

measure

Year predicted Average

1988 1989 1990 t99t

7

RMSE (EC units)

AAPE go)

AAE (EC units)

41.0

4.7

28.9

48.4

7.r

34.5

46.4

8.3

33.9

48.4

6.8

37.8

46.r

6.7

33.8

1

RMSE (EC units)

AAPE (Eo)

AAE GC units)

M.8

5.3

31.0

49.3

6.8

32.4

44.5

7.0

32.2

45.8

6.5

34.O

46.t

6.4

32.4

3.5.2.6 Results / Discussion

Plots of the 14 day forecasts obtained using models SMB_M_A_18_10_88,

SMB_M_A_18_10_89, SMB_M_A_18_10.90 and SMB M A 18 l0 9l are shown

in Figures 3.77 to 3.80. It can be seen that the forecasts obtained are very good, as they

forecast all major variations in salinity without appreciable lag. Some of the small pea}s

in salinity were not predicted. However, these a¡e not significant and might be due to

large saline accessions other than groundwater inflows (e.g. saline inflows from

irrigation drains), for which no data are available. tn addition, most of these peaks

occur at times of high flow, during which salinities at locations further upstream (e.g.

Loxton) are required to produce 14 day forecasts at Munay Bridge. However, at sites

further upstream, most variations in salinity are less pronounced or even absent, as

discussed in Section 3.3.3.1, making it difficult to forecast them.

The models underestimate the maximum value of some of the major peaks in salinity.

However, this is not crucial, as the absence or presence of a major peak provides

suff,rcient information for the adjustment of the pumping schedules.



Chapter 3: Saliniry Forecasting in the River Murray 215

at)

=c
:f
()
LU

>
'.-_

õ
Ø

1 000

900

800

700

600

500

400

300

200

100

0

900

800

700

600

500

400

300

200

100

0

Actual

Predicted

0 183

Time (days)

Actual

Predicted

183

Time (days)

366

366

Figure 3.77: Best 14 Day Forecast of Salinity at Murray Bridge for 1988 - Model
SMB_M_A_I8_10_88
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Figure 3.78: Best 14Day Forecast of Salinity at Murray Bridge for 1989 - Model
SMB_M_A_18_10_89
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Figure 3.79: Best 14Day Forecast of Salinity at Murray Bridge for 1990 - Model
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Figure 3.80: Best 14 Day Forecast of Salinity at Murray Bridge for 1991 - Model
SMBMAIS109I

The predictive ability of the models is generally worse in the latter portion of each

year. This may be attributed to the fact that these time periods follow periods of high
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flow (Figures 3.42 and 3.43)- As discussed in Section 3.2.1-I, the mechanisms by

which salt enters the river are different after the passing of the flood hydrograph, and

the available input data does not cater for some of these'

3.5.3 Investigation of the Effects of Internal Parameters and Network
GeometrY

3.5.3.1 Introduction

One of the most diffìcult, and least understood, tasks in the design of back-propagation

networks is the choice of adequate internal network parameters and an appropriate

network geometry. Although some guidance is available for choosing appropriate

network parameters and geometries (Section 2.1.8-3), they generally have to be

determined using a trial and error approach-

Network parameters and network geometry can have a signihcant impact on the way

networks learn, as indicated in Figure 3.81. The network outputs obtained, for a given

set of inputs, depend on the values of the connection weights, the transfer function and

network geometry. The predicted outputs are then compared with the actual (desired)

outputs using an error function. The global error function (EG(t)) most commonly used

is the quadratic error function (Equation 2-15)-

The connection weights are then adjusted using a form of the generalised delta leaming

rule in an attempt to reduce the error function. The amount by which each connection

weight is adjusted depends on the learning rate (r1), the momentum value (p), the epoch

size (e), the derivative of the transfer function and the node output.

In this section, the effects of the inærnal parameters and network geometry on leaming

speed and generalisation ability are investigated for the case study under consideration.

The objectives of this study include:

1. To gain a better understanding of the impact of the inærnal parameters and network

geometry on learning speed and generalisation ability-

2. To obtain the "optimum" int€rnal parameters and network geometry for the case

study under consideration.

3. To investigate the generalisation ability of back-propagation networks at various

stages of learning, especially as they approach a local minimum in the error surface,

under a wide range of operating conditions-

4. To try and develop some guidelines for optimising network performance, which can

be used for other case studies.
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Figure 3.81: Summary of the Back-Propagation Training
Process

3.5.3.2 Method

In each set of tests, one parameter was varied and all other pa¡ameters were kept

constant in order to assess the effect of changes in the parameter investigated only.

Cross-validation was used to assess the generalisation ability of the networks at various

stages of learning. Data from 1987, 1989, 1990 and 1991 were used for training, while

Examples of the desired input / output
mapping are chosen (training set)

The first example of the training set is

presented at the input layer

The information flows through the
network from the input layer to the output

layer via the hidden layers. The output
produced is a function of network

geometry, the value of the connection
weights and the transfer function.

The error between the predicted and actual
ouþuts is calculated using an error function

The weights are adjusted using a leaming
rule. The amount each connection weight

is changed is a function of the learning
rate, momentum value, epoch size,

derivative of the transfer function and

node output.

The next example of the training set is
presented at the input layer
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data from 1988 were used to test the performance of the models at different stages of
' learning. The 1988 data were used for testing, as all salinity, flow and level values in

that year (the test set) lie between the values of the other years (the faining set), and

good forecasts were obtained for 1988 in Section 3.5.2. It should be noted that all plots

of RMSEs at various stages of learning shown in this section were obtained using the

test set.

An epoch size (e) of 5, a momentum value (p) of 0.6, a leaming rate (q) of 0.005, the

hyperbolic tangent transfer function, the normalised cumulative delta learning rule

(NCDE) and the standard (quadratic) error function were used unless stated otherwise.

The number of nodes used in the first hidden layer was 45 and the number of nodes used

in the second hidden layer was 15 unless stated otherwise. Training / testing set 10 was

used to train all models.

3.5.3.3 Effect of Internal Parameters on Network Performance

In this section, the effects of the epoch size, momentum, learning rate, transfer function,

error function and initial weight distribution on training speed and generalisation ability

were investigated.

Epoch size

As discussed in Section 2,1.8.5, the epoch size (e) is defined as the number of training

samples presented to networks between weight updates. Using larger epoch sizes may

speed up learning, as each weight update works more towards reaching the global

minimum in the error surface (NeuralWare, Inc., 1991). However, this advantage may

be lost if the epoch size is too large, as many more calculations need to be ca¡ried out

for a single update. The normalised cumulative delta rule (NeuralWare, Inc., 1991) was

used for this series of tests.

Epoch sizes of 5, 10, 16,35,85, 180,365 and 1671 were used inthis series of tests. It

should be noted that an epoch size of 365 was used as there is a yearly cycle in the data,

and an epoch size of 1671 was used as that is the number of samples in the training set.

Initiatly, a learning rate (n) of 0.005 and a momentum (p) of 0.6 were used. The

models developed include model SMB-M-A-20-10-88 (e = 5), model

SMB-M-A-21-10-88 (e = 10), model SMB-M-A-22-10-88 (e = 16), model

SMB-M-A-23-10-88 (e = 35), model SMB-M-A-24-10-88 (e = 85), model

SMB_M_A_25_10-88 (e = 180), model SMB-M-A-26-10-88 (e = 365) and model

219
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SMB_M_A_27_10_88 (e = 1671). Details of the network parameters and geometries

used for the various models are summarised in Appendix D.

The RMSEs at the va¡ious stages of learning a¡e shown in Figures 3.82 and 3.83 and in

Appendix E. The RMSEs of the best 14 day forecasts and the learn count at which they

were obtained are shown in Table 3-42. It can be seen that for the training set used:

. There is no signihcant difference between the best forecasts obtained using different

epoch sizes.

. l-earning speed is much greater for the networks using smaller epoch sizes.

. There is a steady decrease in the RMSE for all networks until a local minimum

"plateau" in the error surface is reached.

Table 3.42: Best Results for Models With Various Epoch Sizes (q = 0.005, tr = 0.6)

Model Epoch size (e) RMSE (EC units) [.earn count

SMB M A2O 10 88 5 42.0 105,000

SMB M AzL IO 88 10 42.2 150,000

SMB M A22 10 88 l6 42.2 175,000

SMB M 423 IO 88 35 42.3 320.000

SMBMA24 1088 85 42.4 400.000

SMB M 425 10 88 180 42.6 555,000

SMB M ¡^26 10 88 365 42.5 800.000

SMB M A27 10 88 167r 42.3 1.87r.520

Figure 3.84 indicates that fewer weight updates have to be performed to reach the local

minimum when larger epoch sizes are used. However, as explained in Section 3.3.4.I,

the error term used in the weight updaæ equation by the normalised cumulative delta

learning rule is equal to the individual errors produced by each training sample summed

over one epoch, divided by the square root of the epoch size. Consequentþ, the size of
the error term used is proportional to the square root of the epoch size, resultittg irt

bigger changes in the connection weights per update for networks with bigger epoch

sizes. In other words, for a given error, networks using larger epoch sizes may be

considered to have larger "effective learning rates".
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In order to obtain a fair comparison between the number of weight updates performed

to reach the local minimum in the error surface for various epoch sizes, the number of

weight updates performed have to be normalised by multiplying the number of weight

updates by the square root of the epoch size. The plot of RMSE vetsus normalised

number of weight updates for epoch sizes of 16 and 365 (Figure 3.85) shows that the

normalised number of weight updates required to reach the local minimum in the error

surface is the same regardless of epoch size. This indicates that for the training set

considered, using a large epoch size does not contribute any more towalds reaching the

global minimum in the error surface than using a small epoch size. Consequently

learning speed is much faster for networls with smaller epoch sizes, as the time taken to

perform one weight update is considerably less.

The bigger steps in weight space taken by the networks with larger epoch sizes also

account for the larger variations in the RMS prediction errors obtained for these

networks (Figure 3.82).
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The above tests were repeated using a learning rate of 0.1 (instead of 0.005), in order to

assess whether the effect of different epoch sizes is the same irrespective of the leaming

rate used. The models developed include model SMB_M_A_28_10_88 (e = 5), model

SMB_M_A_29_10_88 (r = 10), model SMB_M_A_30_10_88 (e = 16) and model

SMB_M_A_31_10_88 (e = 35). It should be noted that for networks with epoch sizes

greater than 35, the transfer functions saturated and learning ceased as a result of the

large steps taken in weight space. Details of the network parameters and geometries

used for the various models are summarised in Appendix D.

The RMSEs at the various stages of learning are shown in Figure 3.86 and in Appendix

E. The RMSEs of the best 14 day forecasts and the learn count at which they were

obtained are shown in Table 3.43- As can be seen, the results are not as informative as

those obtained with learning rates of 0.fi)5 as:

. Networks could only be trained for a very narrow range of epoch sizes.

. The behaviour of the networks was less controlled as a result of the large steps

taken in weight space, resulting in a larger variation in the best RMS prediction

errors obtained for the various epoch sizes, as indicated in Table 3-43. In addition,

continued training resulted in divergent behaviour (Figure 3.86).

-16

- 
365
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Table 3.43: Best Results for Models With Various Epoch Sizes (q = 0.1, F = 0-6)

Model Epoch size (e) RMSE (EC units) læarn count

SMB_M_A_28_10_88 5 41.0 20,000

SMB_M_A_29_10_88 10 39.9 55,000

sMB M_A_30_10_88 l6 39.8 45,0(X)

SMB_M_A_31_10_88 35 42.6 30,000

Models SMB-M-A-20-10-88 and SMB-M-A-26-10-88 were re-trained using a

momentum value of 0.05 (rather than 0-6) in order to assess whether the effect of

different epoch sizes was the same regardless of the momentum value used. An epoch

size of 5 was used for model SMB-M-A-32-10-88 and an epoch size of 365 was used

for model SMB-M-A-33-10-88 (Appendix D)-

The RMSEs at the various stages of learning are shown in Figure 3.87 and in Appendix

E. The RMSEs of the best 14 day forecasts and the learn count at which they were

obtained are shown in Table 3-44. It can be seen that:

. There is no significant difference between the best forecasts obtained using epoch

sizes of5 and 365.

. l.earning speed is much greater when using the smaller epoch size.

0
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This confirms the results obtained using a momentum value of 0-6 (Models

SMB_M_A_2O_ 1 0-88 and SMB-M-A-26- 1 0-8 8).
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Figure 3.87: RMSE at Different Stages of l-earning for Various Epoch Sizes (q = 0.005,

F = 0'05)

Table 3.44: Best Results for Models With Various Epoch Sizes (n==0.1, p=0.05)

Model Epoch size (e) RMSE (EC units) l.earn count

SMBMA32 1088 5 42.3 225,000

SMBMA33 1088 365 42.4 1.840.000

Momentum and Learning Rate

A number of models were developed (Iable 3.45) to assess the effect of learning rate

and momentum on network performance. An epoch size of 16 was used in each case.

Details of the network parameters and geometries used for the various models are

summarised in Appendix D.

0
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Table 3.45: Summary of Models Developed For Assessing the Effects of Different
l.earning Rates and Momentum Values

Model Momentum (¡r) I-earning rate (t'¡)

sMB M_A_34_10_88 0.05 0.005

SMB_M_A_38_10_88 0.05 0.02

sMB M A 39_10_88 0.05 0.1

SMB_M_A_40_10_88 0.05 0.2

sMB M A 35_10_88 0.4 0.005

SMB_M_A_41_10_88 0.4 0.02

SMB_M_A_42_10_88 0.4 0.1

SMB_M_A_43_10_88 o.4 0.2

sMB_M_A_22_10_88 0.6 0.005

SMB_M_A_44_10_88 0.6 0_02

sMB M_A_30_10_88 0.6 0.1

SMB_M_A_45_10_88 0.6 0.2

SMB_M_A_36_10_88 0.8 0.005

SMB_M_A_46_10_88 0.8 0.02

SMB_M_A_47_10_88 0.8 0.1

SMB_M_A_48_10_88 0.8 o.2

SMB_M_A_37_10_88 0.9 0.005

SMB_M_A_49_10_88 0.9 0.o2

SMB_M_A_50_10_88 0.9 0.1

A. Momentum

The inclusion of the momentum term has the effect of adding a proportion of the

previous weight change to the current weight change during training (Equation 2.27). A

positive momentum value provides a built-in inertia, allowing a small learning rate but

faster learning.

Initially, the effect of using momentum values (p) of 0.05, 0.4, 0.6, 0.8, and 0.9 was

investigated at a constant leaming rate of 0.005. The RMSEs at the various stages of

learning are shown in Figure 3.88 and in Appendix E. The RMSEs of the best 14 day

forecasts and the learn count at which they were obtained are shown in Table 3.46. It
can be seen that for the training set used:

. There is no significant difference between the best forerasts obtained using networks

with various momentums-



228 Chapter 3: Salinity Forecasting in the River Muruay

The learning speed is much greater for networks using larger momentums.O

However, as indicated by the results obtained using model SMB-M-A-37-10-88
(Figure 3.88, p = 0.9), if large momentums are used, divergent behaviour might occur

with continued training.

Learning rate=O.005, Epoch size=1 6

0 100000 200000 300000 400000 500000

Learn Count

Figure 3.88: RMSE at Different Stages of læarning for Various Values of Momentum
(n = o.oos)

Table 3.46: Best Results for Models With Various Values of Momentum (n = 0.005,

e= 16)

Model Momentum (tr) RMSE (EC units) læarn count

sMB M A_34_10_88 0.05 42.3 455.000

SMB_M_A_35_10_88 0.4 42.6 270,000

sMB M A_22_10_88 0.6 42.2 175.000

SMBMA36 1088 0.8 42.4 90,000

SMB M A37 10 88 0.9 42.2 45,000

The above models (SMB-M-A-34-10-88, SMB-M-A-35-10-88,

SMB_M_A_22_10_88, SMB-M-A-36-10-88 and SMB-M-A-37-10-88) were re-

trained using different learning rates (q = 0.02, 0.1 and 0.2), in order to assess whether

the effect of different momentum values was the same irrespective of learning rate- The

models developed are summarised in Table 3.45-
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It should be noted that divergent behaviour occurred during training when a leaming

rate of 0.1 was used in conjunction with a momentum value of 0.9 (model

SMB_M_A_50_10_S8) as well as when a learning rate of 0.2 was used in conjunction

with a momentum value of 0.8 (model SMB-M-A-48-10-88). This indicates that as

the learnin E fate increases, divergent behaviour starts to occur at lower momentum

values.

The RMSEs at the various stages of learning are shown in Figure 3.89 for the models

using a learning rate of 0.1 and in Appendix E for atl models. The plots for the models

using learning rates of 0.02 and 0.2 (not shown here) are very similar to that for the

model with a learning rate of 0.1. The RMSEs of the best 14 day forecasts and the learn

count at which they were obtained are shown in Tables 3-47 to 3.49.
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Table 3.47: Best Results for Models With Various Values of Momentum (n = 0.02,
e= 16)

Model Momentum (lr) RMSE (EC units) læarn count

SMBMA331088 0.05 42.0 115,000

SMBMA41 1088 0.4 41.9 80,000

SMBMA44 IO88 0.6 42.6 45,000

SMBMA46 1088 0.8 4r.6 45.m0

SMBMA49 1088 0.9 42.4 15,m0

Table 3.48: Best Results for Models With Various Values of Momentum (q = 0.1,

e= 16)

Model Momentum ([r) RMSE (EC units) l-earn count

SMBMA39 IO88 0.05 41.5 50.000

SMBMA42 IO88 0.4 40.t 45,000

SMBMA30IO88 0.6 39.8 45,000

SMBMA4T1088 0.8 40.6 45.000

Table 3.49: Best Results for Models V/ith Various Values of Momentum (rì = 0.2,

e= 16)

Model Momentum (tr) RMSE (EC units) l-earn count

SMBMA40IO88 0.05 44.r 45.000

SMBMA43 IO88 0.4 39.3 100.m0

SMB_M_A_45_10_88 0.6 39.5 30.000

In general the results indicate that the networks learn much faster when higher values of

momentum are used, and that the best prediction obtained is independent of momentum.

This is in agreement with the results obtained using models SMB_M_A_34_10-88,

SMB_M_A_35_10_88, SMB-M_A_22_10_88, SMB_M-A-36-10-88 and

SMB_M_A_37_10_88. However, as the learning rate was increased, the behaviour of
the networks was less controlled as a result of the large sûeps taken in weight space-

Consequently, the va¡iations in the best RMS prediction errors obtained for the various

values of momentum were larger, as indicated in Tables 3.47 to 3.49. In addition, the

oscillations of the RMS prediction error were larger, as shown in Figure 3.89.
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Models SMB_M_A_34_10_88 and SMB-M-A-22-IO-88 were re-trained using epoch

sizes of 5 and 365 (rather than 16), in order to assess whether the effect of different

momentum values was the same regardless of epoch size. A momentum value of 0.05

was used for model SMB_M_A_32_10_88 and a momentum value of 0-6 was used for

model SMB_M_A_20_10_88. An epoch size of 5 was used for both models. A

momentum value of 0.05 was used for model SMB-M-A-33-10-88 and a momentum

value of 0.6 was used for model SMB-M-A-26-10-88. An epoch size of 365 was

used for both models. All other parameters used were the same as in models

SMB_M_A_34_10_88 and SMB_M_A_22_10_88. Details of the network parameters

and geometries used for the various models are summarised in Appendix D.

The RMSEs at the various stages of learning are shown in Figures 3.90 to 3.92 and in

Appendix E. The RMSEs of the best 14 day forecasts and the learn count at which they

were obtained are shown in Tables 3.50 to 3.52. It can be seen that regardless of epoch

STZE:

a

a

There is no significant difference between the best forecasts obtained using

momentums of 0.05 and 0.6.

The learning speed is much greater when using a larger momentum value.

However, as indicated in Figure 3.88, care must be taken to avoid choosing momentum

values that are too large, as divergent behaviour might result.
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Table 3.50: Best Results for Models With Various Values of Momentum (e = 5,

rì = 0'005)
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Figure 3.91: RMSE at Different Stages of Learning for Various Values of Momentum
(e = 16)

Table 3.51: Best Results for Models With Various Values of Momentum (e = 16,

rì = 0'005)

0

Model Momentum (¡r) RMSE (EC units) læarn count

SMBMA32 1088 0.05 42.3 225,000

SMBMA2O1088 0.6 42.O 105,000

+0.6

.--.- 0.05

Model Momentum (u) RMSE (EC units) Learn count

SMBMA34 1088 0.05 42.3 455.m0

SMB M A22 10 88 0.6 42.2 175,000
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Learning rate=O.005, Epoch size=365
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Figure 3.92: RMSE at Different Stages of l-earning for Various Values of Momentum
(e = 365)

Table 3.52: Best Results for Models With Various Values of Momentum (e -365,
tì = 0'005)

Model Momentum (P) RMSE (EC units) læarn count

SMB_M_A_33 10 88 0.05 42.4 1,840,000

SMB_M_A_26_10_88 0.6 42.5 800,0(x)

B. Learning rate

The amount a particular connection weight is changed is proportional to the leaming

rate, q @quation 2-17). The learning rate determines the size of the steps taken in

weight space. The theory of back-propagation requires the use of learning rates which

approach zero (NeuralWare, fnc., 1991). However, very small leaming rates slow

down learning, especially on long, shallow portions of the error surface. On the other

hand, if the learning rates are too big, the network may go through large oscillations

during training or may never converge. Ideally, large learning rates should be used on

long, shallow portions of the error surface and smaller values of the learning rate should

be used on steep sections and near local minima. However, to select the correct

learning rate is difficulr Rumelhart et al. (1986) suggest using learning rates ranging

from 0.05 to 0.75, but within this range, the "optimum" learning rate still needs to be

determined by trial and error. The same applies to determining at which stage during

0
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training to reduce the learning rate and by how much. Although a lot of research has

been carried out on 'optimum' learning rates for a variety of problems, they only serve as

a guide, as the effect of different learning rates is highly dependent on the error surface

in weight space, which varies from problem to problem.

The effect of using the delta-bar-delta algorithm (Jacobs, 1988) (see Section 2.1.8.5)

was also investigated. The delta-bar-delta algorithm assigns individual learning rates to

each weight, which are changed in response to changes in the geometry of the error

surface as learning progresses. The advantages of this method are that it eliminates the

need for guessing the learning rate and increases the convergence speed during training

(NeuralWare, Inc., l99l).

Initially, the effect of using learning rates (n) of 0.005, 0.O2, 0.1 and 0.2 was

investigated at a constant momentum value of 0.05. The RMSEs at the various stages

of learning are shown in Figures 3.93 and 3.94 and in Appendix E. The RMSEs of the

best 14 day forecasts and the learn count at which they were obtained are shown in

Table 3.53. It can be seen that:

. For small learning rates, learning progressed slowly and steadily until a local

minimum in the enor surface was reached.

. As the learning rate was increased, the local minimum in the error surface was

reached more rapidly.

. Once the vicinity of a local minimum was reached, oscillations in the RMS

prediction error occurred. The magnitude of the oscillations was greater for larger

learning rates.

. There is an optimal value of the learning rate (n = 0.1) in terms of the lowest RMSE

reached (Table 3.53). In the vicinity of a local minimum, the slope in the error

surface is usually steep, as indicated in Figure 3.95. When the size of the steps taken

in weight space is small, networks a¡e unable to escape local minima- For example

(Figure 3.95), if the netrvork approaches the local minimum at Ml and is currently at

point A, a small step in weight space might result in the network jumping from point

A to point B. As training progresses, the network will jump from one side of Ml to
the other, and the smallest value that can be obtained is that of Ml. On the other

hand, if the steps taken in weight space are larger, networks are able to escape local

minima and have the opportunity to reach more desirable regions in weight space.

For example, if the size of the step taken in weight space in the above example was

bigger, the network might jump from point A to point D, leading to a much better

result. However, the result obtained is very much dependent on the nature of the

error surface (e.g. steepness of slopes, number of local minima), as well as the size

of the steps taken in weight space. For example, the above network could just as
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easily jump from point A to point C, resulting in an increase in RMSE-

Consequently, when larger steps are taken in weight space, the magnitude of the

oscillations in RMSE are greater, but so are the chances of obtaining better re.sults-

Once the network is in the vicinity of a local minimum, it is basically "pot luck" as to

which result is obtained, depending on the point at which training is stopped and the

network is æsted- Although using larger learning rates enables better solutions to be

found, one would expect that more frequent testing of the network needs to be

carried out to increase the chances of obtaining a good result.

Ca¡e should be taken to ensure that the leaming rate used is not too large, as this might

result in divergent behaviour.
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Momentum=O.05, Epoch size=1 6
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Table 3.53: Best Results for Models With Various l-earning Rates (p = 0.05, e = 16)

Model l-earning rate (n) RMSE GC units) læarn count

SMBMA34 1088 0_005 42.3 455.000

SMBMA331088 0.02 42.O 115.000

SMBMA39 IO88 0_1 41.5 50,ü)0

SMBMA401088 0.2 M.I 45,ü)0

The above models (SMB_M_A_34_10_88, SMB_M_A_38_10_88,

SMB M A 39 10 88 and SMB M A 40_10_88) were re-trained using different

values of momentum (p = 0.4, 0.6, 0.8 and 0.9) in order to assess whether the effect of

different learning rates is the same regardless of momentum. The models developed are

summarised in Table 3.45.

It should be noted that divergent behaviour occurred during taining when a momentum

value of 0.8 was used in conjunction with a learning rate of O.2 (model

SMB_M_A_48_10_88) as well as when a momentum value of 0-9 was used in

conjunction with a learning rate of 0.1 (model SMB_M_A_50_10_88). This indicates

that as the momentum value increases, divergent behaviour starts to occur at lower

learning rates.

+ 0.005
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Figure 3.95: Example of an Error Surface in the Vicinity of Local Minima

The RMSEs at the various stages of learning are shown in Figures 3.96 to 3.99 and in

Appendix E. The RMSEs of the best 14 day forecasts and the learn count at which they

were obtained are shown in Tables 3.54 to 3.57. In general, the results indicate that the

networks learn much faster when higher learning rates ¿Ire used and that better

predictions a¡e obtained at higher learning rates. This is in agreement with the results

obtained when using models SMB-M-A-34-10-88, SMB-M-A-38-10-88'

SMB_M_A_39_10_88 and SMB_M_A_40_10_88. It should be noted that divergent

behaviour occurred with continued training when the size of the steps taken in weight

space was large (i.e. when large learning rates and momentums were used).

The results obtained using model SMB-M-A-43-10-88 (Figure 3.96, learniog râto =

0.2 and Appendix E) illustrate that once the network is in the vicinity of a local

minimum, it is chance whether a good result is obøined and depends on when training is

stopped and the network is tested. As a result of the high learning rate used (q - 0.2),

the vicinity of a local minimum was reached very early (possibly at a learn count of

30,000). Subsequently, large oscillations in the RMSE occurred and, depending on

when the network was tested, a best prediction RMSE of 68.8 EC units or 39.3 EC

units could have been obtained.

A
B
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Figure 3-96: RMSE at Different Stages of Learning for Various læarning Rates

0r = O.¿)

Table 3.54: Best Results When Using Various Learning Rates (p = 0.4, e = 16)

Model læarning rate (n) RMSE (EC units) Learn count

SMBMA35 1088 0.005 42.6 270,000

sMBMA4t1088 0.02 4r.9 80,000

SMBMA42 1088 0.1 40.1 45,000

sMBMA43 1088 0.2 39.3 100,000
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Momentum=0.6, Epoch size=1 6
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(P = o'e)

Table 3.55: Best Results When Using Various Learning Rates (Lr = 0.6, e = 16)

0

Model l,earning rate (n) RMSE (EC units) I-earn count

sMB M A 22_10_88 0.005 42-2 175,ü)0

sMB M_A_44_10_88 o.o2 42.6 45.000

SMB_M_A_30_10_88 0.1 39.8 45,000

sMB M A_45_10_88 0.2 39.5 30,000
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Table 3.56: Best Results When Using Various Learning Rates (p = 0.8, e = l6)

Model l-earnins rate (n) RMSE (EC units) I-earn count

SMB_M_A_36_10_88 0.005 42.4 90,000

sMBM/^46 1088 0.02 4r.6 45,000

sMBMA4T1088 0.1 40.6 45,000
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Momentum=0.9, Epoch size=1 6
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(P = o'g)

Table 3.57: Best Results When Using Various Learning Rates (p = 0.9, e = 16)

Model I-.earning rate (n) RMSE (EC units) I-earn count

SMB_M_A_37_10_88 0.005 42.2 45,000

SMB_M_A_49_10_88 0.02 42.4 15,000

Models SMB_M_A_22_10_88 and SMB-M-A-30-10-88 were re-trained using epoch

sizes of 5 and 365 (rather than 16) in order to assess whether the effect of different

leaming rates is the same regardless of epoch size. A leaming rate of 0.005 was used

for model SMB_M_A_20_10_88 and a learning rate of 0.1 was used for model

SMB_M_A_28_10_88. An epoch size of 5 was used for both models. A learning of

0.005 was used for model SMB-M-A-21-10-88 and a learning rate of 0.1 was used

for model SMB_M-A_29-10-88. An epoch size of 10 was used for both models. A

leaming rate of 0.005 was used for model SMB-M-A-23-10-88 and a learning rate of

0.1 was used for model SMB-M-A-31-10-88. An epoch size of 35 was used for both

models. All other parameters used were the same as in models SMB-M-A-22-10-88

and SMB_M_A_30_10_88- Details of the network parameters and geometries used for

the various models are summarised in Appendix D.

The RMSEs at the various stages of leaming are shown in Figures 3.100 to 3.103 and in

Appendix E. The RMSEs of the best 14 day forecasts and the learn count at which they

0

1- 0.005

----{r- 0.02
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were obtained are shown in Tables 3.58 to 3.61. It can be seen that regardless of epoch

size:

. Using larger learning rates generally results in better predictions (but the result

obtained is highly dependent on when the network is tested as shown when using

model SMB-M-A-3 1-10-88).

. L-earning speed is much greater when using larger learning rates-

. Divergent behaviour occurs if uaining is continued when using the larger learning

rate (i.e. tl = 0.1).
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Figure 3.100: RMSE at Different Stages of l-earning for Various læarning Rates (e = 5)

Table 3.58: Best Results When Using Various [æarning Rates (e = 5, F = 0.6)

-- 0.005

.----{r-0.1

Model Learning rate (n) RMSE (EC units) Learn count

SMB M A2O 10 88 0.005 42.O 105,000

SMB_M_A_28_10_88 0.1 41.0 20,000
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Momentum=O.6, Epoch size=1 0
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Figure 3.101: RMSE at Different Stages of Learning for Various læarning Rates

(e = 10)

Table 3.59: Best Results When Using Various Learning Rates (e = 10, F = 0.6)

0

Model Learning rate (n) RMSE (EC units) læarn count

sMB M A_21_10_88 0.005 42.2 150,000

SMB_M_A_29_10_88 0.1 39.9 55.m0
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Momentum=0.6, Epoch size=1 6
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Figure 3-102: RMSE at Different Stages of l,eaming for Various tæarning Rates

(e = 16)

Table 3.60: Best Results When Using Various Learning Rates (e = 16, F = 0.6)
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Model Learning rate (n) RMSE (EC units) læarn count

sMBMA22 1088 0.005 42.2 175,000

SMBMA301088 0.1 39.8 45.m0
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Momentum=0.6, Epoch size=3S
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(e = 35)

Table 3.61: Best Results When Using Various Learning Rates (E = 35, F = 0.6)

Model l,earning rate (n) RMSE (EC units) l-earn count

SMB_M_A_23_10_88 0.005 42.3 320,ü)0

SMB_M_A_31_ 10 8 0.1 42.6 30,000

81. Effect of using the delta-bar'delta algorithm

When using the delta-bar-delta algorithm ¿ìs part of NeuralWorks Professional llÆlus

(NeuralWare, Inc., 1991), two parameters have to be chosen, which determine the rate

of adjus¡nent of the learning rates in rcsponse to changes in the geometry of the error

surface. In model SMB-M-A-51-10-88, the parameters were chosen so that the

learning rates were adjusted rapidly in response to changes in the geometry of the error

surface and in model SMB-M-A-52-10-88, the parameters were chosen so that the

changes in the learning rates in response to changes in the geometry of the error su¡face

were quite small. The results obtained were compared with those obtained using model

SMB_M_A_20_10_88, which uses a constant learning rate of 0.005 and a momentum

value of 0.6. Details of the network parameters and geometries used for the various

models are summarised in Appendix D.

+ 0.005

+0.1
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The RMSEs at the various stages of leaming are shown in Figure 3-lO4 and in Appendix

E. The RMSEs of the best 14 day forecasts and the learn count at which they were

obtained are shown in Table 3.62. Itcan be seen that for the training set used:

. The results obtained are very similar, suggesting that using the delta-bar-delta

algorithm does not improve the predictive ability of the network.

. 'When using the delta-ba¡-delta algorithm, training speed varies considerably

depending on the size of the parameters chosen that control the rate of adjustment of

the learning rates. The effect of choosing different values of these parameters

appears to be the sa.me as choosing different learning rates. Consequently there is

no advantage in using the delta-ba¡-delta algorithm. Although the delta-bar-delta

algorithm eliminates the need for choosing the learning rate, it requires other

parameters to be chosen, which appear to have a similar effect.
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Figure 3.104: RMSE at Different Stages of Learning for Models Using a læarning Rate
of 0.005 and the fÞlta-Bar-Delta Algorithm

Table 3.62: Comparison of the Results Obtained Using a Learning Rate of 0.005 and
the Delta-Bar-Delta Algorithm (dbd)

Model Learning raæ (n) RMSE (EC units) [-earn count

SMB M A2O 10 88 0.005 42.O 105,000

SMB_M_A_51_10_88 dbd (slow) 42.4 115.000

sMBMA52 10_88 dbd (fast) 43.3 65,000

0
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Trarsfer function

The transfer function is a mathematical formula that gives the output of a processing

element as a function of its input signal- The effect of using the hyperbolic tangent

(Figure 2.7), sigmoidal (Figure 2.6) as well as the linear transfer function (Figure 2.5)

was assessed in this series of æsts.

The hyperbolic tangent transfer function was used in model SMB-M-A-20-10-88, the

sigmoidal transfer function was used in model SMB-M-A-53-10-88 and the linear

transfer function was used in model SMB M A 54 10 88. Details of the network

parameters and geometries used for the various models are summarised in Appendix D.

Training using the model with the sigmoidal transfer function was extremely slow.

Consequently, the learning rate used for model SMB M A 53 10 88 was increased

from 0.ü)5 to 0.1 in order to speed up the learning process- It should be noted that the

size of the steps taken in weight space during training, and hence learning speed, is

proportional to the derivative of the transfer function (Equation 2-16). If the gain (the

slope of the linearly varying portion of the transfer function) of the transfer function is

larger, the derivative of the transfer function, and hence the steps taken in weight space,

are larger, resulting in increased training speed (Figure 2.Il). By inspecting Figures 2.6

and2J, it can be seen that the gain of the hyperbolic tangent transfer function is'greaær

than that of the sigmoidal transfer function- As a result, one would expect training to be

slower when using the sigmoidal transfer function. The software used does not cater for

alterations in the gain of the transfer functions and hence a greater learning rate was

used to speed up training when using the sigmoidal transfer function.

The RMSEs at the various stages of learning are shown in Figure 3.105 and in Appendix

E. The RMSEs of the best 14 day forecasts and the learn count at which they were

obtained are shown in Table 3.63. It can be seen that for the training set used:

. There is a considerable difference in learning speed when the various transfer

functions were used. The network using the hyperbolic tangent transfer function

learned most quickly. The network using the linear transfer function took about

twice as long to obtain its best rcsult. Learning with the network using the

sigmoidal transfer function \ilas extremely slow, even when a considerably larger

learning rate was used. However, as discussed earlier, this is a result of the different

gains of the various transfer functions and can be compensaæd for.

. The predictions obtained using networks with the hyperbolic tangent and sigmoidal

transfer functions were comparable, although slightly better rcsults were obtained

when the hyperbolic tangent transfer function was used. The best result obtained
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using the linear transfer function, on the other hand, wð considerably worse than

the other two results, suggesting that there is a distinct advantagê in using non-linear

transfer functions.
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Figure 3.105: RMSE at Different Stages of læarning for Models with Different Transfer
Functions

Table 3.63: Best Results Using Various Transfer Functions

Error function

During training, each weight is changed in proportion to the size and direction of the

negative gradient of the error surface. This gradient is the partial derivative of the

global error function with respect to the weight considered. Many different global error

functions can be used. NeuralWor}s Professional IlPlus caters for the use of the

quadratic error function @quation 2.15) as well as the use of cubic and quartic error

functions, given in Equations 2.29 and 2.30 respectively. The quadratic error function

was used in model SMB_M_A_20_10_88, the cubic error function w¿rs used in model

SMB_M_A_55_10_88 and the quartic error function was used in model

0

- 
Tanh

--{]- Sigmoidal

Linear

Model Transfer function RMSE (EC units) Iæarn count

SMBMA2O1088 tanh 42.0 105,000

SMBMA53 1088 siemoidal 43.1 660.000

SMBMA54 IO88 linear 51.1 220,440
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SMB_M_A_56_10_88. Details of the network parameters and geometries used for the

various models are summarised in Appendix D.

The RMSEs at the various stages of learning are shown in Figure 3.106 and in Appendix

E. The RMSEs of the best 14 day forecasS and the learn count at which they were

obtained are shown in Table 3.64. Itcan be seen that for the training set used, there is a

considerable difference in learning speed and predictive ability, depending on the error

function used:

. Using the quadratic error function resulted in the fastest learning speed as well as the

best predictive abilitY.

. Using the cubic error function resulæd in the slowest learning speed as well as the

worst predictive ability.

. The performance of the network using the quartic transfer function was in between

that of the networks using the standa¡d and the cubic error functions-

Table 3-64: Best Results Using Various Error Functions

Model Transfer function RMSE (EC units) læarn count

SMB_M_A_20_10_88 standard 42.0 105,000

SMB_M_A_55_10_88 cubic 49_5 1,240,000

sMB M_A_56_10_88 quartic 45.4 400,000
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Initial wei ght distribution

If training is commenced from an unfavourable position in the weight space, the network

may get stuck in a local minimum, from which it cannot escape. By starting at a

different (possibly more favourable) position in the weight space (i.e. different initial

random weights), a different local minimum may be reached.

Model SMB M A 20 10 88 r¡/as re-trained trvice (models SMB_M_A_20a_10_88

and SMB_M_A_20b_10_88), starting from different positions in weight space each

time. The random initial weights were obtained with the aid of NeuralWorks Explorer's

"Initialise" function. The upper and lower limits for the initial weights were +0.1 and

-0.1.

The results in Table 3.65 show that for the training set used, commencing training from

different points in weight space had no significant effect on learning speed and network

performance.

Table 3.65: Best Results Using Different Initial Weight Distributions

3.5.3.4 Effect of Geometry on Network Performance

The function of the hidden layer nodes is to deæct relationships between network inputs

and outputs. If there is an insufhcient number of hidden nodes, it may be difficult to

obt¿in convergence during taining, as the network may be unable to create adequately

complex decision boundaries. On the other hand, if too many hidden nodes are used,

the network may lose its ability to generalise. In addition, keeping the number of hidden

layer nodes to a minimum reduces the number of weights that need to be adjusæd and

hence reduces the computational time needed for training.

In this section, the effect of using one and two hidden layers was investigaæd. In the

case of networks with two hidden layers, the effect of using different ratios of first to

second hidden layer nodes, as well as the effect of using different numbers of nodes in

each hidden layer, while maintaining a constant ratio between them, was considered. In

Model RMSE units Leam count

SMB 42.2 1

l0 88SMB 42.3 90 000

42.7
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the case of networks with one hidden layer, the effect of the number of nodes in the

hidden layer was investigated.

Ratio of first to second hidden layer nodes

In this series of tests, the effect of using different ratios of hrst to second hidden layer

nodes was assessed. The number of nodes in the first hidden layer was kept constant at

45. The number of nodes used in the second hidden layer include 5 (model

SMB-M-A-57-10-88), l0 (model SMB-M-A-58-10-88), 15 (model

SMB_M_A_20_10_88), 20 (model SMB_M_A_59_10_88) and 25 (model

SMB_M_A_60_10_S8). Details of the network parameûers and geometries used for the

various models are summarised in Appendix D.

The RMSEs at the various stages of learning are shown in Figure 3.107 and in Appendix

E. The RMSEs of the best 14 day forecasts and the learn count at which they were

obtained are shown in Table 3.66. It can be seen that for the training set used, learning

speed and generalisation ability do not appear to be significantly affected by the ratio of

first to second hidden layer nodes.

The results in Table 3.66 indicate that there is some variation in the generalisation ability

of the various models. Howeúer, there is no clea¡ trend, although there is a minimum in

the RMS prediction error when 15 nodes were used in the second hidden layer. This

corresponds to a ratio of 3:1 between the fi¡st and second hidden layer nodes and is in

agreement with the results obtained by Kudrycki (1988). It should be noted, though,

that this result is by no means conclusive, as only one test was carried out and the small

variation of RMS prediction error obtained for the various tests could be due to other

factors such as testing frequency (Section 3.5.3.3).



252 Chapter 3: Salinity Forecastîng in the River Murray

Hidden layer geometry
70

9_ 6s
C
f

E60
(t)
U)
:,55
o
l--

850
LIJ
U)
=ft. 4s

40

--.- 45-5

------o- 45-10

-'- 45-15

------o- 45-20

+ 45-25

40000 80000 120000

Learn Count

160000 200000
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Table 3.66: Best Results Using Different Ratios of First to Second Hidden Layer Nodes

Model NHl ¡I{2 Ratio

¡Hl.¡rD
RMSE

(EC units)

I-earn

count

SMBMAST1088 45 5 9 1 43.4 100,000

SMBMA531088 45 l0 4.5:l 42.4 90,000

sMB M A20 10 88 45 l5 3:1 42.2 100,000

sMB M A 59_10_88 45 20 2-25:l 43.6 90.000

SMB_M_A_60_10_88 45 25 1.8:1 42.9 120,000

Number of nodes in the ffrst and second hidden layers

In this series of tests, a ratio of first to second hidden layer nodes of 3:1 was maintained,

while varying the number of nodes in the frst hidden layer (and consequently in the

second hidden layer). The number of nodes used in the first hidden layer was 15 (model

SMB-M-A-61-10-88), 30 (model SMB-M-A-62-10-88), 45 (model

SMB_M-A-20-10_88), 60 (model SMB-M-A-63-10-88) and 90 (model

SMB_M_A_64_10_88). Details of the network parameters and geometries used for the

various models are summarised in Appendix D.

0
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The RMSES at the various stages of learning are shown in Figure 3.108 and in Appendix

E. The RMSEs of the best 14 day forecasts and the learn count at which they were

obtained are shown in Table 3.67. Itcan be seen that for the training set used:

. The best results were obtained at approximately the same learn count for a]l tests.

However, as the time taken to perform one weight update is considerably greater for

larger networks, there is quite a large variaúon in training speed-

. There is some difference in the generalisation abiliry of the networks. There appears

to be an increase in generalisation ability with an increase in the number of hidden

layer nodes up to a certain point, with optimum performance being achieved when

60 nodes were used in the first hidden layer (Iable 3.67). It should be noted,

however, that this result is by no means conclusive, as only one test was carried out

and the variation of RMS prediction error obtained for the various tests could be

due to other factors such as testing frequency (Section 3-5.3-3).

Table 3.67: Best Results Using Different Numbers of Hidden Layer Nodes

Model ¡Hl - ¡rD RMSE (EC units) læarn count

sMB M_A_61_10_88 15-5 M.9 130,000

SMB_M_A_62_10_88 30-10 M.0 90,000

SMB_M_A_2O_10_88 45-t5 42.2 100.000

SMB_M_A_63_10_88 60-20 4t.9 90,000

SMB_M_A_64_10_88 90-30 42.4 11 0,000
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Number of nodes in the fïrst hidden layer

In this series of tests only one layer of hidden nodes was used. The effect of the number

of nodes in the hidden layer on network performance was investigated. The number of

nodes used in the hidden layer include 15 (model SMB-M-A-65-10-88), 30 (model

SMB-M-A-66-10-88), 45 (model SMB-M-A-67-10-88), 60 (model

SMB_M_A_68_10_88) and 90 (model SMB_M_A_69_10_88). Details of the network

parameters and geometries used for the various models are summarised in Appendix D.

The RMSEs at the va¡ious stages of leaming are shown in Figure 3.109 and in Appendix

E. The RMSEs of the best 14 day forecasts and the learn count at which they were

obtained are shown in Table 3.68- It can be seen that for the training set used:

. The best results were obtained at approximately the same learn count for all models.

However, as the time taken to perform one weight update is considerably greater for

larger networks, there is quite a large variation in training speed.

. There is some variation in the generalisation ability of the networks. However, there

appears to be no trend. The best result was obtained when 30 hidden layer nodes

were used (Table 3.68). It should be noted, though, that this result is by no me¿ms

conclusive, as only one test was carried out and the variation of RMS prediction

error obtained for the various tests could be due to other factérs such as testing

frequency (Section 3.5.3.3).
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Table 3.68: Best Results Using Different Numbers of Nodes in the First Hidden Layer

Model ¡Hl - ¡¡II2 RMSE (EC units) l-earn count

SMB_M_A_65_10_88 15-0 42.6 80,000

SMB_M_A_66_10_88 30-0 40.9 90,000

SMB-M_A-67 L0 88 45-0 44.8 70,000

SMB_M_A_68_10_88 60-0 42.8 90,000

SMB_M_A_69_10_88 90-0 4t.7 70,000

3.5.3.5 Application of Results

The "optimum" network parameters and network geometries determined in Sections

3.5.3.3 and 3.5.3.4 were used to train a number of networks in an attempt to improve

the 14 day forecast of salinity in the River Murray at Murray Bridge obtained for 1988

in Section 3.5.2. The network parameters that were found to be optimal in Section

3.5.3.3 are summarised in Table 3-69.

Table 3.69: Optimum Network Parameters

Parameter Optimum value

Learning raûe

Momentum

Epoch size

Transfer function

Error function

0.1

0.6

5

Hyperbolic Tangent

Quadratic

The parameters listed in Table 3.69 were used to tain a network with one hidden layer

consisting of 30 nodes (model SMB-M-A-70-10-88), as this was the geometry that

produced the best forecast in Section 3.5.3.4 (modet SMB-M-A-66-10-88). It should

be noted that model SMB-M-A-70-10-88 is identical to model

SMB_M_A_66_10_88, with the exception of an incrcase in the leaming rate from 0.005

to 0.1.

A second network was also trained. The parameters shown in Table 3.69 were used in

conjunction with 60 nodes in the fust hidden layer and 20 nodes in the second hidden

layer (model SMB_M_A_71_10-88), as this was the geometry that produced the best

forecasrs for nerworks with 2 hidden layers (model SMB-M-A-63-10-88)- It should
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be noted that model SMB_M_A_71_10_88 is identical to model

SMB-M-A-63-10-88, with the exception of an increase in the learning rate from 0.005

to 0.1. A summary of the network parameters and geometries used for models

SMB_M_A_70_10_88 and SMB_M_A_71_10_88 is provided in Appendix D.

The results obtained are shown in Table 3.70- It can be seen that:
. Increasing the learning rate from 0.005 to 0.1 resulted in better 14 day forecasts.

This is in agreement with the results obtained in Section 3.5.3.3.
. The network with one hidden layer performed better than the network with two

hidden layers when a learning rate of 0.005 was used (models

SMB-M-A-66-10-88 and SMB-M-A-63-10-8s). However, the opposire was

true when a learning rate of 0.1 was used, suggesting that factors other than

network geometry (e.g. testing frequency) might be responsible for most of the small

variations in the RMS prediction errors obtained when using networks with various

geometries in Section 3.5.3.4. This result was further conhrmed when model

SMB-M-A-71-10-88 was re-trained, and a testing frequency of 16,710 was used

instead of a testing frequency of 5,000. The best results obtained (Iable 3.71) show

that despite the fact that the same network parameters and geometries were used,

there was quite a significant difference in the best 14 day forecasts obtained as a

result of the different testing frequencies used. This reinforces the theory put
forward in Section 3.5.3.3 that networks should be tested more frequently when

larger learning rates are used.

Table 3.70: Comparison of the Best Results Obtained for Models with One and Two
Hidden Layers and Leaming Rates of 0.(Ð5 and 0.1

Model ¡Hl - ¡rI2 Iæarning rate (n) RMSE (EC unis)
SMB_M_A_66_10_88 30-0 0.005 40.9

SMB-M A 70 10 88 30-0 0.1 40.4

SMBMA63 1088 60-20 0.005 4I.9
SMB_M_A_65_10_88 60-20 0.1 39.0

Table 3.71: comparison of Best Results obtained for Model SMB_M_A_71_10_88
when Using Different Testing Frequencies

Testing frequency RMSE (EC units)

5.000 39-0

16,710 40.6
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By using a fixed learning rate of 0.1 and a hxed momentum value of 0.6, irtstead of the

default values (Table 3.39), and by increasing the number of nodes in the hrst hidden

layer from 45 to 60 and the number of nodes in the second hidden layer from 15 to 20,

the RMSE of the best 14 day forecast for 1988 was able to be reduced from 44.8 EC

units (model SMB-M-A-1S-10-8S) to 39.0 EC units (model SMB-M-A-65-10-88)'

Models were also developed to obtain 74 day salinity forecasts for 1989 (model

sMB_M_A_65_10_s9), 1990 (model SMB-M-A-65-10-90) and 1991 (model

SMB_M_A_65_10_89) using the geometry and intemal parameters that were found to

result in the optimum forecasts for 1988 (model SMB-M-A-65-10-88).

A comparison of the best results obtained using the default settings (models

SMB_M_A_I8_10_88, SMB_M_A_I8-10-89, SMB-M-A-I8-10-90 and

SMB-M-A-18-10-91) and the "optimum" settings (models SMB-M-A-65-10-88,

SMB_M_A-65-10-89, SMB-M-A-65-10-90 and SMB-M-A-65-10-91) for the

various years is shown in Table 3.72- It can be seen that:

o Significant improvements in the forecasts for 1988 and 1989 were obtained by using

the "optimum" Parameters.

o The forecasts for 1990 and 1991 were noticeably betær when the default settings

were used.

. On average, the forecasts obtained using the "optimum" parameters were slightly

better than those obtained using the default settings.

Table 3-72: BestResults Obtained Using Default and "Opúmum" Settings

Year predicted RMSE (EC units)

Default settings "ODtimum" settings

1988

1989

1990

1991

M.8
49.3

M.5

45.8

39.0

M.3

48.4

49.4

Average 46.1 45.3

The above results indicate that the optimality of the settings is dependent on the data set

used, as this defines the error surface in weight space. However, the æsting frequency

also has a major influence on the results obtained (as discussed in Section 3'5-3-3),

making it difficult to draw a direct comparison between results obtained for networks

using different internal parameters and geometries.
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3.5.3.6 Generalisation ability at various stages of learning

The results obtained in Sections 3.5.3.3 and 3.5.3.4 indicate that in most c¿ìses, the

generalisation ability of the models increases graduatly as leaming progresses. This is

indicated by a constant decrease in the average RMS prediction error, until a local

minimum in the error surface is reached. In this section, the various stages of learning,

and the behaviour of the networks as they approach a local minimum in the error

surface, are examined in detail, with the aim of devising some guidelines for optimising

the generalisation ability of neural network models.

Stages of learning

In order to examine the various stages of learning in detail, the size of the steps taken in

weight space was chosen to be very small by using a learning rate of 0.001 in
conjunction with a momentum value of 0.0 (model SMB_M A_72_10_88). The
RMSEs at the various stages of learning are shown in Figures 3.110 and 3.111 and in
Appendix E. The RMSE of the best 14 day forecast and the learn count at which it was

obtained are shown in Table 3-73. lt can be seen that:

. læarning progressed very slowly, and the best result was obtained at a learn count of
2,400,000.

. Once the vicinity of the local minimum in the error surface was reached, oscillations

in the RMSE still occurred, but the magnitude of the oscillations w¿rs very small.
. The best RMS prediction error obtained was higher than those obtained when larger

learning rates were used (Section 3.5.3.3), thus conhrming the results obtained

earlier.

Table 3.73: Best Result Obtained Using Model SMB_M_A_72_10_88

Model Læarnine rate (n) RMSE (EC units) Iæarn count

SMB_M_A_72_10_88 0-001 43.0 2,400,000
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When testing model SMB-M-A-72-10-88, the three stages of leaming described by
Cheung et al. (1990), namely the error-convergent stage, the competition stage and the

domination stage (see Section 2.I.8.1), were clearly visible, as learning progressed very

slowly. In model SMB-M-A-72-10-88, the error-convergent stage was very short,

which is in agreement with the observations made by Cheung et al. (1990). It was

represented by the first 35 iterations, during which the RMS prediction error of the

normalised training set (see Section 3.3.4.1) converged to a mean value of 0.38 (not

shown here).

The competition stage was also short, indicating that some dominant patterns exist. The

competition stage extended to a learn count of approximately 2,700, during which time
the RMS prediction error of the normalised training set (not shown here) remained

fairly stable in the vicinity of 0.38. This is short compared with the duration of the

entire leaming process. The plot comparing predicted with actual salinities for the test

set at a leam count of 1,000 (Figure 3.112) clearly shows that no patterns had been

dominantly trained at this stage.
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After a learn count of approximately 2,700, the domination stage commenced, which

was characterised by a constant drop in the RMSE of the normalised training data

(not shown here). As shown in Figures 3.113 to 3.115, the dominantly trained pattern

was that of low-flow salinities. This is not surprising, as there are many more examples

of the low-flow satinity pattern in the training set than any others. With the epoch size

set at 16,16 examples are presented to the network before the weights are updated. Of

the 16 examples presented to the network, the majority are examples of the low-flow

salinity pattern. As a result, the majority of the errors are due to the low-flow salinity

pattern, and, as the weights are changed in a manner that reduces the error by the largest

possible amount, the errors due to the low-flow salinity pattern a¡e reduced more than

those of the other patærns. Consequently, this pattern is dominantly trained-
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Figure 3.115: Actual and Predicted Satinities at a l-earn Count of 9,000 - Model

SMB_M_A_72_10_88

The rapid manner in which the low-flow salinity pattern is learned is also illustrated in

Figures 3.110 and 3.111, which shows a drop in the RMSE of the test set ftom 157.2

EC units to 61.6 EC units over the present¿tion of 6,000 training êxamples- The

domination situation begins to disappear at a leam count of approximately 9,000- At

this point, the errors produced by the low-flow salinity pattern are sufhciently small for

the errors of the less frequent patterns, although fewer in number, to dominate the

overall error. Consequently, the less frequent patterns are leamt as shown in Figures

3.116 and 3.117.

Figure 3.110 indicates that the less frequent patterns are being learnt more slowly than

the low-flow salinity pattern. This can be attributed to the fact that the number of

patterns to be learned is greater, as well a.s the fact that examples of these relationships

occur less frequently in the training samples and hence take longer to learn. As the less

frequent patterns are being learned, the RMSE of the test set decreased from 61-6 EC

units to 43.0 EC units over the presentation of 2,393,000 training examples (Figure

3.110). During the same period, the RMSE of the normalised training set (not shown

here) stabilised near 0.06.

In many instances, neural networks dominantly úain frequent pattems, while neglecting

to capture the relationships of the infrequent patterns, resulting in poor local minima and

poorly trained patterns (Cheung et al., 1990). This phenomenon does not seem to
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occur with the tests carried out in this research. The domination situation disappears

and the relationship of the less frequent patterns is captured.
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Figure 3.116: Actual and Predicted Salinities at a Learn Count of 320,000 - Model
SMB_M_A_72_10_88
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Network behaviour in the vicinity of local minima

When small steps are taken in weight space (e.g. model SMB-M-A:72-L0-88), the

oscillaúons in the RMS prediction error at the va¡ious stages of learning are minimal,

and consequently, once the vicinity of a local minimum in the error surface is reached,

there is no need for frequent testing. Consequently, the result obtained is vinually

independent of when training is stopped and the network is tested. However, when

small steps are taken in weight space, the time taken for training is excessively long (e-g.

approximately 28 hours for model SMB-M-A-72-10-88), and the network does not

have the ability to escape local minima in the error surface.

As discussed in Section 3.5.3.3, by taking larger steps in weight space, training time can

be reduced dramatically (e.g. to approximately 30 minutes for model

SMB_M_A_44_10_88), and the ability to hnd "better" local minima in the error surface

is increased. This is especially true for large networks, as there are a large number of

connection weights, and consequently many local minima exist in the error surface.

However, as discussed in Section 3.5.3.3, when larger steps are taken in weight space,

there is an increase in the magnitude of the oscillations in the RMS prediction error that

occur when a local minimum in the error surface is reached. Consequently, the

generalisation ability of the network is dependent on when training is stopped (i.e. at a

peak or a trough in the RMSE).

In order to investigate methods for optimising the generalisation ability of ANN models,

while maintaining high training speeds, it is important to have a good understanding of

the causes and the frequency of the oscillations in the RMS prediction error that occur

once a local minimum in the error surface is reached.

According to the theory outlined in Section 3-5.3.3, once a network is in the vicinity of

a local minimum, oscillations in the RMSE should occur with every weight updaæ

(unless the steps taken in weight space are extremely small). For most of the æsts

carried out in Sections 3.5.3.3 and 3.5.3.4, the epoch size used was 16, so that once a

network approaches a local minimum in the error surface, oscillations in the RMS

prediction error should occur after the presentation of every 16 Uaining samples.

However, for most models, testing was carried out at inærvals of 5,000 or 10,000

training samples- It was decided to adopt a testing inærval (frequency) of 16, in order

to investigate the effect that each weight update has on the RMS prediction enor.

Model SMB_M_A_19_11-88 (Section 3.5.2.5) was used for this purpose. When

developing model SMB-M-A-19-11-88, a testing interval of 5,000 was used- The



266 Chapter 3: Salínity Forecasting in the River Murray

results obtained (Appendix E) indicate that the vicinity of a local minimum was reached

at a learn count of 15,000, at which point continued training resulted in oscillations in

the RMSE. At a learn count of 15,000, the RMSE was 44.5 EC units. The lowest

RMSE of 41.0 EC units was obtained at a learn count of 35,000. Training was

concluded at a learn count of 55,000, at which point the RMSE was 41.5 EC units.

Training for model SMB-M-A-19-11-88 was re-commenced at learn counts of
15,000, 35,000 and 55,000, and the models tested at intervals of 16 training samples.

The results in Figure 3.1 18 show that:

. Oscillations in RMSE occur after each weight update, as suggested by the theory

outlined in Section 3.5.3.3.

. The magnirude of the oscillations is greater at a learn count of 15,000+, as the

learning rate and momentum, and hence the size of the steps taken in weight space,

were greater than those at learn counts of 35,000+ and 55,000+. It should be noted

that in model SMB-M-A-I9-I l-88, the learning rate and momentum a¡e reduced

at a learn count of 30,000, as the default learning rates and momentums are used

(Table 3-39).

. Rises and falls in the RMSE occurred at the same time, regardless of the learn count

at which training was re-commenced. Consequently, it can be concluded that the

changes in RMSE are a function of the training samples that are presented to the

network between weight updates (it should be noted that the order in which the

training samples were presented to the networks was the same in each case). The

reason for this is that the size of the changes made to the connection weights is

proportional to the error between actual and predicted values obtained during

training. If the 16 training samples presented to the network between weight
updates have been learnt well, the errors between the actual and predicæd values

will be small, and hence a smaller step will be taken in weight space. However, if
the 16 training samples presented to the network between weight updates contain

one or more patterns that have not been learnt well, the errors between the actual

and predicted values will be larger, and hence bigger steps will be taken in weight
space.

. An RMSE of 40.70 EC units was obtained at a learn count of 35,456, which is

slightly better than the previous best RMSE of 41.0 EC units, which was obtained at

a learn count of 35,000.

The above results indicate that once a network approaches a local minimum in the error
surface:

. Oscillations in the RMS prediction error occur after each weight update.
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The magnitude of the oscillations is a function of learning rate, momentum and the

training samples presenteil to the network between weight updates-
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Figure 3. 1 1 8: Changes in RMS Prediction Error After Each Weight Update for Model

SMB_M_A_I9-11-88

It is also interesting to inspect the plots of the forecasts obtained from one weight

update to the next. The changes in RMS prediction error appear to be caused by whole

portions of the graph moving "up" or "down", while the shape of the plot is retained (i-e.

the outputs are increased or decreased by the same amount). This phenomenon is

clearly illustrated in Figure 3-IIg, and is typical for all models. The plot shows the

actual salinities as well as the predicted salinities at a learn count of N and at a learn

countofN+e.

This phenomenon might be explained by examining the weight update equation for the

connections between the second hidden layer nodes and the output nodes. The update

equation for the connection weight joining node i in the second hidden þer to node j in

the outpur layer is given in Equation 3.3, and is obt¿ined by combining Equations 2.16

and 2.18.

0

-- 
15,000+

--{- 35,000+

55,000+

Àw¡i = q 1of -of ) F'(I¡) xi (3.3)
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For a particular weight update, the error and the learning rate are the same for all

connections between node j in the output layer and the nodes in the second hidden layer.

Consequently, Equation 3.3 may be re-written as follows:

Âw¡i = a1F'(I¡) xi al = constant (3.4)

At the start of training, the output of each node tends to be small. Consequently, the

derivative of the transfer function, with respect to the input, as well as the changes in the

connection weights, are large (Maren et al., 1990). As learning progresses, the node

outputs approach one of two stable states (+l or -l), and consequently the derivative of
the transfer function with respect to the input, as well as the changes in the connection

weights, are small (Maren et al., 1990). Therefore, once the network approaches a local

minimum in the error sutface, one can assume that all the patterns have been learnt and

that all node outputs approach either +l or -1. As a result, the derivative of the transfer

function, with respect to the input, may be considered to be constant for each node.

Equation 3.4 may thus be re-written as follows

Âw¡i = aZ xi â2 = constant (3.s)

However, as discussed above, once all the patterns have been learned, the node

activations (i.e. x¡) can be assumed to approach either +1 or -1. As a result, the weight
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change for each node is equal to *a2 or -a2. This means that each time a weight update

occurs, all outputs are changed by a value of *a2 or -a2- The variaúons in the

magninrde of a2 from one weight update to the next are generally due to different

magnitudes in the error term (Equation 3.3).

It should be noted that in practice, there can be small variations in a2 (i.e. a2 is not

exactly the same for all connections between the nodes in the second hidden layer and

the output node), as the assumption that all node outputs are +1 or -1 does not generally

hold. However, any variations in a2 can be expected to be small.

It can be seen from Figure 3-lI9 that once the weights have been updated (i.e. at a learn

count of N + e), the values of the low flow salinities at the beginning of the year have

decreased by a f,rxed amount and that the values of the high flow salinities in the second

half of the year have increased by a fixed amount. It should be noted that the magnitude

of the decrease in the low flow salinity pattern is less than the magnitude of the increase

in the high flow salinity patterns. This suggests that the low flow salinity patterns have

been lea¡nt better than the high flow salinity patterns. It is likely that changes in the sign

of the error term @quation 3.3) from one weight update to the next are responsible for

whole portions of the graph moving "up" and "down" as training progresses.

As discussed above, the magnitude of the oscillations in RMS prediction error is a

function of which uaining samples are presented to the network between weight

updates. Large variations in the error are caused by the presence of poorly trained

patterns in any particular epoch. Cheung et al. (1990) suggest that poorly trained

patterns can be eliminated by increasing the proportion of such patterns in the training

set, thus ensuring an equal rgpresentation of all patterns. Consequently, each pattern

should have approximately equal representation within one epoch, eliminating the

dependency of the RMS prediction error on which patterns make up the epoch

presented to the network between weight updates.

In the case study considered, high flow salinities may be considered poorly trained

patterns, as discussed earlier in this section. Training / testing set 10 was "spiked" to

increase the proportion of the high flow salinity patterns. In training / testing set 10a,

the representation of the high flow satinity patterns was increased by doubling the

number of samples during high flow conditions and reducing the number of samples

during low flow conditions. Consequently, the total number of samples in the training

set remained approximately constant (it was reduced from I,671 to 1,602). In training /

testing set lOb, the representation of the high flow salinity pattern was increased by

quadrupling the number of examples during high flow conditions while leaving the
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number of examples during low flow conditions unchanged. Consequently, the total

number of samples in the training set was increased from 1,671 to 4,057 -

Model SMB M A 20 10 88 was re-trained using training / testing sets 10a (model

SMB_M_A_20_10a_88) and 10b (model SMB_M_A_20_10b_88). Details of the

network parameters and geometries are summarised in Appendix D. The results in

Table 3-74 and Figure 3.120 show that "spiking" the training / testing set did not

improve network performance. The best predictions obtained using the "spiked"

training / testing sets (10a and 10b) were very similar. However, they were worse than

the best forecast obtained using training / testing set 10.

Table 3.74: Best Results Obtained When Using "Spiked" Training / Testing Sets (e = 5)

Model RMSE (EC units) læarn count

SMB M A2O IO 88 42.0 105,000

SMB M A 20 10a 88 46.8 70,000

SMB M A 20 IOb 88 45.7 80,000
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Figure 3.120: RMSE at Different Stages of læarning for Models With "Spiked" Training
/ Testing Sets (e = 5)

Model SMB-M-A-26-10-88, which uses an epoch size of 365 rather than an epoch

size of 5, was also repeated using training sets lOa (model SMB_M_A_26_10a_88) and

10b (model SMB-M_A_26_I0a_88). Details of the network parameters and

0

*10
+ 10a
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geometries are summarised in Appendix D. The results shown in Table 3.75 and Figure

3.12I confirm the results obtained when using models SMB-M-A-20-10-88'

SMB-M-A-20-I0a-88 and SMB-M -AlO 10b 88.

Table 3.75: Best Results Obtained When Using "Spiked" Training / Testing Sets

(e = 365)

Model RMSE (EC units) I-eam count

SMB_M_A_26_10_88 42.5 800,000

SMB-M-A-26-10a-88 47.1 940,000

SMB_M_A_26_10b_88 47.2 680,000

Epoch size=365

Train / testíng set
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Figure 3.121: RMSE at Different Stages of Learning for Models With "Spiked" Training

/ Testing Sets (e - 365)

A method for optimising generalisation ability

It has been suggested (NeuralW'are, Inc., 1991) that learning rates and momentum

values should be reduced as learning progresses. This increases learning speed in the

initial stages of learning, as the steps taken in weight space are large. As training

continues, and the network approaches a local minimum in the error surface, the size of

the steps taken in weight space is reduced, decreasing the magnitude of the oscillations

in the RMSE. However, the application of this theory presents a number of practical

problems including:

0

-10+ 10a



272 Chapter 3: Salínity Forecasting in the River Murray

It is difficult to know when, and by how much, to reduce the learning rates and

momentum values. If the step sizes are reduced while the network is still on a
shallow portion of the error surface, learning speed is reduced dramatically. In

addition, networks are unable to escape local minima in the error surface. The step

sizes may also be reduced too late. If the network reaches a local minimum while

the step sizes taken are still large, divergent behaviour may occur, and the network

may be in an undesirable region of the weight space when the step sizes are reduced.

The method is perceived to work in a manner similar to simulated annealing.

However, this is not the case. In simulated annealing, as the sizes of the steps taken

in weight space are gradually reduced, the network is able to escape the shallower

local minima in the error surface, but not steeper ones. However, this is not the case

here, as the network does not have to jump "over" the peaks in the error surface as

illustrated in Figure 3.L22. Even though the network is in a deep trough at point A,

only a small weight change is required to move the network to a different position in

weight space (out of the deep trough). In the case of simulated annealing, a lot of
energy would be required for the network to "jump out" of the trough.

Consequently, gradually reducing the step sizes does not ensure that once the

smaller step sizes are used, the network is in one of the deeper troughs in the error

surface. This is particularly true when training large networks, as many local minima

exist.

O

a

A mors satisfactory method for obtaining the best possible forecasts is given below.

The best and quickest way of hnding a "deep" local minimum in the error surface is to

use relatively large step sizes in weight space and to carry out testing at regular

inærvals. Once oscillations in the RMS prediction error start to occur, networks should

be tested more frequently in order to increase the chances of obtaining a better result-

The network producing the best result from these "spot checks" should be retained.

However, at this point, the network is not necessarily at a local minimum in the error

surface. Training should be continued with a very small leaming rate and momentum

and an epoch size equal to the size of the training set, in an attempt to reach the bottom

of the closest local minimum. By setting the epoch size equal to the number of
examples in the training set, the weight updates are such that the error is reduced over

the entire training set, and not over a subset, which might contain some poorly trained

patterns, resulting in large errors and large steps in weight space. The only time when

using an epoch size equal to number of examples in the training set results in an increase

in the RMS prediction error is when one of the following holds:

. The steps taken in weight space are too large (e.g- the learning rate and/or

momentum are too large).

. Overtraining occurs.
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The training set is not representative of the test set-

A local minimum in the error surface has been reached-

Âw

Figure 3.L22: Example of an Error Surface that Enables Local Minima to be Bscaped

when Small Steps are Taken in Weight Space

The above method was applied to model SMB-M-A-18-10-88. It should be noted

that the test had to be repeated with a testing frequency of 1671 (the number of samples

in the training set), so that once the epoch size was increased from 16 to 1671, the

whole training set was presented to the network before the next weight update was

carried out. The reason for this is that the software package used to simulate neural

network operation (NeuralWorks Explorer) updates the connection weights once the

total learn count is equal to a multiple of the epoch size. By using a testing frequency of

167I, the best result is obtained at a learn count equat to a multiple of 1671. This

ensures that after the epoch size is changed to 1671, and training is continued, 1671

samples are presented to the network before the next weight update is carried out.

The best result obtained when testing at intervals of 167I was 41.68 EC units at a learn

count of 23,394. At that point, the learning rate and the momentum were divided by

100 and the epoch size was increased from 16 to 167l- Training was continued and the

network tested after every weight update. The results obtained are summarised in Table

3-76. It can be seen that after the first weight update, the RMS predicúon error

273

a

B

A



274 Chapter 3: Salínity Forecasting in the River Murray

decreased from 41.68.8C units to 41.46 EC units. Continued training had no effect on

RMSE, suggesting that a local minimum in the error surface had been reached.

Table 3.76: Result Obtained When Applying the Procedure for Reaching a Local
Minimum in the Error Surface to model SMB M A 18 10 88

læarn count RMSE (EC units)

23,395 41.68

25.066 4t.46

26.737 41.46

28,408 41.46

30.079 4r.46

31,750 41.46

Nature of error surface in the vicinity of local minima

The nature of the error surface in the vicinity of the local minimum obtained at a leam

count of 25,066 for model SMB-M-A-I8-10-88 (fable 3.76) was explored, in order

to determine whether many local minima exist in the error surface, which is what one

would expect for the size of network used. This was done by carrying out the following

procedure:

1. The weights obtained for model SMB_M_A_18_10_88 at a learn count of 25,066

were 'Jogged" with the aid of NeuralWorks Professional IUPlus, "Jogging" adds a

random value to each of the connection weights. The upper and lower limia of the

values to be added or subtracted are specified (the "jogging range") by the user.

The "jogging ranges" used include 10.002 and 10.01.

2- The test set was presented to the network with the "jogged" connection weights,

and the RMSEs between the actual and predicted (14 day forecast) values were

calculated (fable 3.77).

3. Training was continued and the network test€d after each weight update.

Starting with the connection weights obtained for model SMB M A 18 10 88 at a
learn count of.25,066 on each occasion, the weights were "jogged" six separate times

using a jogging range of 1il.002 and six separate times using a jogging range of 10.01

(fable 3.77).
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Table 3.77: RMS Prediction Errors (EC units) Afær Jogging

The results in Table 3.77 indicate that:

When a 'Jogging range" of 10.002 was used, there was very little change in network

performance after jogging. There were a number of results that were better than the

starting value of 41.68 EC units, as indicated by the asterisk 1*) following the

number. The best result obtained was 41.28 EC units. All of the values obtained

afær jogging constituted a local minimum in the error surface (as indicated by the

shaded background), as further training did not result in atty changes in the'RMS

forecasting error.

When a "jogging range" of f).01 was used, there were some significant changes in

network performance. The results obtained varied between 4l-40 EC units and

44.58 EC units. Two of the results were better than the starting value of 41.68 EC

units, as indicated by the asterisk (*). Three of the six values constituted local

minima in the error surface, as indicated by the shaded background. The other three

results were significantly greater than the starting value of 41.68 EC units, and, as

one would expect, did not constitute local minima in the error surface as indicaæd

by a steady (although small) decrease in the RMS prediction error with continued

training.

a

a

The results obtained demonstrate that for the network used, there exist many local

minima that are very close together. The results also suggest that the error surface is

similar to that shown in Figure 3.123 (two-dimensional simplification), with a minimum

"plateau", that has many smaller pealís and troughs at its base'

Jo Ran

fl.O1iil.002

43.13

42.68

M.58
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Figure 3-123: Typical Minimum "Plateau" in the Error Surface for
Large Networks

Implications for real time forecasting applicatiors

The results obtained in Sections 3.5.3.3 and 3.5.3.4 indicate that as training progresses,

there is a steady decrease in the average RMS forecasting error (FE"'J (Figure 3-124,

region AB). With continued training, a local minimum in the error surface is reached

(point B), and the average RMS forecasting error remains constant as training

progresses (FEprat,auJ (Figure 3.124, region BC). However, although the average

RMS forecasting error remains constant with time, the'RMS forecasting errors at

different learn counts vary between mpht,min and FEplat,max. The magnitude of the

oscillations in the RMS forecasting error (i.e. ruplat max - FEplat,min) is a function of the

size of the steps taken in weight space.
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The aim of training is to hnd a set of connection weights that will minimise the RMS

forecasting error in the shortest possible training time. In order to maximise the

network's generalisation ability, training should be continued until a local minium in the

error surface has been reached (i.e until region BC has been reached, Figure 3-124)-

Once a local minimum in the error surface has been reached, training should be stopped

when the RMS forecasting error is close to, or preferably at, FEn¡ar,min. In order to

maximise training speed, larger steps should be taken in weight space. By using larger

steps in weight space, the networks are also able to escape local minima in the error

surface, and are thus capable of achieving better generalisation ability (i.e. lower values

of FEntat,min). However, by using larger steps in weight space, the magnitude of the

oscillations in the RMS forecasting error (i.e- ruplat,ma* - Eptaqmin) is also greater,

and if the steps taken in weight space are too large, divergent behaviour may occur.

The network behaviour, and aims of training, described above have a number of

implications for users of back-propagation networks, especially for real time forecasting

applications. If cross-validation is to be used as a stopping criterion, three data sets

have to be used; a training set, a validation set and a forecasting set. The procedures

outlined in Section 3.5.3.6 can be used to obtain the best possible forecast for the

validation set. The network that gives the best forecast when the validation set is used

is assumed to give the best forecast when the forecasting set is used- However, for this

to be the case, it is crucial that the validation set is representative of the general

relationship to be apProximated.

In many real life applications, the available data are limited, in which case it might not be

feasible to have a validation set that is separate from the forecasting set, because as

much information as possible is required for training purposes. However, if the real

time forecasting ability of the model is to be tested, the forecasting set must not be used

in the development of the model, and cross-validation cannot be used as a stopping

criterion. In such situations, it may be more appropriate to present a fixed number of

training samples to the network during training-

When a fixed number of training samples are presented to the network, it is vital to

know when the local minimum in the error surface will be reached for a given set of

parameters. If this is not the case, training might be stopped too early (i.e. when the

RMS forecasting error is still decreasing steadily - region AB, Figure 3.124), or

overtraining might occur. The magnitude of the oscillations in the RMS forecasting

error, once a local minimum in the error surface has been reached, also has to be known-

When rraining is stopped in region BC (Figure 3.L24), the RMS forecasting error (FE)
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could be anywhere between ruplar,min and FEpht,max (i.e. FEplat,min < FE < mptat,ma*)

for a given network, depending on when training was stopped. Consequently, in order

to maximise the generalisation ability of the model, a compromise has to be made with

regards to the size of the steps taken in weight space. As discussed above, the minimum

RMS forecasting error that is obtained when relatively large steps are taken in weight

space ((FEptat,min)lrrg") is generally smaller than that obtained when relatively small

steps are taken in weight space ((FEptat,min)sm¿t) (Figure 3-125). However, the

magnitude of the oscillations in the RMS forecasting error are bigger when larger steps

are taken in weight space (i.e. (FEptat,max - ruplat,min)hrge >

mptut,-io)small). As a result, despite the fact that (FEput,o,in)1¿¡g. < (FEplat,min)sma¡,

(FEptat,ma")urge may still be bigger than (FEp¡at,max)smal1, which is undesirable. In

other words, the size of the steps taken in weight space should be chosen to minimise

the value of FEpht,max. This might require smaller steps to be taken in weight space,

which will also slow down training. In some instances, larger values of ruplat,max may

be tolerated if raining time is reduced significantly as a result. It should be noted that

the combination of network parameters that constitute "large" and "small" steps in

weight space is highly problem dependent.

step size

* large

osmall
(FE plat,max large

(FE ptat,max) smal

(FE
(FE ptat,min)

plat,min small
large

100000 200000

Learn Count

300000

Figure 3.125: Effect of the Size of the Steps Taken in Weight Space on Generalisation
Ability and Network Behaviour

In order to get an indication of the time taken to reach a local minimum in the error

surface, and the magnitude of the oscillations in the RMS forecasting error once a local

minimum in the error surface has been reached, for a given training / testing set and

network parameters, it is suggested that at least some part of the training set should be

used for independent validation in an exploratory phase. Once the exploratory phase is
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complete, the network can be re-trained by presenting a hxed number of training

samples to the network using the entire training set, including the data used for

validation in the exploratory phase. Without the knowledge obtained in the exploratory

phase, the results obtained might be far from optimal for reasons discussed above.

A knowledge of the time taken to reach a local minimum in the error surface, and of the

magnitude of the oscillations in the RMS forecasting error, is also vital when comparing

the performance of networks utilising different inærnal parameters and network

geometries. Networks with different learning rates, momentums, epoch sizes etc- might

be at different stages of learning, even though the same number of training samples have

been presented to them (see Figure 3.L25). In order to make a fair comparison between

networks using different parameters and geometries, one has to ensure that both

networks are in the vicinity of a local minimum at the time of testing. Even if this is the

case, allowances have to be made for the oscillations in RMS forecasting error. One can

only conclude that the performance of a particular network (e.g. network 1) is better

than that of another network (e.g. network 2) if (FEput,*a*)t <

Consequently, the results obtained in Sections 3.5.3.3 and 3.5.3.4 do not indicate

conclusively which epoch sizes, momentums, learning rates, initial weight distributions

and network geometries are optimal'

3.5.3.7 Conclusions

For the training set used, it was found that:

1. There is no advantage in using larger epoch sizes. The number of normalised weight

updates required to obtain the best result was independent of epoch size. As the

time t¿ken to perform one weight update increases with increasing epoch size,

learning is much faster with smaller epoch sizes. The predictive ability of the

networks was found to be unaffected by epoch size-

2- tæarning speed is a function of the size of the steps taken in weight space, which is

increased by increasing the learning rate, the momentum, the gain of the transfer

function, the error function and the epoch size (depending on the learning rule used)-

As a result, learning speed is affected by the combination of the above factors, and

the same learning speed can be achieved by using different combinations of the

above parameters.

When small steps a¡e taken in weight space during training, the RMSE between

actual and predicted outputs decreases slowly and steadily until a local minimum in
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the error surface is reached. Once the local minimum has been reached, the network

basically remains at that local minimum, with only small variations in the RMS

prediction error.

When bigger steps are taken in weight space during training, training is much faster.

Using bigger steps in weight space generally also results in better predictions, as the

network has the ability to escape, and hence find better, local minima in the error

surface. However, once the network approaches a local minimum, large oscillations

in the RMS prediction error occur, as the large steps taken in weight space result in

the network jumping from one side of the local minimum to the other.

Consequently, the result obtained is very much dependent on whether the network is

tested at a úme of a peak or a trough in the RMS prediction error. It is therefore

necossary to test the network frequently in order to increase the chances of obtaining

a good result.

If the steps taken in weight space are too large, divergent behaviour can occur-

3. Figure 3-126 shows that for the tests carried out, the behaviour of the networks was

fairly controlled at leaming rates of 0.005 and 0.02. The results obtained when a

learning rate of 0.1 was used were clearly better than those obtained when the

smaller learning rates were used. There is a large variation in the results obtained

when a learning rate of 0.2 was used, indicating that the oscillations in RMS

prediction error were large. Although the best result was obtained when a leaming

rate of 0.2 was used (in conjunction with a momentum of 0.6), it is probably

preferable to use a leaming rate of 0.1, as better results are obtained more

consistently.

4. Figure 3-127 shows that, for ths tests canied out, network performance generally

increased as the momentum increased from 0.05 to 0.6. For momentums of 0.8 and

0.9, the sizes of the steps taken in weight space appear to be too large, rcsulting in

divergent behaviour at the higher learning rates and decreased performance at the

lower learning rates. Consequently, 0.6 appears to be the optimum momentum for
the tests carried out.

5. Transfer and error functions have a marked impact on learning speed and predictive

ability. Of the transfer and error functions tested, the hyperbolic tangent transfer

function and the quadratic error function were found to perform best.
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6. Commencing uaining from different points in weight space (i.e. different initial

weight distributions) did not have any impact on learning speed and generalisation

ability.
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7. The ratio of hrst to second hidden layer nodes did not significantly affect the

network's learning speed and generalisation ability. However, the best forecast was

obtained when the ratio of hrst to second hidden layer nodes used was 3:1, which is

in agreement with the results obtained by Kudrycki (1988).

8. There was a slight difference in the results obtained when different numbers of nodes

were used in the hrst and second hidden layers, while maintaining a ratio of 3:1

between them. The predictive ability of the networks increased as the number of
nodes in the first hidden layer was increased from 15 to 30 and from 30 to 60

(Figure 3-128)- A slight decrease in the generalisation ability was observed as the

number of nodes in the first hidden layer was increased from 60 to 90 (Figure

3.128), suggesting that the optimum number of nodes in the first and second hidden

layers are 60 and 20 respectively.
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Figure 3.128: Best Results Obtained for Networls with One and Two Hidden Layers

9- When only one hidden layer was used, there was no trend relating the predictive

ability of the network to the number of nodes in the hidden layer. The best forecast

was obtained when 30 nodes were used in the first hidden layer (Figure 3.128).

10. As can be seen from Figure 3.128, there was greater variability in the results

obtained when one hidden layer was used. However, the best L4 day forecast

obtained when one hidden layer was used was better than that obtained when two

0
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hidden layers were used. Using only one hidden layer also has the additional benefrt

of reduced training time.

11. Once a network was in the vicinity of a local minimum, oscillations in the RMS

prediction error occurred after each weight update.

12. Using a "spiked" training set, in which all patterns to be learnt have approximately

equal representation, did not improve network performance'

13. The networks used in these tests were found to have many local minima, making it

difhcult to obtain results close to the global minimum. This is typical for large

networks. However, the following procedure was found to produce good results:

(i) Train the network using a small epoch size, a relatively large learning rate and a

relatively large momentum. This increases uaining speed and enables the

network to escape local minima in the error surface. It should be noted that the

absolute values of learning rate and momentum chosen are dependent on the

nature of the error surface. The learning rate and momentum chosen should also

be small enough to avoid divergent behaviour-

(ii) Stop training at regular intervals, test the network using the testing set and

calculate the RMSE between the actual and predicted values.

(iü)continue rraining until a plateau in the RMSE is reached.

(iv)Select the network that produced the forecast with the lowest RMSE and

continue training after reducing the learning rate and the momentum to very

small values and setting the epoch size equal to number of samples in the training

set.

(v) Stop training after each weight update, test the network using the training set

and calculate the RMSE between the actual and predicted values.

(vi)Continue training until there is no further improvement in RMSE.

14. When using cross-validation as the stopping criterion for real time forecasting

applications, it is necessary to have separate training, validation and forecasting sets-

The forecasts obtained using the validation set can then be optimised using the

procedure given in 13 above. The network that gives the best forecasts for the

validation set can then be used for forecasting. For this method to work effectively,

the validation set has to be chosen carefully, so that it is representative of the

relationship to be aPProúmated-

When timited data are available, it is better to present a fixed number of training

samples to the network during training, in order to utilise all the available data in the

283
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training phase. However, it is vital to carry out some exploratory analysis, in which

a small portion of the training set is used for validation purposes at various stages of
training, in order to get an indication of how many training samples need to be

presented to the network until a local minimum in the error surface is reached and

the magnitude of the oscillations in the RMS forecasting error, once a local

minimum in the error surface has been reached, for a particular combination of
network parameters. The knowledge obtained as part of the exploratory phase (i.e-

what network parameters are appropriate and how many training samples should be

presented to the network) can then be used to re-train the network, using all

available data for training. The knowledge of when a local minimum in the error

surface has been reached may also be used to reduce the size of the steps taken in

weight space at that point, in order to reduce the magnitude in the oscillations of the

RMS forecasting effor.

It should be noted that the results obtained apply specifrcally to the training set used and

are by no means conclusive, as a limited number of tests were carried out.

3.5.4 Real Time Forecasts

Finally, a real time forecasting situation was simulated. When obtaining real time

forecasts, the desired outputs of the forecasting set are not available during the training

phase. In addition, only data prior to the period of time used for forecasting can be used

for training. The last complete year of data (i.e. 1991) was used for forecasting, rather

than the 12 months from July 1991 to June 1992, as all major variations in salinity occur

in the middle of the year. Due to the limited amount of training data available, cross-

validation was not used as a stopping criterion. Instead, a fixed number of training

samples were prcsented to the network. The results obtained in Sections 3.5.3.3 and

3.5.3.4 indicate that:

o Network geometry does not have a significant effect on the learn count at which a

local minimum in the error surface is reached.

o Training speed (i.e. at what learn count a local minimum in the error surface is

reached) and the magnitude of the oscillations in the RMS forecasting error, once a

local minimum in the error surface has been rcached, are a function of the size of the

steps taken in weight space, which is affected by the combination of learning rate,

epoch size, momentum, error function and transfer function used. In the tests

carried out in Section 3.5.3.3, a number of networks had reached, and remained in

the vicinity of, a local minimum in the error surface at a learn count of 100,000. The

inærnal parameters used in these tests include an epoch size of 16, the hyperbolic
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tangent transfer function, the quadratic error function and a number of combinations

of learning rates and momentums.

Consequently, it was decided to use an epoch size of 16, the hyperbolic tangent transfer

function, the quadratic error function and to present 100,000 training sample.s to the

networks in the real time forecasting simulation. The number of network outputs used

was three (at lags 0, -4 and -13), in order to obtain the desired 1, 5 and 14 day forecasts

directly. As the results obtained in Section 3-5-2.5 indicate, the number of outputs used

do not significantly affect the forecasts obtained- Initially, the default values of the

leaming rate and momentum (table 3.39) were used in conjunction with 45 nodes in the

first hidden layer and 15 nodes in the second hidden layer (model

SMB_M_A_76_12_9l), to get a direct comparison with the 14 day forecast obtained

using model SMB-M-A-18-10-91. The results obtained using model

SMB_M_A_7 6_12_9l are shown in Table 3.78. The RMSE, AAPE and AAE of the 14

day forecast obtained using model SMB-M-A-76-12-9I (real time forecast) were 49.0

EC units, 6.57o and 37.0 EC units respectively, compared with an RMSE of 45.9 EC

units, an AAPE of 6.5Vo and an AAE of 34.0 EC units obtained using model

SMB_M_A_18_10_91. This indicates that model SMB-M-A-76-12-91 was able to

successfully forecast salinity at Murray Bridge 14 days in advance in real time.

Table 3.78: Real Time Forecasts Obtained Using Model SMB-M-A-76-12-91
@efault Values of Læarning Rate and Momentum)

Forecasting period

(days)

RMSE

(EC units)

AAPE
(Vo)

AAE
(EC units)

1 25.8 3.2 t6.t

5 35.2 4.3 24.7

t4 49.0 6.5 37.0

The results obtained in Sections 3.5.3.3 and 3.5.3.4 indicaæ that it is preferable to use

learning rates that are smaller than the default values, in order to reduce the magnitude

of the oscillations in the RMS forecasting error, once a local minimum in the error

surface has been reached. Using a leaming rate of 0.02 provides a good compromise

between learning speed and generalisation ability, as the magnitude of the oscillation in

the RMS forecasting error is relatively small, while a local minimum in the error surface

is reached prior to a learn count of 100,000. Model SMB-M-A-76-I2-91 was re-

trained using a learning rate of 0.02 and a momentum of 0-6 (model

SMB_M_A_71 _12_91). The results obtained afær the presentation of 1(X),000 training

samples are shown in Table 3.79. By comparing Tables 3.78 and 3.79,it can be seen
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that, as expected, the forecasts obtained using model SMB_M_ A_17 _L2_91 are

consistently better than those obtained using model SMB_M_A_76_12_91, regardless

of the forecasting period or performance measure considered.

Table 3.79: Real Time Forecasts Obtained Using Model SMB M A 77 12 9I
(rl = 0.02, lr = 0.6)

Forecasting period

(days)

RMSE

(EC units)

AAPE

(Vo)

AAE
(EC units)

I 20.5 2.7 t4.2

5 30.7 3.5 20.2

t4 47.5 6.4 34.5

The results obtained in Section 3.5.3.4 indicate that the number of hidden layers (i.e.

either one or two) does not have a significant effect on generalisation ability for the

training / æsting set used. However, by omitting the second hidden layer, training speed

can be increased. Model SMB-M-A-?7 
-12-91 was re-trained using only one hidden

layer with 45 nodes (model SMB-M-A-78-12-91). The results obtained are shown in

Table 3-80. By comparing Tables 3.79 and 3.80, it can be seen that the forecasts

obtained using a network with one hidden layer are marginally better than those

obtained when a second hidden layer was used. In addition, the time taken to process

100,000 training samples was reduced from 60 to 45 minutes.

Table 3.80: Real Time Forecasts obtained Using Model SMB_M_A_78_12_91 (one
Hidden Layer of Nodes)

Forecasting period

(days)

RMSE

@C units)

AAPE

(Vo)

AAE
(EC units)

1 18.5 2.5 L3.9

5 29.6 3.3 21.0

t4 46.9 6.1 33.2

The reliance of the model on the accuracy of the flow and river level forecasts was also

investigated (model SMB-M-A_79_13_9L) by omitting the flow inpurs at lags -15, -13,

..., -l and the river level inputs at lags -3 and -1 from training / æsting set 12, thus

reducing the total number of inputs from 51 to 39 (training / æsting set 13). A learning

rate of 0.02 and a momentum of 0.6 were used. The network geometry used was 39-

30-0-3. The results obtained after the presentation of 100,000 training samples are

shown in Table 3.81. By comparing Tables 3.80 and 3.81, it can be seen that the
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forecasts obtained when the flow and river level forecasts were omitted are only slightly

worse than those obtained when they were included in the training set, indicating that

the accuracy of the flow and level forecasts does not have a significant impact on model

performance.

Table 3.81: Real Time Forecasts Obtained Using Model SMB-M-A-79-13-91 (No

Inputs of Future Flows and trvels)

Forecasting period

(days)

RMSE
(EC units)

AAPE

Qo)

AAE

GC units)

1 19.7 2.8 13.9

5 29.8 4.O 2T.T

t4 48.1 6.4 36.7

plors of the 1, 5 and 14 day forecasts obtained using model SMB-M-A-79-13-9I are

shown in Figures 3-I2g to 3.131- It can be seen that the forecasts are good for all

forecasting periods. As the forecasting length increases, a slight shift benveen the actual

and predicted salinities starts to occur, and the model's ability to forecast the peak in the

vicinity of day 200 is reduced. However, the 14 day forecasts obtained are very good,

as all major variations in salinity are predicæd without appreciable lag.
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Figure 3.129: Real Time Forecast of Salinity in the River Murray at Murray Bridge

Obtained Using Model SMB-M-A-?9-13-91 - I99L - 1 Day in Advance
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Figure 3.130: Real Time Forecast of Salinity in the River Murray at Munay Bridge
Obtained Using Model SMB M A 79 13 91 - 1991 - 5 Days in Advance
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Figure 3.131: Real Time Forecast of Salinity in the River Murray at Murray Bridge
Obtained Using Model SMB M A 79 13 91 - 1991 - 14 Days in Advance

Once a network has been trained, a general relationship between the inputs and outputs

contained in the training set has been obtained. However, depending on the length and

quality of the available training data, all possible input/output combinations are generally
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not contained in the training set. In addition, there might be some future changes in the

system that is being modelled. Consequently, for real úme forecasting applications, it is

advisable to re-train the model as new data become available. For the case study

considered in this chapter, it would be sufficient to re-train the model once every year,

as one year of data is required to adequately capture the seasonal cycle of salinity

variation.

3.5.5 Summary / Conclusions

The generalisation ability of the MANN models was very good. The RMSEs and the

AApEs of the independent 14 day forecasts obtained for 1988 to 1991 ranged from 44.5

EC units to 49.3 EC units and from 5.3Vo to 7 .jVo respectively. A RMSE of 48'1 EC

units and an AAPE of 6.4Vo were obtained in a real time forecasting simulaúon for

1991. The plots of the best 14 day forecasts also indicate that the forecasts are very

good, as all major variations in salinity are predicted without appreciable lag. One and

five day forecasts were also obtained as part of the real time forecasting simulation,

which provide a basis of comparison with the forecasts obtained using the UANN,

univariate and multivariate time series models-

The data used for training and those used for testing appear to have a significant effect

on the reisults obtained. Consequently, it is vital to choose the tesúng set carefully- The

data used for æsting should be representative of the general relationships the model is

trying to approximate. Training several models, and using different dat¿ for training and

for testing in each, is a good way of determining the generalisation abilþ of a model, as

it minimises the significance of choosing particular training and æsting sets, while

maximising the use of the available data.

Although using ANNs does not yield a direct relationship between a set of inputs and

outputs, useful information about the relative strength (and sign) of the relationship

betrveen the network inputs and outputs can be obt¿ined with the aid of a sensitivity

analysis. The information obtained from such a sensitivity analysis is useful for

determining the critical network inputs.

Generally, adding less significant model inputs does not appear to have a marked effect

on the generalisation ability of MANN models. However, as the results in Sections

3.5.2.3 and 3.5-2.4 indicaæ, if the number of model inputs, and hence the size of the

network, is too large, the results obtained might be adversely affected, possibly due to

the difhculty in hnding a good local minimum in the weight space. In addition, larger
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networks also require larger training sets, in order to optimise the connection weights

efficiently, and take longer to train as a result ofdecreased processing speed-

The results obtained in Section 3.5-2.5 indicate that network performance is not

significantly affected by the number of network outputs. However, one would expect

that if the number of outputs was very large, problems of hnding a good local minimum

in the error surface, similar to those described for large numbers of network inputs

described above, would be encountered due the increased number of connection

weights.

In the majority of æsts carried out, the generalisation abilþ of the networks increased

steadily, until a local minimum in the error surface was reached. Subsequently,

oscillations in the RMS forecasting error occurred, the magnitude of which was a

function of the size of the steps taken in weight space. Guidelines for optimising

generalisation ability are summarised in Section 3.5.3.7.

The transfer and error functions had a signihcant effect on the generalisation ability of
the networks. The hyperbolic tangent transfer function and the quadratic error function

were found to perform best. The choice of the learning rate, momentum, epoch size and

network geometry did not have a significant effect on generalisation ability. Training

speed was greatly affected by the size of the steps taken in weight space, which is a

function of the epoch size (depending on the learning rule used), the learning rate, the

momentum, the error function and the gain of the transfer function. 'When larger sæps

are takon in weight space, learning speed, and the ability of networks to escape local

minima in the error surface, is increased. However, the magnitude of the oscillations,

once a local minium in the error surface has been reached, is also greater, which can

cause problems in real time forecasting applications when limited data are available, as

discussed in Section 3.5.3.6. In addition, if the step size is too large, divergent

behaviour may occur or the network may cease learning.

3.6 Development of Univariate Time Series Model

3.6.1 Introduction

In this section, the development of the univariate time series (ARIMA) model for the

prediction of salinity in the River Murray at Murray Bridge is described. The objective

of this section is to develop an ARIMA model, which provides a basis of comparison for

the multivariate time series (VARIMA) and the univariate ANN models. In order to
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obtain the best possible ARIMA model, the effects of the degree of differencing and the

number of AR and MA parameters were investigated.

The Box-Jenkins methodology (Section 2.2.L2) was used to develop the ARIMA

models. Forecasting periods of 1, 5 and 14 days were used, as was the case with the

ANN models. For all models, data from 1987 to 1990 were used for training and data

from 1991 were used for testing in order to obtain a real time forecast, as was the case

when the univariate ANN model was developed.

3.6.2 Inspection of the PIot of the Time Series

A plot and discussion of the salinity data at Murray Bridge are given in Section 3-3.3-I-

At this stage of modelling, it is assumed that the distribution of the data approaches

normality. At the diagnostic checking stage, the model residuals will be examined to

check whether the model is adequate. If this is found to be the case, there is no need to

transform the original data using a Box-Cox transform (Verbyla, 1995).

3.6.3 Checking of the Time Series for Stationarity

The time series is non-stationary, as discussed in Section 3-4-2

3.6.4 Transformation of Data by Differencing

The time series was differenced in Section 3.4.3. When developing the univa¡iate ANN

model, data set 11 (i.e. the data set that was differenced using d = 1 and D = 1) was

used for reasons discussed in Section 3.4.3. In addition to data set 11, data set 12 (i.e-

the data set that was differenced using d = I and D =2) was used in the development of

the ARIMA model to investigate the effect of va¡ious degrees of differencing on model

performance. Data set 12 was chosen as it has the smallest number of significant values

in the ACF and PACF (Section 3.4.3), and should therefore require fewer AR and MA

parameters. A ptot of data set 12 is shown in Figure 3.L32- Plots of the ACF and the

PACF, including the bounds of significance, are shown in Figures 3-133 a¡rd 3-134. It

can be seen that the variance of the data does not appear to be constant, and that the

values of the ACF and PACF are substantially greater than the bounds of significance in

the vicinity of one seasonal lag. However, as the ACF and PACF cut off at lags less

than or equal to732, data set 12 may be deemed stationary @owermann and O'Connell,

L97e).
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Figure 3.132: Data Set 12
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Figure 3.L34: PACF for Data Set 12

3.6.5 ldentifÏcation of Model Type and Order

For data sets 11 and 12, both the ACF and the PACF have a distinct cut off. As a

result, either an AR or a MA model could be used. However, by using a mixed ARMA

model, fewer model parameters should be required to obtain a suitable model, and hence

this type of model was chosen. As discussed in Section 2-2.8.t, the order of the AR

parameters required is related to the lags at which significant values occur in the PACF,

and the order of the MA parameûers required is related to the lags at which significant

values occur in the ACF. However, as discussed by Chatfield (1975), even if a time

series is compleæly random, I out of 20 autocorrelation values will generally be

signifrcant. It is therefore difficult to determine which of the significant values represent

strongly correlated values, especially since most of the signifrcant values are only slightly

greater than the bounds of significance. For this reason, it was decided to adopt an

iterative approach. The following procedure was used to determine the order of the

MA and AR parameters:

l. Obtain the preliminary parameter estimates for an AR model and a MA model, each

with up to732 parameters.

2- Determine which of the parameters are signifrcant (i.e. which parameters are greater

than or equal to 2/{n).

3. Delete all parameters that a¡e found to be insignihcanl

4. Obtain preliminary parameter estimates for a mixed ARMA model using the

parameters remaining after step 3-

0

-0.05

c.o
clõ
L

o()
o
f

'i6
E
((lù

Lag

iltn' illr,l rt,t,il,il,,il il lr,hill,iltl,,



294 Chapter 3: Salinity Forecasting in the River Murray

5. Repeat steps 2 to 4 until all the remaining parameters are significanl

The above procedure was applied to data sets 12 and 11. The preliminary parameter

estimates were obtained with the aid of computer program 'PRELIM'. It was found that

a number of significant AR and MA parameters were only marginally greater than 2/{n,

and very few parameters were significanty Ere tlr than 2/{n.

Final parameter estimation was carried out for a number of models, including those

which incorporated all signihcant parameters (e-g. models SMB_U_T_05_I2_9L and

SMB_U_T_OI _I2_9L), and models which only incorporated those parameters

signifrcantly greater than zt''ln (e.g. models SMB-U-T-08-I2-}L and

SMB_U_T_01_11_91). Details of all the models used are given in Tables 3.82 and

3.83.

It should be noted that a model containing AR parameters of order greater than 365, as

well as MA parameters of order greater than 365, could not be developed for data set

12, as the sum of the maximum order of AR parameters and the ma¡cimum order of MA
parameters has to be less than the total number of values in the data set (i.e. 730).

However, the same restriction does not apply to data set 11 (see model

SMB_U_T_01_11_91), as the number of values lost is less as a result of the lesser

degree of seasonal differencing.

Table 3-82: Number and Order of MA and AR Parameters for the Models using Data

Set 1l

Model AR Parameters MA Parameters

No. Order No. Order

sMBUT0l 11 91 3 1.365, 366 4 364.36s.366.367

sMBUT02 11 91 3 1,365,366 5 1,364,365,366,367

SMBUT03 11 91 3 1. 365.366 1 1

sMBUT04 11 9l 3 1.365.366 0
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Table 3.83: Number and Order of MA and AR Parameters for the Models using Data

Set 12

3.6.6 Estimation of Model Parameters

The frnal least-squares parameter estimates were obtained with the aid of computef

program'PAREST'. All initial parameter estimates were chosen to be 0.1 in accordance

with the recommendation made by Bowermann and O'Connell (1979). Final parameter

estimates were obtained for all the models lisæd in Tables 3.82 and 3-83. These

estimates are summarised in Tables 3.84 to 3-93-

The final estimates of the model parameters in Tables 3.84 to 3.93 show that the

parameters at lag 1 and the parameters in the vicinity of one seasonal lag (i.e. 364,365,

366 and 367) are clearly dominant. These lags coincide with the lags at which the

largest spikes occur in the ACF and the PACF. This suggests that only the dominant

spikes (i.e. spikes that are considerably greater than the bounds of significance) in the

ACF and in the PACF represent strongly correlated values, and that the significant

values that are close to the boundaries of significance may be ignored-

Model AR Parameters MA Parameters

No. Order No. Order

SMB_U_T_05_12_91 1 1 28 1,2,3,12,16,23,24,
26,27,36,39, 62, 63,

64, 65, 1 13, 144, 180,

365,366,367,317,

394, 427 , 428,429,

49r,524

SMB_U_T_06_12_91 5 1,2,3,365,366 1 1

SMB_U_T_07_12_91 22 1,2,3,17,24,37,
38,40, 4r,53,54,
57,58,63,73,74,
116, 1r7, 132, r33,

365,366

1 1

SMB_U_T_O8_12 9L 3 1,365,366 1 1

SMB U-T-09_12_91 2 1, 365 1 1

SMB_U_T_10_t2_9r 3 1,365,366 2 r,23
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Table 3.84: Final Estimates of Model Parameters for Model SMB U-T 0l-11-91

AR Parameters MA Parameters

Order Parameter Order Parameter

1

365

366

+0.6262

-0.4056

+0.2832

364

365

366

367

+O.1363

-0.1381

+O.1487

+0. I 151

Table 3.85: Final Estimates of Model Parameters for Model SMB U T 02 11 91

AR Parameters MA Parameters

Order Parameter Order Parameter

1

365

366

+0.5833

-0.4058

+0.2660

I
364

365

366

367

-0.0704
-û.1376

-0.1254

+0.1427

$.1297

Table 3.86: Final Estimates of Model Parameters for Model SMB-U-T-03-11-91

AR Parameters MA Parameters

Order Parameter Order Parameter

I
365

366

+0.5989

-0.379r

+O.2145

1 -0.042t

Table 3.87: Final Estimates of Model Pa¡ameters for Model SMB U T 04 11 91

AR Parameters MA Parameters

Order Parameter Order Parameter

I
365

366

+n.6240

-o.3799

r{.2253
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Table 3.88: Final Estimates of Model Parameters for Model SMB-U-T -O5-I2-9I

297

AR Parameters MA Parameters

Order Parameter Order Parameter

1 +0.0432 1

2

3

t2

16

23

24

26

27

36

39

62

63

64

65

113

IM
180

365

366

367

377

394

427

428

429

491

524

-0.1574

+0.0031

+0.0189

+0.0918

+0.1138

-0.ll2l
-o.0723

+0.1184

+0.1146

+0.1169

-0.0790

{{.0957
+0.0681

+.0.1325

+0.0787

-0.0202

-0.t264

tn.0947

ú.4892
+0.1004

r{.0426
-0.1044

-0.0353

-0.0514

-0.0465

-0.0837

+n.O737

-o.o752
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Table 3.89: Final Estimates of Model Parameters for Model SMB U T 06 12 9I

AR Parameters MA Parameters

Order Parameter Order Parameter

I
2

3

365

366

+0.6384

+0.0952

-0.0774

-0.5168

+0.3370

I -o.t987

Table 3.90: Final Estimates of Model Parameters for Model SMB U T 07 12 9I

AR Parameters MA Parameters

Order Parameter Order Parameter

I
2

3

L7

24

37

38

40

4t
53

54

57

58

63

73

74

116

117

t32
t33

36s

366

+0.6452

+0.0754

-0.0811

+0.0060

-0.0366

+0.0442

-0.0722

-0.0435

+0.0323

+0_0054

+0.0065

-0.0063

-0.0004

-0.0274

+0.0416

+0.0265

+0.0257

-0.0296

-0.0730

{{).0453

-0.5243

+0.3219

I -0.1798
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Table 3.91: Final Estimaæs of Model Parameters for Model SMB-U-T-08-12-9I

AR Parameters MA Parameters

Order Parameter Order Parameter

1

365

366

+0.6977

-0.5136

+0.3492

1 -0.1284

Table 3.92: Final Estimates of Model Parameters for Model SMB-U-T-09-L2-9L

AR Parameters MA Parameters

Order Parameter Order Parameter

1

365

+0.2669

-0.5135

1 -0.4547

Table 3.93: Final Estimates of Model Pa¡ameters for Model SMB-U-T-L0-I2-91

AR Parameters MA Parameters

Order Parameter Order Parameter

1

365

366

+0.6966

-0.5119

+4.3419

1

23

-0.1457

-0.1s85

3.6.7 Diagnostic Checking

A plot of the residuals (not shown here) showed that there were no outliers and no

apparent trend. In addition, the mean of the residuals was zero. The variance of the

residuals was found to be constant, and the histogram of residual frequencies (not

shown here) was normally distribuæd, indicating that there is no need to tansform the

original data using a Box-Cox transform (Hipel' 1985).

The Box-Pierce method was then used to examine the residuals. The ACF and the

PACF of the residuals (not shown here) were calculated using computer program

'ApCORR' and checked for any significant spikes. There were no significant spikes at

low lags (e.g. I to 10) and no significant spikes at seasonal lags (e.g. 360 to 370)'

suggesting that the residuals are uncoffelated- There were occ¿lsional significant values,

299
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all of which were close to the bounds of signihcance. As discussed in Section 3.6.6,

such values do not suggest strong correlations and may be ignored.

The Portmanteau lack-of-ht test was also used to check the whiteness of the residuals.

The Box-Pierce chi-square statistic, QBP (Equation 2-18), is the most well known test

statistic for the Portmanteau lack-of-ht test and was used here. qBe is evaluated as part

of computer program 'APCORR'. Bowermann and O'Connell (1979) suggest that a

value of k' = 3L should be used. Due to the limited number of residuals available (<

3L), a value of k' = 365 was chosen. This is conservative, as the gap between QBP and

X26¡ Eenerally widens with an increase in k'. It should be noted that a value of k' = 363

had to be used for models SMB U T 06_12_91 to SMB_U_T_10_12_91, as the

maximum number of residuals available was 364. The values of QBP and X216) for the

various models are shown in Tables 3.94 and 3.95. ?(21s¡ *^ evaluated using the

following equation (Kreyszig, I97 9) :

X26)=0.5 (r/(2m'- 1) + 1.6Ð2 (3.6)

where m' = the number of degrees of freedom

Table 3.94: Values of QBP and 2g215¡ for the Models using Data Set l1

Model mt QBP r,2sl

sMBUT0l 11 91 358 296 403

sMBUT02 11 91 357 295 402

SMBUT03 11 91 361 329 406

SMBUT04 11 9I 362 327 407

Table 3.95: Values of QBP and y26¡ for the Models using Data Set 12

Model mt QBP x2tst

SMBUT05T29I 336 205 379

SMBUT06 129T 357 t63 402

SMBUTOT129T 340 151 384

sMBUT0S1291 359 168 404

SMBUT09T29I 360 265 405

SMBUTlOT29I 358 t49 403
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As can be seen from Tables 3.94 and 3.95, QBP it less than X2ç5¡ ^ all cases, indicating

that all models are adequate and can be used for forecasting-

3.6.8 Forecasting

Computer program 'FCAST' was used to produce the multi-step forecasts and to

convert the differenced forecasts back to their original values. The 1, 5 and L4 day

forecasts were examined to assess each model's short-term and longer-term forecasúng

ability.

For data set 11, the differenced forecasts (u) were converted to their original (non-

differenced) form (z) using Equation 3.2. For data set 12, the following equation was

used to carry out the conversions:

301

(3.7)

(3.e)

Zr = ur t zt-t + 2z¡-365 - 2rç3ea - zç730 * z¡-731

For each of the above conversions, the term zt-l is required. However, for forecasts

greater than one day ahead, this value is not available. Consequentþ, a predicted value

has to be used. This value can be obtained by using a recursive procedure, which

involves the following steps (note: the example given is for data set 11; the same

procedure can be applied to data set 12 by using Equation 3-7):

The one day forecast is obtained in accordance with the following equation (It

should be noted that zris the last known value of z):

Zt+l= ut+l * z¡* z¡464- zt-365

a The two day forecast is then obtained in accordance with the following equation:

a

(3.8)

zr+2= ut+2 * zt+l * zt-363 - z¡-3&

where z¡*1 is the one day forecast obtained in the previous step.

This recursive procedure is repeated until the forecast of the desired forecasting

length is obtained.

a
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3.6.9 Results / Discussion

The RMSE, AAPE and AAE between actual and predicted salinities were calculated for

the 1, 5 and 14 day forecasts for each of the models. These are shown in Tables 3-96

and3.97.

Table 3.96: Results for Data Set 1l

Model Forecast

period (days)

RMSE

(EC units)

AAPE

(Vo\

AAE

(EC units)

SMBUTOl 11 91 I 10.5 1.1 6.7

5 37.8 4.2 24.9

l4 r09.0 11.8 7r.2

SMBUT02 11 9I 1 10.9 1.1 6.7

5 38.1 4.2 25.0

I4 r09.8 11.9 7r.4

SMBUT03 11 91 I r0.7 1-1 6.9

5 37.8 4.2 24.7

t4 108.9 12.l 71.2

SMB U T 04 11 91 1 10.5 1.1 6.8

5 37.7 4.2 24.8

t4 108.5 t2.t 70.9
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Table 3.97: Results for Data Set 12

Model Forecast

period (days)

RMSE

(EC units)

AAPE

(vo)

AAE
(EC units)

SMB_U_T_O5_12_91 1 34.9 3.7 22.2

5 153.0 17.2 104.0

t4 442.1 51.2 307 _5

SMB_U_T_O6_12_9r 1 r7.3 r.7 rt.4

5 86.8 8.7 58.4

t4 257.3 25.7 173.3

SMB_U_T_O1 _12_91 1 18.0 1.8 1 2 1

5 94.3 10.1 65.8

l4 282.5 31.0 20t.r

SMB_U_T_08_12_91 1 16.7 r.7 tr.2

5 86.7 8.6 57.7

t4 257.4 25_6 172.2

SMB_U_T_09_12_91 1 28.8 2.8 18.2

5 ro2.l 10.2 67.2

t4 273.0 27.7 182.4

SMB_U_T-TO_12_97 1 18.5 2.1 13.0

5 112.5 12.4 78.3

t4 351.3 38.1 240.3

The following general comments can be made by examining the prediction errors and

plots of forecasts for the various models:

1. As expected, the forecast accuracy decreases as the forecast length increases- As can

be seen from Tables 3.96 and 3.97, all one day forecasts are very good. This is

illustrated in Figures 3.135 to 3.137. However, any noise prcsent is amplified as the

forecast length is increased. This is demonstrated in Figures 3.137 to 3.139 and is

typical for all models. The reason for this is that previous forecasts are used to obtain

current forecasts (e.g. the forecast at day one is used to obtain the forecast at day 2; the

forecasts at days 1 and 2 a¡e used to obtain the forecast at day 3 etc.).
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Figure 3.135: Actual and Predicted Salinities - Model SMB_U_T_06_12_9I - 1 Day in

Advance
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Figure 3.136: Actual and Predicted Salinities - Model SMB_U_T_10_12_9I - I Day in

Advance
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Figure 3.137: Actual and Predicted Salinities - Model SMB-U-T-03-11-91 - 1 Day in

Advance
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Figure 3.139: Actual and Predicted Salinities - Model SMB_U_T_03_11_91 - 5 Days in
Advance

2. Tlte presence of less-significant parameters induces noise, as illustrated in Table 3.98.

Although using more parameters may produce comparable one day forecasts,

undesirable noise is amplified for longer term forecasts. Using fewer parameters tends

to have an averaging effect, which is desirable for longer term forecasts.

Table 3.98: Effect of Less-Signihcant Parameters on Model Performance

Model No. of AR

Parameters

No. of MA
Parameters

RMSE (EC units)

1-day

forecast

5-day

forecast

l4-day

forecast

SMBUTOS1291 3 1 16.7 86.7 257.4

SMBUTOTT29I 22 1 18.0 94.3 282.5

3. AR parameters at lags l, 365 and 366 appear to be dominant. Varying the number

of MA parameters does not appear to have a significant impact on model performance.

ModelsSMB U T 01 11 91 toSMB U T_04_ll_9lallhaveARparametersatlags
I,365 and 366, but have varying MA parameters. However, the performance of each

model is very similar, as shown in Tabte 3.96. On the other hand, omitting one of the

dominant AR parameters decreases prediction accuracy substantially, as illustraûed by

models SMB_U_T-08_12_91 and SMB_U_T_09_12_91,. The AR parameter at lag
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366 was omitted for model SMB_U_T_09-12-91 resulting in a marked increase in

forecasting error, which can be seen by inspecting Table 3.91 and by comparing Figures

3.140 and 3.141.
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Figure 3.140: Actual.and Predicted Salinities - Model SMB-U-T-08-I2-91- 1 Day in

Advance (AR Parameters of Order 1,365 and 366 & MA Parameter of Order 1)
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Figure 3.141: Actual and Predicted Salinities - Model SMB-U-T-09-12-91- 1 Day in

Advance (AR Parameters of Order 1 and 365 & MA Parameter of Order 1)
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4. Models using data set 11 perform better than those using data set 12. This

indicates that higher order differencing introduces additional noise. This is clearly

shown in Tables 3.96 and 3.97 as well as Figures 3.142 and 3.143 for models

SMB U T 04 ll 91 and SMB U T 08 12_91, the best models for the respective

data sets.
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Figure 3.142: Actual and Predicted Salinities - Model SMB_U_T_04_II_91- 3 Days
in Advance @ifferencing of Order D = l)
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Figure 3.143: Actual and Predicæd Salinities - Model SMB_U_T_08_12_91 - 3 Days in
Advance (Differencing of Order D =2)
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5. The Box-Pierce chi-square statistic indicates that the models incorporating AR

parameters at lags 1, 365 and 366 produce a better fit. The same models also result in

the best predictions, as discussed above. On the other hand, the Box-Pierce chi-square

statistic also indicates that models using more parameters, as well as models using data

set 12, produce a better ht. However, as discussed above, using too many parameters

can result in overfitting, which introduces noise and produces poor longer tenn

forecasts. This indicates that although the Box-Pierce chi-square statistic is a valuable

tool in deærmining whether a particular model is adequate, it does not necessarily

indicate which model produces the best forecasts. This is particularly true when the

data are noisy and when a limiæd data set is available-

6. A plot of the best 14-day forecast (model SMB-U-T-04-11-91) is shown in

Figure 3-144- As can be seen, the model predicts the major variations in salinity

reasonably well. However, there is considerable noise, resulting in very large

fluctuations in predicted salinity. This reduces the usefulness of the model, as it is

impossible to discern which of the predicted variations in salinity actually occur. It is

interesting to note that the sharp drop in salinity is predicted with very little lag

compared to the actual drop. The marked drop in predicted salinity in the vicinity of

day I25 can be attributed to a sharp drop in the salinity at the same time in the previous

year.

Actual(1991)

Predicted (1991)

Actual (1990)

1 400

1 200

1 000

800

600

400

2W

.t)
.E
)
o
[rJ

:Eõ
Ø Sharp d rop in sal

in the vicinity of day 1

0 183

Time (days)
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7. As discussed above, the 14 day forecasts produced are very noisy. It is possible to

remove some of that noise by filtering. Filtering was carried out by applying a linear

f,rlter to the 14 day forecast produced by model SMB-U-T-O4-1 l-91. Initially, the

usefulness of f,rlæring was assessed by using a set of symmetric weights. The weights

chosen were the successive terms in the expansion (a + b)28, where a= Il2 and b = ll2,

and are summarised in Table 3.99 (e.g. for ( = l, zr(filæred) = (ll4)(zr+1) + Ql2)(zr) +

Ql$(zr-)). It should be noted that the larger the value of (, the greater the number of

values that are "lost" as part of the filtering process. The original, non-filtered, values

were used in place of the "lost" values in order to compare actual values with the filtered

forecasts for the whole of 1991.

Table 3.99: Filter V/eighs for Various Values of ( (Symmeric Filter)

€ Weishts

1 U4. u2. u4
) ll16, 4116, 6116, 4116, 1116

4 r t25 6, 8 I 25 6, 28125 6, 5 6125 6, 7 0125 6, 5 61 25 6, 28125 6, 8 I 25 6, I I 25 6

The results obtained when filæring the 14 day. forecasts obtained using model

SMB U T 04 11 91 are shown in Table 3.100. As can be seen, filæring reduces the

forecasting errors and appears to be a worthwhile method for improving forecasts.

Table 3.100: Filtered L4Day Forecasts for Model SMB U_T_04_lI_91(Symmetrical
Filær)

6 RMSE

GC units)

AAPE

9o)

AAE
(EC unia)

0 108.5 I2. I 70.9

I 95.0 L0.7 61.8

2 89.2 t0.2 58.1

4 82.3 9.5 53.8

When using filtering as a means of improving on-line forecasts, a symmetrical filter

cannot be used. A one-sided filter has to be used, as only past values of the time series

are available. The accuracy of using a one-sided hlter was assessed, and the weights for

this filter were obtained by excluding the weights of the symmetrical filter that apply to

future values of the time series, and scaling the remaining weights so that their sum was

equal to one. The resulting weights are shown in Table 3-101 (e.g. for E = 2, z,(frlæred)

= (6111)(2,) + (4llt)(zr-) + (l/1r)(z¡-ù).
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Table 3.101: Filter Weights for Various Values of | (One-sided Filter)

e Weights

I y3 2t3

2 v1l 4tL 1 6n 1

4 Ur63,81163 281163,561r 701163

The results obtained when applying the one-sided filter to the L4 day forecasts obtained

using model SMB_U_T_04_IL_9I are shown in Table 3.102. It can be seen that the

one sided filter is less effective than the symmetrical filær- However, using the one-

sided filter still results in a marked improvement in the results compared to using no

filter at all. A comparison of the plots of the hltered and unfiltered forecasts (Figures

3.144 and 3.145) shows that the frlæred 14 day forecast is considerably smoother.

However, the forecast is still noisy and hence it is difficult to discern which of the

predicted variations in salinity actually occur.

Table 3.102-. Filtered 14 Day Forecasts for Model SMB-U-T-04-II-91(One-sided
Filær)

I
5 RMSE

(EC units)

AAPE

(Vo)

AAE
(EC units)

0 108.5 L2.l 70.9

1 100.9 tt.2 65.3

2 97.4 to.7 6r.9

4 93.0 t0.2 58.5

It has been shown that filtering can be used to improve the 14 day forecasts obtained,

but not to the extent that the forecast becomes useful. It should be noted, however, that

only one type of filter was used here to demonstrate the effect that f,rlæring has on the

results. The results can be further improved by applying more, or possibly different

types of, filters.



3t2 Chapter 3: Salinity Forecastíng in the Ríver Murray

Actual

Predicted

1200

1 000

800

600

400

200

0

(r,
.=
C
=(J
Lrl

Þ
.C
E
Ø

0 183

Time (days)

366

Figure 3.145: Actual and Predicted Salinities (Filtered) - Model SMB U T 04 11 91 -
14 Days in Advance (E = a)

3.6.10 Summary / Conclusions

The ARIMA models developed were found to be sensitive to the number of model

parameters as well as the degree of differencing used. The presence of less-significant

model parameters and a high degree of differencing increased model noise, resulting in

decreased performance. The best forecasts were obtained by using data set l1 (i.e d = I
and D = l) in conjunction with model SMB_U_T_04_LL_91, which is given in Equation

3.10.

ar= (0.624) ut-r - (0-380) uc365 + (0.225) u¡-366 * 01 (3.10)

The residuals produced by this model were found to be uncorrelated. The mean of the

residuals was close to zero and the histogram of the residual frequencies was

approximately normally distributed. There were no outliers and there was no apparent

trend. The Box-Pierce method and the Portmanteau lack-of-fit æst also indicated the

adequacy of the above model.

The one day forecasts produced by model SMB_U_T_04_LI_9L were very good, with
a RMSE of 10.5 EC units and an AAPE of l.l%o for 1991. However, the 14 day

forecasts were very noisy, with a RMSE of 109-0 EC units and an AAPE of ll.8%o for
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1991. The 14 day forecasts were able to be improved signihcantly (RMSE = 93-0 EC

units, AAPE = lO-ZVo) by using a one-sided filter.

3.7 Development of Multivariate Time Series Model

3.7.1 Introduction

In this section, the development of the multivariate time series (VARIMA) model for the

predicition of salinity in the River Murray at Munay Bridge is described. The objective

of this section is to develop a VARIMA model, which provides a basis of comparison

for the univariate time series (ARIMA) and the multivariate ANN models.

The steps that were followed to develop the VARMA model are outlined in Figure

3-L46- Forecasting periods of l, 5 and 14 days were used, as was the case with the

ARIMA and ANN models. For all models, data from 1987 to 1990 were used for

parameter estimation and data from 1991 were used for testing in order to obtain real

time forecasts, as was the case when the ARIMA and ANN models were developed-

3.7.2 Choice of Component Time Series

All available time series (fable 3.2) were considered, with the exception of flow at

Overland Corner, as it is almost identical to Flow at Lock 1 Lower.

3.7.3 Inspection of Plots of the Time Series

plots and discussions of the component time series are given in Section 3.3.3.I. At this

stage of modelling, it is assumed that the distributions of the component time series

approach normality. At the diagnostic checking stage, the model residuals will be

examined to check whether the model is adequate. If this is found to be the case, there

is no need to transform the original data using a Box-Cox transform (Verbyla, 1995).



Choose component time series

Inspect plots of the time series

Check if time series are jointly stati

Transform time series by differencing

Identify model class and order

Cast model into state space form

Estimate unknown model parameters

Obtain forecasts

Perform diagnostic checking
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if non-stationary

if
stationaqy

Figure 3.146: Steps in the Development of the VARMA
Model

3.7.4 Checking of the Time Series for Joint Stationarity

The ACF and the PACF were obtained for each component time series using computer

program 'APCORR'- The maximum lag used was 1095, for reasons explained in Section

3.4.2. The results obtained are summarised in Table 3.103.

Each of the component time series was found to be non-stationary, as indicated by

ACFs that die down extremely slowly. Consequently, each original time series needed

to be transformed into a stationary time series.

iterative
procedure

J



Time Series ACF PACF

SMN Dies down extremely slowlY Cuts off at a lag of 7I7

SMO Dies down extremelY slowlY Cuts off at. alag of 686

SWE Dies down extremely slawly Cuts off at a lag of 426

SLO Dies down extremely slowlY Cuts off at a lag of 610

SL5U Dies down extremely sþtt¿lv Cuts off at a lag of 553

FLlL Dies down extremely slowlY Cuts off at a lag of 409

LMB Dies down extremely slowly Cuts off at a lag of 515

LMN Dies down extremely slowlY Cuts off at alag of 676

LLTL Dies down extremely slowly Cuts off at a lag of 741

LLlU Dies down extremely slowly Cuts off at a lag of 825

LMO Dies down extremely slowly Cuts off at alag of 410

LWE Dies down extremely slowlY Cuts off at alag of 452

LOC Dies down extremely slowly Cuts off at a lag of 415

LLO Dies down extremely slowly Cuts off at alag of I29
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Table 3.103: Behaviour of the ACF and PACF of the Component Time Series

3.7.5 Transformation of the Time Series by Differencing

Each of the component time series was differenced in accordance with Equation 2.56-

As suggested by the development of the univariate time series (ARIMA) model (Section

3.6), the degree of non-seasonal differencing (d) and the degree of seasonal differencing

(D) were each chosen to be one. The seasonality (L) was chosen to be 365 days. It

should be noted that each time series was differenced the same number of times in order

to maintain the phase relationship between them.

Differencing was carried out using computer program 'DIFFER'. The following criæria

were adopted for joint stationarity (see Section2-2.13.4):

. The ACF and the PACF of each time series have to cut off at a lag less than or equal

to2L+2 (i.e.732 days).

. The CCF be¡ryeen each pair of time series has to cut off at a lag less than or equal to

2L+2 (i.e.732 days).

The ACF and the PACF were obtained for each differenced time series using computet

program 'ArcORR'. The maximum lag used was 1095, for reasons discussed in Section

3.4.3. The ACF and the PACF were examined for signifrcant (non-zero) values in

accordance with Equations 2.40 and 2.43 respectively. The lags at which significant
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values occurred in the ACF and the PACF are shown in Tables 3.104 to 3-106. The

numbers in brackets indicate the total number of significant values.

Table 3.104: Lags at which Values of tÏ¡e ACF and PACF are Significantly Different
fromZnro for the Differenced Salinity Time Series

Time

Series

Lags at which significant values occur (days)

ACF PACF

SMN l,2,3,4,9, 15,16, 19, 27,202,

203, 204, 205, 338, 363, 364,

365,366 (18)

r, 3, 9, 19, 20, 27, 28, 33, 40, 63, 65,

84, 87 , 132, 157 ,r83,202,203,230,
248, 256, 309, 3 I 8, 326, 329, 338, 346,

355. 364. 365. 366. 730. 13r ß3\
SMO l, 19, 136, 166, 199, 20r, 229,

364,365 (9)

I,19,34, 45,54,36, 156, 166, 190,

191, 199, 200, 2I0, 22L, 224, 305, 312,

365.366.500.730 (21)

SWE l, 2,3,8, 9, 10, lr, 12, 177,

363, 364, 365,366, 367, 426,

427 (t6)

l, 2, 8, 23, 38, 50, 56, 7 0, 7 6, 90, 100,

107, r33, 150, 169, 17 5, 197, 206, 261,

27 5, 287, 297, 306, 315, 362, 363, 364,

365,366,548 (30)

SLO l,2,9,10, I l, 20,21,3L,34,

58, 59, 124, 168, 364, 365, 366

(16)

r, 2,3,4, 5, 8, 18, 20, 25, 58,61, 86,

r28, L53, 169, r78, 190, 196, 200,204,

297, 324, 328, 342, 362, 364, 365, 366,

367.422.456. 583. 729 ß3\
SL5U I, 2, ll, 40, 41, 325, 364, 365,

366 (e)

l, 2, II, 12, L4, 19, 22, 39, 56, 60, 64,

86, 106, 764, 177, 232, 290, 308, 324,

364. 365. 366. 37 8. 730 Q4\
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Table 3.105: Lags at which Values of the ACF and PACF are Significantly Different
ftomZnro for the Differenced Level Time Series

317

Time

Series

Lags at which significant values occur (dayÐ

ACF PACF

LMB l, 2, 3, 4, 14, 29, 30, 32, 33, 42,

57 ,61,62, 68,70,77,87 , r32,

159,238,363,365 (22)

1, 2, 3, 4, 14, 16, 29,43, 68, 77, 79, ll3,
132, L36, 159, 209, 238, 2J 5, 290, 323,

362, 363, 365, 367, 130 (25)

LMN l, 2, 3,6, 9, 10, 15,29,32, 33,

50,61, 62,332,365 (15)

l, 2, 3,9, 14, 18, 29, 33,79, 17 6, 268,

314. 3r5, 330, 341, 365, 729, 730 (18)

LLIL l, 2, 3, 4, 5, 6, 7, 15, 25, 82, 133,

365, 386, 388, 389, 391 (16)

l, 4, 5,6, 15, 28, 29, 34, 47, 50, 77, 82,

1 13, 1 19, 120, 133, 134, r49, 183,249,

258, 300, 312, 343, 349, 365, 366, 37 6,

57t (29',)

LLlU r, 2, 3, 4, 5, 6, 7, 8, 9, rO, lr, 25,

40, 67 ,75,7'7 , 106,364,365,

366,389,390 (22)

r, 3, 4, 6, 7, l',l, 31, 36, 39, 46, 54, 56,

66, 77 , 156, 220, 221, 259 , 294, 314,364,

365. 366. 368. 47 4. 730 (26)

LMO l, 2, 3, 4, 5, 6,',I , 8,9, 10, 18, 19,

24, 25, 26, 363, 364, 365, 366,

367,383,384, 385, 386, 387,

388, 389, 390, 391, 392,393
(31)

l, 2, 3, 9, 16, 17 , 29 , 31, 43, 45, 48, 7 4,

ll3, 134, 155, 156, 177 , r9L,207,279,

360, 362, 363, 364, 365, 366 (26)

L\ryE

(23)

l,2,3, 4, 5,6,',l ,8,9,22,23,
363, 364, 365,366,385, 386,

387, 388, 389, 390, 391,392

1, 2, 3, 4, 2r,30, 35, 36, 41, M, 56, 57,

64, 85, 88, 90, 146, 183, 217, 275, 301,

310, 329, 338, 362, 363,364,365,366,

369,450,729,731 (33)

LOC r,2, 3, 4, 5, 6,7, 8,9, 18, 19, 20,

2r, 22, 364, 365, 366, 383, 384,

385, 386, 387, 388, 389, 390,

39r.392 (27)

L, 2, 3, 5, 14, L7, 7 4, L44, 220, 224, 238,

333, 362, 363, 364, 365, 366, 431, 7 29,

73r (20)

LLO

(30)

l, 2, 3, 4, 5, 6,7, 8, 17, 18, 19,

20,21,22,23, 164, 165, 166,

201, 364, 365, 366, 367, 382,

383, 384, 385, 386, 387, 388

1,2,3,5, 6, 8, 13,16,18,23,31, r43,

L62, L76, 177 , 197 ,228,307 ,332,36r,
362, 363, 364, 366, 37 I (25)
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Table 3.106: Lags at which Values of the ACF and PACF are Significantly Different
ftomZnro for the Differenced Flow Time Series

As all ACFs and PACFs cut off at a lag less than or equal to 2L+2, all differenced time

series may be considered stationary.

The plots of the ACF and PACF for each differenced time series (not shown here),

indicate that the values at low lags (l to 5) and at one seasonal lag (364 to 367) are

considerably greater than the bounds of significance. All other "significant" values are

close to the bounds of significance and may hence be ignored, as explained in Section

3.6.6.

The CCFs between all differenced component time series ïere obt¿ined using computer

program 'CROSSCORR'- The maximum lag used was 1095. The CCFs (not shown

here) were examined for significant (non-zero) values. Values were considered to be

significant if they exceeded the value given by Equation2-4L-

All CCFs cut off at a lag less than or equal to one seasonal lag. Consequently, the set of

differenced time series were considered covariance stationary, as the ACF and the PACF

for each differenced time series cut off at a lag less than or equal to 2L+2, and the CCF

between each pair of differenced time series cut off at a lag less than or equal to 2L+2.

3.7.6 Identification of the Class and Initial Order of the Model
Predicting Salinity at Murray Bridge

3.7.6.1 Model Class

The relationship between salinity at a pafticular location and salinities, flows and river

levels at upstream sites is unidirectional (i.e. the salinity at a particular location is

affected by upstream salinities, flows and river levels, but the reverse does not hold). As

a result, the parameter matrices in the VARMA model are upper (or lower) triangular,

resulting in a transfer function GFN) model (Section 2.2.13.2).

Time

Series

Lags at which significant values occur (days)

ACF PACF

FLlL l, 2, 3, 4, 5, 6,',|, 8, 9, 364, 365,

366, 393, 384, 385, 386, 387,

3gg, 389, 390, 391, 392, 393,

394 (24)

l, 3, L7, 32, 34, 73, 172, 17 5, r9l, 194,

L97 ,208, 220, 225,253,307 , 32r,360,
364, 365, 366, 475, 73r (23)
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3.7.6.2 Model Order

An analytical approach, based on the method proposed by Haugh and Box (1977)

(Section 2.2.13.5), was used to determine the initial order of the AR and MA

parameters. The method involves pre-whiæning each of the component time series by

fitting a univariate time series model to each component time series and carrying out a

cross-correlation analysis on the residuals obtained'

Fitting of ARIMA models to the component time series

The pre-whitened residuals were obtained by fitting ARIMA models to each of the

differenced component time series, using the Box-Jenkins methodology summarised in

Section 2-2.12. As shown in Section 3.7.5, each of the component time series was

stationary afær being differenced in accordance with Equation 2.56, using d = 1, D = I

and L =365.

As observed in Section 3-7-5, the peaks in the ACFs and PACFs that are markedly

greater than the bounds of signihcanæ occur at lags 1 to 5 and at lags 364 to 367- This

applies to all differenced time series. Consequently, the iniúat model developed for each

differenced time series contained a total of 18 parameters, as set out in Table 3-lO7 -

Table 3.107: Initial Choice of Pa¡ameter Types and Corresponding Lags for each

ARIMA Model

Parameter TyPe Lag Parameter Type Lag

AR I MA 1

AR 2 MA 2

AR 3 MA 3

AR 4 MA 4

AR 5 MA 5

AR 364 MA 364

AR 365 MA 365

AR 366 MA 366

AR 367 MA 367

The initial estimates for all AR parameters (Q¡) and all MA parameters (0i) were chosen

to be 0.1 in accordance with the recommendations by Bowermann and O'Connell

(lg7g)- The following procedure \l/as followed in order to finalise model dimensions'

and to obtain final parameter estimates:

3t9
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1. Estimate the model parameters for the initial model using computer program

'PAREST'.

2. Reduce the size of the model by eliminating any parameters that are not signihcant

(i.e. parameters that are smaller than 2/{n).

3. Use computer program 'PAREST to obtain the hnal parameter estimates for the

revised model.

It should be noted that the aim of this procedure was not to obtain the best possible

model for the data set available, but to obtain a set of uncorrelated residuals. It was

therefore unnecessary to refine the model any further, despite the fact that some of the

models contain parameters that are not signihcant. The model parameters obtained

using the above procedure are summarised in Tables 3.108 to 3.121.

Table 3.108: Salinity at Mannum - Model Parameters (Model SMN_U_T_01_11_91)

AR Order MA Order

+O.347I

+0.3979

-0.1785

-0.5002

+0.1041

+0.1610

I
2

3

365

366

367

-0.2814

+0.3170

-0.0665

-0.0484

+0.1149

+4.2214

-0.0013

I
,,

3

4

363

364

367

Table 3.109: Salinity at Morgan - Model Parameters (Model SMO_U_T_01_11_91)

AR Order MA Order

+{.6474

+0.0394

-0.3817

+1.2092

1

2

365

366

+0.3653

+0.2316

-0.0300

{.4531
-0.2743

-0.0783

I
2

364

365

366

367
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Table 3.110: Salinity at Waikerie - Model Parameters (Model SWE-U-T-01-11-91)

AR Order MA Order

+î.2978

+0.1928

-0.0751

-o.4133

+0.0959

1

2

3

365

367

-0.5586

-0.1290

-0.0668

-r{).1798

+0.2330

1

2

3

364

365

Table 3. 1 1 I : Salinity at Loxton - Model Pa¡ameters (Model SLO-U-T-01-1 1-9 1)

AR Order MA Order

+O.7423

-0.3152

+0.0734

-0_0648

+0.0345

-0.4856

+0.3127

-0.1336

I
2

3

4

5

365

366

367

-o.2924 1

Table 3.112: Salinity at Lock 5 Upper - Model Parameters (Model

sL5U U T_01_11_91)

AR Order MA Order

-0.0381

+0.2200

+0.0693

-0.5084

-0.0275

+0.0847

1

2

3

365

366

367

-0.5952

{{.1036

1

3

321
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Table 3.II3: Flow at Lock 1 Lower - Model Parameters (Model
FL1L U T_01_11_91)

Table 3.LI4: Level at Murray Bridge - Model Parameters (Model
LMB U T_0r_u_91)

AR Order MA Order

-0.1513

-o.4519

-0.1289

-0.1082

1

365

366

367

-0.4538

+O.2095

I
365

Table 3.115: Level at Mannum - Model Parameters (Model LMN-U-T-01_11-91)

AR Order MA Order

+0.3708

-0.r745

-0.4085

+0.0548

-0.0955

1

2

365

366

367

+0.1473

-û.2t35

-0.0811

-0.0827

364

365

366

367

Table 3.116: Iævel at Lock 1 Lower - Model Parameters (Model
LLIL U T_01_ll_91)

AR Order MA Order

+0.3870

+0.3541

-0.4255

+0.151 I

+0.2284

I
2

365

366

367

-0.5293

+O.2923

+0.1381

1

36s

366

AR Order MA Order

+0.9117

+0.0492

-0.3315

+O-3lM

+0.0546

1

2

365

366

367

+n.4,r';09

14.2974

+0.3241

-0.1738

1

2

365

366
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Table 3.117: t-evel at Lock I upper - Model Parameters (Model

LLlU_U_T_O1-11-91)

AR Order MA Order

+0.6561

+0.3600

-0.0875

+0.1231

-0.1084

+O.0473

-0.4979

+0.30566

+0.20166

I
2

3

4

5

364

365

366

367

+0.0120

+0.5591

+0.0840

+0.0649

-0.0539

+O.1524

+-0.2825

-0.01836

-0.08420

I
2

3

4

5

364

365

366

367

Table 3.118: tævel at Morgan - Model Pa¡ameters (Model LMO-U-T-01-11-91)

AR Order MA Order

{{).9304

+0.3825

-0.3280

+0.1596

-0.1631

+0.0520

-0.45t7

+{.3732

+0.0452

I
2

3

4

5

364

365

366

367

+0.1220

+4.5943

+0.0375

+n.ß21

+0.0313

+0.1253

+0.4081

-o.0977

-0.4040

1

2

3

4

5

364

365

366

367

Table 3.119: Level at lVaikerie - Model Parameters (Model LWE-U-T-01-11-91)

AR Order MA Order

+O.6023

+0.3240

-0.5008

+4.3179

+0.2566

1

2

365

366

367

-0.3205

.+n.2747

+0.3087

+A.ß71
+0.0730

+0.2779

Ã.2145

1

2

3

4

364

365

366
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Table 3.120: Level at Overland Corner - Model Parameters (Model
LOC U T_0r_11_91)

AR Order MA Order

+1.391

-0.4083

-0.3980

+0.5881

-0.t727

1

2

365

366

367

+0.4371

+0.2984

+0.0899

-0.0094

+{.39M0
-0.0821

-0.1758

I

2

4

5

365

366

367

Table 3.121: Level at Loxton - Model Parameters (Model LLO_U_T_01_11_91)

AR Order MA Order

+1.102

-o.t252

-0.424r

+0-432L

+0.0147

I
2

365

366

367

+0.2250

+0.L5M

+0.1820

+0.1763

+0.3193

-0.0849

2

3

4

5

36s

367

Diagnostic checking was carried out for each of the above models. The residuals were

obtained using computer program 'PAREST and were found to have zero mean, no

outliers and no apparent trend. The variances of the residuals were found to be

constant, and the histogram of residual frequencies (not shown here) was normally

distributed, indicating that there is no need to transform the original data using a Box-

Cox transform ([Iipel, 1985).

The Box-Pierce method was then used to examine the residuals for each model. The

ACFs and the PACFs of the residuals (not shown here) were obtained with the aid of
computer program 'APCORR'. None of the values in the ACFs or the PACFs were

significant at low lags (i.e. I to 8) or at seasonal lags (i.e. 360 to 370). Any values that

u/ere significant were only marginally greater than the bounds of significance.

Consequently, the Box-Pierce method also suggests that the residuals are uncorrelated.

Finally, the Portmanteau lack-of-fit test was used to check the whiæness of the residuals

for each model. The Box-Pierce chi-square statistics (QBP) were calculated using

computer program 'APCORR'. The value of k' used was 365, as suggested in Section
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3.6.7. X2is¡ *u. calculated in accordance with F4uation 3.6. The values of qne and 1

'(r) fo, the vadous models are shown in Table 3.122-

Table 3.122: Values of qBe and l¡26¡for the Univariaæ Models Considered

Model mt QBP xztst

SMN_U_T_O1_11_91 352 245 396

sMo u_T_01_11_91 355 227 400

swE_u_T_O1_11_91 355 306 400

sI.o_u_T_O1_11_91 356 270 401

sL5U U_T_01_11_91 351 249 402

FL1L_U_T-01_ 11 91 357 245 402

LMB_U_T_01_11_91 359 323 404

LMN_U_T_O1_11_91 356 25t 401

LLlL_U_T_01_1 1_91 356 268 401

LL1U_U_T_O1_11_91 347 239 39t

LMO_U_T_01_11_91 341 263 391

LOC_U_T_01_11_91 353 286 397

LWE_U_T_O1_11_91 353 231 397

LLO_U_T_O1_11 91 354 283 399

Table 3.122 shows that each Box-Pierce statistic is smaller than its corresponding value

of X2o). It can therefore be concluded that the residuals obtained from each model a¡e

uncorrelated.

Calculation of cross'correlatior¡s

Once it was established that the residuals have the characteristics of whiæ noise, the

CCFs between the residuals of model SMB-U-T-04-LI-9I and the residuals of the

ARIMA models for the othor component time series were obtained using computer

program 'CROSSCORR'. The maximum lag used was 400. The lags at which

maximum correspondence occurs, and the corresponding cross-correlation values, ate

shown in Table 3-L23.



(,
l.Jo\

Table 3.123: Significant Cross-Correlations Between the Residuals of Salinity at Murray Bridge and the Residuals of the Ottrer Component Time

Series

Lag (days)

123456789101 1t21 3I415

Time

Series:

SMN

SMO

SVTE

SLO

SL5U

FLlL
LMB

LMN

LLlL
LLlU
LMO

LWE

LOC

LLO

s
(\

UJ

Ca)
È

q
It
o'
(\
os
îâ

Oo

G

!
G

È
sig



Chapter 3: Saliniry Forecasting in the River Murroy 321

It can be seen that:

. As would be expected, lags at which maximum correspondence occurs are greater

for sites located further upstream.

. Salinity values are more highly correlated than the flow or level data'

. There are no signihcant cross-correlations between salinify at Murray Bridge and

levels at Murray Bridge, Mannum, Morgan and Overland Corner.

Examination of the relationship between the level data at various locations

In order to reduce the size of the multivariate model, the relationships between the level

data at the various locations were exarnined. The relationships between the flow data at

Lock 1 Lower and the river level data at the various locations were also examined- By

inspection of the various plots of the level and flow data (Figures 3.42 to 3-51), it can be

seen that the plots are almost identical, apart from a difference in base flow. In order to

assess the strength of the relaúonship between the various ûme series, the CCF was

calculated between the series of residuals with the aid of computer program

'CROSSCORR'. The maximum cross-correlations between the various series of

residuals are shown in Table 3.124- It can be seen that:

. There is a strong relationship between the level at Murray Bridge and the level at

Mannum- These time series are not strongly related to the other time series

examined.

. The levels at Lock 1 Lower, Lock I Upper, Morgan, Waikerie, Overland Corner

and Loxton, as well as the flow at Lock 1 Lower, are strongly related.

As the levels at Murray Bridge and at Mannum did not seem to be related to the salinity

at Murray Bridge, they were discarded from further consideration.

By considering the ploCs of the time series and the maximum cross-conelations

obtained, the levels at Lock 1 Lower, Morgan, Waikerie, Overland Corner and Loxton,

as well as the flow at Lock 1 Lower, may be deemed to be dependent variables.

Consequently, it was decided to use only one of these variables in the multivariate

model. The level at Loxton was chosen, as it is highly correlated to all other variables.

In addition, Loxton is the most upstream location, and hence values at greater lags are

related to the salinity at Murray Bridge. This is desirable for longer term forecasts.

Figure 3.47 shows that the plot of level at Lock I Lower looks significantly different

than those of the other level data (Figures 3.46 and 3.48 to 3.51) and that of flow at

Lock 1 Lower (Figure 3.42). This can be expected, as the water level at Lock 1 Upper
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is controlled by Lock operation. However, there is quite a strong correlation between

the level at Lock I Upper and salinity at Murray Bridge, as shown in Tabl'e 3.L23.

Consequently, the level at Lock I Upper was also chosen as an input variable for the

multivariaæ time series model.

Table 3-124: Maximum Cross-Correlations Between Residuals of lævel and Flow Data

Time

Series:

FLlL LMB LMN LLLL LLlU LMO LWE LOC LLO

FLIL 0.12 0.15 0.46 0.47 0.38 0.35 0.36 0.27

LMB 0.r2 0.57 0.19 0 0 0 0 0

LMN 0.15 0.57 0.1 0.14 0.07 0 0 0

LLIL 0.46 0.19 0.1 0.23 o.27 o.32 0.23 0.2r

LLlU 0.47 0 0.14 0.23 0.31 0.31 0.28 0.2r

LMO 0.38 0 0.07 0.27 0.31 o.37 0.3 0.23

LWE 0.36 0 0 0.23 0.28 0.3 0.48 0.27

LOC 0.35 0 0 0.32 0.31 0.37 0.48 0.35

LLO 0.27 0 0 0.2r 0.21 0.23 0.3s o.27

By considering the CCFs between all possible component time series, the time series

chosen to provide the input va¡iables for the VARIMA model for the prediction of
salinity at Murray Bridge include:

1. Salinity at Murray Bridge (SMB).

2. Salinity at Mannum (SMN).

3. Salinity at Morgan (SMO).

4. Salinity at Waikerie (SWE).

5. Salinity at Loxton (SLO).

6. Salinity at Lock 5 Upper (SLSU).

7 - lævel at Lock I Upper (LL1U).

8. l,evel ar Loxron (LLO).

Choice of the order of the AR and MA parameters

Having identified which time series to use as inputs to the multivariaæ model, the initial

orders of the AR parameters were obtained with the aid of Table 3.123. Choosing the

order of the MA parameters was more difficult The values of the MA parameters

obtained as part of the development of the univariaæ ARIMA models for the prediction

of salinity at Murray Bridge (Section 3.6) were used as a guide. The initial order of the
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AR and MA parameters used to predict salinity at Murray Bridge (model

SMB_M_T_I1_11_91) are listed in Table 3.125. The total number of AR parameters is

22 and the total number of MA parameters is 3-

Table 3-125: Order of MA and AR Parameters for the Initial Multivariate Model of
Salinity at Murray Bridge (Model SMB-M-T-I1-11-91)

AR Parameters MA Parameters

Time Series Order Order

SMB 1,365,366 365,366,367

SMN r,2,3,4
SMO 5,6,7

SWE 9,10, 11

SLO g, 10, 13

SL5U 11,15

LLlU 5, 11

LLO 10, 14

3.7.7 ldentification of the Initial Order of the Models for the Time
Series Required for the Prediction of Salinity at Murray Bridge

In order to obtain the best possible multi-step forecasts of salinity at Murray Bridge, it is

also necessary to obtain forecasts of the other component time series. However, as the

focus in this research is on forecasting salinity at Munay Bridge, it was decided to

restrict the range of possible input time series for the models predicting these va¡iables

to the time series identified as being strongly related to salinity at Murray Bridge (i.e.

SMN, SMO, SWE, SLO, SL5U, LL1U and LLO are predicted using inputs from SMN,

SMO, SWE, SLO, SL5U, LL1U and LLO only).

The CCFs benveen the residual time series of the variable to be predicæd and the

residual time series of the upstream variables (fables 3.126 to 3.130) were used in

conjunction with the univariate time series models developed in Section 3.7.6 to identify

the initial order of the AR and MA model parameters. It should be noted that there is

no table showing the cross-correlations between the salinity at Lock 5 Upper and its

upstream variables, as none of the cross-cofrelations were signifltcant.



330 Chapter 3: Salinity Forecasting in the River Murray

Table 3-126: Signihcant Cross-Correlations Between the Residuals of Salinity at

Mannum and the Residuals of the Time Series Upstream of Mannum

Table 3.127: Significant Cross-Correlations Between the Residuals of Salinity at
Morgan and the Residuals of the Time Series Upstream of Morgan

Table 3.I28: Significant Cross-Correlations Between the Residuals of Salinity at
Waikerie and the Residuals of the Time Series Upstream of Waikerie

Time

Series

Lae (days)

9 8 7 6 5 4 3 2 1

SLO

SL5U

LLO

Table 3-129: Significant Cross-Correlations Between the Residuals of Salinity at
Loxton and the Residuals of the Time Series Upstream of Loxton

Time

Series

Lag (days)

T4 13 t2 t1 10 9 8 7 6 5 4 3

SMO

SWE

SLO

SL5U

LLlU
LLO

Time

Series

Lag (days)

9 8 7 6 5 4 3 2 I

SWE

SLO

SL5U

LLO

Time

Series

Lae (davs)

9 8 7 6 5 4 3 2 1

SL5U

LLO
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Table 3.130: Signihcant Cross-Correlations Between the Residuals of Level at Lock I

upper and the Residuals of the Time Series upstream of Lock 1

Time

Series

Lae (days)

9 8 7 6 5 4 3 2 I

LLO

The initial order of the AR and MA parameters used to predict the various differenced

time series are given in Tables 3.131 to 3-137 -

Table 3.131: Order of MA and AR Parameters for the Initial Multivariate Model

Predicting Salinity at Mannum (Model SMN-M-T-02-II-9I)

AR Parameters MA Parameters

Time Series Order Order

SMN r,2,3,365,366,367 363,364,367 Total

SMO 3,4,5,6,'l
SWE 8,9, 10

SLO rl,12, 13,14

SL5U T3, T4

LLlU 8

LLO 12 Q2Total)

Table 3.132: Order of MA and AR Parameters for the Initial Multivariaæ Model

Predicting Salinity at Morgan (Model SMO-M-T-02-LL-9I)

AR Parameters MA Parameters

Time Series Order Order

SMO 1,2,365,366 364, 365, 366,367 (4 Total)

SWE 3.4.5.6
SLO 6,7,8,9

SL5U 7.8.9
LLO 6,7,8,9 (19 Total)

331
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Table 3-133: Order of MA and AR Parameters for the Initial Multivariate Model
Predic tin g S al inity at'Waikerie (Model SV/E_M_T_O2 _l I _9 I)

AR Parameters MA Parameters

Time Series Order Order

SWE 1,2.3.365.367 364,365 (2 Total)

SLO 1,2,3, 4, 5

SL5U 3.4.5.6
LLO 3,4,5,6 (18 Total)

Table 3-134: Order of MA and AR Parameters for the Initial Multivariate Model
Predicting salinity ar Loxron (Model sLo_M_T_02_ll_91)

AR Parameters MA Parameters

Time Series Order Order

SLO l, 2, 3, 4, 5, 365, 366, 367 364. 365. 366. 367 (4 Total)

SL5U 2,3,4,5
LLO I,2,3, 4, 5 (17 Total)

Table 3.L35: Order of MA and AR Parameters for the Initial Multivariate Model
Predicting Salinity at Lock 5 Upper (Model SL5U_M_T_02_II_91)

Table 3.136: Order of MA and AR Pa¡ameters for the Initial Multiva¡iaæ Model
Predicting lævel at Lock I Upper (Model LLIU_M_T_02_II_91)

AR Parameters MA Parameters

Time Series Order Order

SL5U I. 2. 3. 365. 366. 367 (6 Total) 364, 365, 366,367 (4 Total)

AR Parameters MA Parameters

Time Series Order Order

LLlU L, 2, 3, 4, 5, 364, 365, 366, 367 364, 365, 366,367 (4 Total)

LLO 4,5,6 (12 Total)
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Table 3.137: Order of MA and AR Parameters for the Initial Multivariate Model

Predicting I-evel at Loxton (Modet LLO-U-T-02-L|-9L)

AR Parameters MA Parameters

Time Series Order Order

LLO l, 2, 3, 364, 365, 366, 367

(7 Total)

364,365,366,361
(4 Total)

3.7.8 Formulation of the Model in State Space Form

The VARIMA model for the prediction of salinity at Murray Bridge was formulated in

state space form for ease of computation. The general form of the state space model

adopted is shown below. It should be noted that the dimension of the problem is very

large (the dimension of Zris 5864 x 1), as it deals with daily data that has seasonal

variation.

Transition Equation

Z¡ = QZ¡-1+E¡

00 o oss
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zsMN,t-l

zsMo,t-t

zswE,t-1

zsLo,t-l

zsl-5u,t-t

zl.Ilv,¡-l
zu-o,t-l
esMB,t-t

esMN,t-t

esMo,t-1

eswE,t-l

esLo,t-l

esL5u,t-t

eLLtu,t-l

333

EsMs,t

EsuN,t

Esuo,t

Eswr,t
EsLo,t

EsL5u,t

Etrtu,t
Etro,,
EsMB,t

EsuN,t

Esuo,t

Esws,t

EsLo,t

EsL5u,t

ELlru,,
EIIo,t

zsMB,t

zsMN,t

zsMo,r

zswE,t

zsl-o,t

zsL5u,t

zLLtu,t

ztLo,t
esMB,t

ESMN,t

esMo,t

eswE,t

esLo,t

esl-5u,t

eLLlu,t

eLLo,t

Qz Qs
ht Qs
Qz Õ¡s

Qr 9z Qs
o hz Ð¡
00Õ¡¡

@rr

0

0

00
o0
00

o 0

o

o¡¡
@zz

0

00
o0€¡

ooo0q
00000
00000

+

0

00
0

000 o0 000 o€r ell-o,t-l



334

where:

zsMB,t =

zslo,t =

esMB,t =

sMBt_1

sMBr_2

sMBr_365

sMBr_366

SMB¡-367

sl-ot
sl-or_l
sl-ot_2

sLot-365

slot-366
st or-367

e sMB,t
e sMB,t-l
e sMB,t-2

e sMg,t-305

e sMB,r-366

' zsMN,t =

' zsl-5u,t =

' €sMN,t =

SMNl-1

sMNr-2

sMNr_365

SMNr-366

sMNr-367

sL5Ut
SL5U¡-1

sL5Ur-2

sL5Ut_365

sL5Ut_366

SL5U1-367

e sMN,t
e sMN,t-l
e sMN,t-2

e suN,t-¡05
e sMN,t-366

' zsMo,t =

, zLLtv,t =

' esMo,t =

sMot
sMor_l

sMor_2

SMO¡-365

sMo(_366

SMOl-367

LLIUt
LLIUr-l
I_I-LU'.-2

IIlU1_365

LLIUt_366

LLIU¡367

e sMo,t
e sMo,r-l
e sMo,t-2

e suo,t-¡os
e sMo,t-366

' zswB,r =

' zLLo¡. =

eswE,t

swEr
swEl_t

swEr-2

swEr_365

s\ryEr_36ó

S1ilE1-367

LLOr

LLOl_l

LLA.-2

LLOl-365

LL,Ot_366

LI-Oç361

Chapter 3: Salínity Forecasting in the River Murray

I swE,t
e swE,t-l
e swE,t-z

e swt,t-365
e swE,r-366
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EsNß,t =
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3.7.9 Parameter Estimation and Forecasting

A Fortran program ('MULTIEST') was written to estimate the unknown model

parameters for VARIMA models in state space form- The following steps were

followed in developing the program:

1. Develop software for estimating the parameters of ARIMA models in state space

form ('UNIEST').

2. Verify the correct operation of computer program 'UNIEST' by comparing the

results obtained using 'UNIEST' with those obtained previously using computer

program'PAREST' (Section 3.6.6).

3. Extend the software to cater for VARIMA models in state space form

('MULTIEST').

It should be noted that the unknown parameters for the multivariate models predicting

each of the component time series (i.e. SMB, SMN, SMO, etc.) were estimated

separately.

Some of the features of computer programs 'UNIEST' and 'MULTIEST' are given

below:

. The initial parameter estimates used were 0.1 in accordance with the

recommendations made by Bowermann and O'Connell (1979).

. The model parameters were calculated by maximising the log-likelihood function

given in Equation 2.89.

. The IMSL subroutines 'MRRRR', 'LFTRG', 'LFDRG', 'LINRG'and 'MXTYF'were

used to perform the matrix operations necessary for the evaluation of the likelihood

function (e.g. matrix multiplication and evaluating the determinant and the inverse of

a matrix).

. The maximisation of the log-likelihood function was carried out with the aid of the

IMSL subroutine'UMINF'.

. The log-likelihood of the model and the AIC were calculated.

. Reduced forms of the transition matrix (Õ) and the state vector (Z¡) werc used in

order to increase processing speed. Only the information necessary for evaluating

the logJikelihood function was included in the transition matrix and in the state

vector (e-g. if the number of unknown parameters for the multiva¡iate model

predicting SMB is b,Õsun is a [1 x b] matrix *d 4,Srr¡s is a [b x 1] matrix).
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Initially, the following iterative procedure was used to obtain the models with the lowest

AIC values for each of the component time series. The model parameters obtained are

shown in Tables 3.138 to 3.146.

1. Obtain parameter estimates for the initial models shown in Tables 3.L25 and 3.131

to 3.131.

2. Delete any insignificant parameters (i.e. parameters that are small than 2dn) and add

new parameters where appropriate (i.e. if the parameters at the highest or lowest

lags considered are signihcant, add parameters at higher or lower lags to ensure all

significant parameters are included in the model)-

3. Obtain parameter estimates for the new models-

4. Delete and add appropriate parameters by examining the values of the new

parameters and by comparing the log-likelihood and the AIC of the current models

with previous ones.

5. Repeat steps 3 and 4 until there is no further improvement in the AIC.

Next, the 1, 5 and 14 day forecasts of salinity at Murray Bridge were obtained using the

models with the lowest AIC values (model C01, Table 3.147). It should be noted that

the model used to obtain the multi-step forecasts of salinity at Munay Bridge (model

SMB_M_T_20_LL_91, Table 3.138) makes use of upstream salinities and flows, which

consequently also have to be forecast. Table 3-141 shows the combinations of

mulúvariate models used to obtain multi-step forecasts of salinity at Murray Bridge.

In order to obtain the mulú-step forecasts for VARIMA models in state space form, and

to convert the differenced forecasts to their non-differenced form, a Fortran program

('MPREDICT') was developed. The following steps were taken in developing the

software:

l. Develop software for obtaining multi-step forecasts for ARIMA models in state

space form ('PREDICT').

Z. Verify the correct operation of computer program 'PREDICT' by comparing the

results obtained using 'PREDICT' with those obtained previously using computer

program'FCAST' (Section 3.6.8).

3. Extend the software to cater for VARIMA models in st¿te space form

('MPREDICT').
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Table 3- 138: Estimates of Model Parameters for Models Predicting Salinity at Murray
Bridge (Including MA Parameters)

Vari-
able

Lag ModelSMB M T XX 11 91

11 72 r3 t4 15 l6 T7 18 19 20

SMB I
2

3

364

365

366

367

0-36

-0.36

0.25

0.37

-0.36

o.24

o.37

-0.36

0.25

0.37

-0.36

0.25

0.38

-0.35

0.25

0.31

-0.36

0.25

0_37

-0.36

0.25

o.37

-0.36

0.25

o.37

-0.35

o.25

0.41

-0_05

-0.07

-0.01

-0.35

0.26

-0.01

SMN 1

2

3

4

0.15

0.09

0.16

0.02

0.17

0.08

o.L7

0.17

0.08

0.17

0.17

0.08

0.17

0.2t

0.19

0.17

0.08

0.16

0.t7
0.08

o_17

0.17

0.08

o.r7

o.L7

0.08

0.16

0.16

0.08

0.19

SMO I
2

3

4

5

6

l

0_02

0.01

0.02

0.00

0_01

0.01

0.02

0.00

SWE I
9

l0
11

-0.06

0.13

-0.01

0.02

-0.05

0.15 0.t2 0.t2 0.13 0.t2 0.r2 0.12 0.r2 0.12

SLO 9

r0

1l

L2

13

0.13

-0.09

0.01

0.08

0.03

-0.13

o.o2

0.09

-0.10

0.09

-0.n -0.10

0.09

-0.11

0.09

-0.11

0.10

-0.11

0.09

-o.t2

0.09

-0.10

SL5U 1l
t4
15

t6

0.00

0.00

-0.05

0.05

-0.04

-0.03
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Table 3.138 (cont.): Estimates of Model Parameters for Models Predicting Salinity at

Murray Bridge (Including MA Parameters)

Vari-
able

LaE Model SMB MTXX1l 91

l1 12 13 t4 15 t6 T7 18 19 20

LLlU 3

4

5

6

7

8

9

10

11

I2

0.19

-0.09

0.14

-0.05

0.21

-0.20

0.03

-0.01

-0.08

0.r2

0.19

-0.18

-0.08

0.23

0.08

0.18

-o.2r

-0.13

-0.03

0.10

0.22

0.19

-0.26

-0.11

0.18

-0.04

0.10

-0.15

-0.06

LLO l
8

9

10

11

t2
L4

15

16

-0.33

0.30

-0.53

0.36

0.r2

-0.54

0.38

0.18

-0.07

-0.18

-0.13

-o.37

0.37

0.13

-0.01

-0.11

o.34

-0.35

-0.24

-0.27

o.37

0.05

-0.41

0.30

-0.o2

-0.05

-0.32

0.26

0.r2
-0.06

e 36s

366

367

-0.r7

0.18

0.09

-0.17

0.16

0.09

-0.17

0.r7

0.09

-0.t7

0.18

0.09

-0.15

o.t7
0.11

-0.15

0.18

0.09

-0.16

0.18

0.10

-0.16

0.18

0.09

-0.15

0.18

0.08

-0.14

0.19

0.11

NPar

LogL(.)

AIC

25
-28r1

5672

31

-2804

5670

24
-2805

5659

23
-2805

5657

23
-2813

5671

t2
-281r

5646

l4
-2810

5648

18

-2810

5655

t7
-2809

5652

16

-2803

5637

34t
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Table 3.139: Estimates of Model Parameters for Models Predicting Salinity at Murray
Bridge (No MA Parameters)

Variable Lag ModelSMB M T XX 11 91

2T 22 23 24 25 26 27

SMB I
2

3

4

5

364

365

366

367

0.35

-0.32

0.19

0.38

-0_08

-0.08

-0.03

0.01

0.01

-0.31

0.18

-0.01

0.38

-0.06

-0.09

0.01

-0.31

0.18

0.36

-0.32

0.19

0.37

-o.32

0.19

0.38

-0.33

0.19

o.49

-0.34

0.20

SMN I
2

3

4

0.18

0.07

0.17

0.16

0.08

o.l7
0.08

o.t7
0.08

0.17

0.07

0.t7
0.07

0.16

o.20

0.18

o.23

o.24

SMO 5

6

7

0.02

0.01

0.01

SWE 9

10

11

0.13

-0.06

0.13

0.01

0.11 0.11 0.r2

0.09

0.19

SLO 9

l0
11

t3

0.10

-0.12

-0.03

-o.o2

SL5U 11

15

0.06

0.04

NPar

LoeL(.)

AIC

9

-2826

5670

23

-28t7

5681

11

-2825

5672

7

-2837

5687

6

-2839

5690

5

-2849

5707

5

-2885

5779
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Table 3.140: Estimates of Model Parameters for Models Predicting Salinity at Mannum

Variable LaE Model SMN-M-T-XX-I 1-9 1

02 03 04 05

SMN 1

2

3

364

365

366

367

0.45

-0.10

0.05

-0.43

0.18

0.01

0.47

-0.06

0.05

-0.46

0.19

o.44

-0.44

0.20

o.46

-0.43

0.21

SMO 3

4

5

6

7

0.04

0.05

0.06

0.05

0.05

SWE 6

7

8

9

10

0.13

-0.02

0.02

0.08

0.19

0.07

0.07

0.20

0.06

0.30

SLO 11

T2

13

L4

15

16

-0.01

0.02

0.09

-0.12

0.16

-0.20

0.03

0.09

0.14

-0.18

0.09

SL5U 13

I4
0.06

-0.03

LLlU 8 0.09

LLO t2 -0.23

e 363

364

365

366

367

-0.01

0.10

0.04

0.r7

-0.07

0.00

0.09

-0-07

NPttr

LogL(.)

AIC

25

-2851

575r

t5
-28M

5718

11

-2848

57 18

4

-2864

5736

343
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Table 3.I4I: Estimates of Model Parameters for Models Predicting Salinity at Morgan

Variable Lag ModelSMO M T XX 11 91

02 03 04 05 06 07

SMO 1

2

3

364

365

366

367

0.12

-0.19

-0.30

o.t2

0.03

-0.20

-0.08

0.07

-0.28

0.r l
0.02

-0.2t

-0.09

0.08

-0.28

0_11

-0.21

-0.09

0.08

-0.28

0.rI

-o.2t

-0.25

0.10

-0.21

-0.09

0.08

-0.29

0.11

SWE 1

2

3

4

5

6

0.60

0.06

-0.16

-0.01

0.39

0.25

0.26

0.22

-0.08

0.40

0_26

0.27

0.22

-0.07

0.40

0.26

0.27

o.22

-0.08

0.38

0.26

0.27

0.12

0.40

o.26

0.27

0.22

-0.07

SLO 6

7

8

9

0.06

0.14

-0.08

0.06

0.16

-0.08

0.03

0.13

-0.06

0.08 0.09

SL5U 5

6

7

I
9

0.30

-0.16

-0.09

0.04

-0.08

0.19

-0.t2

-0.05

-0.05

0.19

-0.13

0_t7

-0.r2

0.18

-0.10

0.17

-0.13

LLO 6

7

8

9

10

11

0.10

-0.o2

0.29

-0.59

0.12

0.27

-0.35

-0_70

0.72

-0.08

-0.71

0.67

-0.74

0.65

-0.79

0.68

e 364

365

366

367

-0.07

0.47

-0.04

0.07

0.48

0.10

0.47

0.07

o-47

0.07

0.52 0.46

0.07

NPar

LogL(.)

AIC

23

-3364

6774

27

-3314

6682

20

-3319

6677

t7
-33t9
6672

12

-3328

6681

15

-3320

6670
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Tabte 3.142: Estimates of Model Parameters for Models Predicting Salinity at Waikerie

Variable LaE Model S 1 I
02 03 04 05 06 0l

SWE 1

2

3

364

365

366

367

0.73

-0.12

-0.06

-o.24

0.08

0.81

-0.21

0.04

-0.39

0.21

0.00

0.81

-0.20

-0.37

o.20

0.82

-o.20

-0.37

0.20

0.82

-0.20

-0.37

0.20

0.86

-0.18

-0.46

0.31

SLO 1

2

3

4

5

6

0.13

0.00

0.05

-0.02

0.08

0.15

0.05

-0.0r

0.14 0.13 0.13

SL5U 3

4

5

6

0.06

0.03

0.r2
-0.03

0.t2 0.13 0.13 0.13

LLO 3

4

5

6

-0.33

0.41

-0.67

0.51

-0.32

0.48

-0.71

0.50

-0.29

0.47

-0.7r

0.49

e 364

365

366

367

0.23

0.27

0.22

0.19

-0.07

0.02

0.19

0.17

-0.07

0.18

0.18

-0.08

NPar

LogL(.)

AIC

20

-2813

5666

18

-2804

5645

13

-2808

5643

9

-28r1

5639

6

*)

4

-2840

5689

345

*) Parameters not re-estimated
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Table 3-L43: Estimates of Model Parameters for Models Predicting Salinity at Loxton

Variable Lag ModelSLO M T XX 11 91

02 03 04 05 06

SLO I
2

3

4

5

364

365

366

367

0.87

-0.57

0.16

-0.r4

0.05

-0.41

0.31

-0.t7

0.87

-0.56

0.13

-0.07

0.06

-0_47

0.33

-0.t7

0.89

-0.55

0.13

-0.07

0.07

-0.47

0.35

-0.16

0.88

-0.56

0.13

-0.07

0.06

-0.47

0.33

-0.17

0.88

-0.56

0.13

-0.07

0.06

-0.47

0.33

-0.17

SL5U 2

3

4

5

0.2r

-0_01

0.09

0.05

0.2r

0.10

0.21

0.10

0.20

0.10

0.20

0.10

LLO I
2

3

4

5

6

7

-0.2r

0.20

-0.41

0.56

-0.70

-0.2r

0.23

-0.39

0.52

-0.66

-o.23

o.26

-0.39

0.54

-0.86

0.30

-0.r4

-0.23

0.26

-0.39

0.54

-0.86

0.30

-0.14

e 364

365

366

367

0.00

0.08

-0.15

-0.08

0.09

-0.17

-0.10

0.12

-o.t4
-0.07

0.09

-o.r7

-0.10

NPru

LogL(.)

AIC

2l
-254t

5r24

18

-2542

5120

13

-2555

5135

20

-254t

5t23

t7
+)

*) Parameters not re-estimated
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Table 3.144: Estimates of Model Parameters for Models Predicting Salinity at Lock 5
Upper

Variable Lag Model SL5U-M-T-XX-1 1-9 1

02 03 o4 05

SL5U 1

2

3

364

365

366

367

0.56

-0.11

0.02

-0.51

0.30

-0.09

0.56

-0.10

0.00

-0.50

0.29

-0.10

0.56

-0.10

-0.50

0_29

-0.10

0.56

-0.10

-0.50

0.29

-0.10

e 364

365

366

367

0.07

-0.03

0.07

0.03

0.07

0.07

0.07

0.06

NPrìr

LogL(.)

AIC

10

-2734

5488

8

-2734

5485

7

-2734

5483

5

* )

*) Parameters not re-estimated

Table 3.145: Estimates of Model Parameters for Models Predicting lævel at Loxton

Variable LaE Model LLO-U-T-XX-I 1-9 1

02 03 04

LLO I
2

3

364

365

366

367

1.09

-0.36

0.07

-0.04

-0.35

0.M
-0.14

1.09

-0.36

0.07

-0.39

0.44

-0.14

1.09

-0.36

0.07

-0.39

0.M
-0.14

e 364

365

366

367

0.00

-0.33

-0.10

-0.01

-0.34

-0.08

NP¿tr

LogL(.)

AIC

l1

-1279

2580

8

-1280

2575

6
rl.

)

*) Parameters not re-estimated
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Table 3-146: Estimates of Model Parameters for Models Predicting Level at Lock I
Upper

Variable Lag ModelLLIU M T XX 11 91

02 03 04

LLIU I
2

3

4

5

364

365

366

367

0.54

-0.15

0.11

0.08

0.03

0.10

-0.46

0.17

0.01

0.53

-o.t2

0.10

0.07

0.13

-0.45

0.15

0.53

-0.12

0.10

0.08

0.14

-0.45

o.r4

LLO 1

2

3

4

5

6

7

0.27

0.14

-0.26

0.42

-0.17

0.28

-0.34

0.07

-0.09

0.21

0.27

-0.13

0.26

-0.33

o.o7

e 364

365

366

367

0.17

0.30

-0.13

0.03

0.19

o.27

-0.15

o.20

0.27

-0.16

NPrir

LogL(.)

AIC

16

-1759

3549

l5
-1740

3509

17

-1737

3508

A reduced form of the transition matrix (<Þ) and the state vector (Zr) were used in order

to increase processing speed. Only the information necessary for producing the desired

g-step forecast was included (i.e. if the total number of unlnown parameters is NPar, O

is a I x (NPil+g+l)] matrix and Z, is a [(NPil+g+l) x 1] matrix). The differenced

forecasts obtained using 'MPREDICT were converted to their non-differenced form

using the procedure outlined in Section 3.6.8.

However, as the ultimate objective is to obtain the best forecasts of salinity at Murray

Bridge, other combinations of models were tried in attempt to achieve this goal (fable
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3.147). The model parameters for the multivariate component models shown in Table

3.147 are shown in Tables 3.138 to 3-146-

Table 3.147: Combinations of Models used to obtain Multi-Step Forecasts of salinity
at MurraY Bridge

Combined model

Component model c01 coz c03 f-^/l c05 c06 c07 c08 c09 c10 cl1 ctz

SMB M-T_XX_l1_91 20 20 t2 16 2l 2l 23 24 25 26 27 25

SMN-M_T_XX_I1_91 04 03 04 04 04 05 05 05 05 05 05

SMO_M_T_XX_I1_91 07

SWE M-T_XX_l1_91 05 03 05 05 05 06 06 06 06 06 06 07

SLO-M_T_XX_1 191 03 02 03 03 03 06 06 06 06 06 06

SL5U_M_T_XX_11_91 04 02 04 04 o4 05 05 05 05 05 05

LL1U-M_T_XX-1 1 04

LLO_M_T_XX_I1_91 03 02 03 03 03 04 04 04 o4 o4 04

In model C02, the component model for forecasting salinity at Murray Bridge with the

lowest AIC value was retained- However, the component models with the lowest AIC

for forecasting the upstream time series yere replaced with those with the highest log

likelihood.

In model C03, the component model with the highest log likelihood was used for

forecasting salinity at Murray Bridge, while the component models with the lowest AIC

values were used to forecast the upstream time series.

The component models used in model C04 were the same as those used in model C03,

with the exception that the component model for forecasting salinity at Murray Bridge

had fewer parameters.

In models C05 to CI2, the MA terms were omitted from the component models

forecasting salinity at Murray Bridge. The component models used in model C05 were

identical to those used in model C04, with the exception that the MA parameters for the

model forecasting salinity at Murray Bridge were omitted.

The component model for forecasting salinity at Murray Bridge was the same in models

C05 and C06. However, changes were made to the component models forecasting the

upstream time series- The major change was the omission of the MA parameters- It

should be noted that in most instances, the parameters for these models were not re-
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estimated, and consequently, no values for the log likelihood and AIC are shown in

Tables 3.142 and3.146.

The only difference between models C06 to Cll is that different AR parameters were

used in the component model forecasting salinity at Murray Bridge. In model C10, the

effect of omitting inputs of salinity at Waikerie was assessed, and in model C11, the

effect of omitting inputs of salinity at Mannum was assessed.

In model C12, the parameters for the component model forecasting salinity at Waikerie,

which does not have any MA parameters, were re-estimated.

3.7.10 Results / Discussion

The 1, 5 and 14 day forecasts \ilere examined to assess each model's short-term and

longer-term forecasting ability. The RMSE, AAPE and AAE between the actual and

predicted salinities for the 1, 5 and 14 day forecasts are shown in Tables 3.148 and

3.r49.

Table 3.148: Results for Combined Models C01 to C04 (Models With MA Pa¡ameters
for Predicting Salinity at Murray Bridge)

Model Forecast

period (days)

RMSE

(BC units)

AAPE
(%)

AAE
(EC units)

c01 I 9.9 I.I2 6.8

5 43.5 5.29 31.0

T4 1 26.1 15.3 87.8

co2 I 9.9 T.L2 6.8

5 43.5 5.29 31.0

L4 127.3 15.39 89.7

c03 1 10.1 r.t7 6.9

5 45.3 5.4 31.5

t4 125.8 L5.26 86.2

c04 1 10.0 t.14 6.8

5 4.5 5.33 31.0

L4 124.9 15_03 85.4
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Table 3.149: Results for Combined Models C05 to C12 (Models Without MA
Parameters for Predicting Salinity at Murray Bridge)

Model Forecast

period (days)

RMSE

(EC units)

AAPE

9o)

AAE
(EC units)

c05 1 9_7 r.t2 6.7

5 42.8 5.13 29.2

T4 121.2 14.6 80_9

c06 1 9.7 r.t2 6.7

5 38.9 4.87 27.5

t4 to7.4 13.8 74.7

c07 I 9.6 1.08 6.6

5 43.8 4.99 28.7

t4 110.0 13.8 74.2

c08 I 9.5 1.05 6.3

5 37.9 4.52 25.8

t4 to4.4 13.0 7L.0

c09 I 9.6 1.05 6.4

5 37.8 4.49 25.7

T4 r04.4 12.9 70.7

c10 I 9.5 t.07 6.5

5 37.5 4.7r 26.3

t4 105.9 13.5 72.6

c11 1 10.9 1.15 7.1

5 M.2 5.19 30.8

t4 t2t.o 14.12 82.4

CTz 1 9.6 1.05 6.4

5 37.7 4.46 25.6

t4 I02.9 12.7 69.8

The following general comments can be made by examining the prediction errors and

the plots of forecasts for the various tests.

1. As expected, the forecast accuracy decreases as the forecast period increases. As

shown in Tables 3.148 and3.149, all one day forecasts are very good. However, as the

one day forecast is used to produce the two day forecast and so on, any small errors in
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the one day forecast are amplified as the forecast length increases. This is demonstrated

in Figures 3.147 to 3-149, and is typical for all models.
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Figure 3.147:. Actual and Predicted Salinities - Combined Model CIz - l Day in
Advance
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Figure 3.148: Actual and Predicted Salinities - Combined Model CI2 - 3 Days in
Advance
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Actual

Predicted

0 183

Time (days)

Figure 3.149: Actual and Predicted Salinities - Combined Model C12 - 5 Days in
Advance

2. Too many parameters induce noise, resulting in an increase in prediction error as

illustrated in Table 3.150.

Table 3.150: Change in Prediction Error with the Number of Parameters

Model Number of parameters RMSE (EC unis)

Í4 dav forecast)AR MA Total

c02 69 22 91 t27.3

c01 54 15 69 T26.1

c04 50 15 65 124.9

c05 50 T2 62 12r.2

c07 49 0 49 110.0

c06 47 0 47 r07.4

c09 M 0 44 r04.4

CLz T4 0 l4 r02.9

However, if one of the dominant parameters is omitæd, the prediction error is increased

as indicaæd in Table 3.151. In model C10, satinity at Waikerie was omitted whereas

salinity at Mannum was omitted in model C11.
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Table 3.151: Change in Prediction Error with the Omission of Dominant Parameters

Model Number of parameters RMSE (EC units)

(14 dav forecast)AR MA Total

c08 45 0 45 104.4

c10 43 0 43 105.9

cl1 39 0 39 12r.0

3. For the data set used, the AIC was not a good indicator of model performance, as

illustrated in Table 3.152. Better values of AIC were obtained for models having a

greater number of parameters, indicating that a better fit was obtained to the data used

to estimaæ the model parameters when more parameters were used. However, when

using too many parameters, overfitting occurred, resulting in poor generalisation ability,

as indicated by the greater RMS forecasting errors (Table 3.152)-

Table 3.152: Performance of Models with Different AIC Values

Time series

predicted

AIC

Model

c01 co4 c05

SMB 5637 5646 5670

SMN 5718 5718 5718

SWE 5639 5639 5639

SLO 5120 5120 5r20

SL5U 5485 5485 5485

LLO 2575 2575 2575

NPar 69 65 62

RMSE (EC units)

(14 dav forecast)

126.t 124.9 12t.2

4. A plot of the best 14-day forecast is shown in Figure 3.150. It is very similar to the

best 14-day forecast obtained using the univa¡iate time series (ARIMA) model (Figure

3.144). Both forecasts are very noisy, although there are no appreciable lags in the

forecast compared to the actual data. However, the excessive noise renders the forecast

useless, as it is impossible to discern which of the large variations in predicæd salinity

will actually occur. As discussed above, the noise present is a result of the recursive

procedure used to obtain longer term forecasts. The ma¡ked drop in salinity in the
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vicinity of day I25 can be attributed to a sharp drop in the salinity at the same úme in

the previous year (see Figure 3.144).
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of day 125

0

0 183

Time (days)

Figure 3.150: Actual and Predicted Satinities - Combined Model CIz - 14 Days in
Advance

The best forecast was obtained using model C12, which has by far the smallest number

of parameærs. In this model, salinity at Murray Bridge (SMB) was predicted using only

its own past values as well as upstrcam values of salinity at Mannum (SMN) and

Waikerie (SWE). Salinity at Mannum was predicted with the aid of its own past values

as well as past values of salinity at Waikerie, and salinity at Waikerie \ryas predicæd

using its own past values only.

5. As discussed above, the 14 day forecasts produced are very noisy. It is possible to

remove some of that noise by filæring. Filtering was carried out by applymg the one-

sided linear filter described in Section 3.6.9 to the 14 day forecast obtained using model

CIz.

Table 1.153 indicates that filtering results in a considerable improvement in the forecasts

obtained. A comparison of the plots of the filæred and unfilæred forecasts @gures

3.150 and 3.151) shows that the filtercd 14 day forecast is considerably smoother.

However, the forecast is still noisy, and hence it is still difficult to discern which of the

predicæd variations in salinity will actually occur.
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Table 3.153: Filæred L4Day Forecasts for Combined Model C12 (One-sided Filter)

E RMSE (EC units) AÃPE (V.) AAE (EC units)

0 102.9 L2.7 69.8

1 95.4 12.0 64.5

2 91.1 11.5 6r.2

4 85.5 10.9 57.5

Actual

Predicted

0 183

Time (days)

366

Figure 3.151: Actr¡al and Predicæd Salinities (Filtered) - Combined Model CI2 - L4

Days in Advance (E= a)

It has been shown that hltering can be used to improve the 14 day forecasts obtained,

but not to the extent that the forecast becomes useful. It should be noted, however, that

only one type of filter was used here to demonstrate the positive effect that filæring has

on the results. The results could be further improved by applying other, possibly

different types of, filters.

3.7.11 Diagnostic Checking

The residuals of the models used for forecasting were obtained using computer program

'MPREDICT'. A plot of the residuals (not shown here) showed that there were no

outliers and there was no apparent trend. In addition, the mean of the residuals was

close to zero. The variance of the residuals was found to be constant, and the histogram
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of the residual frequencies (not shown here) was normally distributed, indicaúng that

there is no need to transform the original data using a Box-Cox transform (Hipel, 1985)-

The Box-Pierce method (Box and Pierce, 1970) was then used to examine the residuals-

The ACF and the PACF of the residuals was calculated using computer program

'ApCORR' and checked for any significant spikes. There were no significant spikes at

low lags (i.e. 1 to 10) and no significant spikes at seasonal lags (i.e. 360 to 370),

suggesting that the residuals are uncorrelated. There were occ¿lsional significant values,

all of which were close to the critical value for significance. As discussed in Section

3.6.6, such values do not suggest strong correlations and may be ignored.

The Portmanteau lack-of-fit test (Bowerrnann and O'Connell, 1979) was also used to

check the whiæness of the residuals. The Box-Pierce chi-square statistic, QBP, is the

most well known æst statistic for the Portmanteau lack-of-fit test and was used here.

QBP *as evaluated as part of computer program 'APCORR'- A value of k' = 3L was

used for reasons discussed in Section 3.6.7 . The values of QBP and X26) for the various

models are shown in Table 3.L54.

As can be seen from Table 3.L54, all models are adequate. However, the cross-

correlations between the residuals of the various component models used in the

combined models also have to be examined (Harvey, 1981). This was done for model

C12 only, as it gave the best forecasts. The values of QBe arñX21g¡) for the various

cross-correlations between the residuals are shown in Table 3.155. The cross-

correlations between the residuals were obtained with the aid of computer program

'CROSSCORR'. A value of k' = 365 was used to evaluate QBP. It can be seen that all

values of QBP are less than the corresponding value of :¡,6), indicating that model Cl2

is adequate.

Harvey (1981) suggests that a QBP matrix should be assembled to assess the adequacy

of a multivariaæ time series model. Such a matrix contains the qBe-n"ues for the

autocorrelations of the residuals in the diagonal elements and the QBP-values of the

cross-correlations between the residuals in the off-diagonal elements. The qBe matrix

for model C12 is given in Table 3.156. The numbers in the top line of each cell

represent the value of Qne1t65), while the value in brackets underneath represents the

allowable chi-squared value. As can be seen, all values of qne are less than their

allowable value, indicating that all the residuals are uncoffelaæd and that model C12 is

acceptable-
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Table 3.154: Values of QBP and X26,1 for the Multivariate Models Used for Forecasting

Model mI

QBP(36s) x2ts't

SMBMT12 II 9I
SMBMT16 11 9I
SMBMT20II 91

SMBMT21 11 91

SMBMT25TT9I

342

353

349

356

359

300

301

282

293

290

386

397

393

401

404

SMNMT03 11 9I
SMNMT04 II 91

sMNMT05 11 91

350

354

361

277

340

266

394

399

406

sMoMT03 11 91

sMoMT0T11 91

338

350

313

308

382

394

swEMT03 1l 9l
swEMT05 11 91

swEMT06 11 91

swEMT0T11 9l

347

356

359

36t

295

290

290

307

39t
401

404

406

sl.oMT02ll9l
sl.oMT03119l
sl,oMT061191

344

347

348

259

274

274

388

391

392

sL5U_M_T_02_lt_9r

SL5U M T 04 11 91

SL5U M T 05 11 91

355

358

360

249

249

245

400

403

405

LL1U M T 04 11 91 348 335 392

LLOUT02II9L
LLOUT031191
LLOUT041191

354

357

359

284

285

319

399

402

404

Table 3.155: Values of QBP andX26>for the Cross-Correlations Between the Residuals

For Combined Model C12

Models m' QBP(365) x2tst

SMB_M_T_25_1 1_9 1/SMN_M_T_05_1 l_9 1

SMB_M_T_25_ I 1_9 1/SWE_M_T_07 _t I _9 |
355

355

276

240

400

400

SMN_M_T_05_1 1_9 1/SMB_M_T_25_I 1_9 I
sMN M_T_05_1 l_9 I/SWE_M_T_O1 _IL _91

355

357

274

270

400

402

swE_M_T_O7_l 1_9 I/SMB_M'T_25_1 l_9 1

swE_M_T_07_ 1 I _9 1/SMN_M_T_05_ I l_9 1

355

357

309

353

400

402
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Table 3.156: QBP-mat¡ix for Combined Model Cl2

3.7.12 Summary / Conclusions

Differencing the mulúvariate time series using a degree of seasonal differencing and a

degree of non-seasonal differencing of 1 (i.e. D = 1 and d = 1) resulted in joint

stationarity of the time series. The method of Haugh and Box (1977) was used to

identify the initial order of the multivariate model.

The models developed were found to be sensiúve to the number of model parameters-

The presence of less-significant model parameters increased model noise, resulting in

decreased performance. The best forecasts were obtained by using combined model

C12, which is shown in Equations 3.11 to 3-13-

usMn,t

usMN,t

uswE,t

(0.37) usMB,t-l - (0.32) usun,t-¡05 + (0-19) usMB,t-366

+ (0.20) uSMN,t-t + (0.18) uSMN,t-3 + (0.12) u5q¡q¡-16 * e1¡

(0.46) uSMN,t-l - (0.43) uSMN,t-365 + (0-21) uSMN,t-366

+ (0.30) uSWE"t-Z + cZt

(0.86) uswE,t-t - (0.18) uswg,t-2 - (0.46) uswn,t-36s

+ (0.31) ugr¡¡q1-366 * e3¡

(3.11)

(3.r2)

(3.13)

The Box-Pierce method and the Portmanteau lack-of-fit æst indicaæd the adequacy of

the above model.

The one day forecasts produced by model C12 were very good, with a RMSE of 9-6 EC

units and an AAPE of I.lVo for 1991. However, the 14 day forecasts were very noisy,

with a RMSE of 102.9 EC units and an AAPE of 9.67o for 1991. The 14 day forecasts

1 2. 3

1. SMB_M_T_25_11_91 290

(4O4)

276

(400)

240

(400)

2. SMN_M_T_05_11_91 274

(400)

266

(406)

270

(400)

3. SWE_M_T_07_11_91 309

(400)

353

(402)

307

(406)
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were able to be improved significantly (RMSE = 85.5 EC units, AAPE = l0.9Vo) by

using a one-sided filter.

3.8 Comparison of Results

3.8.1 Introduction

In this section, the performances of the univariate ANN (UANN), multivariate ANN
(MANN), univariate time series (ARIMA) and mulúvariate time series (VARIMA)

models are compared in terms of generalisation ability and ease of use. For reasons

explained in Section 3.3.5, the RMSE was used to compare the generalisation ability of
the various models for forecasting periods of 1, 5 and 14 days. The performance of the

models was also compared with that of a naive model (i.e. z,*, = Z¡, ìvhore g = the

forecasting period). In order to obtain a fair comparison between the VARIMA and

MANN models, MANN models using forecast flows and river levels as inputs were not

considered in this section.

3.8.2 Artificial Neural Network Models

The RMSEs of the 1, 5 and 14 day forecasts obtained using the best UANN model

(model SMB_U_A_15_06_91), the best MANN model (model SMB_M_A_79_13_91)

and the naive model are shown in Figure 3.152. It should be noted that both ANN
models use the raw data and the direct method of forecasting. The results obtained

indicate that:

o The MANN model performs better than the UANN model for all forecasting

periods, suggesting that there is a definite advantage in using causal variables when

forecasting salinity in the River Munay at Murray Bridge. This is especially true for
longer forecasting periods, as indicated by the increasing gap between the forecasts

obtained using the UANN and MANN models with increasing forecasting period.

o The l-day forecasts obtained using the UANN and MANN models are worse than

that obtained using the naive model, suggesting that ANN models are not suiæd to

short-term forecasting.

o d5 the forecasting period increases, the ANN models perform significantly better

than the naive model, indicating that ANN models are suited to longer term

forecasting. A likely re¿Non for this is that ANN models base their forecasts on the

approximate underlying relationships that generated the data.
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120

100
4- NAIVE

------Ð- UANN

_.- MANN

02468101214
Forecast Per¡od (daYs)

Figure 3.152: Comparison of the RMS Forecasting Errors Obtained for 1991 Using the

Best UANN and MANN models (Direct Method of Forecasting) as well as a Naive
Model

3.8.3 Time Series Models

The RMSEs of the 1, 5 and L4 day forecasts obtained using the best ARIMA model

(model SMB_U_T_04_11_91), the best VARIMA model (model CI2) and the naive

model are shown in Figure 3.153. It can be seen that:

o The ARIMA and VARIMA models perform significantly better than the naive model

for all forecasting Periods.

o The VARIMA model performs only marginally better than the ARIMA model,

suggesting that the benefit of using causal variables is only minimat. The reason for

this is that in ARMA type models, the model coefhcienfs are estimated by

maximising the likelihood function for the one day forecast, for which causal

variables are less critical.
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Figure 3.153: Comparison of the RMS Forecasting Errors Obtained for 1991 Using the
Best ARIMA, VARIMA and Naive Models

It should be noted that the performance of the ARIMA and VARIMA models can be

improved considerably by filæring the forecasts obtained, as shown in Figure 3.154 for

the 14 day forecast.
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(filtered)

Figure 3.154: Effect of Filæring on the IÇDay Forecasts (1991) Obtained Using the
ARIMA and VARIMA Models
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3.8.4 Univariate Models

The RMSEs of the 1, 5 and 14 day forecasts obtained using the best ARIMA model

(model SMB_U_T-04-11-91), the best UANN model (model SMB-U-A-15-06-91)

and the naive model are shown in Figure 3-155. It can be seen that:

o The performance of the ARIMA model is significantly better than that of the naive

model for all forecasting periods.

o The UANN model is not suited to short term forecasting, as it performs worse than

the naive model.

o The UANN model is suiæd to longer term forecasting, as it performs better than the

ARIMA and naive models.
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Figure 3.155: Comparison of the RMS Forecasting Errors Obtained for 1991 Using the

Best UANN @irect Method of Forecasting), ARIMA and Naive Models

It should be noted that afær f,rltering, the performance of the ARIMA model approaches

that of the UANN model for a forecasting period of 14 days, as indicated in Figure

3.156.

The UANN model used in the above comparison utilised the raw data in conjunction

with the direct method of forecasting. The behaviour of such a network is characærised

by the effect the hidden layer nodes have on the raw data. However, when the

differenced data are used in conjunction with the recursive forecasting method, the
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behaviour of UANN models is very similar to that of ARIMA models. This can be

demonstrated by comparing models SMB_U_A_O4_02_9 I and SMB-U-T-O4- 1 1-9 1.

Model SMB_U_A_04_02_91operates in a manner similar to ARIMA models, as it does

not have any hidden layers and uses a linear transfer function. In both models, the

outputs are a linea¡ combination of the inputs. Consequently, one would expect the

coefhcients to be very simila¡ for both models. A comparison between the coefficients

obtained using model SMB_U_T_04_II_91 and the connection weights obtained for

model SMB U A 04 02 9l is shown in Table 3.157. It can be seen that the

magnitude of the coefficients for the ARIMA model is benveen 1.25 and 1.35 times that

of the connection weights for the UANN model. However, the ratio is very consistent,

indicating that the relationship between the input variables determined by both models is

very similar.
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Figure 3.156: Effect of Filæring on the lÇDay Forecasts (1991) Obtained Using the
ARIMA Model

Table 3.157: Comparison of the Coefficients Obtained for Model
SMB U T M 11 91 withtheWeightsObtainedforModelSMB U A 04 02 9l

Lags of

inputs

Coefficients for ARIMA

model SMB U T 04 11 91

Weights for ANN model

SMBUA04029I
Ratio

(ARMA/[.JANN)

I +0.6240 +-0.4979 t.25

365 -0.3790 -0.2815 1.35

366 +0.2253 +0.1780 t.27
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The 1 and 14 day forecasts obtained using models sMB-u-T-04-lL-9L and

SMB_U_A_04_02_9I (Table 3.153) indicate that the ARIMA model clearly

outperforms the UANN model when they operate in a similar manner.

Table 3.158: Comparison of I and 14 Day Forecasts Obtained Using Models

S MB-U-T-O 4 -l | 
-9 

L and S MB-U-A-0 4 
-O2 -9 

I

3.8.5 MultivariateModels

The RMSEs of the 1, 5 and 14 day forecasts obtained using the best MANN model

(model SMB_M_A_79_13_91), the best VARMA model (model C12) and the naive

model are shown in Figure 3.L57 . It can be seen that:

o The performance of the VARMA model is considerably better than that of the naive

model for all forecasting periods.

o The performance of the MANN model is worse than that of the VARIMA and the

naive models for a forecasting period of 1 day, indicating that MANN models are

not suited for short term forecasting.

o As the forecasting length increases, the MANN model performs vastly better than

the VARIMA and naive models, suggesting that MANN models are suited to longer

term forecasting.

Even after filtering, the 14 day forecast obtained using the VARIMA model is still

considerably worse than that obtained using the MANN model, as shown in Figure

3.158.

Forecasting RMSE (EC units)

Model SMB-u_T_04_11_91 Model SMB U 1

1 10.5 14.9

I4 108.5 t23.8
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Figure 3-157: Comparison of the RMS Forecasting Errors Obtained for 1991 Using the
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3.8.6 Artificial Neural Network Versus ARMA Type Models

The results obtained indicate that ARMA type models are better suited to short-term

forecasting and that ANN models are better suited to longer-term forecasting. Possible

reasons for this include that ANN models base their forecasts on the underlying

relationships that generated the time series, and that they can be uained for a specific

forecasting period directly, without having to rely on a recursive forecasting procedure.

However, it should be noted that the performance of different types of models also

depends on the type and complexity of the data used-

Of the two types of models considered, the ANN models were far simpler to develop.

When developing the ANN models, there was no need to difference the data, as ANNs

are able to account for non-stationarities in the data (e.g. trends, seasonal variation) with

the aid of their hidden layer nodes. In addition, using the direct method for obtaining

multi-sæp forecasts is simpler than using the recursive method-

The research carried out indicates that the forecasts obtained using ANN models are

relatively insensitive to the number of model inputs. In contrast, the performance of

ARMA type models is substantially reduced by the presence of less-significant inputs,

which induce model noise.

The results obtained indicate that the generalisation ability of ANN models is superior to

that of ARMA type models when limited data sets are available. The VARMA models

that were found to be superior using Akaike's Information Criterion did not produce the

best forecasts when an independent data set was used. In other words, the models that

provided the best fit to the training data, even when parsimony considerations were

taken into account, did not generalise as well as models that used fewer model

parameters, although the latter provided an inferior fit to the training data. One would

expect this situation to be rectified if more training data were available, which would

enable the model to determine a relationship that is more general. As mentioned above,

such overfitting problems did not occur with the ANN models.

A potential advantage of using ARMA type models is that a direct mathematical

relationship between the input and output variables is obtained. However, by carrying

out a sensitivity analysis, the magnitude and the strength of the relationship between the

model inputs and the model outputs that has been determined by an ANN model can be

easily obtained.

367
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An advantage of ARMA type models is that the procedure for their development, in

particular the input identification stage, is much'better dehned. Although the anal¡ical

method proposed by Haugh and Box (1977) is very elaborate and time consuming, it
provides a methodology for finding appropriate inputs to multivariate ARMA type

models, which can be used even when no a priori knowledge is available to suggest

possible inputs. ANN models rely on empirical methods to determine appropriate model

inputs, which generally results in an excessive number of inputs. Although ANNs are

relatively insensitive to the number of model inputs, excessive numbers of inputs

significantly increase network size, making it difficult to optimise the connection weights

and increasing processing time.

Another difficulty associated with the development of ANN models is choosing an

appropriate network geometry and optimising the connection weights, as discussed in

Section 3.5.3.

3.9 Longer Term Salinity Forecasts

3.9.1 Introduction

In this section, a MANN model is developed to forecast salinity in the River Munay at

Munay Bridge 28 days in advance, as MANN models are the model type most suitable

for longer-term forecasts (see Section 3-8). As discussed in Section 3.3.2, forecasts of
this length are desirable when making adjusünents to the schedule for pumping water

from Murray Bridge to Adelaide, if salinity considerations are to be taken into accounl

3.9.2 Determination of Model Inputs

The model inputs were based on those used in Section 3-5-2 for forecasting salinity at

Murray Bridge 14 days in advance (training / testing set 10 - Table 3-38). It was

decided to omit the inputs of level at Lock I Lower, as there is a strong correlation

between the flow and level data (Section 3.7.6.2). It was also decided to include inputs

of salinity at Lock 5 Upper, as [,ock 5 Upper is the siæ furthest upstream for which data

were available, and using data from sites further upstream is desirable for longer term

forerasts, as a result of the longer travel times. However, as can be seen by comparing

Figures 3.12, 3.I7, 3.22, 3.27, 3.32 with Figures 3.16, 3.21, 3.26, 3.31, 3.36

respectively, at sites further upstream, the mean salinity is considerably lower, and only

the major variations in salinity are present- Consequently, it would be undesirable to use

salinities from sites upstream of Lock 5 Upper as inputs. The model inputs and outputs
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used (training / testing set 14) are shown in Table 3.159. The total number of inputs

used was 56 and the total number of outputs used was | (atlag -27)-

Table 3.159: Inputs Used for Forecasting Salinity at Murray Bridge 28 Days in

Advance (Training / Testing Set 14)

Input time series Lags of inputs (days) Total number of inPuts

SMB

SMN

SMO

SV/E

SLO

SL5U

FOC

1,3,..., 11

l, 3, .-., 15

1, 3, ..., 15

1,2, -..,5

L,2, -..,5

1,2, ...,1o

-19, -17, ...,7

6

8

8

5

5

10

T4

3.9.3 Choice of Internal Parameters and Network Geometry

Using the experience gained from Section 3.5, a learning rate of 0-02, a momentum

value of 0.6, the hyperbolic tangent transfer function and the quadratic error function

were used. In order to increase training speed, an epoch size of 5 was used instead of

an epoch size of 16. The network geometry was chosen to be 56-60-20-1 for all tests,

as similar network conhgurations gave good results in Section 3-5-

3.g.4 Investigation of the Generalisation Ability of the Models

In this section, the abilþ of MANN models to forecast salinity in the River Murray at

Murray Bridge 28 days in advance is investigated. Four networks were trained using

training / testing set 14, each using different years of data for training and æsting.

Forecasts for 1988 were obtained in model SMB-M-A-80-14-88, forecasts for 1989

were obtained in model SMB-M-A-80-14-89, forecasts for 1990 were obtained in

model SMB_M_A_80_14_90 and forecasts for 1991 were obtained in model

SMB_M_A_80_14_91. In each case, the data that were not used for forecasting were

used for training. As pointed out in Section 3.5.2.4, the choice of which years are used

for training and which year is used for testing can have a significant impact on the

generalisation ability of a model. Consequently, by developing several models, each

using different years of data for training and testing, a good indication of the

generalisation ability of the MANN models for forecasting salinity in the River Murray

at Murray Bridge 28 days in advance can be obtained'
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Cross-validation was used as the stopping criterion, and the models that produced the

best forecasts were retained. The testing interval was chosen to be 1,000. When

training the four models, less than 40,(X)0 training samples had to be presented to the

networks before a plateau was reached in the RMSE of the test set. The RMSEs at the

various stages of learning are given in Appendix E.

The results obtained for the 14 day forecasts (models SMB_M_A_18_10_88,

SMB_M_A_I 8_10_89, SMB_M_A_I 8_10_90 and SMB_M_A_I 8_10_9 1) and the 28

day forecasts (models SMB_M_A_80_14_88, SMB_M_A_80_14_89,

SMB_M_A_80_14_90 and SMB_M_A_80_14_91) are compared in Table 3.160 (It
should be noted that models SMB M A 80_15_XX and SMB_M_A_80_16_XX, the

results of which are also shown in Table 3.160, will be discussed in Section 3.9.4.1). It
can be seen that:

. As expected, the 14 day forecasts are better than the 28 day forecasts for all four
years (i.e. 1988-1991). The RMSE, AAPE and AAE for the 14 dzy forecasts,

averaged over the four years, were 46.1 EC utttts, 6.4Vo and 32.4 EC units

respectively, while the same values were 61.7 EC units, 8.37o and 42.4E;C units for
the 28 day forecasts.

. The variation in RMSE of the forecasts obtained for the different years (i.e. 1988 to

1991) is a lot smaller for the 14 day forecasts than for the 28 day forecasts. This

indicates that the generalisation ability of the models is a lot better for the L4 day

forecasts. In other words, the forecasting errors obtained for the L4 day forecasts

are relatively insensitive to the year used for forecasting. On the other hand, the

RMSEs obtained for the 28 day forecasts are very much dependent on which year is

withheld during training and subsequently used for testing.

. The 28 day forecasts obtained are still very good, with an average RMSE of 61.7

EC units and an AAPE of 8.37o.
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Table 3.160: Best 14 and 28 Day Forecasts Obtained Using Various Training / Testing

Sets

Model Performance

measure

Year predicted Average

1988 1989 1990 1991

SMB_M_A_I8_1O_XX

(14 day forecast)

RMSE (EC units)

AAPE (Vo)

AAE (EC units)

44.8

5.3

31.0

49_3

6.8

32.4

M.5

7.0

32.2

45.8

6.5

34.0

46.1

6.4

32.4

SMB_M_A_8O_14_XX

(28 day forecast)

(FOC, 20 days ahead)

RMSE (EC unia)

AAPE (Vo)

AAE (EC units)

53.8

6.3

38.1

75.4

r0.2

47.4

49.9

8.4

38.8

67.6

8.3

45.0

6r.7

8.3

42.4

SMB_M_A_80-15_XX

(28 day forecast)

(FL7L,14 days ahead)

RMSE (EC units)

AAPE, (7.)

AAE (EC units)

57.r

7.0

45.7

68.4

r0.2

47.2

42.0

7.6

32.9

70.9

9.4

51.5

59.6

8.6

M.3

SMB_M-A_80_16_XX

(28 day forecast)

(FL7L,0 days ahead)

RMSE (EC units)

AAPE (7,)

AAE (EC units)

77.2

9.5

60.4

85.3

11.5

55.2

68.9

10.5

47.0

80.6

9.6

56.6

78.0

10.3

54.8

A comparison of the plots of the best 14 day and 28 day forecasts (Figure 3.159) shows

that:

. There is very little lag between the actual major variations in satinity and the 28 day

forecasts obtained.

. The lags for the 28 day forecasts are slightly greater than those for the 14 day

forecasts.

. The 28 day forecasts of rapid changes in salinity (i.e. sharp peaks and troughs) are

not very good. This is due to the fact that most of these occur at times of high

flows, and consequently use inputs from the sites furthest upstream. However, as

can be seen in Figures 3.16, 3.21, 3.26, 3.31,3.36, these sharp rises and falls in

salinity are not present in the data at these sites.
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3.9.4.7 Sensitivity of Models to Flow Inputs

In the above models, it was assumed that flows could be forecast perfectly at Overland

Corner up to 20 days in advance. In order to reduce the length of the forecasting period

required for the flow inputs, flows from a location further upstream (Lock 7 Lower)

were used. Flow forecasts of up to one month in advance are made at this location by

the Murray-Darling Basin Commission (Pfeiffer, 1994). No documented records of the

accuracy of these forecasts are available, but forecasts at low flows (less than 10,000

MUday) are usually very accurate, and forecasts of flows above that are generally

within + I\Vo of the actual values (Pfeiffer, 1994). This order of accuracy is confirmed

by trial 14 day flow forecasts carried out by the Murray-Darling Basin Commission at

Wentworth (located just downstream of the junction of the Munay and Darling Rivers,

Figures 3.1 and 3.2) over a period of 63 days (Murray-Darling Basin Commission,

1990). The trial was conducted during a period of high flows, and the mean of the

differences between the historical and predicted values was 1415 M[-/day, which is

approximately equal to an AAPE of 8-I7o-

The above results indicate that it is reasonable to use flow forecasts of up to one month

in advance, although forecasts of no more than 14 days would be preferable-

Using Forecast Flows at Lock 7 Lower 14 Days in Advance

The training / testing set used (training / testing set 15) was identical to training / æsting

set 14 (Appendix C), with the exception that the flows at Overland Corner at lags -19, -

I7, ...,7 were replaced with flows at Lock 7 Lower (FL7L) at lags -13, -II, ..., 13

(training / testing set 15, Appendix C). Networks were trained to produce 28 day

forecasts of salinity at Murray Bridge for 1988 (model SMB-M-A-80-15-88), 1989

(model SMB-M-A-80-15-S9), 1990 (model SMB-M-A-80-15-90) and 1991 (model

SMB_M_A_8O_15_91).

The testing interval was chosen to be 1,000. When training the four models, less than

40,000 training samples had to be presented to the networks before a plateau was

reached in the RMSE of the test set. The RMSES at the various stages of leaming are

given in Appendix E.

The results obtained are summarised in Table 3.160. It can be seen that the forecast

effors obtained when using flows at Lock 7 Lower 14 days in advance are comparable

with those obtained when using flows at Overland Corner 20 days in advance- This

indicates that it is worthwhile using flow inputs from sites further upstream, as the same

predictive ability of the network can be achieved with shorter flow forecasts.
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Using Known Flows at Lock 7 Lower

In order to assess the effect of not using any forecast flows as inputs, the latest known

flows at Lock 7 Lower were used as model inputs. The training / testing set used

(training / testing set 16) was identical to training / testing set 14 (Appendix C) with the

exception that the flows at Overland Corner at lags -I9, -I7,...,7 were replaced with

flows at Lock 7 Lower (FL7L) at lags 1,3, ...,27 (taning / testing set 16, Appendix

C). Networks were trained to produce 28 day forecasts of salinity at Murray Bridge for

1988 (model SMB_M_A_80_16-88), 1989 (model SMB_M_A_80_16_89), 1990

(model SMB_M_A_80_1 6_90) and I 99 1 (model SMB_M_A_80_1 6_9 1 ).

The testing inærval was chosen to be 1,000. When training the four models, less than

40,000 training samples had to be presented to the networks before a plateau was

reached in the RMSE of the test set. The RMSEs at the various stages of learning are

given in Appendix E.

The results obtained a¡e summarised in Table 3.160. It can be seen that when the

known flows at Lock 7 Lower were used as inputs, the forecasts obtained were

significantly worse. A comparison of the plots of the 28 day forecasts using flow inputs

from Lock 7 Lower 14 days in advance (FL7L_I4) and 0 days in advance (FL7L_0)

(Figure 3.160) shows an increase in the lag between actual and predicæd salinities when

the last known flow values are used instead of the predicted ones. It should be noted,

however, that using the last known flows is the worst case scenario. Judging from the

accuracy of the flow forecasts obtained (Munay-Darling Basin Commission, 1990), one

would expect the salinity forecasts obtained, when forecast flows are used, to be very

close to the ones obtained when the actual values of flow at Lock 7 Lower, up to 14

days in advance, were used.
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3.9.5 Real Time Forecasting

A real time forecasting simulation was carried out by using data from 1987 to 1990 for

training and data from 1991 for forecasting. In addition, a fixed number of uaining

samples were presented to the network. Initially, a network was trained that used

forecasts of flow at Lock 7 Lower up to 14 days in advance as inputs (model

SMB_M_A_81_15_91). The effect of using only the latest known inputs of flow at

Lock 7 Lower was also investigated (model SMB_M_A_81_16_91). The network

parameters and geometries used were the same for both models (Appendix D). A
learning rate of 0.002 was used in order to reduce the magnitude of the oscillations in

the RMS forecasting error. The other network parameters used include a momentum

value of 0.6, an epoch size of 16, the hyperbolic tangent transfer function and the

quadratic error function. A network geometry of 56-50-0-1 was used, which is similar

to the one used to obtain the 1, 5 and 14 day real time forecasts (i.e. 5l-45-0-1, Section

3.5-4)- In order to ensure a local minimum in the error surface had been reached when

training w¿rs stopped, 150,000 training samples were presented to both networks.

The results obtained are summarised in Table 3.161. It can be seen that the RMSE of
the forecasts obtained when forecast flows were used as inputs is lower than that of the

forecasts obtained when only the latest known values of flows were used. This suggests

that flow inputs assist in forecasting sharp changes in salinity. This is confirmed by the

fact that the AAPEs for both models are very similar. It is interesting to note that the 28

day forecasts obtained using the multivariate ANN model had a lower RMSE than the

14 day forecasts obtained using the VARIMA models.

Table 3.161: Real Time Forecasts Obtained 28 Days in Advance

Model Inputs RMSE
(EC units)

AAPE

9o\

AAE
(EC units)

SMBMASI159I With forecast flows 74.5 10.0 53.3

SMBMASl 1691 Without forecast flows 78.3 9.8 55.4

A plot of the 28 day real time forecast obtained using model SMB_M_A_81_15_91 is

shown in Figure 3.161. By comparing Figure 3.131(14 day forecast) with Figure 3.L6I
(28 day forecast), it can be seen that the shift between the actual and predicæd salinities

is increased for the 28 day forecast. However, most major variations in salinity are still

forecast without large lags, although some of the shifts between actual and predicted

salinities are starting to become significant.
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Figure 3.161: Real Time Forecast of Salinity in the River Murray at Murray Bridge

Obtained Using Model SMB-M-A-81-15-91 - 1991 - 28 Days in Advance

A comparison of the RMSEs for the l, 5, 14 and 28 day forecasts for 1991 is shown in

Figure 3.162. It can be seen that the relationship between RMS forecasting error and

forecasting length is almost linear. Figure 3.L62 also indicates that the inclusion of

future values of flow in the input set becomes more important with increasing

forecasting period. This is because for long forecasting periods (e.g. 28 days), the

salinity travel times from the most upstream site (i.e. Lock 5 Upper) to Murray Bridge is

less than the forecasting period, so that variaúons in flow give the only indication about

variations in salinity.

This is confirmed by inspecting typical plots of the relative significance of the various

model inpurs at different forecasting periods (Figures 3.L63 to 3.166). It can be seen

that flow inputs become increasingly important as the forecasting period increases. The

same holds for salinity inputs from sites further upstream. This is not surprising, as the

salinity travel time should ideally be equal to the forecasting period. This is because

salinity travel times increase with increasing distance upstream.
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Figure 3.162l. Change in the RMSE of the Real Time Forecasts of Salinity in the River
Murray at Murray Bridge with Forecasting Period (1991)
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Figure 3.L64: Typical Plot of the Relative Significance of the Model Inputs at

Various Lags - 5 Day Forecast
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Figure 3.165: Typical Plot of the Relative Significance of the Model Inputs at

Various Lags - 14 Day Forecast
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Figure 3.166: Typical Plot of the Relative Significance of the Model Inputs at Va¡ious
Lags - 28Day Forecast

3.10 Methods for Determining Inputs to Multivariate
Neural Network Models

In Section 3.5, information about the underlying physical processes responsible for high

levels of salinity (i.e. satinity transport and inflows of saline groundwater) were used in

conjunction with extensive sensitivity analyses to determine appropriate inputs for the

multivariate ANN model. However, there are a number of problems associated with this

procedure, including:

o It is not a generalised procedure, as it can only be used if some 4 príori knowledge

about the data is available.

o The sensitivity analyses are time consuming, as the number of initial inputs is

generally large, resulting in large networks. This leads to a number of problems as

discussed in Sections 2-3.2 and 3.8.6-

As discussed in Section 2.3.2, Lachtermacher (1993) and Lachtermacher and Fuller

(1994) developed a hybrid methodology for determining the inputs for simple univa¡iate
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ANN models. However, no methodology exists for deærmining inputs to multivariate

ANN models.

In this Section, it is proposed that the method of Haugh and Box (1977) can be used to

determine the inputs to multivariate ANN models. In addition, a new method for

determining the inputs for multivariate ANN models is introduced. This method

involves the development of simple univariate and bivariate ANN models to establish

relationships between the output time series and past values of each of the input time

series. The strength of these relationships at various lags can then be determined by

mea¡s of a sensitivity analysis, and the inputs that have a significant effect on the

outputs chosen as inputs to the multivariate model.

The method of Haugh and Box (1977) and the neural network based approach were

applied to the case study of forecasting salinity in the River Murray at Murray Bridge 14

days in advance- The resulting model inputs were compared with those obtained in

Section 3.5.4 (training / testing set 13). All three sets of inputs were then used to

develop ANN models for forecasting salinity in the River Murray at Murray Bridge, in

order to assess the adequacy of the three methods for determining inputs to multivariate

ANN models.

As a result of the strong relationship between the flow and level data (Section 3-7.6.2),

it was decided to only include flow and salinity inputs. The input time series considered

include salinities at Murray Bridge (SMB), Mannum (SMN), Morgan (SMO), Waikerie

(SWE) and Loxton (SLO), as well as flow at Lock 1 Lower (FLIL).

3.10.1 Determination of Model Inputs Using the Method of Haugh
and Box (Method 1)

The method of Haugh and Box (1977) is described in detail in Section 2.2.13.5. It uses

cross-correlation analysis to deærmine the strength of the relationship between the

output time series and the input time series at various lags. However, when using cross-

correlation analysis, each of the time series needs to be "prewhitened". This is done by

fitting a univariate ARMA type model to each time series and calculating the difference

between the historical data and the values predicted by the models, which are called the

model residuals. The CCF between the residuals of the output time series and the

residuals of each of the input time series is then calculated-

The method of Haugh and Box has already been applied to the case study of forecasting

salinity in the River Murray at Murray Bridge (Section 3-7.6.2)- The model inputs
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chosen using this method (see Table 3.123) are summarised in Table 3.162- It should be

noted that for each time series, all values from lag 1, up to and including the maximum

significant lag, were chosen as model inputs.

Table 3.162: Model Inputs Obtained Using the Method of Haugh and Box (Method 1)

Time series Lags of inputs

SMB r.2.365.366
SMN t.2.3.4
SMO 1,2,3,4,5,6,',I
SWE r.2. .3.4. 5. 6. 7. 8. 9. 10. 11

SLO r.2..3.4.5.6.7.8,9, 10, 11, 12,13

FLlL 1,2, ,3,4,5,6,7, 8,9, 10

3.10.2 Determination of Model Inputs Using the Neural Network
Based Approach (Method 2)

An outline of this procedure is shown in Figure 3.L67.

3.10.2.1 Inspection of Plots of the Time Series

The plos of the input time series should be inspected for reasons discussed in Section

2.2.6.I. Plots and discussions of the input and output time series for the case study

considered are given in Section 3.3.3.1.

3.10.2.2 Development of Univariate and Bivariate ANN Models

If the number of time series is N' (i.e. zy z), z3t ..., z¡'), and the output time series is 21,

N'neural network models have to be developed. Network 1 predicts z1 using its own

past values as inputs, network 2 predicts zt using past values from z2 as inputs, network

3 predicts z1 usin! past values from z3 as inputs and so on. The following sæps form

part of the model development procedure:

(i) Choice of lags of inputs and outputs:

For each network, only one input time series is used. A ma;rimum lag (k^ar) is chosen,

and values at lags l, 2,3,..., kmax are used as model inputs. 11 a priori knowledge

about the relationship between the input and output time series is available, k^* h

chosen so that the lags of the input time series that exceed k^o are not suspected to

have any significant effect on the output time series. If no a priori knowledge is
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available, k^"* has to be chosen afbitrarily. The number and lags of the outputs

depends on the forecasting period(s) required-

if
inadequate

if adequate

Figure 3.167 Outline of Neural Network Based Approach (Method 2)

In the case study considered, the number of input time series is six (i-e. N' = 6). A

summary of the inputs and outputs chosen for each of the six ANN models developed is

given in Table 3.163. The value of k-* was chosen to be 20 fot the model using

salinities at Murray Bridge as inputs (model SMB-U-A-82-12-88). This is

conservative, as one would not expect future values of salinity at Murray Bridge to be

strongly related to their own past values up to lags of that magnitude. In addition to the

inpurs at lags 1 to 20, inputs in the vicinþ of one seasonal lag (i.e. 354 to 376) were

included, to obtain a fair comparison between the inputs obtained using this method and

the method of Haugh and Box.

Inspect plots of time series

Choose lags of inputs
and outputs

Develop univariate and

bivariate ANN models
predicting the output time

series using inPuts from each
of the input time series

Choose network geometry
and internal parameters

Train networks

Obtain forecasts

Carry out sensitivitY
analysis

Check if the lags of the
inputs chosen are adequate

Obtain model inputs
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Table 3.163: Details of the Univariate and Bivariate Models Trained for Input
' Identif,rcation Purposes

Model Output

time series

Input

time series

Lags of inputs

(days)

SMBUAS2 1788 SMB SMB t. 2. .... 20. 354. 355. .... 37 6

SMBMA33 1888 SMB SMN 1,2,...,30
SMBMA33 1988 SMB SMO r.2.....30
SMBMA832088 SMB SWE r,2, ---,30

SMBMA8321 88 SMB SLO l'2,...,30
SMBMA842288 SMB FLlL 1,2, ---,30

Taking into account the salinity travel times from upstream locations to Murray Bridge,

and the fact that the models are trained for a forecasting period of 14 days, a value of
k-a* = 30 was chosen for the models using upstream salinities as inputs. For the model

using flows from Lock 1 Lower as inputs (model SMB_M_A_84_22_88), an arbitrary

choice of k-* = 30 was made. For all models, the lag of the output was chosen to be

-13, as the desired forecasting period is 14 days-

(ii) Choice of network geometry and internal parameters:

As indicated by the results obtained in Section 3.5.3, there are a wide range of network

geometries and inæmal parameters for which network performance is only slightly

affected. It should be noted that at this stage, it is not crucial that the best possible

forecasts are obtained, as the aim of the procedure is to obtain the dominant network

inputs. The dominant inputs will generally be the same, regardless of which geometry

and intemal parameters have been chosen, unless the network gets stuck in an

undesirable region of the weight space during training.

Using the experience gained from Section 3,5.3, the hyperbolic tangent transfer

function, the quadratic error function, an epoch size of 16, a momentum of 0.6 and a

leaming rate of 0.1 were used for all models. A learning rate of 0.1 resulted in divergent

behaviour for the model using inputs of flows at Lock 1 Lower. Consequently, the

learning rate was reduced to 0.01. The number of nodes used in the first hidden layer

was 45 and the number of nodes used in the second hidden layer was 15 for all models.

(iii) Training:

The stopping criterion used was cross-validation. The testing inærval was chosen to be

5,000. In each case, a local minimum in the error surface was reached prior to the
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presentation of 50,000 training samples. The RMSEs at the various stages of leaming

are given in APPendix E.

(iv) Forecasting:

This step is opúonal. However, by assessing the forecasting accuracy of each of the

models using perforïnance measures such as those discussed in Section 2-l-8-2' the

relative significance of each of the input time series in predicting the output time series

can be obtained. plots of the actual and predicted time series can also provide valuable

information.

The best results obtained using the models with the various input time series are

summarised in Table 3.164. It can be seen that for the models using salinity values as

inputs, there is a conflict between:

. Increased performance when using inputs from sites further upstream as a result of

longer salinity travel times, which enable longer term forecasts with smaller lags.

. Decreased performance when using inputs from sites further upstream, due to higher

levels of salinity and the presence of additional salinity peaks at downstream sites as

a result of saline accessions-

Table 3.164: Best Results Obøined Using the Various Univariate and Bivariate Models

- 14 Day Forecasts

Model Input time series RMSE (EC units)

SMB_U_A_82_17 88 SMB 87.5

SMB_M_A_83_18_88 SMN 67.2

SMB_M_A_83_19_88 SMO 54.9

SMB_M_A_83_20_88 SWE 59.9

SMB_M_A_83_21_88 SLO 64.9

sMB_M_A_84_2',t 88 FLlL 87.9

plots of the 14 day forecasts obtained using salinities at Murray Bridge as inputs @gure

3.168) and rhose obtained using salinities at Waikerie as inputs (Figure 3-169)

demonstrate the reduction in the shift between the actual and predicted values on the

rising and falling limbs of the flood hydrograph when salinities from the siæ further

upstream (i.e. Waikerie) are used as inputs.
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Figure 3.168: Actual and Predicted Salinities - Model SMB_U_A_82_17_88 (i.e. Model
Using Salinities at Murray Bridge as Inputs) - 14 Days in Advance
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Figure 3.169: Actual and Predicted Salinities - Model SMB_M_A_83_20_88 (i.e.
Model Using Salinities atWaikerie as Inputs) - 14 Days in Advance

A plot of the 14 day forecasts obtained when flows at [,ock I Lower were used as

inputs is shown in Figure 3.170. It can be seen that using flows at Lock I Lower as

inputs only enables the prediction of the major variations in salinity at Murray Bridge,
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without capturing any of the detailed variations. This is reflected in the high RMSE

obtained for model SMB-M-A-84J2-88 (Iable 3.164)-
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Figure 3.170: Actual and Predicæd Salinities - Model SMB-M-A-8422-88 (i-e-

Model Using Flows at Lock 1 Lower as Inputs) - 14 Days in Advance

3.10.2.3 Performance of Sensitivity Analyses

In this step, the strength of the relationship between the model outputs(s) and the model

inputs is determined for the models developed in Section 3.L0.2.2 with the aid of

sensitivity analyses. By examining plots of the relative significance of the model inputs

at different lags for each of the models, appropriate inputs for the multiva¡iate model

can be chosen. The choice of which level of significance wÍurants the inclusion of a

particular input is somewhat arbitrary and requires some degree of judgement.

The plots of the relative significance of the model inputs can also be used to check if the

value of k*o chosen (Section 3.10.2.2) was large enough. If the relative significance of

the input at lag k^o fu high, the value of k-o is too small. In this case, a larger value

of k^o has to be chosen, the network geometry and inærnal parameters have to be

adjusæd and taining and the sensitivity analysis have to be repeated.

In the case study considered, the sensitivity analyses were ca¡ried out with the aid of the

software's (NeuralWare Profqssional IVPlus) "Enplain" function (see Section 3-3-4-1)-
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The relative signihcance of the inputs was assessed separaæly tbr high and low flow
conditions, as the significance of the various inputs is flow dependent.

A typical plot of the relative signihcance of the inputs during high flow and low flow
conditions for model SMB U A 82 17 88 (i.e. the model using salinities at Murray

Bridge as inputs) is shown in Figure 3.171. It can be seen that there are no significant

inputs at high lags, indicating that the value of k^* chosen was large enough- It is

interesting to note that there are no significant inputs in the vicinity of one seasonal lag,

which is in contrast to the results obtained using the method of Haugh and Box (fable

3.162). By inspecting Figure 3.171, inputs of salinity at Murray Bridge at lags I and 2

were considered significant, and hence chosen as inputs for the multiva¡iate model-
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Figure 3.17I: Relative Signif,rcance of Inputs - Model SMB_U_A_82_17_88 (i.e.
Model Using Salinities atMurray Bridge as Inputs) - 14 Days in Advance

As the distance benveen Murray Bridge and the location of the input time series

increases, the plots of the relative significance of the inputs (a typical plot is shown in

Figure 3.172) exhibit the following trends:

o At small lags, the inputs during high flow conditions become increasingly significant

when compared with those during low flow conditions.

o The number of significant lags increases.

The above observations are in agreement with what one would expecl During low flow
conditions, salinity travel times from the sites closer to Murray Bridge (e.g. Mannum)
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exceed 14 days and provide sufficient information to produce adequate 14 day forecasts'

Consequently, salinity inputs from sites further upstream are not needed during low flow

conditions. However, during high flow condiúons, salinities from sites further upstream

are required to produce adequate 14 day forecasts, as salinity travel times from the sites

closer to Murray Bridge are less than 14 days'
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Figure 3.172: Relative Significance of Inputs - Model SMB-M-A-83-21-88 (i'e-

Model Using Salinities at Loxton as Inputs) - 14 Days in Advance

The lags of the inputs that were found to be significant for the models using salinity at

Mannum, Morgan, Waikerie and Loxton as inputs ate summarised in Table 3.165.

Table 3.165: Model Inputs Obtained Using the Method Based on a Neural Network

Approach (Method 2)

Time series Lags of inputs

SMB r.2.

SMN L,2

SMO t.2
SWE I,2,,3,4
SLO r.2.,3,4,5,6,7
FLlL 1,2,,3,4,5,6,7, 8
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Figure 3.172 indicates that there is a significant input at lag 30 during low flow

conditions, suggesting that the salinity travel times from Loxton tó Murray Bridge

exceed 30 days at times of low flow. However, for sites upstream of Morgan, the

signihcance of the inputs during low flow conditions may be ignored. This is because

salinities from Murray Bridge, Mannum and Morgan contribute to the prediction of

salinity at Murray Bridge at times of low flow, whereas salinities from sites further

upstream, including V/aikerie and Loxton, mainly contribute to the prediction of saliniry

at Murray Bridge at times of high flow. During high flow conditions, there are no

signihcant inputs at high lags, indicating that the value of k^* chosen was appropriate.

Using the above criteria, the value of k^* chosen was found to be adequate for the

remaining models using salinity inputs (models SMB_M_A_83_18_88,

SMB M A 83 19 88 and SMB M A 83 20_88).

A typical plot of the relative significance of the inputs during high flow and low flow

conditions for model SMB U A 84 22 88 (i.e. the model using Flows at Lock I
Lower as inputs) is shown in Figure 3.173- It can be seen that there are significant

inputs at high lags during low flow and high flow conditions, indicating that the value of
k** chosen was not large enough. Consequently, the training and sensitivity analysis

steps were repeated using krr* = 50 (model SMB-M_A_85_23-88). The internal

parameters used were the same as those used for model SMB_M_A_84_22_88. The

network geometry used was 50-60-20-1.
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Figure 3.173: Relative Significance of Inputs - Model SMB_M_A_8422_88 (i.e.
Model Using Flows at Lock I Lower as Inputs) - 14 Days in Advance
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A typical plot of the relative signifrcance of the inputs during high flow and low flow

conditions for model SMB_M_A_85-23-88 is shown in Figure 3.174. It can be seen

that there are no significant values at high lags, indicating that the lags of the inputs

chosen were adequate. It should be noted that the input at lag 50 was not considered to

be significant, as it is isolated and less significant than the inputs at lags I to 7 - It can

also be seen that there is a much stronger relationship between flow at Lock I Lower

and salinity atMurray Bridge attimes of high flow.

Figure 3.174 indicates that inputs at lags 1 to 8 appeff to be significant for producing 14

day forecasts. Consequently, values of flow at Lock 1 Lower at lags I to 8 were chosen

as inputs for the multivariate model (Table 3.165).
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Figure 3.174: Relative Significance of Inputs - Model SMB-M-A-85-23-88 (i-e-

Model Using Flows at Lock I Lower as Inputs) - 14 Days in Advance

3.10.3 Summary of Network Inputs Chosen

A summary of the network inputs chosen using the method of Haugh and Box (method

1), the neural network based approach (method 2) and the empirical method utilising ø

priori knowledge about the underlying processes causing high salinities (method 3) is

given in Table 3.166. It should be noted that it was decided:
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To omit the inputs of salinity at Murray Bridge at lags 365 and 366 identifred as

important using the method of Haugh and Box, in order to use the same length of
data for training the networks using all three input sets.

To make a number of changes to the inputs obtained using method 3 (training /
testing set 13) for the sake of consistency, including replacing the flows at Overland

Corner with flows at Lock I Lower and omitting the levels at Lock I Upper-

Table 3.166: Comparison of Inputs Obtained Using the Various Methods

Input Method Lae

1 2 3 4 5 6 7 8 9 t0 1l l2 13 t4 15

SMB 1

2

3

SMN I

2

3

SMO 1

2

3

SWE I
2

3

SLO 1

2

3

FLlL I
2

3

A comparison of the number of salinity, flow and total inputs obtained using the three

methods is given in Table 3.167.

a
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Table 3.167: Comparison of the Ì.Tumber of Inputs Obtained Using the Various

Methods

Method 1 Method 2 Method 3

Number of 37 17 32

Number of flow 10 I 4

Total number of inPuts 47 25 36

The following points should be noted about Tables 3.166 and3.167:

. Generally, there is good agreement between the methods.

. Fewer salinity inputs were obtained using method 1 than method 2, as method 2

identifies the critical inputs for a 14 day forecast, whereas method 1 can only identify

the critical inputs for a 1 day forecast-

. The number of salinity inputs obtained using method 3 was able to be reduced by

øking into account some of the underlying physical principles, resulting in salinity

values at alternate days being used from Murray Bridge, Mannum and Morgan' The

reason for this is that salinity values from the above locations were assumed to be

important at times of low flow, during which changes in salinity with time are slow.

. The lowest number of total inputs was obtained using method 2 and the highest

number of total inputs was obtained using method 1'

3.L0.4 Real Time Forecasting

The inputs obtained using method 1 (input / output set24), method 2 (input / output set

25) and method 3 (input / output set 26) were used to obtain real time forecasts for

1991. For each training / testing set, three network Seometries were tried. The

network geometries used in conjuncúon with training / testing set24 include 47-L5-0-l

(model SMB_M_A_ 36 _24 _g I), 47 -20-0-l (modet SMB-M-A-ï7 -24 -91) 
and 47 -35 -

0-1 (model SMB_M_A_88_24_91). The network geometries used in conjunction with

training / testing set 25 include 25-5-O-L (model SMB-M-A-89J5-9I),25-I5-0-l

(model SMB-M-A-9 0 :25 -9 
l) and 25 -30-0- 1 (model sMB-M -A-9 

L 
-25 -9 

I). The

network geometries used in conjunction with training / æsting set 26 include 36-15-0-1

(model SMB_M_A_9 2_26 _g l), 36-20-0-l (model SMB-M-A-9 3 
-26 -9 

l) and 36-35-

0-l (model SMB_M_A_g 4:26_9I). A learning rate of O.O2, a momentum value of 0.6,

an epoch size of 16, the hyperbolic tangent transfer function and the quadratic error

function were used for all models. This is identical to the inærnal parameters used in the

real time forecasting simulation carried out in Section 3'5'4 (model

393
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SMB_M_A_79_13_91). As was the case in Section 3.5.4, the number of training

samples presented to thó models was 100,000.

The results obtained are shown in Table 3.168. It can be seen that the generalisation

ability of the various models is comparative, regardless of which method was used to

obtain the network inputs. However, the forecasts obtained when training / testing sets

24 and 25 were used were slightly better than those obtained with training / testing set

26. T\e network geometry chosen had some impact on the results obtained. However,

the variation in the forecasting errors obtained using different network geometries could

be reduced by decreasing the learning rate, although the time taken for training would be

increased.

Table 3.168: Real Time Forecasting Errors for Models Using Inputs Obtained by
Methods I (Training / Testing Set 24), 2 (training / Testing Set 25) and 3 (Training /

Testing Set 26)

Model Training /
testing sot

NHl RMSE

(EC units)

AAPE
(Vo)

AAE
(EC units)

SMBMA86249I 24 l5 49.7 7.3 37.9

SMBMA87249T 24 20 45.2 6.2 35.4

SMBMA88249I 24 35 M.0 5.7 32.0

SMBMA89259I 25 5 44.6 5.7 32.0

SMBMA90259I 25 15 47.5 5.7 34.1

SMBMA91 2591 25 30 49.5 6.3 35. r

SMB M 4922691 26 15 47.9 5.9 39.0

SMBMA93269I 26 20 46.5 5.8 33.6

SMBMA93269I 26 35 52.2 7.3 40.0

3.L0.5 Results / Discussion

The RMSEs of the best real time forecasts for the models using the different taining /
testing sets (models SMB_M_A_88_24_91, SMB_M_A_89:25_91 and

SMB-M-A-9326-91), and the corresponding time taken for training (i.e. the time

taken to process 100,000 training samples), a¡e shown in Figure 3.175. It can be seen

that the generalisation ability of the three models is very similar. The RMSE of the

model with inputs obtained using method I was 44.0 EC units, compared with RMSEs

of 44.6 EC units and 46.5 EC units when methods 2 and 3 were used. However, there

is a marked difference in the time taken for naining. It should be noted that there is

good agreement between uaining time and the number of network inputs (and hence the
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network size that gives optimum generalisation ability). In other words, the network

that used the largest number of inputs (i.e- the network using the inputs obtained with

the aid of method 1) took longest to train, whereas the training time for the network

with the smallest number of inputs (i.e. the network using the inputs obtained with the

aid of method 2) was shortest.
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Figure 3.I75: Best Real Time Forecasts and Corresponding Training Times For Models

With Inputs Obtained Using Methods I,2 and3

The results obtained in this section indicate that the method of Haugh and Box (method

1) and the method based on a neural network approach (method 2) provide suitable

procedures for determining the inputs to multivariate ANN models. The results of the

real time forecasting simulation indicaæ that the generalisation ability of the models

using inputs obtained with the aid of methods 1 and 2 is almost identical, and compares

favourably with that of the models using inputs obtained by using a priori knowledge

about the physical processes resulting in high levels of salinity.

Although the generalisation ability of the models trained with inputs obtained using

methods I and 2 was almost identical, there are a number of advantages associated with

using the neural network based approach (method 2), including:

1. It can determine which inputs are significant for a specific foreca.sting period (e-g. 14

days in the case study considered), thus reducing the number of inputs, which in turn

reduces network size and training time.



396 Chapter 3: Salinity Forecasting in the River Murray

2. It can provide valuable information about the relationship between the input and

output time series (e.g. salinity travel times between Murray Bridge and vãrious

upstream locations under a variety of flow conditions in the case study considered).

3. It is simpler and quicker to use, as there is no need for pre-processing of the data

(e.g. differencing and pre-whitening).

A disadvantage of method 2 is that there is some judgement involved in deærmining the

initial lags of the inputs (i.e. k rr¿¡), the network geometry and parameters as well as the

level of significance above which inputs of the univariate and bivariate models are

included in the multivariate model.

3.LL Conclusions

The results obtained in this chapter indicate that the generalisation ability of ANN

models is relatively insensitive to the addition of less significant model inputs. This is

because ANNs are data driven and have the abitþ to determine which of the inputs are

significanr However, if the number of model inputs, and hence the size of the network,

is too large, the results obtained might be adversely affected, possibly due to the

difficulty in frnding a good local minimum in the error surface. In addition, larger

networks require more training data to efficiently optimise the connection weights and

take longer to train.

Consequently, it is desirable to have a methodology to deærmine the order of the inputs

(i-e. which lagged values to include from each input time series) for multiva¡iate ANN
models, so that the number of unnecessary model inputs can be reduced. This is
aspecially true when no a priori knowledge is available to suggest possible inputs, and

for complex problems, where the number of potential inputs is large.

The method of Haugh and Box (1977), which is commonly used to deærmine the inputs

for multiva¡iate time series models of the ARMA type, was found to be an appropriate

method for deærmining the inputs for multivariate ANN models. In addition, a new

method for determining the inputs for multivariate ANN models, which is based on a
neural network approach, was introduced. The method involves the development of
simple univariate and bivariate ANN models to establish relationships between the

output time series and each of the input time series. The strength of these relationships

can then be determined with the aid of a sensitivity analysis, and the inputs that have a

signihcant effect on the outputs chosen as inputs to the multivariate model.
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The results of a real time forecasting simulation, in which 14 day forecasts were

obtained for 1991, indicate that the generalisation abilþ of the models using inputs

obtained with the aid of the method of Haugh and Box and the neural network based

approach was almost identical, and compares favourably with that of models using

inputs that were obtained by using a priori knowledge about the physical processes

resulting in high levels of salinity-

Despiæ the fact that rhe generalisation ability of the models trained with inputs obtained

using the method of Haugh and Box and the neural network based approach was almost

identical, using the latter method has a number of advantages, including:

l. It can determine which inputs are significant for a specific forecasting period (e-g- 14

days in the case study considered), thus reducing the number of inputs, which in turn

decreases network size and training time-

2. It can provide valuable information about the relationship between the input and

output time series (e.g. satinity travel times between Murray Bridge and various

upstream locations under a variety of flow conditions in the case study considered)-

3. It is simpler and quicker to use, as pre-processing of the data (e.g. differencin8, pre-

whitening) is not required-

The major disadvantage of the neural network based approach is that there is some

judgement involved in determining the level of significance, above which inputs of the

univariate and bivariate models are included in the multivariaæ model'

The results obtained in this chapter indicate that the choice of the training and tesúng

data (i.e. which year(s) of data is/are used for training and which year(s) is/are used for

testing) has a significant effect on the generalisation ability of multivariate ANN models-

Consequently, it is vital to choose the testing set carefully. The data used for æsting

should be representative of the general relationship the model is trying to approximate.

Training several models, and using different data for training and for testing in each, was

found to be a good way of determining the generalisation ability of a model, as it

minimises the significance of choosing particular Ûaining and æsting sets, while

maximising usage of the available data-

For the majority of ANN models trained, generalisation ability increased sæadily with

increased training, until a local minimum in the error surface was reached. Continued

training resulted in oscillations in the RMS forecasting error with each weight update,

the magnitude of which was a function of the size of the steps taken in weight space.
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The transfer and error t'unctions had a signihcant effect on the generalisation ability of
the networks. The hyperbolic tangent transfer function and the quadratic error function

were found to perform best. When a linear transfer function and the cubic and quartic

error functions were used, inferior local minima in the error surface were reached. The

learning rate, momentum and epoch size did not have a significant effect on

generalisation ability-

Training speed was greatly affected by the size of the steps taken in weight space, which

is a function of epoch size (depending on the learning rule used), learning rate,

momentum, the error function and the gain of the transfer function. When larger steps

are taken in weight space, learning speed, as well as the ability of networks to escape

local minima in the error surface, are increased. However, the magnitude of the

oscillaúons in RMSE forecasting error, once a local minimum in the error surface has

been reached, is also greater, which can cause problems in real time forecasting

applications when limited data are available. In addition, if the step size is too large,

divergent behaviour may occur, or the network may cease learning.

When using cross-validation as the stopping criterion for real time forecasting

simulaúons, it is necessary to have separate training, testing and forecasting sets. The

network that gives the best forecasts for the testing set should be used for forecasting.

In order to obtain good generalisation ability, and hence good real time forecasts, the

testing set has to be chosen carefully, so that it is representative of the relationship to be

approximated.

When dealing with large networks, many local minima exist in the error surface, making

it difficult to obtain results close to the global optimum. However, the following
procedure was found to be useful when trying to optimise the forecasts obtained using

the testing set:

1. Train the network using a small epoch size, a relatively large learning rate and a

relatively large momentum. It should be noted that absolute values of learning rate

and momentum chosen are dependent on the nature of the error surface. The

learning rate and momentum chosen should also be small enough to avoid divergent

behaviour-

2- Stop training and test network performance at regular inærvals- It should be noted

that smaller testing intervals increase the chances of obtaining networks with better

generalisation ability. It is advisable to reduce the testing inærval once a network

approaches a local minimum in the error surface.

3- Continue training until a local minimum in the error surface has been reached.
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4. Select the network that produced the best forecast and continue training after

reducing the låarning rate and momentum to very small values and setting the epoch

size equal to the number of samples in the training set-

5. Stop training and test the performance of the network after each weight update (i.e.

the testing interval should be equal to the epoch size).

6- Continue training until there is no further improvement in the forecasts obtained.

When limited data are available, it might be better to present a fixed number of training

samples to the network during training, in order to utilise all the available data in the

training phase. However, it is vital to carry out some exploratory analysis, in which a

small portion of the training set is used to test the performance of the network at va¡ious

stages of learning. This gives an indication of how many training samples need to be

presented to the network until a local minimum in the error surface is reached and of the

magnitude of the oscillations in the RMS forecasting error, once a local minimum in the

error surface has been reached, for a particular combination of network parameters.

The knowledge obtained as part of the exploratory phase (i.e. what network parameters

are appropriate and how many training samples should be presented to the network) can

then be used to re-train the network, using all available data for training. The

knowledge of when a local minimum in the error surface is reached may also be used to

reduce the size of the steps taken in weight space at that point, in order to reduce the

magnitude of the oscillations in the RMS forecasting error-

Although several researchers (e.g. Baum and Haussler, 1989, Weigend et a1-, 1990)

suggest that more training data are required to achieve good generalisation abiliry for

larger networks, for the case study considered, generalisation ability was not affecæd by

network geometry. A wide range of network geometries were tried, including networks

with one and two hidden layers and different numbers of nodes per hidden layer.

Training speed, on the other hand was affected by network geometry, as the time taken

to update the connection weights is a function of the number of weights.

The presence of hidden layer nodes had a significant effect on the way data are

processed. The results obtained indicate that the hidden layer nodes perform a task

similar to differencing. When ANN models were trained using differenced data, the

addition of hidden layer nodes had no effect on model performance, as all the underlying

relationships in the data (e.g. trends, seasonal variations) had already been removed.

However, when the models were tained with the raw data, the addition of hidden layer

nodes affecæd the performance of the models, suggesting that the hidden layer nodes

detect some of the underþing relationships present in the data. Consequentþ, when

ANNs with hidden layers are used, there is no need to difference the data.
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The results obtained indicate that when multi-step forecasts are required, it is better to

train networks for the required forecasting period directly, instead of training them for a

one-step forecast and then applying it recursively. When the multi-step forecasts are

obtained directly, multiple output nodes can be used; one for each required forecasting

period. In the case study considered, network performance was not significantly

affected by the number of network outputs. However, one would expect that the

presence of a large number of output nodes could make it difficult to hnd a good local

minimum in the error surface, as a result of the increased number of connection weights.

A comparison of the RMSEs of the l, 5 and 14 day real time forecasts obtained for

1991 using the univariate ANN (UANN), multivariate ANN (MANN), univariate time

series (ARIMA), multivariate time series (VARIMA) and a naive model (i.e. z¡*, = z¡,

where I = the forecasting period) is given in Figure 3.176. It can be seen that:

1. Both multivariate models performed better than their univa¡iate counte{parts,

suggesting that there is an advantage in using causal variables. However, the

performance of the VARIMA model was only marginally better than that of the

ARIMA model, whereas the performance of the MANN model was signifrcantly

better than that of the UANN model. The reason for this is that in ARMA type

models, the model coefficients are estimated by maximising the likelihood function

for the one day forecast, for which causal variables a¡e less critical.

2. The ARMA type models performed better than the naive model for all forecasting

periods.

3. The ANN models performed worse than the naive model for a forecasting period of
I day, suggesting that ANN models are not suiæd to short term forecæting.

However, as the forecasting period increases, the ANN models performed better

than the naive models and the ARMA type models, indicating that ANN models are

better suiæd to longer term forecasting than ARMA type models. Possible reasons

for this include that ANN models base their forecasts on the underlying relationships

that generated the time series, and that they can be trained for a specific forecasting

period directly, without having to rely on a recursive forecasting procedure.

Of the two types of models considered, the ANN models were far simpler to develop.

When developing the ANN models, there was no need to difference the data, as ANNs

are able to account for non-st¿tionarities in the data with the aid of their hidden layer

nodes. In addition, using the direct method for obtaining multi-step forecasts is simpler

than using the recursive method. Other advantages ANN models have over ARMA type

models include that they are less sensitive to the number of model inputs and have

superior generalisation ability when limited data sets are available.
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A potential advantage of ARMA type models is that a direct mathematical relationship

between the input and output variables is obtained. However, by carrying out a

sensitivity analysis, the magnitude and the strength of the relationship between the

model inputs and the model outputs that has been determined by an ANN model can be

easily obtained.
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Figure 3.176 Comparison of the RMSEs of the Best Real Time Forecasts Obtained for

1991 Using the ARIMA, VARIMA, UANN, MANN and NArVE Models

As can be seen from Figure 3-176, by far the best 14 day forecast of salinity in the River

Murray at Murray Bridge was obtained using the multiva¡iate ANN (MANN) model.

The RMSE and the AAPE of the 14 day forecast were 48.1 EC units and 6.47o

respectively. The 14 day forecast was very useful, as all major variations in salinity,

including sharp peaks, were predicted without appreciable lag.

As multivariate ANN models are the model type most suitable for longer-term

forecasting (Figure 3.176), this type of model was used to obtain the 28 day forecasts

required to alter the schedules for pumping water from Murray Bridge to Adelaide

taking salinity considerations into account. The 28 day forecasts obtained were very

useful, as all major variations in salinity were predicæd without appreciable lag,

although the shaqp peaks in salinity at times of high flow were not predicted- The

RMSE and AAPE of the 28 day forecast were 78.3 EC units and 9.87o respectively.



Chapter 4

Modelling Blue-Green Algae in the River
Murray

4.1 Introduction

Blue-green algae (cyanobacteria) are naturally occurring and form an integral part of
healthy aquatic communities. Under certain conditions, population explosions, or
blooms, of blue-green algae can occur. These blooms have a number of adverse effects

on water users, as blue-green algae can produce toxins and reduce the aesthetic water

quality.

Blue-green algae have become a major water quality issue in Australia, as a result of
massive blooms in the Darling River, the River Murray and in the ærminal lakes (Lakes

Alexandrina and Albert) of the Murray. In South Australia, siæs of particular concern

include Murray Bridge, Mannum and Morgan, as water from these locations is pumped

to most major South Austalian cities, including Adelaide, Port Pirie, Port Augusta and

Whyalla for domestic and industrial consumption.

Treating water affecæd by blue-green algae is expensive, as advanced treatment

processes are required to remove algal toxins. Consequentþ, it is vital to gain a better

402
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understanding of the environmental conditions that trigger algal blooms, so that

appropriate measures can be taken to prevent algal blooms from occurring. computer

modelling is one way of gaining a better understanding of these conditions-

In Chapter 3, multivariate ANN models were found to be a useful tool for obtaining

forecasts of salinity in the River Murray at Murray Bridge up to 28 days in advance. In

this chapter, multivariate ANN models are used to model the incidence of a species

group of the cyanobacterium Anabaena spp. in the River Munay at Morgan. This is

carried out in order to assess the suitability of ANN models for different types of water

quality modelting problems. The purpose of the salinity forecasting case study was to

obtain long term salinity forecasts. The processes which affect salinity levels at a

particular location are well understood, and longer-term salinity forecasts can be

obtained by considering river flows and past salinities at the location of interest and at

several upstream sites. In contrast, the primary purpose of the case study considered in

this chapter is not to obtain longer-term forecasts, but to determine a relationship

between the incidence of Anabaena and some of the prevailing environmental

conditions. Currently, this relationship is not well understood. Determining whether

multivariaæ ANN models are capable of forecasting concentrations of Anabaenø several

weeks in advance, to give prior warning of impending blooms, is a secondary objective

of the case study.

The information obtained in Chapter 3, regarding the development of ANN models for

modelling multiva¡iate time series, wff utilised in this case study. However, no new

investigations into the best procedures for developing multivariate ANN models were

carried out. Consequently, raw data and the direct method of forecasting were used.

The neural network based approach was used to determine appropriate model inputs

and the effect of different internal parameters and network geometries was not

investigated.

As the primary purpose of this case study is to investigate whether multivariate ANN

models are capable of successfully predicting the incidence of. Anabaena ît Morgan,

given the prevailing environmental conditions, there was no need to carry out a real time

forecasting simulation.

4.2 Background

Algae are naturally occurring organisms of the kingdom Protista that form an inægral

part of healthy aquatic communities. With regards to water quality, freshwater algae
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can be divided into four groups (Mackay and Eastburn, 1990), including diatoms, blue-

green algae (cyanobacteria), flagellates and green algae (Figure 4-I)-

Centric diatoms Green Algae
(Scenedesmus)

o

Flagellate
(Synura)

Blue-green Algae
(Anabaena)

Figure 4-1: Examples of the Four Main Groups of Algae
(Source: Adapted from Mackay and Eastburn, 1990)

The distribution of algae in streams is dominated by the flow regime. There are distinct

trends as one moves down a stream. In upland streams, flow is generally high,

sediments are coarse, nutrient concentrations are low, the water is shallow and well

mixed and light penetrates to the bottom. As the gradient flattens, flow decreases,

sediments become finer and more organic, nutrient concentrations and water depth

increase, vertical mixing decreases and light does not penetrate to the bottom.

At high flows, small, robust diatoms tend to dominate. Diatoms are dependent on high,

turbulent flows to keep them in suspension and near the water surface. At intermediate

flows, diatoms tend to settle to the bottom and green algae take over. At low flows,

flagellates and cyanobacteria tend ûo dominate, as they are able to maintain their position

in the water column; flagellates with the aid of their flagella and cyanobacteria with the

aid of air vacuoles, which enable them to float at various depths in the water column-

In this reseatch, the focus will be on cyanobacteria- Cyanobacteria were previously

referred to ¡ls blue-green algae because of their size, form and life habit as

photosynthetic bacteria. The main species of cyanobacteria which are most frequently

associated with waær quality problems in Australia include Microcystß, Anabaena,

N o dulari a, Cy lindro s p e r mo p s í s and O s c ill atoria.



Chapter 4: Modelling Blue-G.reen Algae

Under certain conditions, population explosions (blooms) of cyanobacteria occur, which

can pose serious problems for water users. Such blooms are not a new phenomenon- In

1830, explorer Charles Sturt noted that the water in the Darling River had a taste of

vegetable decay as well as a slight tinge of green (Creagh, 1992), which was the result

of a bloom of blue-green algae. At present, there is some debate whether the frequency

and intensity of blue-green algal blooms have increased in recent years.

4.2.1 Effects of Cyanobacterial Blooms

Blooms of cyanobacteria present problems for domestic, industrial, agricultural and

recreational users of water (Burch, 1993). They produce toxins as well as undesirable

tastes and odours.

4.2.1.1 Public Health Effects

Blooms of cyanobacteria can produce a variety of toxins including hepatotoxins,

neurotoxins and endotoxins. The fact that cyanobacterial blooms can be toxic means

that they present a public health risk and are not just a "nuisance" problem. A summary

of the various toxins, their sources and effects is given in Table 4.1.

Algal toxins are primarily contained within the cells of the algae. They are only released

to the surroundings in large quantities when the cell wall is ruptured, which may occur

as part of the natural death of the algae or as a result of chemical treatment, such as the

addition of copper sulphate (Kenefick et al., 1993; Jones and Orr, 1994; Bowmer et a1.,

1992).

The toxicity of blooms of cyanobacteria is highly variable, even if the same

environmental conditions prevail (Creagh, 1992). A survey of Finnish fresh waters

showed that toxins were present n 45Vo of 215 water bloom samples tested and that

hepatotoxic blooms were twice as common as neurotoxic blooms (Sivonen et al., 1990)-

Even within a particular bloom, large spatial and æmporal variations of toxin levels exist

(Hrudey et al., I994a). Extensive studies were carried out in Finland (Kiviranta et al.,

1992; Luukkainen et al., 1993 and 1994; Namikoshi et al., 1990, I992a, 1992b and

I992c; Sivonen et al-, 1992a, I992b, L992c and I992d) to determine the toxin

composition of various blooms of Anabaena, Microcy,stis and OscíIlatoria. It was

found that the quantitative and qualitative variations of toxins were greatest among

Anabaeno and smallest among Oscillatoria. This high variability of toxin levels within

blooms makes it difficult to accurately deærmine the average level of toxins in a bloom-
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rable4.1: summary of various 
îljiii.r:,1îÄii.r 

and Efrects (source: Adapted

Studies of the effects of various environmental factors on toxin production in blooms of
Nodularia, Oscillatoria and Anabaena (tæhûm?fü et al., 1994; Rapala et al., 1993;

Sivonen, 1990) have shown that:

. High temperatures (30o C) generally decrease toxin production.

. Toxin production is at its maximum at light intensities most conducive to the growth

of a particular species-

. Low phosphorus concentrations decrease hepaûotoxin production.

. Neurotoxin production is independent of phosphorus concentrations.

. Low nitrogen concentrations favour toxin production in nitrogen frxing species.

. High nitrogen concentrations produce more neurotoxins and hepatotoxins in non-

nitro gen fxin g species.

Exposure of humans to cyanobacærial toxins may occur via the following mechanisms

(Kuiper-Goodman et al., 1994; Hrudey et al., 1994b):

. Consumption of drinking water and algal health food tablets (oral route).

Toxin Toxin type Source

organism

Effects

Microcystin Hepatotoxin Microcystis

Anabaena

. Hepatoenteritis

. Liver damage

. Tumor srowth Dromotion

Nodularin Hepatotoxin Nodularia . Hepatoenteritis

. Liver damage

. Tumor growth Dromotion

Cylindrospermopsin Hepatotoxin Cylíndro-

spermapsis

. Gastroenteritis

. Hepatitis

. Renal malfunctioning

. Haemonhaging

Anatoxin-a

Anatoxin-a (s)

Saxitoxin

Neosaxitoxin

Neurotoxin Anabaena

circinalis

. Muscle tremors

. Staggering

. Pa¡alysis

. Breathingdifhculties

Lipopolysaccharides Endotoxin Most

cyanobacteria

. Gastroeriteritis

. Skin irritation

. Eye irritation

. Allergic reactions
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. Recreational use of rivers and lakes (oral or dermal route).

. (Jse of showers (inhalation)-

The hepatotoxins produced by blue-green algae include microcystin, nodularin and

cylindrospermopsin (Burch, 1993) and are summarised in Table 4.1.

41. Microcystin

Microcystin can be produced by Microcystis and Anabaena- At present, over 40

different microcystins have been identified (Drikas, 1994). These toxins include some of

the most acutely lethal substances currently known (Hrudey et al., 1994b). Animal

experiments have shown that lethal doses of microcystin-LR have resulted in structural

damage to liver cells, causing massive haemorrhaging of the liver (Hooser et al., 1990).

Sublethal levels of the toxin resulted in elevated levels of various liver enzymes in the

blood.

The level of microcystins present in drinking water is usually quite low. At low

exposure levels, experiments on animals have shown that microcystins:

. Affect the gastrointestinal tract (Falconer et al., 1992; Gayley et al., 1987; Jackson

et al., 1984).

. Affect the kidney (Hooser et al., 1990; Radbergh et al., 1991).

. Affect the lungs (Hooser et al., 1989; Fatconer et al., 1988; Falconer et al., 1981;

Slatkin et al., 1983).

. May be very potent tumour promoters, stimulating the growth of potential liver and

gut cancers (Falconer, l99l; Nishiwaki-Matsushima et al., 1992)-

. Are very potent inhibitors of the phosphatase enzymes, which are vital for cell

metabolism and control (Honkanen et al., 1990; MacKintosh et al., 1990).

. May be clastogenic, as chromosomal breakage was found to be increased when

microcystins wefe present and was also dose relaæd @epavich et al., 1990).

Despite the high toxicity of microcystins, the lethal poisoning of humans due to

microcystins in drinking water is not very likely (Hrudey et a1., 1994b). In fact, there

have been no recorded deaths of humans as a consequence of the consumption of

drinking water poisoned by cyanobacteria in Australia (Murray Darling Basin

Management Commission, 1993). As cyanobacterial blooms ænd to occur repeatedly in

the same water supply, it is more likely that microcystins have a chronic effect on the

health of the people consuming the affected drinking water. This is particularly
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significant, as microcystins have been found to be tumour promoters. As a guide, the

maximum level of microcystins in a municipal water supply should not êxceed lO ttglL
(Hrudey et al., 1994b).

^2. 
Nodularin

Nodularin is produced by Nodularia and has effects similar to those produced by

microcystins. Nodularin causes hepatoenteritis, liver damage and tumour growth

promotion (Burch, 1993).

43. Cylindrospermopsin

Cylindrospermopsin is produced by Cylindrospermopsis. It is cytotoxic and the effects

of oral consumption include the following (Falconer,1994):

. Gastroenteritis as a result of injuries to the gut lining.

. Hepatitis as a result of injuries to liver cells.

. Renal malfunction ¿¡s a result of injuries to kidney cells.

. Haemorrhaging as a result of injuries to blood vessels.

The clearance of cylindrospermopsin from the body is slower than that of microcystin or

nodularin.

B. Neurotoxins

The neurotoxins produced by cyanobacteria include the Paralytic Shellfish Poisons

(PSPs) anatoxin-a, anatoxin-a(s), sÐcitoxin and neosaxitoxin (Carmichael, 1994). In
Australia, neurotoxins are produced by the va¡ious species of Anabaena (Table 4.1).

Rapid human death results if PSPs are consumed in sufhcient quantities. In fact, the

ingestion of contaminated shellfish has resulted in significant human morbidity and

mortality (Luthy, 1979). PSPs act as neuromuscula¡ blocking agents, resulting in

muscle tremors, staggering, paralysis and breathing difficulties (Falconer, 1994).

However, the clearance of neurotoxins from the body is quiæ rapid.

C. Endotoxins

Lipopolysaccharide (LPS) endotoxins are produced by most species of cyanobacteria

(Burch, 1993). Endotoxins can result in gastroenteritis (Keleti et al., 1980) as well as
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skin irritation, eye i¡ritation, allergic reactions, hay-fever-like symptoms and asthma

(Jones et al., 1993; Falconer, 1994)-

D. Case studies

Documented cases of the health effects of cyanobacterial toxins have been made all

around the world including Australia (Falconer et al., 1983a), Europe, Africa, Asia and

North America (Codd et al., 1989; National Rivers Authority, UK, 1990). Examples of

specific cases where cyanobacterial toxins have resulted in human illness are given

below:

1. A major outbreak of gastrointestinal illness occurred in SewickleY, Pâ, USA in

Augusr 1975 (Lippy and Erb, 1976; Sykora and Keleti, 1981). The disease affecæd

5,000 people out of a population of 8,000, and was caused by cyanobacterial toxins

released by the treatment of a bloom of blue-green algae in the local water supply

with copper sulphate.

Z. Cases of human illness caused by drinking water contaminated with cyanobacterial

toxins have also been reported in the prairies of Canada (Kuiper-Goodman, 1994)-

The toxins resulted in stomach cramps, vomiting, diarrhoea, fever, headache, pains

in muscles and joints as well as general wealness (Dillenberg and Dehnel, 1959)-

3. In Salisbury, East Africa, outbreaks of acute childhood gastroenteritis occurred

around June and July each year from 1960 to 1965 (Ztnbrcrg, 1966). The illness

could not be attributed to any infectious disease and the same problems did not

occur in the neighbouring suburb, which had a different water supply. It was found

that each year massive blooms of Microcysfis occurred in the water supply of the

affected suburb. These blooms died off naturally in mid-winter (around June and

July) releasing the toxins.

4. Studies carried out by Yu et al- have found that in China, approximaæly 100,000

people die from prima¡y liver cancer (PLC) each year (Harada, 1994). In several

areas of the country, there was no correlation betwe,en the incidences of PLC and

plC-causing agents such as aflatoxin and the hepatitis B virus. In addition, the risk

of contracting PLC was about 8 times higher for people who drank pond and dirch

water than for people who drank well water (Yu, 1989). This suggests that the

incidences of PLC might be related to the presence of microcystins in drinking

water. A joint study between China and Japan was commenced in 1992 to
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investigate the conelation between the incidences of PLC and the presence of

microcystins in drinking water (Harada, 1994).

5. The worst case of poisoning of humans as a result of the presence of microcystins in

drinking water in Australia occurred at Palm Island (a tropical island off the north-

east coast of Australia) (Blyth, 1980). [n November of l9]9, over 100 aboriginal

children got ill, presenting with symptoms of vomiting, headaches, abdominal pain,

enlarged and tender livers, initial constipation and kidney damage. No deaths were

recorded and all children recovered within a month. At the time of the outbreak of

the disease, a massive bloom of cyanobacteria in the only water supply reservoir was

killed after the addition of a large dose of copper sulphate. The predominant genus

of blue-green algae present in the reservoir was Cylindrospermopsis, and tests using

toxic water from the reservoir caused liver injury and tissue necrosis in mice

(Hawkins et al., 1985).

6- Turner et al. (1990) report that in 1990, people canoeing on and swimming in an

English reservoir affected by a bloom of Microcyslrs got sick, presenúng with

symptoms of vomiting, diarrhoea, sore throats, blistering around the mouth,

abdominal pain and headaches.

4.2.1.2 Effects on Animal Health

The toxins discussed in Section 4-2.1-l can have severe effects on animal health. Stock

deaths resulting from cyanobacterial poisons have been widely reported in Australia and

throughout the world.

The first recorded case of stock deaths occurred in Australia a¡rd was reported in 1878

(Francis, 1878). A bloom of Nodularia Spumigerø occurred in Lake Alexandrina and

resulted in the death of cattle, sheep, horses, pigs and dogs. Further stock deaths

occurred in the vicinity of Lake Alexandrinan L945, and 306 animals died as a result of
a blue-green algal bloom in Lake Bonney in 1959 (State Water Laboratory, 1993).

Other cases of stock deaths in Australia resulting from cyanobacterial toxins have been

rcported by Wood (1975) and May (1981).

4.2.1.3 Ecological Effects

The ecological effects of the toxins produced by blue-green algal blooms include:

. The poisoning of wild a¡rimals such as rodents, amphibians, frsh, water fowl, bats,

zebras, rhinoceros and zooplankton (Steffensen, 1991).

. The accumulation of toxins in shellhsh (Luthy, 1979)-
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In addition, decaying algae increase the biological oxygen demand (BOD) of the water

and consequently reduce the amount of oxygen available for other aquatic organisms,

resulting in great stress and even death of these organisms, especially fish-

4.2.1.4 Aesthetic Effects

Blue-green algal blooms can have the following aesthetic effects on water bodies

(MDBMC, 1993):

. They can cause undesirable tastes and odours.

. They can cause discolouration of the water-

. They can form unsightly, smelly scums on the water surface and along the shore.

Cyanobacteria are believed to produce metabolites, including geosmin and 2-

methylisoborneol (MIB), which cause earthy/musty odours in drinking water (Table

4.2). Geosmin and MIB can be detected by humans at very low concentrations (10 to

30 ng/L), which is equivalent to less than 3 tablespoons of the compound in 200

Olympic swimming pools @urch, 1993)-

Table 4.2: Odour Causing Compounds and thei¡ Effects (Source: Adapted from Burch,
1993)

Compound Source organism Effects

Geosmin Anabaeno

Oscillatoria

Earthy/musty odour

2-Methylisoborneol

(MIB)

Anabaenø

Oscillatoria

Earthy/mus tylcamphorous

odour

However, there is some controversy over whether the musty/earthy odours are

produced by cyanobacteria or actinomycetes @ersson, 1992). The controversy is

fuelled by the fact that the earthy/musty odours can occur without the presence of blue-

green algal blooms and vice versa. Studies have shown that there is no correlation

between geosmin and MIB and microcystin-LR (Hrudey et al., 1993; Kenehck et al.,

lgg2). A possible explanation for this is that the geosmin and MIB, which are very

stable compounds, are produced upstreÍrm by planktonic or benthic cyanobacæria and

then transported considerable distances downstream by river flow (Hishida et 41., 1988)-
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4.2.1.5 Effects on Water Supply Operations

The presence of large numbers of blue-green algae increases the suspended solids load

in the water, which increases turbidity, reduces the efhciency of disinfection and can

block filters and sprinklers (Sæffensen, 1991). The presence of blooms of cyanobacteria

can also result in significant diurnal fluctuations in pH, which can alter the form and

toxicity of heavy metal.s and ammonia and the chemical reactions taking place as part of
water treatment processes (Sæffensen, 1991). In addition, blue-green algal blooms may

require the provision of alternative water supplies (MDBMC, 1993).

The decay of blue-green algae increases the dissolved organic carbon load, as well as the

biochemical oxygen demand (Sæffensen, 1991). This increases:

. The amount of flocculants used during water treat¡nent.

. The amount of chlorine required for disinfection.

. The potential for trihalomethane production.

. The potential for bacterial regrowth within the distribution system.

4.2.1.6 Effects on Recreation and Tourism

Blue-green algal blooms may prohibit the use of water bodies for recreational activities
(e.g. swimming, windsurfing and water skiing). This may also affect tourism and may

result in considerable economic losses to tour operators, caravan park owners and local

shop keepers-

4.2.2 Addressing the Cyanobacteria Problem

There are two ways in which the cyanobacterial bloom problem can be addressed,

namely by treating the affected water or by preventing the blooms from occurring in the

first place.

4.2.2.1 \ilaterTreatment

Conventional water treatment processes are capable of removing algal cells (at a cost),

but a¡e generally unable to remove algal toxins and odour-producing compounds. For
example, the taste and odour problems associated with blooms of Oscill"atoria tnLake
Mjøsa (Norway) rendered the water undrinkable, even afær the water had been treated

@aalsrud, 1982). Advanced trcatment processes such as oxidation and the use of
activated carbon filærs are required to remove algal toxins and odour producing

compounds- However, upgrading existing water treatment plants to account for the
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removal of algal toxins and odour producing compounds is expected to run into

hundreds of millions of dollars (MDBMC' 1993).

A. Removal of Algae

Algal cells may be removed using a number of techniques (MDBC, 1993), including:

. Physical separation methods (e.g. microstraining, microhltration).

. Coagulation methods (e.g. coagulation/hltration/disinfection, SIROFLOC

clarification).

. Flotation methods (e.g. dissolved air flotation, foam flotation /dispersed air

flotation).

. Biological methods (e.g. grazing by zooplankton).

Guidelines based on the curent state of knowledge (MDBC, 1993) recommend the

following methods for algal cell removal:

. Dissolved air flotation plus filtration for towns-

. Dissolved air flotation or slow sand filtration for small communities.

. Slow sand hltration for livestock

. Dissolved air flotation plus filtration for portable supplies-

B. Removal of Toxins

Although some conventional water treatment techniques are effective in removing algal

cells, they are generally unable to remove the associated toxins. Atgal toxins usually

have to be removed using post-treatment methods such as oxidation or adsorption

(Drikas, 1994).

81. Oxidation

The use of various oxidants such as chlorine, ozone, chloramines and potassium

petmanganate has been assessed. The effectiveness of each of these is discussed in

detail below and summarised in Table 4.3-

Chlorine:

Nicholson et al. (1993, 1994) have shown that aqueous chlorine and calcium

hypochtorite were effective in rapidly destroying the algal toxins microcystin and

nodularin- However, the effectiveness of the oxidants was found to be pH dependent

and was greatly reduced above pH 8. In addition, a chlorine residual of at least 0-5

mglL was required after a contact time of 30 minutes-

4t3
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Table 4.3: Effectiveness of Various Oxidants in Toxin Removal

Oxida¡rt

Toxins removed

Formation of

noxious byproducts

Hepato-

toxins

Neuro-

toxins

Endo-

toxins

Chlorine Yes No ? ?

Ozone Yes Yes ,l ,l

Chloramine No l ? ?

Potassium

Permanganate

Yes ? ? ?

,| Not yet investigated

Several researchers (Hoffmann, I976; Keijola et al., 1988; Himberg et al., 1989) found

chlorine to be ineffective for the removal of algal toxins. However, in all cases the

chlorine to toxin ratio used was small, so that insufficient chlorine was present to react

with the toxins.

The conditions that resulted in the rapid destruction of the hepatotoxins microcystin and

nodularin (i.e. pH less than 8 and a chlorine residual of 0.5 mgL),were ineffective for

the removal of the neurotoxin anatoxin-a (Rositano and Nicholson, 1994).

The formation of noxious byproducts as a result of the chlorination of the hepatotoxins

has not yet been assessed and needs to be carried out in the future.

Ozone:

Ozone was found to be effective in removing both hepatotoxins and anatoxin-a within

very short contact time.s (Keijola et al., 1988; Himberg et al., 1989; James and Fawell,

l99I; Rositano and Nicholson, 1994). It was also found that the removal effrciency was

dependent on ozone dose when the dose was below the ozone demand of the water.

However, once the ozone demand of the water had been met, toxin removal was

complete.

Ozone has also been found to be effective for the removal of nodularin @ieronne,

1993). However, the effectiveness of ozone in removing endotoxins has not yet been

assessed. In addition, the formation of noxious byproducts as a result of the ozonation

of algal toxins needs to be assessed.
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Others:

Nicholson et al. (1994) foun¿ that chloramines were ineffective in removing algal toxins,

even after contact times of up to hve days-

Potassium permanganate has been found to be effective in the removal of microcystin-

LR (Rositano and Nicholson, 1994). However, more research needs to be carried out

to assess its effectiveness in removing other algal toxins, its pH dependence and the

formation of noxious byproducts.

B2. Adsorption

Activated carbon was found to be an effective means of removing algal toxins by a

number of researchers (Hoffmann,1976; Falconer et al., 1983b and 1989; Keijola et al.,

1988; Himberg et al., 1989; James and Fawell, 1991; Donati et al., 1993).

However, the adsorption capacity depends on the type of activated carbon used. Drikas

(1994) found that wood based carbons were clearly the most effective adsorbents,

followed by coal based carbons, coconut based carbons and peat moss based carbons.

A correlation was found between the mesopore volume of the activated carbon and is

adsorptive capacity. Mesopore volume is primarily a function of the material used to

produce the activated carbon: wood-based carbons have large mesopore volume,

coconut-based carbons have low mesopore volume and coal-based carbons fatl

somewhere in benveen @rikas, 1994). As algal toxins generally consist of large

molecules, better adsorption occurs when using activated carbons with large mesopore

volumes. A similar conelation between adsorption capacity and mesopore volume was

found by Donati et al. (1994).

In natural waters, a reduced effectiveness of activated carbons in adsorbing algal toxins

can be expected as natural organics compete with the algal toxins for adsorpúon.

83. Others

Slow sand filtration has been shown to remove some cyanobacterial toxins (Himberg et

a1., 1989; Keijola et a1., 1988).

C. Removal of Odour-Producing Compounds

The primary odour-producing compounds, geosmin and 2-methylisoborneol, are

resistant to oxidation unless the most powerful oxidising agents are used (Wnorowski,

415
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1992). Consequentþ, the most effective methods for the removal of the odour-

producing compounds include advanced oxidation techniques (Koch et al., L992) or a
combination of these with the use of biological filters @gashira et a1., 1992).

4.2.2.2 Prevention of Algal Blooms

As discussed in Section 4-2-2-L, the removal of algal toxins and odours is expensive, and

the side effects of some of the methods used for the above purposes have not yet been

fully investigated. Consequently, the best way of addressing the blue-green algal

problem is to prevent algal blooms from occurring. One way to achieve this is to
determine the causal factors of algal blooms, and to subsequently put management

strategies into place to control these factors.

The size of the algal population at any particular point in space and time is a function of
the amount of algae imported, the amount of algae exported, the amount of algae lost

through decomposition and grazrng and the algal growth rate (Hodgkin et a1., 1980)- In

the South Australian reaches of the River Murray, the amount of algae imported and

exported during summer and autumn is generally low, thus restricting a specifrc algal

population to a particular section of the River (Mackay and Eastburn, 1990).

Consequently, algal blodms are generally caused by conditions conducive for large algal

growth rates.

Factors which determine whether blooms of a particular species of algae occur include

the seed source, the general climatic conditions and the characteristics of the water body

(Steffensen, 1991). Potential seed sources include lagoons and backwaters (MDBMC,

1993), but algal spores may also be re-suspended from the sediments at times of
turbulent flow (Mackay and Eastburn, 1990). The algal growth rate depends on a

number of climatic conditions and characteristics of the water body, including

temperaturc, flow, pH, dissolved oxygen, the availability of nutrients, the amount of
light available and the state of the aquatic ecosystem (MDBMC, 1993).

The interaction of the above factors is very complex and the rclative significance of each

of the parameters is catchment dependent. However, the actual combination of factors

that will trigger algal blooms is unknown, and identical conditions can have apparently

contradictory effects in different locations (Creagh, 1992). In order to gain a better

understanding of the mechanisms that trigger algal blooms, real-time instneam water

quality monitoring might be required (MDBC, 1993).
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A. Light

Light is essential for photosynthesis and hence a requirement for algal growth' The

availability of light is a function of the intensity and duration of the incoming solar

radiation as well as the transparency of the water. The transparency of the water

depends on its turbidity and colour. High turbidity and colour limit the amount of Iight

that can penetrate the water column and may thus prevent the rapid growth of algae.

In the South Australian reaches of the River Murray, the variation of turbidity with time

exhibits the following properties (Croome, 1980; Mackay and Eastburn, 1990):

. Turbidity varies considerably on a seasonal basis as well as from year to year.

. There is a strong posiúve conelation between fluctuations in flow and turbidity

fluctuaúons.

. Flows from the Darling River have a disproportionate influence on downstream

turbidities, as the water in the Darling is considerably more turbid than that in the

upstream reaches of the Murray. When the flow in the Darling is greater than

approximately 200 G[./month, the turbidity of the River Murray in South Australia is

high, resulting in a reduction in the number and taxa of blue-green algae.

It should be noted that cyanobacteria have the ability to position themselves in the water

column in the region of optimum light Íevels with the aid of their air vacuoles.

B. Flow

Low flow conditions are favourable for the growth of blue-green algae for the following

feasons (MDBMC, 1993):

. They increase the retention time of the water in the river, thus increasing the time

available for algal blooms to develop.

. They decrease the turbulence of the water, which helps the algae maintain their

optimum position in the water column-

. They are associated with lower turbidity, therefore enabling more light to penetrate-

. They decrease the amount of mixing that takes place in the water, which can lead to

anoxic conditions near the river bed, releasing nutrients normally tied up in the

sediments-

Low flow conditions exist in the South Australian reaches of the River Murray during

summer and autumn. The frequency and duration of the low flow periods have

increased as a result of flow regulation and the amount of water extracted for irrigation
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purposes. This is thought to be one of the factors responsible for the increase in the

inænsity and frequency of blooms of blue-green algae-

Although calm, low flow conditions are necessary for the growth of blue-green algae,

turbulent conditions prior to the onset of the period of low flow may be beneficial to the

growth of algae by transporting nutrients from upstream sites as well as re-suspending

algal spores tied up in the sediment (Mackay and Eastburn, 1990).

C. Nutrients

Nitrogen and phosphorus are the nutrients which are most important for the growth of
blue-green algae- Other nutrients that might play a significant role include carbon, sfüca,

iron, sulphur and molybdenum (MDBC, 1993).

The major forms of phosphorus present in natural waters include dissolved inorganic

phosphorus, dissolved organic phosphorus and particulate phosphorus (Croome, 1980).

The major forms of nitrogen present in natural waters include nitrate, nitrite, ammonia

and organic nitrogen (Glatz, 1994).

Nutrient enrichment of water bodies occurs naturally over long periods of time and is

called eutrophication. However, human activity such as land clearing, agriculture,

human settlement, the disposal of wastewater and industrial effluent has sped up the

process of eutrophication (Creagh, 1992).

Sources of nitrogen and phosphorus are discussed by a number of authors (MDBC,

1993, Hodgkin et a1., 1980; MDBMC, 1993). For the Murray-Darling basin, the major

sources include:

1. Domestic and industrial wastewaters: Sewage effluent is the largest nutrient point

source. At times of low flow, during which the risk of algal blooms is greatest,

point sources are the major contributor of nutrients. The biggest input of
phosphorus to sewage treatment plants (3O7o to 50Vo) comes from laundry

detergents- The majority of the phosphorus present in sewage effluent is in soluble

orthophosphate form and can therefore be readily used by algae.

2. Irrigated agriculture: Agricultural practices add to the nutrient loading in rivers via

irrigation drains and runoff from agricultural land, both of which contain nitrogen

and phosphorus from fertilisers.
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3. Intensive rural industries: Intensive animal industries including piggeries, cattle

feedlots and poultry farms produce wastes high in nutrient concentrations-

However, these wastes are not allowed to be discharged into waterways- The

wastes from processing industries such as canneries, dairy processing plants,

tanneries, wool scouring plants and abattoirs, on the other hand, are being

discharged into rivers. The wastes from hsh farms are also rich in nutrients and are

being discharged into rivers.

4. Urban stormwater: The main source of nutrients in urban stormwater comes from

fertilisers. However, the phosphorus present in runoff is generally bound to clay

particles and is thus not in a form that is easily usable by algae.

5. Groundwater: Nutrients are added to rivers by groundwater inflows. The nutrient

concentrations in groundwater samples are generally high.

6. River sediments: During periods of high extemal nutrient loading, sediments are

able to take up some of the nutrients and store them for long periods of time. The

nutrients stored in the sediments can be released to the \'/ater column at a later date

and is then available for use by algae. In the River Munay, sufficient nutrients are

stored in the sediments to sustain algal blooms for years, even if the input of external

nutrients were to stop immediately.

7. Biomass: The biomass constitutes an important nutrient pool.

In general, the majority of phosphorus entering surface waters comes from point

sources, whereas the majority of nitrogen comes from diffuse sources (Croome, 1980).

Phosphorus is usually the nutrient controlling the growth of blue-green algae, as some

are able to lx nitrogen from the atmosphere. Consequently, blue-green algae have a

distinct advantage over other algae in an environment where there is a plentiful supply of

phosphorus, but a limited supply of nitrogen.

In the South Australian reaches of the River Munay, the levels of oxidised nitrogen are

usually low. In contrast, the levels of phosphorus are generally substantially greater

than those required for algal growth, creating conditions favourable for the growth of

nitrogen frxing cyanobacteria. However, afær extended periods of low flow,

phosphorus levels may become limiting (Croome, 1980).

In the River Murray, there is a strong correlation between total phosphorus and

turbidity, as well as soluble phosphorus and turbidity. In addition, the proportion of

4r9
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soluble phosphorus is much higher for water from the Darling than it is for water from

the Murray (Croome, 1980).

D. Temperafure

Temperature is an importånt factor affecting the rate of blue-green algal growth. Higher

temperatures increase the rate of biological and chemical reactions and hence the rate at

which algae grow. Low temperatures do not necessarily result in the death of the algae,

but signihcantly reduce the rate at which they grow (Mackay and Eastburn, 1990).

E. The state of the aquatic ecosystem

A healthy aquatic ecosystem contains planktonic grazÊrs, which eat the algae and digest

the nutrients they contain (MDBMC, 1993). Changes in environmental conditions can

disturb the balance in the ecosystem, resulting in the removal of some components of the

food chain and excessive, unchecked growth of others. Factors which can result in such

changes in the ecosystem include the draining of wetlands, the removal of native

vegetation, poor management of the riparian zone and the dredging and desnagging of
streams (MDBMC, 1993).

In the River Murray, the introduction of non-native fuh such as the Europèan carp and

Gambusia has also had detrimental effects on the ecosystem (MDBMC, L993),

including the disturbance of sediments on the river bed, a decline in the number of water

plants and a decline in the number of smaller native algal predators.

4.2.3 Modelling the Incidence of Algal Populations

A review of the different techniques used to model the incidence of algal populations is

given by French and Recknagel (1994) and Recknagel et al. (1995a). The modelling

æchniques used can be divided into four main groups, namely statistical, physically

based (deterministic), rule based (heuristic) and ANN models.

Traditionally, tþs statistical methods used to model the incidence of algal populations

have been based on regression analysis. They relate the annual peak concentration (or

biomass) of the total phytoplankton population (or a particular species of algae) to

limiting environmental variables such as total phosphorus, total nitogen, temperature,

turbidity and water depth. This type of model generally uses cross-sectional (and

sometimes time series) data collected from a number of lakes.
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The most basic models of the above type relate chlorophyll a fo concentrations of total

phosphorus (e.g. Dillon and Rigler, 1974; Jones and Bachmann, 1976; Vollenweider,

1976). Smith (1985) developed a regression model that relates summer mean blue-

green algal biomass to the concentration of total phosphorus and the mean lake depth.

Smith et al. (1987) used stepwise multiple regression analysis to predict the summer

peak biomass of four species of cyanobacteria, including Aphanízomenon flos-aquae,

Anabaena flos-aquae, Oscillatoria agardhii and Microsystis aeruginosa- T}:re potential

input variables considered include summer mean temperature, mean depth, mean total

nitrogen concentration, mean total phosphorus concentration, mean secchi depth

transparency and mean carbon dioxide concentration in the water column. The non-

nitrogen fixing species (i.e. Oscillatoria agardhii and Microsystis aerugínosa) were

found to be better correlated to the environmental variables considered than the nitrogen

fr*in g species (î -e. A ph oni zo me n o n fl o s - aqu a e and Anab aena fl o s - aqu a e) -

Physically based (deærministic) models endeavour to model the physical processes that

affect the size of the phytoplankton population- Examples of physically based models

that relate phytoplankton biomass to extemal nutrient load, temperature, light, mixing

and zooplankton grazing in lakes and reservoirs include the models of Jorgensen (1976)

and Behndorf and Recknagel (1982). The latter model was extended to cater for

internal phosphorus loading from the sediments (Recknagel et al., 1995b).

Rule-based models (e.g. Reynolds, 1984) use knowledge about the factors that affect

the size of the population of species assemblages of phytoplankton to qualitatively

predict the seasonal phytoplankton composition. Fuzzy models (e.g. Recknagel et al.,

1994) can be used to quantify the predictions of rule-based approaches.

None of the above approaches have been successful in predicting the magnin¡de and

timing of the incidence of particular species or species groups of algae (French and

Reclnragel, 1994). However, recent studies have shown that ANNs appear to be a

promising tool for solving the above problem. French and Recknagel (1994) used back-

propagation ANNs to predict the incidence of 7 types of algae, given 9 physical and

limnological va¡iables in the Saidenbach Reservoir (Germany). Three years of data were

used for training and two years of data were used for testing. Recknagel et al. (1995a)

developed ANN models relating various algal species to a number of causal variables for

Lakes Kasumigaura (Japan), Biwa (Japan) and Tuusulanjaervi (Finland) and the River

Darting. The number of years of data used for training were 8, 6, 10 and 10

respectively. Two yeats of data were used for testing in each case.
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Al1 of the case studies which applied ANN methods to the modelling of algae used only

two years of data for validation. This makes it difficult to accurately assess the

generalisation ability of the models, as the results obtained can be signihcantly affected

by which years of data are used for testing. In the case study considered in this chapter,

a number of models are developed, each using different years of data for training and for
tesúng, in order to get a better indication of the ability of ANNs to predict algal

concentrations.

Only one of the above case studies considers the prediction of algae in a river (the

Darling River), rather than a lake. The model inputs used include the latest larown

values (i.e. at time t-1) of a number of variables including information on available

nutrients, flow and the transparency, temperature and conductivity of the water.

However, as the river environment is a dynamic one (it is dominated by the flow
regime), it is worthwhile to consider the inclusion of lagged inputs (i.e. at times t-1, t-2,
..., t-kmÐK). In this chapter, the effect of using lagged inputs on the ability of ANNs to
forecastconcentrations ofblue-green algae in rivers is assessed.

Although a sensitivity analysis w¿rs canied out on the model predicting algal

concentrations in the Darling River (Recknagel et al., 1995a), which provides useful

information about the relative signihcance of each of the input variables, the sign of the

sensitivities was not taken into account. Consequently, no information was obtained on
which variables favour, and which inhibit, algal growth. In the rcsea¡ch presented in this

chapter, the sign of the sensitivities of each of the inputs is considered-

Another difference be¡veen the case study considered in this research and the one

considered by Recknagel et al. (1995a) is that in this research, multi-step forecasts are

obtained several weeks in advance, which gives prior warning of impending blooms to
water m anagement authorities.

4.3 Case Study

In the case study considered, multivariate ANN methods are used to model the

incidence of a species group of the cyanobacterium Anabaena spp. in the River Murray
at Morgan, South Australia (Figure 3.4). Anabaena weÍe also predicted in the Darling
River by Recknagel et al. (1995a). However, the resuls obøined \ilere not presented.

As discussed in Section 4.1, the primary objective of this case study is to obtain a

relationship between the incidence of Anabaena and the prevailing environmental

conditions, and the secondary objective is to forecastAnabaena concentrations several

weeks in advance. The effect of using lagged inputs is also investigated-
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Anabaena are the most prolific species of blue-green algae in the lower reaches of the

Murray and are thus of most concern to water authorities. It is important to control the

size of the blue-green algal population at Morgan, as a water treatment plant is located

there and water abstracted at this point is delivered to the cities of Port Pirie, Port

Augusta and Whyalla via the Morgan-Whyalla pipeline (Figure 4-2).

4.3.L Available Data

A summary of the available data is given in Table 4.4. All data were available from

1983 to 1993 and were collected at Morgan; except for flow, which was measured just

downstream of L,ock 7 (Figure 3.4). All data were converted to weekly values using

interpolation.
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Table 4.4: Avulable Data

Variable Units Sampling interval

Anabaena spp.

Colour

Turbidity

Temperature

Flow

Soluble Phosphorus

Total Phosphorus

Nitrogen (Nitrite + Nitrate)

cells/mL

HU

NTU

"C

MUday

mgtL

mglL

ms/L

weekly

weekly

weekly

weekly

daily

monthly

monthly

monthly

The means, standard deviations, maxima and minima of the available time series from

1983 to 1993 are shown in Table 4.5

Table 4.5: Statistics of the Available Time Series (1983 to lÐ3)

Variable Average Standard

Deviation

Maximum Minimum

Anabaena spp. (cells/ml)

Colour (HU)

Turbidity q\fru)

Temperature (oC)

Flow (MUday)

Soluble Phosphorus (mg/L)

Total Phosphorus (mg/L)

Nitrogen (me/L)

20t
38_8

82.0

18.7

23,564

0.03

0.15

0.11

1,166

25.6

60.3

4.9

24,966

0.03

0.07

0.09

25,252

133

410

30.0

114,563

0.19

0.9

0.53

0

9.0

15.0

10.0

393

0.0

0.0s

0.01

It should be noted that no data were available on a number of factors which can

influence the size of algal populations, including the amount of incoming radiation, the

concentrations of algal predators and competing algal species, the thermal structure of
the river, pH and dissolved oxygen. In addition, there are a number of sampling errors

associaæd with the collection of the blue-grcen algal daø (which is carried out by taking

"grab samples" from the edge of the river), as the spatial distribution of the algae is

expected to be non-uniform. The spatial distribution of blue-green algae is affecæd by

wind speed and direction and the cyclic rising and falling of algal cells due to the

collapse and regeneration ofgas vesicles.
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4.3.1.1 Inspection of Plots of Data

Anabaenaz

A plot of concentrations (on a log scale) of Anabaena at Morgan from 1983/84 to

lg9}l93 is shown in Figure 4.3. It should be noted that time will be expressed in Julian

years henceforth, as blooms of Anabaena tend to occur at the end of the year. It can be

seen from Figure 4-3 that significant events (concentrations ) 1000 cells/ml) occurred

in 1985/86, 1987/88, 1989/90, 1990t91, I99ll92 and 1992193. An arbitrary

concentration of 1000 cellVml, was chosen as the level to distinguish between

significant and non-signihcant events, ¿ts concentrations below 1000 cells/mL are

regarded with less concern by water authorities @urch, 1995). However, at

concentrations in excess of 10ü) cells/ml, the aesthetic quality of the water becomes

unsatisfactory as a result of discolouration and the pfesence of unpleasant odours- In

addition, the poûential for the occurrence of algal blooms is increased greatly and water

quality monitoring is increased.

1 00000

10000

1 000

100
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1

83 84 85 86 87 88 89 90 91 92 93

Year

Figure 4-3: Concentrations of Anabaenø at Morgan (1983 to 1993)

Figure 4.3 indicates the absence of Anabaena n 1983/84 and 1984/85. It is inæresting

ro note that during these years (especially in 1983/84), the turbidity levels (Figure 4.5)

were significantty higher than those in the other years. The largest bloom of Anabaena

occurred n lgg[tgz, with concentrations of An¿baena fa¡ exceeding those in any other
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Colour:

A plot showing the variation of Anabaeno and colour at Morgan is shown in Figure 4.4-

It can be seen that a negative correlation exists between Anabaena concentration and

colour. This can be expected, as low levels of colour increase the amount of light that

can penetrate, thus increasing the algal growth rate.

Anabaena

Colour
125

083 84 85 86 87 88 89

Year

90 91 92 93

Figure 4.4: Concentrations of Anabaena and Colour at Morgan (1983 to 1993)

Turbidity:
A plot showing the variation of Anabaena and turbidity at Morgan is shown in Figure

4.5. It can be seen that a negative correlation eústs between Anabaena concentration

and nrrbidity. This can be expected, as low levels of turbidity increase the transparency

of the water, thus allowing more light to penetrate and increasing algal growth rate. It
is inæresting to note that the turbidity levels in 1983/84 and 1984/85 were very high.

This is because, during those years, the majority of the \ilater in the South Australian

reaches of the River Murray originated from the Darling River, which is considerably

more turbid than the upstream reaches of the River Murray.
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Figure 4.5: Concentrations of Anabaena andTurbidity at Morgan (1983 to 1993)

Temperature:

A plot showing the variation of Anabaena and temperature at Morgan is shown in

Figure 4.6. It can be seen that a. positive correlation eústs between Anabaena

concentration and temperature. This is to be expected, as the algal growth rate is

increased at higher temperatures-
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Figure 4.6: Concentrations of Anabaena and Temperature at Morgan (1983 to 1993)
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Flow:

A plot showing the va¡iation of Anabaeno rt Morgan and flow at Lock 7 is shown in

Figure 4.7. It can be seen that a negative correlation exists benveen Anabaena

concentration and flow. This can be expected, as low flow conditions favour the growth

of blue-green algae, as discussed in Section 4.2.2-2.
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Figure 4.7: Concentrations of Anabaena atMorgan and Flow at Lock 7 (1983 to 1993)

Total phosphorus:

A plot showing the variation of Anabaena and total phosphorus at Morgan is shown in

Figure 4.8. It can be seen that a negative correlation exists benryeen Anabaena

concentration and total phosphorus. This is contrary to what one would expect, ¿rs

higher levels of nutrients a¡e needed for the growth of algae. However, levels of
phosphorus are strongly related to turbidity (Figure 4.9), as phosphorus is generally

bound to clay panicles responsible for high levels of turbidity. Consequently, one can

conclude that the effects due to high turbidity are more significant than those due to the

reduced availability of phosphorus, suggesting that phosphorus is not limiting.
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Figure 4.8: Concentrations of Anabaena and Total Phosphorus at Morgan (1983 to 1993f
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Soluble phosphorus:

A plot showing the variation of Anabaena and soluble phosphorus at Morgan is shown

in Figure 4.10. It can be seen that a negative correlation exists between Anabaena

concentration and soluble phosphorus. This is contrary to what one would expect, ¿ts

higher levels of nutrients are needed for the growth of algae. However, as discussed in

the section on total phosphorus above, high levels of soluble phosphorus a¡rd turbidity

occur at the same [ime, but have contradictory effects. High turbidities inhibit algal

growth, whereas high levels of soluble phosphorus favour algal growth. Figures 4.5 and

4.10 indicate that soluble phosphorus is not limiting and that nrrbidity has a significant

effect on algal growth rate. The high levels of soluble phosphorus in 1983 and 1984 are

due to a high proportion of flow from the Darling River.
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Figure 4.10: Concentrations of Anabaena and Soluble Phosphorus at Morgan (1983 to
1ee3)

Nitrogen:

A plot showing the variation of Anabaena and nitrogen at Morgan is shown in Figure

4.11. It can be seen that concentrations of Anabaenø are inversely proportional to
nitrogen, suggesting ttrat nitrogen is not limiting.
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Figure 4.11: Concentrations of Anabaena and Nitrogen at Morgan (1983 to 1993)

4.3.2 Implementation

As was the case when the ANN models for forecasting salinity in the River Munay at

Munay Bridge were developed, development of the ANN models was carried out on a

80486 PC using the commercially available software package NeuralWare Professional

IUPlus (NeuralWare, Inc., 1991). The features of the package are described in Section

3.3.4.r.

4.3.3 Forecasting Period

As discussed previously, obtaining multi-step forecasts is only a secondary objective of

the case study considered. Consequently, it was decided to arbitrarily include

forecasting periods of 2 and 4 weeks, which would give sufhcient warning of impending

blooms of Anabaena-

4.3.4 Performance Measures

Due to the nature of the time series of Anabaend concentrations at Morgan (Figure 4.3),

the measures used to assess the perfor,mance of the salinity forecasting models (i.e.

RMSE, AAPE and AAE) are not appropriate for assessing the performance of models

forecasting Anabaena concentrations. Figure 4.3 shows that the concentrations of

Anabaena at Morgan are zuîo for the majority of the time, with isolated incidences of

43r

0.6

0.5

I
0.4 Þtr

;
o

0.3 g'
Ec

0.2 c
l-

0.1

5000

4000

3000

2000

1000

J
E
at>

õ()
(úco
(õ
_o
(ú
C



Chapter 4: Modelling Blue-Green Algae

Anabaena. As far as water authorities are concerned, the most important criteria for
assessing the adequacy of forecasts include the relative magnitude and timing of the

incidence of Anabaena. However, the models that perform best when performance

measures such as the RMSE, AAPE and AAE are used, are not necessarily the models

that produce the best forecasts when the criteria of relative magnitude and timing are

considered. For example, if there was a large incidence of Anabaena, which the model

predicæd with a slight lag, the RMSE between the actual and predicted values would be

very large, and in some instances greater than that obtained if the model predicæd no

incidence of Anabaena. However, the former forecast would be far more useful,

especially if the predicæd incidence of Anabaen¿ occurred slightly before the actual

incidence. Consequently, it was decided to adopt relative magnitude and timing of the

incidence of Anabaenø as performance measures.

The predicted and actual peak concentrations of Anabøena in any given yeÍìr were

compared in terms of their significance (i.e. signifrcant events have peak concentrations

> 1000 cellVml). The timing of the forecasts for the significant events was assessed by

visual inspection of the plots of actual versus predicted concentrations.

As no real time forecasts were obtained (see Section 4.1), cross-validation was used as a

stopping criterion. The performance of'the models \ilas assessed at various stages of
learning by inspecting plots of actual versus predicted concentrations of Anabaena.

4.3.5 Nomenclature

The following nomenclature will be used in this chapter to identify the different

multivariaæ ANN models developed:

432

Model Name:

Cell Number:

Cell Numbers:

t-2

XX - XX - XX I
r23456789

XX
10 ll

Meaning:

Model number (01 to 99).

Identify inærnal network p¿ìr¿rmeters (e.g. learning rate, momentum,

learning rule, epoch size, error function, transfer function) and

network geometry (number of hidden layers and number of nodes per

hidden layer). Parameters and geometries corresponding to each

model number are given in Appendix D.
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4-5 Training / æsting set (01 to 99).

Identify network inputs and outputs. The inputs and outputs

corresponding to each training / æsting set are given in Appendix C.

1-Il Identify the year of data used for forecasting

(eg. 83/84 = 1983/1984

91192 = l99ll1992).

4.4 Development of Multivariate Neural Network
Model

In this section, the development of the multivariate ANN models for the prediction of

Anabaena concentrations in the River Murray at Morgan is described. The procedure

set out in Figure 2.18 was followed-

4.4.1 Inspection of Plots of the Time Series

Plots and discussions of the time series are given in Section 4.3.1-I

4.4.2 Determination of Model Inputs

The neural network based approach, which is described in Section3.10-2, was used to

determine appropriate model inputs-

4.4.2.1 Development of Bivariate Models

Seven bivariate models were developed, relating the output variable (i.e. Anabaena

concentrations) to lagged inputs of each of the seven input variables. A summary of the

networks developed for input identification purposes is given in Table 4.6. It should be

noted that the maximum lag (k-o) used was 26, us it was assumed that present

Anabaena concentrations would not be affected by inputs from morc than six months

earlier.

It was decided to use all 10 years of data (i.e from 1983/84 to 1992193) for fraining and

to use the same data for testing. This indicates how well the relationships between the

input data and the output data have been learnt by the networks. As a result, the

nomenclature of the models given in Table 4.6 only shows the model number and the

number of the training / testing set, and not the year used for forecasting, as all æn years

of data were used for forecasting.

433
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Table 4.6: Details of the Bivariate Models Developed for Input Identification Purposes

Model Output va¡iable Input variable Lags of inputs

(weeks)

01 01

or 02

0l 03

02 04

01 05

02 06

01 07

Anabaena spp.

Anabaena spp-

Anabaena spp.

Anabaena spp.

Anabaena spp.

Anabaena spp.

Anabaena spp.

Colour

Turbidity

Temperature

Flow

Soluble Phosphorus

Total Phosphorus

Nitrogen

r,2, ----,25,26

1,2, ----,25,26

r,2, ----,25,26

L,2,.---,25,26

r,2,.-._,25,26

r,2,._--,25,26

r,2,.-..,25,26

The network geometry was chosen tobe26-45-15-1 for all networks. It was decided to

use two hidden layers and a relatively large number of nodes per layer to ensure that

sufficient parameters were available to estimate the complex relationship be¡veen the

network inputs and outputs. It should be noted that overtraining is not an issue in this

case, as the training set is used for testing, and consequently, the generalisation ability of
the networks is not tested. The lag of the output was chosen to be +1 (i.e. a 2-week

forecast).

Initially, the same inærnal parameters were used for all seven models. Based on the

results obtained in Chapter 3, a learning rate of 0.1, a momentum value of 0.6, an epoch

size of 16, the hyperbolic tangent transfer function, the quadratic error function and the

normelised cumulative delta learning rule tvere used. However, when flow and total

phosphorus were used as input variables, the steps taken in weight space were too large

and learning ceased. As a result, the learning rate was reduced from 0.1 to 0.02, the

connection weights were re-initialised and training was fe-commenced.

The testing interval was chosen to be 25,000. The plos of the forecasts obtained did

not change substantially afær the presentation of 150,000 training samples, and raining
was ceased at a learn count of 200,000 for all networks.

The plots of the forecasts obtained using all seven models, afær the presentation of
200,000 raining samples, are shown in Figures 4.12 to 4.L8. It is inæresting to note

that despiæ the fact that the same data were used for raining and æsting, and that large

network geometries were used, the models were only able to predict certain incidence.s

of. Anabaena. In addition, different events were predicæd by different variables. The

relative magnitude of the actual events and the events predicæd by the various models
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for the ten years of daø are summaÍised in Table 4.7. lt should be noæd that the results

for the model using temperature inputs have been omitted from Table 4.7 , as this model

predicts a peak of approximately the same size at the same time each year (Figure 4.14).

actuat max.25,252 cells/ml f
91

87/88 90/91

85/86 92193

83/84 89/90
88/89

84/85 86187

-1 000

Figure 4.I2: Two-Week Forecasts Obtained Using the Model With Colour Inputs
(Model01-01)
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Figure 4.13: Two-Week Forecasts Obtained Using the Model rüith Turbidity Inputs
(Model01-02)
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actual mÐ<. 25,252 cellVml

I
I

87188 90/91

85/86 92/93

89/90

83/84 84185 86187 88/89

Figure 4.14: Two-Week Forecasts Obtained Using the Model With Temperature Inputs
(Model0l-03)
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Figure 4.15: Two-Week Forecasts Obtained Using the Model With Flow Inputs
(Model 02-04)
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Figure 4.16: Two-Week Forecasts Obtained Using the Model With Soluble Phosphorus

Inputs (Model01-05)

Chapter 4: Modelling Blue-Green Algoe 437

actual max. 25,252 celtVmlf

actual mu<. 25,252 cellVmL f
91

87188 90/91

85/86 92/93

89/90

84185
86187 88/89

83184

-1000

Figure 4.17: Two-Week Forecasts Obtained Using the Model With Total Phosphorus

Inputs (Model02-06)
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actual mat<.25,252 cellVmL f
5000

91

4000
87188 90/91

85i86 92193
2000

89/90
84/85

88/89
1000 83/84 86187

-1 000

Figure 4.18: Two-Week Forecasts Obtained Using the Model With Nitrogen Inputs
(Model01-07)

If one of the models correctþ predicts the incidence or absence of Anabaena in a

particular year, one can conclude that some relationship exists between the input
variable considered (i.e colour, turbidity etc.) and concentratons of Anabaena (in that
particular year). However, the rclationship obtained is not necessarily general, as the

same data were used for training and æsting. If, on the other hand, one of the models

does not conectly predict the incidence or absence of. Anabaena tn a particular year,

despite the fact that the same data were used for training and æsting, one can conclude

that there is defrnitely no relationship benveen the variable considered and

concentrati ons of Anab ae na.

Table 4.7 andFigures 4.l2to 4.18 indicate rhat:

The lack of any incidence of Anabaenø in 1983/84 and 1984/85 was only predicæd

by the models using turbidity, soluble phosphorus and total phosphorus as inputs.

This tends to suggest that the high levels of these three variables in the years in
question are responsible for the lack of Anabaena. However, as discussed

previously, turbidity, soluble phosphorus and total phosphorus are highly correlated,

and high levels of turbidity inhibit the growth of Anabaena, whereas high levels of
phosphorus favour their growth. Consequentþ, one can conclude that high levels of
turbidity were probably responsible for the absence of Anabaena in 1983/84 and
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1984/85. The fact that the models using colour, temperature, flow and nitrogen as

inputs predicæd incidence of Anabaen¿, when in fact there were none, indicates thât

colour, temperature, flow and nitrogen were definitely not responsible for the lack of

Anabaenain 1983/84 and 1984/85-

Table 4.7: Relative Magnitude of Actual and Predicted Peak Concentrations of
Anabaeno

439

Year Actual Predicted

Input variable

Colour Turbidity Flow Soluble

phosphorus

Total

ohosphorus

Nitrogen

83/84 ++ + +

84/85 + + +

85/86 ++ ++

86t87 + + ++ + + +

87/88 +++ + ++ + +

88/89 + + + + + +

89/90 ++ + + ++ + +

9019r +++ ++ +++ ++ +++ ++ ++

91192 +++++ + ++ + +++

92193 ++ ++ +++ ++ +

+

++

+++

++++

+++++

0 cells/ml I concentration of Anabaena < 500 cells/ml

500 cells/ml ( concentration of.Anabaenø < 1000 cellVml

1000 cells/ml ( concentration of Anabaena <200il- cells/ml

2000 cells/ml ( concentration of. Anabaent <3000 cell^Vml

4000 cellVml < concentration of. Anabaeny < 5000 cells/ml

concentration of Anabaena2 5000 cellVml

The sharp peak in Anabaena concentration in 1985/86 was only predicæd by the

model using total phosphorus as inputs, suggesting that total phosphorus might be

responsible for this incidence of Anabaena. The fact that the other models were

unable to predict the peak tn Anabaena concentration in 1985/86 indicates that

colour, turbidity, temperature, flow, soluble phosphorus and nitrogen were deltnitely

not responsible for the above peak in Anabaena concentration.
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The small incidence of Anabaen¿ in 1986/87 was predicted by all models, apart from

the one using soluble phôsphorus as inputs, suggesting that soluble phosphorus was

definiæly not responsible for the incidence of Anabaena in 1986187 - The incidence

of Anabaena predicted by the model using turbidity inputs was much larger than the

actual incidence.

The large incidence of Anabaena in 1987/88 was predicted by the models using

colour, turbidity, total phosphorus and nitrogen as inputs, although the timing of the

incidence predicted by the model using colour inputs, and the magnitude of the

incidence predicted by the model using nitrogen inputs, were not very good. The

models using flow and soluble phosphorus as inputs did not predict the incidence of
Anabaena in 1987/88, suggesting the these two variables were definiæly not

responsible for this incidence of Anabaena.

The small incidence of Anabaenø in 1988/89 was predicted by all models, apart from

the one using flow inputs, suggesting that flow was definitely not responsible for the

incidence of Anabaen¿ in 1988/89.

The incidence of Anabaeno in 1989/90 was predicted by all models, apart from the

one using soluble phosphorus as inputs, suggesting that soluble phosphorus \ryas

definiæly not responsible for the incidenæ of Anabaena in 1989/90.

The large incidence of Anabaena n 1990191 was predicûed by atl models, although

the double peak in the concentration of Anabaenc w¿ts only predicæd by the models

using turbidity and soluble phosphorus as inputs.

The very large incidence of Anabaena n I99ll92 was predicted by the rnodels using

colour, flow, total phosphorus and nitrogen as inputs, although the predictions

obtained using the models with flow and nitrogen inputs were by far the best. The

models using turbidity and soluble phosphorus as inputs did not predict the incidence

of Anabaena in 1991192, suggesting the these two variables were definiæly not

responsible for this incidence of Anabaena.

The large incidence of. Anabaena tn 199U93 was predicted by the models using

colour, turbidity, flow and total phosphorus as inputs. The models using soluble

phosphorus and nitrogen as inputs did not predict the incidence of Anabaena tn

1992193, suggesting the these two variables were definiæly not responsible for this

incidence of Anabaena-

a

a

o

a

a
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The above results indicate that the relationship between concentrations of An¿baeno and

the prevailing environmental conditions is very complex, as different va¡iables appear to

be responsible for the incidence of Anabaena in different years.

4.4.2.2 Performance of Sensitivity Analyses

As part of the sensitivity analyses, each of the network inputs was increased by an

amount equal to 5Vo of the average value of the input variable under consideration,

which was calculated by considering the ten years of data available. The resulting

change in the predicted algal concentration was recorded. The amount by which each of

the inputs was increased is given in Table 4.8 for the various input variables.

Table 4.8: Amount by Which Each of the Inputs was Increased During the Sensitivity
Analyses

Input Variable Increase for each Input

Colour

Turbidity

Temperature

Flow

Total Phosphorus

Soluble Phosphorus

Nitrogen

1.94 HU

4.25 NTU

0.94 0c

1178 ML/Day

0.008 mglL

0.002 mgtL

0.006 msfu

Typical plots of the relative significance of the inputs of each of the seven bivariate

models are shown in Figures 4.I9 to 4.25. It should be noted that the sensitivities

shown are those at the times of ma:cimum Anøbaena concentrations in any given year.

The sensitivities for different years are shown, as the relative significance of the inputs

varied from year to year. Only the plots of the relative significance of the inputs for the

years for which the models accurately predicted the incidence of Anabaena aÍe shown.

As there were no Anabaena present in 1983/84 and 1984/85, no plots are shown for

these years-

As can be seen from Figures 4.19 to 4-25, the cut-off points between significant and

non-significant inputs are not as clearly defîned as they were in the salinity forecasting

problem. A great deal of judgement had to be used to determine which inputs to include

in the multivariate model- In many instances, there appear to be two cut-off points, as
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indicated by the vertical lines in Figures 4.19 to 4.25. For example, in Figure 4.20, tbere

appears to be a cut-off point at lag 8 and again at lag 22- It was decided to compile two

different training / æsting sets; one which included inputs up to the first cut-off point,

and a second which included inputs up to the second cut-off point. It should be noted

that in this case study, the choice of which inputs to include in the multivariate model

requires a great deal of judgement. The lags of the inputs chosen for the various input

time series using this method are given in Table 4.9 (training / testing sets 09 and 10).

In order to assess the effect of using lagged inputs, a third training / testing set was also

used, which included inputs at lag I only (training / testing set 08, Table 4-9).

86187 90/91

Lag of inputs Lag ol inputs

91192 92193

Lag of inputs Lag of inputs

Figure 4.19: Relative Significance of Inputs - Model0l_01 (i.e. Model Using Colour
Inputs)
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Figure 4.24: Relative Significance of Inputs - Model 02-06 (i.e. Model Using Total

Phosphorus InPuts)
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Inputs)



446 Chapter 4: Modelling Blue-Green Algae

Table 4.9: Multivariate Model Inputs Chosen

7 Total 43 Total 102 Total

4.4.3 Choice of Network Geometry and Internal Parameters

As a result of the complexity of the relationship benveen the input and output va¡iables,

it was decided to use two hidden layers. Based on the results obtained in Chapær 3, the

network geometries for training / testing sets 08, 09 and l0 were chosen to æ,7-15-5-2,

43-45-L5-2 and 102-120-40-2 respectively. As discussed in Section 4.3.3, the lags of

the outputs were chosen to be +l (i.e. 2-week forecast) and +3 (i.e. 4-week forecast).

The results obtained in Chapær 3 were also used as a guide for choosing the inærnal

network parameters. A learning rate of 0.03, a momentum of 0.6, an epoch size of 16,

the hyperbolic tangent transfer function and the normalissd cumulative delta leaming

rule were used.

4.4.4 Training

In order to obt¿in good model performance, the training data were chosen so that they

contained all exûeme values of the input and output variables. As mentioned in Section

4.3.1.1, the turbidities in 1983/84 and the Anabaena concentrations n l99ll92 were

significantly greater than the values in any other years. Consequently, data from these

years were not used for validation purposes.

In order to make maximum use of the available data, and to get the best possible

indication of the generalisation ability of the models, eight networks were tained using

Input

variable

Lags of inputs

Training /
testing set 08

Training /
testing set 09

Training /
testing set 10

Colour

Turbidity

Temperature

Flow

Soluble phosphorus

Total phosphorus

Ninoeen

I
1

I
1

I
1

1

I,2,3, 4

1,2, -..,8
1,26

1,2, .--, 15

L,2, ...,5
1,2

1.2.....7

r,2,.--,26
1,2, ---,22

1,26

1,2, -..,26

L,2,..-,8
1,2

r.2. .... 16
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each of rhe three training / æsting sets (i.e. training / testing sets 08, 09 and 10), as

shown in Table 4.10- Each of the eight networks were t¡ained using all available data

with the exception of one year, which was withheld to obtain an independent forecast

(Table 4.10). The data from 1984/85, 1985/86, 1986/87, 1987/88, 1988/89, 1989/90,

l990t9l and I992t93 were withheld in turn. The data from 1983/84 and l99Il92 werc

not used for forecasting for reasons discussed above. This method enables independent

forecasts to be obtained for a number of years, while using the maximum amount of data

available for training.

The æsting interval was chosen to be 5,000. Using cross-validation as the stopping

criterion, training was ceased at a learn count of 50,000. The models which produced

the best forecasts were retained.

Table 4.10: Multivariate Models Trained for Each of the 3 Training / Testing Sets

Model Years used for

training

Year used for

testingTraining / æsting set _
08 (7 inputs) 09 (43 inputs) 10 (102 inputs)

03 08 84/85 04 09 84/85 05 10 84/85 All but 1984185 1984/85

03 08 85/86 04_09_85/86 05 10 85/86 All but 1985/86 1985/86

03 08_86/87 04 09 86187 05 10 86187 All but 1986/87 r986t87

03_08_87/88 04 09 87/88 05 10 87/88 All but 1987/88 1987/88

03 08 88/89 04 09 88/89 05_10_88/89 All but 1988/89 1988/89

03 08 89/90 04 09 89/90 05 10 89/90 All but 1989/90 1989/90

03 08 9019t 04_09-9019r 05 10 90191 All but t990l9l 1990t9r

03 08 92193 o4_o9_92193 05 10 9493 All but 199U93 1992193

4.4.5 Results / Discussion

The ability of the models with 7, 43 and 102 inputs to accurately forecast the relative

magnitude of concentrations of Anabaena at Morgan is shown in Table 4.11.

It can be seen that model performance increases with an increase in the number of model

inputs. All models accurately predict the events with concentrations below 1000

cell$ml in 1984/85,1986187 and 1988/89. However, only the model using 102 inputs

predicts all5 events in excess of 1000 cellVml in 1985/86, 1987/88, 1989/90, l990l9l

and 1992193. The model using 7 inputs does not predict the signifrcant events in

1987/88 and 1990/91, while the model using 43 inpuß does not predict the significant
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event in 1987/38. The models which were unable to predict significant incidence of

Anabaena (models 03_08_87/88,03-08_90/91 and 04-09-87188) were re-trained using

a larger learning rate of 0.3 (models 06-08-87/88, 06-08-9019I and 07-09-87/88), in

case the models with the smaller learning rates had got stuck in a local minimum in the

error surface which they could not escape. However, using a larger leaming rate had no

signihcant effect on the forecasts obtained.

Table 4.11: Relative Magnitude of 2-V/eek Forecasts

Year Actual peak concentration

(cells/mL)

Correct (/) or incorrect (x) relative

magnitude of forecasts

7W 43 UP rczrn
1984/85 < 1000

1985/86 > 1000

r986t87 < 1000

1987/88 > 1(n0 a ,C

1988/89 < 1000

1989/90 > 1000 ,/ *\

r990t9r > 1ü)0 x

1992193 > 1000

:r') Forecast very close to 1000 cellVml fiust below)

In addition to relative magnitude, the timing of the significant events is also of great

importance. The timing of the forecasts was assessed by visual inspection of the plots of

actual versus predicæd concentrations (Figures 4.26 to 4.28). The modet with 102

inputs correctly predicts the timing of 4 of the 5 significant events (1987/88, 1989/90,

I990l9I and t992193), the model with 43 inputs correctly predicts the timing of 3 of the

5 significant events (1989/90, I990l9l and 1992193), while the model with 7 inputs

conectly predicts the timing of only 2 of the 5 signifrcant events (1989/90 and 1992193)

(Table 4.12).

The fact that the model with 102 inputs performs best confirms that ANNs are relatively

insensitive to model noise and make use of any additional information presenæd to

them. This is especially true for complex problems, such as the one considered in this

case study. The results obtained also indicate that the generalisation ability of the

models was not adversely affecæd by using a large number of inputs,. and hence large

network geometries, despite the fact that only limited training data were available. This

is in agreement with the results obtained in Chapter 3.
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Table 4.I2: Timing of 2-V/eek Forecasts

Year Correct (/) or incorrect (t<) timing

of forecasts

7W 43I1P t02vP

1985/86 * ,C

1987/88 N/A N/A *

1989/90

r990t9l N/A

1992193

Figures 4.26 to 4.28 indicate that the model with 102 inputs has the ability to deærmine

more detailed variations tn Anabaena concentration than the models with 7 and 43

inputs, such as the double peaks in 1986/87, 1989/90 and 1992193-
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A plot of the 4-week forecasts obtained using the model with 102 inputs is shown in

Figure 4.29- As can be seen by comparing Figures 4.28 and 4.29, the 4-week forecasts

are very similar to the 2-week forecasts- All signihcant incidence of Anabaena are

predicæd 4 weeks in advance, and the timing of 4 of the 5 significant events is predicted

correctly, as is the case for the 2-week forecasts.
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Figure 4.29: Actttal and Predicted Concentrations of An¿baena at Morgan (4-Week

Forecast) - Model With 102 Inputs

A sensitivity analysis was ca¡ried out on the model with 102 inputs, in order to

determine the relative signifrcance of each of the inputs, and to get some understanding

of which environmental conditions are dominant. A typicat plot of the relative

significance of each of the 102 inputs for a forecasting period of 2 weelqs is shown in

Figure 4.30. It should be noæd that Figure 4.30 is typical for all years used for

forecasting, which suggests that a general relationship between the inputs and outputs

has been deærmined by the ANN model. Figure 4.30 indicates that the relationship

be¡veen the model inputs and outputs is very complex. None of the input variables

appears to be dominant, with each one contributing in an approximaæly equal fashion.

As expected, the sensitivities indicate a strong inverse relationship between algal

concentration and turbidity and colour, and a strong positive correlation between

temperature and the size of the algal population. The sensitivities also show a strong

positive correlation between the concentration of. Anabaena and flow at lags in excess

102L/P

Actual
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of several weeks. This indicates that large algal populations occur afær the passing of a

flood, which could be responsible for flushing algal cells from anabranches and laþoons

into the main river channel.
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Figure 4.30: Typical Plot of the Relative Significance of the Model Inputs for the Model
wittr l02Inputs

The sensitivity analysis indicates that the size of the algal population is inversely related

to total and soluble phosphorus. However, as explained in Section 4.3.1J, this is

merely an indication that phosphorus is not limiting, and that high levels of phosphorus

are strongly correlaæd with high nrrbidity values. The model shows a positive

conelation between the concentration of. Anabaena and nitrogen, suggesting that

nitrogen is the limiting nutient. This is surprising, a.s Anabaenahave the ability to fix

nitrogen from the atmosphere.
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4.5 Conclusions

The results obtained in this chapter indicate that multivariate ANN models are suitable

for forecasting the relative magnitude and timing of incidences of Anabaena in the River

Murray at Morgan up to 4 weeks in advance-

The causal variables were found to interact in a very complex manner, as indicated by

the fact that model performance increased with an increase in the number of inputs (i-e-

the model with 102 inputs performed better than the model with 43 inputs, which

performed better than the model with 7 inputs), and by the results of the sensitivity

analysis carried out on the model with 102 inputs. No one variable was found to be

dominant, with all input variables contributing. There appears to be a strong inverse

relationship between Anabaena concentrations and colour and turbidity, and a strong

positive relationship between Anabaena concentrations and temperature. Nitrogen,

rather than phosphorus, seems to be the timiting nutrient, which is surprising, as

Anabaena have the ability to hx nitrogen from the atmosphere. In recent years, algal

blooms appear to occur on the falling limb of a flood hydrograph, suggesting that algae

might be advected from anabranches or lagoons into the main channel of the river.

The results obtained indicaæ that there is a dehnite advantage in considering lagged

inputs. One would suspect that this is especially true when changes in the input

va¡iables with time are rapid. Consequently, using lagged inputs is of greater advantage

when forecasting blue-green algae in rivers, rather than lakes, as river environments are

dominaæd by the flow regime.

The fact that the relative significance and timing of most significant incidences of

Anabaenø were successfully predicted by the model developed indicates that the

environmental variables used as model inputs (i.e. colour, turbidity, temperature, flow,

total phosphorus, soluble phosphorus and nitrogen) are the primary causal factors of

incidences of Anabaen¿ in the River Munay at Morgan. However, the forecasts could

possibly be improved by including other causal variables such as the amount of incoming

radiation, the concentrations of algal predators and competing algal species, the thermal

structure of the river, pH and dissolved oxygen, for which no data were available in the

case study considered.



Chapter 5

Conclusions and Recommendations

5.L Contributions of the Research

This thesis has made the following contributions:

1. The suitability of back-propagation ANNs for modelling multivariate water quality

time series has been assessed by applying them to two diverse case studies,

including:

(i) The long-term forecasting of salinity in the River Murray at Murray Bridge,

South Australia, given past values of salinity, flow and river levels at Murray

Bridge and various upstream locations.

(ä) The prediction of the incidence of blue-green algae (Anabaena spp.) in the River

Murray at Morgan, South Australia, given various prevailing environmental

conditions, including the colour, turbidity, temperature and flow of the river and

the concentrations of total phosphorus, soluble phosphorus and total nitrogen.

454
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2. The performance of back-propagation ANN models (univariaæ and multivariate) has

been compared with that of ARMA type models (univariate and multivariate), which

are commonly used for time series modelling. Both model types (i.e. ANN and

ARMA) were applied to the case study of forecasting salinity in the River Murray at

Murray Bridge, and compared in terms of generalisation ability and ease of use.

3. Guidelines for the use of back-propagation ANNs for modelling multivariate time

series have been developed. In particular, information is given on:

o The ability of multilayer back-propagation networks to deal with non-stationary

time series.

,- . How to best use the available training data-

-- o How to determine appropriate model inputs-

o The best way to obtain multi-step forecasts.

,- c The effect of using different inærnal network parameters, including the leaming

rate, the momentum, the epoch size, the transfer function, the error function and

initial weight distribution.

o The effect of using the delta-bar-delta algorithm.

,. The way the generalisation ability of ANN models changes as training

progresses, especially once a local minimum in the error surfacÞ has been

reached.

Methods for optimising network performance.

How to best perform real time forecasting simulations.

The effect of using different network geometries, including the effect of the

number of hidden layers and the number of nodes per hidden layer.

4. The method of Haugh and Box (1977), which is commonly used to deærmine the

inputs for multiva¡iate time series models of the ARMA type, has been suggested as

a viable means of determining the inputs for multivariate ANN models. In addition,

a new method for determining the inputs for multivariate ANN models has been

introduced, which is based on a neural network approach- The of both

was assessed by applying them to the casq study of forecasting salinity in

the River Murray at Murray Bridge. lThe neural network based method was also

applied to the case study of modelling the incidence of blue-green algae in the River

Murray at Morgan.

_a
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a
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5. It has been demonstrated that back-propagation ANNs can be used to obøin

valuable information about thó rehtionships between environmental time series by

canying out sensitivity analyses, and do not have to be treaæd as a "black box".

6- It has been shown that back-propagation ANNs can be successfully used to address

some of the water quality issues in the River Murray. They are capable of producing

useful 28-day forecasts of salinity at Murray Bridge, which can be used to reduce

the salinity of the water supplied to users in Adelaide. In addition, they can

successfully forecast the timing and relative magnitude of incidence of Anabaena at

Morgan up 4 weeks in advance, and provide useful information about the causal

factors of blue-green algal blooms.

5.2 General Conclusions

1. Back-propagation ANNs a¡e a suitable tool for modelling multivariate water quality

time series. The following properties make them particularly useful for the above

task:

They perform well when limiæd data are available.

They are able to model non-stationary time series, thus reducing the amount of
data pre-processing (and post-processing) required-

They are suitable for longer-term forecasting, as ttrey can be trained for specific

forecasting periods-

They are capable of determining complex relationships between time series.

a They are non-linear-

They are relatively insensitive to model and data noise.

They are capable of providing useful information about the relationships between

water quality time series.

o

a

a

a
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Z. Mulúvariate ANN models have the following advantages over multivariate ARIMA

models

. They perform better when longer-term forecasts are required.

. They perform better when limited data are available-

o They are non-linear-

. They do no require stationary input data-

. They can be trained for a specific forecasting period.

. They are less sensitive to model noise.

ARIMA models, include:

. They give poorer short-term forecasts-

o There are some difficulties in optimising model performance (i.e. obtaining the

best estimates of the connection weights)-

. Optimum network geometries and internal parameters generally have to be

obtained using a trial and error approach-

3. Using anal¡ical procedures for deærmining the inputs for multivariate ANN models

has a number of advantages, such as reducing the number of inputs and consequently

network geometry, training time and the chance of the network getting stuck in

undesirable regions of the weight space. Such methods are especially useful when

no a prioriknowledge is available to suggest possible model inputs, and for complex

problems, wherc the number of potential inputs is large. The following two methods

were found to be appropriate for determining the inputs for multivariate ANN

models:

The method of Haugh and Box (1977), which is commonly used to determine

the inputs for multivariate time series models of the ARMA type.

A neural network based method, which involves the development of simple

univariaæ and bivariate ANN models to establish relationships between the

output time series and each of the input time series. The strength of these

relationships is determined with the aid of sensitivity analyses, and the inputs that

have a significant effect on the outputs a¡e chosen as inputs to the multivariate

model.

457

The disadvantages of multivariate ANN models, compared with multivariate
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The latter method has the following advantages:

It can determine which inputs are significant for a specific forecasting period,

potentially reducing the number of inputs.

It is simpler and quicker to use, as data pre-processing (e.g. differencing, pre-

whitening) is not required.

One disadvantage of the neural network based method is that there is some

judgement involved in deærmining the level of signihcance, above which inputs of
the univariate and bivariate models are included in the multivariate model.

4- The following guidelines / information should be taken into account when modelling

multivariate time series using back-propagation ANNs:

ANNs are able to cater for non-stationarities in the data (i.e. trends, seasonal

variations) with the aid of their hidden layer nodes.

In order to adequately assess the generalisation ability of ANN models, it is

desirable to use as much data as possible for validation purposes. A good way

to achieve this is to train a number of models, each using different data for
training and æsting. In this way, independent forecasts can be obtained for all

available data, while maximising the amount of data used for training.

The neural network based method described in 3 above should be used to

determine appropriate model inpul.s.

In cases where multi-sûep forecasts are required, the models should be trained

for the requircd forecasting period(s) directly. Each node in the output layer

should correspond to a forecast with a particular forecasting period.

The size of the steps taken in weight space, and hence taining speed, are

significantly affected by the leaming rate, momentum, epoch size (depending on

the leaming rate used), error function and gain of the transfer function. It should

be noted that the same leaming speed can be achieved by using different

combinations of the above parameters.

a

a

a
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The learning rate, momentum, epoch size and initial weight distribution do not

have a significant effect on the generalisãtion ability of ANNs. However, if the

combination of the above parameters is such that the steps taken in weight space

are too large, divergent behaviour may occur during training-

The transfer and error functions can have a significant effect on network

performance. Consequently, it is suggesæd to assess the effect of different

transfer and error functions in order to optimise model performance.

There does not appear to be any advantage in using the delta-bar-delta algorithm

(Jacobs, 1988), as a trial and error approach has to be used to optimise certain

parameters, which control the rate at which the leaming rates are adjusæd during

training.

During training, the generalisation ability of ANNs increases until a local

minimum in the error surface is reached. The learn count at which this occurs is

a function of the size of the steps taken in weight space. Once a local minimum

in the error surface has been reached, the generalisation ability of the network

increases and decreases in an oscillatory fashion with continued training, as the

network jo-ps from one side of a local minimum to the other or from one local

minimum to another. These oscillaúons generally take place afær each weight

update, unless very small steps are taken in weight space. The magnitude of the

oscillations is a function of the size of the steps taken in weight space. Greaær

steps in weight space enable networks to escape local minima in the error

surface, allowing better solutions to be found. However, if the steps taken in

weight space are too large, divergent behaviour might occur. The network

behaviour described above has the following implications for users of back-

propagation networks:

459
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(Ð If a fxed number of training samples ¿ue presented to networks, their

generalisation ability cannot be monitored as taining progresses'

Consequently, no information is available on the learn count at which a local

minimum in the error sutface is reached, and the magnitude of the

oscillations in generalisation ability once a local minimum in the error surface

has been rcached. However, without this information, it is very difficult to

obtain good generalisation ability, as illustaæd by the following examples:

0 Training might be stopped before a local minimum in the error surface

has been reached.



460 Chapter 5: Conclusions and Recommendations

If large steps are taken in weight space, the oscillations in the

generalisation ability of the network, once it has reached a local

minimum in the error surface, will be large. Consequently, even if
training is stopped once a local minimum in the error surface has been

reached, there is a strong likelihood that, at the learn count when

training is stopped, the generalisation ability of the network is far from

optimal.

If small steps are taken in weight space and a local minimum in the

error surface has been reached, the generalisation ability of the network

is almost independent of when training is stopped. However, as small

sûeps are taken in weight space, the network is less likely to escape

local minima in the error surface, resulting in inferior generalisation

ability. In addition, training time is increased.

The above information also has to be taken into account when optimising the

inærnal network parameters using a trial and error approach. As discussed

above, the combination of internal network parameters affects the size of the

steps taken in weight space. Consequently, the difference in generalisation

ability of trvo networks with different internal parameters at a particular learn

count does not necessarily reflect the generalisation capabilities of the two

networks. In other words, the comparative generalisation ability of two

networks with different intemal pammeters might be different at different

learn counts.

(ü) Cross-validation should be used as the stopping criterion, as it enables the

generalisation ability of the network to be monitored as training progresses.

This enables larger steps to be taken in weight space, thus increasing training

speed and the ability of the networks to escape local minima in the error

surface. The following procedure can be used to obtain near-optimum

network performance:

0 The network should be trained using a small epoch size, a relatively

large learning rate and a relatively large momentum. It should be noted

that the absolute values of leaming rate and momentum that should be

used are dependent on the nature of the error surface. The leaming

rate and momentum chosen should be small enough to avoid divergent

behaviour.

0 Training should be stopped at regular intervals, and the generalisation

ability of the network assessed. It should be noæd that smaller testing

intervals increase the chances of obtaining networks with better

a

a
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generalisation ability. It is advisable to reduce the æsting intervals

once a network approaches a local minimum in the error surface.

Training should be stopped once a local minimum in the error surface

has been reached.

The network that produced the best forecast should be selected and

training re-commenced after reducing the learning rate and momentum

to very small values (possibly reducing them by a factor of 100) and

setting the epoch size equal to the number of samples in the training

set.

Training should be stopped, and the generalisation abilþ of the

network assessed, after each weight update (i.e. the testing interval

should be equal to the epoch size)-

Training should be continued until there is no further improvement in

the network's generalisation ability.

46r
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a When using cross-validation as the stopping criterion for real time forecasting

simulations, it is necessary to have separate training, testing and forecasting sets.

The network that gives the best forecasts for the testing set should be used for

forecasting. In order to obtain good generalisation ability, and hence good real

time forecasts, the testing set has to be chosen carefully, so that it is

representative of the relationship to be approximated.

When limited data are available, it might be better to present a fixed number of

training samples to the network during training, in order to utilise all the

available data in the t¡aining phase. However, it is vital to carry out some

exploratory analysis, in which a small portion of the training set is used to test

the performance of the network at various stages of learning. This gives an

indication of how many training samples need to be presented to the network

until a local minimum in the error surface is reached and the magnitude of the

oscillations in generalisation ability, once a local minimum in the error surface

has been reached, for a particular combination of network parameters- The

knowledge obtained as part of the exploratory phase (i.e. what network

parameters are appropriate and how many training samples should be presented

to the network) can then be used to re-train the network, using all available data

for training. The knowledge of when a local minimum in the error surface is

reached may also be used to reduce the size of the steps taken in weight space at

that point, in order to reduce the magnitude of the oscillations in generalisation

ability.
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The number of hidden layers (i.e. one or two) and the number of nodes per

hidden layer do not appear to have a signihcant effect on generalisation abilíty.

However, the effect of network geometry is problem dependent. Training speed

is significantly affecæd by network geometry, as the time taken to process one

training sample is a function of the number of connection weights.

a

Once training is complete, sensitivity analyses can be used to obtain useful

information about the relationships between the network inputs and outputs

5.3 SpecificConclusions

5.3.1 Case Study 1 - Forecasting Salinity in the River Murray

1. Back-propagation ANNs are a suitable tool for obtaining long-ûerm salinity forecasts

in the River Murray at Murray Bridge. The RMSE and AAPE of 14 day forecasts

obtained as part of a real time forecasting simulation for 1991 were 48.1 EC units

and 6.47o respectively. The corresponding values were 78.3 EC units and9.87o for
the 28 day forecast.

2- Multivariaæ ANN models are better suiæd to longer-term forecasúng of salinity in

rivers than multivariate ARIMA models.

3- Multivariate ARIMA models are better suiæd to short-term (several sæps ahead)

forecasting of salinþ in rivers than multivariate ANN models.

4. Using upstream salinities and flow information does not significantly improve short-

ærrn salinity forecasts. However, upstreafü salinities and flow become increasingly

important as the forecasting period increases. The inclusion of river level inputs is

not necessary.

5.3.2 Case Study 2 - Modelling Blue-Green Algae in the River Murray

l. Back-propagation ANNs are a useful tool for forecasting the incidence of a species

group of the cyanobactenum Anabaena spp. in the River Murray at Morgan up to 4

weeks in advance. Over a test period of eight years, the model was able to correctly

forecast whether the incidence of. Anabaena was significant (i.e. à 1000 cells/ml) in
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any particular year. In addition, the timing of four of the frve significant events was

predicted correctlY.

Z. The environmental variables that affect the size of the population of Anabaena

interact in a very complex manner. No one variable was found to be dominant, with

all variables contributing approximately equally. In addition, different environmental

conditions appear to be responsible for different significant incidences of Anabaena,

making it difhcult to put appropriaæ management practices in place to prevent large

incidences of Anabaena from occurring. There appears to be a strong inverse

relationship between Anabaena concentrations and colour and turbidity, and a

strong positive relationship between Anabaena concentraúons and temperature.

Nitrogen, rather than phosphorus, seems to be the limiting nutrient. This is

surprising, as Anabaena aÍe able to hx nitrogen from the atmosphere. In recent

years, algal blooms appear to occur on the falling limb of a flood hydrograph,

suggesting that algae might be advected from anabranches or lagoons into the main

channel of the river-

3. There is a definite advantage in using lagged inputs when modelling the incidence of

blue-green algae in rivers-

5.4 Recommendations for Further Work

1. The results of this research indicate that there ate some difficulties in optimising

feedforward networks using the back-propagation leaming algorithm, especially in

real time forecasting situations. Consequentþ, it might be worthwhile to compare

the performance of the back-propagation algorithm with random and statistical

approaches for optimising the connection weiþhts, such as the Bolømann machine

(Ackley et al., 1985), random direcæd search networks (Matyas, 1965; Solis and

Wets, 1935) and genetic algorithms (Goldberg, 1989)-

2. Although this research suggests that network geometry does not have a signihcant

effect on generalisation ability, it might be worthwhile to investigate the effect of

using techniques for adapting network geometry as training progresses, such as

those suggesæd by Fahlman and Lebiere (1990), Weigend et al. (1990), Sietsma and

Dow (1991) and Chung and [-ee (1992).
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3. For the case studies considered in this research, the performance of the ANN models

should be compared with other types of models, such as physically based and TVP

models (Young, L994).

4- The guidelines for the development of multivariate ANN models suggested in this

research should be applied to other case studies to investigate whether they may be

considered general or whether some of them are specific to the case studies

considered.
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Ir[otation

a

b

B

c

d

d'

dDW

D

et

et

Er

constant

constant

backshift operator

constant

degree of non-seasonal differencing

number of observations lost as part of differencing
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N' x 1 vector of random noise components at discrete time t

vector of random noise components for a VARIMA model in state space

form at time t

global error function at discreæ time t (ANN)
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Appendix A: Notatíon

average RMS forecasting error (ANN)
average RMS lorecasting error, once a local minimum in the error

surface has been reached (ANN)

maximum RMS forecasting etror, once a local minimum in the error

surface has been reached (ANN)

minimum RMS forecasting error, once a local minimum in the error

surface has been reached (ANN)

forecasúng period

cova¡iance matrix of e, at discrete time t
network input (ANN)

vector containing the network inputs (ANN)

activation level of node j (ANN)

optimal estimator of the state vector

identity matrix

number of autocorrelations used in the calculation of the Box-Pierce chi-

square statistic (QBP)

number of AR parameters at small (i.e. non-seasonal) lags used to

describe time series i
number of MA parameters at small (i.e. non-seasonal) lags used to

describe time series i
ma¡<imum lag of the inputs (excluding any inputs at seasonal lags) to

univa¡iate or bivariaæ ANN models

maximum lag for which the sample autocorrelation or sample partial

autocorrelation should be calculaæd to deærmine whether a time series is

stationary

number of exogenous variables

number of se ons in one year

Iikelihood function

order statistic median of an observation for order i
sample mean of the order statistic median values

number of values in the state vector (gr)

number of degrees of freedom

number of observations in the time series

year index

total number of model parameters

N'xl vector of prediction effors at discrete time t
number of years of data available

variable

K

g
Þ

H

i
I

rj

jt
rk

k'

k¡r{

kua

k^"*

K
L
L(.

Mi

M
m
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n

n

np

nt

ny
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N' number of time series forming part of a multivariate time series

model

number of nodes in the first hidden layer (ANN)

number of nodes in the second hidden layer (ANN)

number of nodes in the input layer (ANN)

number of nodes in the Kohonen layer of an LVQ network (ANN)

number of nodes in the output layer (ANN)

number of nodes in the previous layer (ANN)

total number of parameters (AR and MA) in a VARIMA model

total number of nodes in the enúre network (ANN)

number of connection weights (ANN)

maximum lag of the AR parameters from time series j used to describe

time series i
forecasting origin

desired (actual, historical) output at discrete time t (ANN)

predicted output at discrete time t (ANN)

vector containing the predicted network outputs (ANN)

order of the non-seasonal autoregressive parameters

order of the seasonal autoregressive parameters

period of the trend component

m x m covariance matrix of the estimation error

number of patterns (samples) in the testing set (ANN)

number of patterns (samples) in the training set (ANN)

order of the non-seasonal moving average parameters

lag at which the theoretical ACF and PACF cut off

order of the seasonal moving average parameûers

covariance matrix of f,

Box-Pierce chi-square statistic

order of the parameters of the exogenous variables

sample autocorrelation at lag k

sample partial autocorrelation at lag k
sample cross+orrelation function between time series 1z¡,rl and lzi,tl

PPCC test statistic

residual at discrete time t

seasonal component at discreæ time t
sample autocovariance function at for time series (zi,tì at lag k

sample cross-covariance function between time series {z¡,¡} and {z;,¡}

threshold for node j (ANN)

m x m transition matrix in the transition equation at discrete time t

NH1

¡II2
¡¡I

¡K
¡o
¡P
NPar

¡ToT
NW

NÆÜ

p

P

pr

Prt
PTE

PTR

q

qc

a
Qt

QBP

r¡
r1¿

rrirr(k)

r

Rr

st
sri (k)

st,", (k)

rt



468 Appendix A: Notation

observation at discrete time t (transformed data)

úme series of observations (transformed data)

K' x 1 vector of exogenous variables at discrete time t
connection weight between nodes i and j (ANN)

matrix containing the network connection weights (ANN)

input from node i (ANN)

output of node j (ANN)

N'x m transition matrix in the measurement equation at discreæ time t
observation at discrete time t (raw data)

N' x 1 vector of observations at discrete time t
state vector for a VARIMA model in state space form at time t
time series of observations (raw data)

sample mean of the time series {zs}
trend component at discrete time t (mean function)

parameter

parameter

vigilance parameter (ANN)

point on the chi-square distribution having 1k'-no) degrees of freedom

such that there is an area of 0.05 under the curve of this distribution

above this point

amount the connection weight between nodes i and j is changed during

one weight update (ANN)

epoch size (ANN)

autoregressive parameter

N'x N'matrix of AR parameters

cumulative distribution function of the standa¡d normal distribution

N'x K'matrix of parameters for the exogenous variables

learning rate (ANN)

state vector at discrete time t

coefficient

momentum value (ANN)

theoretical mean at discrete time t
seasonal index

covariance matrix of n, at discrete time t
moving average parameter
N'x N'matrix of MA parameters

theoretical autocorrelation at lag k
theoretical partial autocorrelation at lag k
theoretical cross-coffelation function between time series {r¡,ù and {1,t1

X¡

Y¡

Yr

zt

zÍ

zt

{zr
z
zt

c[

(z)

Âw;i

e

0¡
Õ,

on

fk
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pn

, I 1t'-no)

ut

{ur}
vt
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1ryN
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theoretical autocovariance function at for time series {z¡,,} at lag k

theoretical cross-covariance function between time series {z¡,,} and {z¡,t}

variance at discrete time t

width of a time striP

pararneter

fust difference operator
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Abbreviations

AAE

AAPE

ACF

ADALINE

AIC

ANN

AR

ARIMA

ARMA

ARMAX

ART

BAM

BIC

CARMA

CAT

CCF

CDE

CPU

dbd

Average absolute error

Average absolute percentage error

Autocorrelation function

Adaptive linear element

Akaike's information criterion

Artifrcial neural network

Autoregressive

Inægraæd mixed autoregressive - moving average

Autoregressive - moving average

Exogenous-variable autoregressive - moving average

Adaptive resonance theory

Bidirectional associative memory

B ayes information criærion

Contemporaneous autoregressive - moving average

Criterion autoregressive transfer function

Cross-correlation function

Cumulative delta (earning rule)

Central processing unit

Delta-ba¡-delta
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DE

DHR

edbd

EM

FLlL
FLTL

FOC

GRW

GTF

IPRM

IRW

LLIL
LLlU
LLO

LMB

LMN
LMO

LOC

LPS

LWE

LVQ

MA
MADALINE
MAE

MANN

MIB

MMSE

M-P

MSE

NCDE

NEP

NNN

PACF

PARMA

PLC

PPCC

PSPs

RMSE

SL5U

Delø (learning rule)

Dynamic harmonic regression

Extended delta-bar-delta

Expectation step - maximisation step

Flow at Lock 1 Lower

Flow at Lock 7 Lower

Flow at Overland Corner

Generalised random walk

General trans fer function

Intelligent pattern recognition memory

Inægrated random walk

River level at Lock I Lower

River level at Lock 1 Upper

River level at Loxton

River level at Murray Bridge

River level at Mannum

River level at Morgan

River level at Overland Corner

Lipopolysaccharide

River level at Waikerie

Iæaming vector quantisation

Moving average

Multiple adaptive linear element

Maximum absolute error

Multivariaæ artificial neural network

2-Methylisoborneol

Maximum mean squared estimator

McCulloch - Pitts

Median squared error

Normalised cumulative delta Qearning rule)

Network emulation processor

Natural neural network

Partial autocorrelation function

Periodic autoregressive - moving average

Primary liver cancer

Probability plot correlation coefltcient

Paralytic shellfish poisons

Root mean squared error

Salinity at Lock 5 Upper
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SLO

SMB

SMN

SMO

SWE

SOM

SSD

TFN

TI
TVP

UANN

VARIMA
VARMA

VLSI

Salinity at l,oxton

Salinity at Murray Bridge

Salinity at Marmum

Salinity at Morgan

Salinity at Waikerie

Self-organising map

Sequential spectral decomposition

Transfer function autoregressive - moving average

Testing inærval

Time variable parameær

Univa¡iaæ artificial neural network

Vector autoregressive integraæd moving average

Vector auûoregressive - moving average

Very large scale integration



Appendix C

Training / Testing Sets

C.1 Forecasting Salinity in the River Murray

Training /

Testing Set

Va¡iable Lags of Inputs Lags of Outputs

01 SMB t. 2, 3, 364, 365, 366, 367 0

02 SMB 1,365,366 0

03 SMB l. 2. 3...., 19, 20, 354, 355, ..., 375, 376 0. -7. -13

04 SMB r.2,3, ..., 14, 15 0. -7, -13

05 SMB 1,2,3, -..,19,20, 354,355, ...,375,376 -13

06 SMB L.2,3, ..., 14, 15 0, -4, -13
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Training /
Testing Set

Variable Lags of Inputs Lags of Outputs

07 SMB

SMN

SMO

SWE

SLO

FLIL

FOC

LMB

LMN

LLlU
LLlL
LMO

LWE

LOC

LLO

1,2,3,..., l6
1,2,3,.-.,33
l, 3, 5, ..., 31

1,2,3,..., l1
1.2.3...., l1
-23, -22, -.., -11

-9, -4, .--,41

-9, -4, ...r21

1,6, 11

1,6,11

1,6, ll
1,6, 11

1,6, 1l
1,6, 11

-10, -14, -9

1,6,11

-13

Training /
Testine Set

Va¡iable Lags of Inputs Lags of Outputs

08 SMB

SMN

SMO

SWE

SLO

FLIL

FOC

LMB

LMN

LLlU
LLIL
LMO

L\ryE

LOC

LLO

l, 3, 5, ...,9
1, 3, 5, .,., 15

1,2,3
1,2,3,...,7
r,2,3,...,6
-23, -22, ..., -20

-9,4,.,., -6 and 4l
-9, -4, ...,2r
1,6,11

1,6,11

1,6, ll
1,6, 11

1,6, 11

1,6, l1
-10, -14, -9

1 ll

-13



Appendíx C: Training /Testing Sets 475

Training /
Testing Set

Variable Lags of Inputs Lags of Outputs

09 SMB

SMN

SMO

SWE

SLO

FOC

LMB

LLlU
LLIL
LOC

1,2,3,4
1, 3, 5, ..., 15

r,2,3
L,2,3
I,2,3,5
-15, -13, ..., -1

l, 3, ..', 15

6, 11, 16

6, 11, 16

-r4, -12, ..., -4

-13

Training /
Testing Set

Variable Lags of Inputs Lags of Outputs

10 SMB

SMN

sMo
SWE

sLo
FOC

LLIU

1

1

1

I

3, 5, ..., 11

3, 5, ..., 15

3, 5, .-., 15

2,3,5
I,2,3,5
-L9, -r7, ...,7

-3, -1, ..., 5

-13

Training /
Testing Set

Variable Lags of Inputs Lags of Outputs

t1 SMB

SMN

SMO

SWE

SLO

FOC

LLlU

1, 3, 5, ..., 11

l, 3, 5, ..., 15

1, 3, 5, ..., 15

1,2,3,5
L,2,3,5
-19, -17, ...,7

-3, -1, ..., 5

-1, -3, ..., -t3
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Training /
Testine Set

Variable Lags of Inputs Lags of Outputs

t2 SMB

SMN

SMO

SWE

SLO

FOC

LLlU

1,3,5,..., ll
1, 3, 5, ..., 15

l, 3, 5, ..., 15

1,2,3, 5

L,2,3,5
-L9, -L7, ...,7

-3, -1, ..., 5

o, -4, -13

Training /
Testing Set

Variable Lags of Inputs Lags of Outputs

13 SMB

SMN

SMO

SWE

SLO

FOC

LLIU

1,3, 5,..., I 1

1, 3, 5, ..., 15

l, 3, 5, ..., 15

I,2,3,5
1,2,3,5
1,3,5,7
1,3, 5

0, -4, -13

Training /
Testins Set

Variable Lags of Inputs Lags of Outputs

t4 SMB

SMN

SMO

SWE

SLO

SL5U

FOC

1, 3, 5, ..., 11

1, 3,5, ..., 15

1, 3, 5, ..., 15

1,2,3,5
t,2,3,5
L,2,3,..., 10

-L9, -11, ...,7

-27
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Training /
Testing Set

Variable Lags of Inputs Lags of Outputs

15 SMB

SMN

SMO

SWE

SLO

SL5U

FLTL

l, 3, 5, ..., 11

1, 3, 5, --., 15

1, 3, 5, ..,, 15

I,2,3,5
1,2,3,5
r,2,3, -.., 10

-13, -11, -.., 13

-27

Training /
Testing Set

Variable Lags of Inputs Lags of OutPuts

16 SMB

SMN

SMO

SWE

SLO

SL5U

w7L

1, 3, 5, ..., 11

l, 3, 5, ..., 15

1, 3, 5, ..., 15

1,2,3,5
r,2,3,5
1,2,3, --., 10

1.3,...,27

-27

Training /
Testing Set

Variable Lags of Inputs Lags of Outputs

T7 SMB r,2, ...,20, 354,355, ..., 376 -13

Training /
Testing Set

Variable Lags of Inputs Lags of Outputs

18 SMB

SMN 1, 3, ...,30

-13

Training /
Testing Set

Variable Lags of Inputs Lags of Outputs

L9 SMB

SMO l' 3, ..., 30

-13
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Training /
Testing Set

Variable Lags of Inputs Lags of Outputs

20 SMB

SWE l, 3, ..., 30

-13

Training /
Testing Set

Variable Lags of Inputs Lags of Outputs

2l SMB

SLO 1, 3, ..., 30

-13

Training /
Testing Set

Variable Lags of Inputs Lags of Outputs

22 SMB

FLIL l, 3, '..' 30

-13

Training /
Testing Set

Variable Lags of Inputs Lags of Outputs

23 SMB

FLlL l, 3, ...,50
-13

Training /
Testins Set

Va¡iable I-ags of Inputs Lags of Outputs

24 SMB

SMN

SMO

SWE

SLO

FLlL

1,2

I,2,3,4
r,2,3,4,5,6,7
l, 2, 3, 4, 5, 6,',|, g,g, 10, I I
1,2,3,4,5,6,7,g,g,10, 11, L2, 13

1,2,3,4,5,6,7, g, g, 10

-13

Training /
Testins Set

Variable Lags of Inputs Lags of Outputs

25 SMB

SMN

SMO

SWE

SLO

FLlL

1,2

1,2

1,2

1,2,3,4
1,2,3, 4, 5, 6,7
1,2,3,4, 5,6,7, g

-13
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Training /
Testing Set

Variable Lags of Inputs Lags of Outputs

26 SMB

SMN

SMO

SWE

SLO

FLlL

l, 3, 5, ..., 11

1, 3, 5, ..., 15

1,3,5,..., 15

L,2,3,5
1,2,3,5
1,3,5,7

-13

C.2 Modelling Blue-Green Algae in the River Murray

Training /
Testing Set

Variable Lags of Inputs Lags of Outputs

01 Anabaena

Colour 1.2, -..,26

1

Training /
Testing Set

Variable Lags of Inputs Lags of Outputs

02 Anabøena

Turbidity t,2r...,26
1

Training /
Testing Set

Variable Lags of Inputs Lags of Outputs

03 Anabaenø

Temperature 1,2,...,26
I

Training /
Testing Set

Variable Lags of Inputs Lags of Outputs

o4 Anabaena

Flow 1,2,...,26

I
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Training /
Testine Set

Variable Lags of Inputs Lags of Outputs

05 Anabaena

Soluble Phosphorus t.2. _...26

I

Training /
Testine Set

Variable Lags of Inputs Lags of Outputs

06 Anabaena

Total Phosphorus r,2,...,26
1

Training /
Testins Set

Variable Lags of Inputs Lags of Outputs

07 Anabaena

Nitrogen 1.2.....26
I

Training /
Testing Set

Variable Lags of Inputs Lags of Outputs

08 Anabaena

Colour

Turbidity

Temperature

Flow

Soluble Phosphorus

Total Phosphorus

Nitrogen

I
1

1

1

I
1

I

1 3,

Training /
Testins Set

Variable Lags of Inputs Lags of Outputs

09 Anabaena

Colour

Turbidþ
Temperature

Flow

Soluble Phosphorus

Total Phosphorus

Nitrosen

1,2,3,4
L,2,...,8
L,26

I,2, ...,15

1,2, ...,5

L,2

1,2,...,7

1 , 3
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Training /
Testing Set

Variable Lags of Inputs Lags of Outputs

10 Anabaena

Colour

Turbidity

Temperature

Flow

Soluble Phosphorus

Total Phosphorus

Nitrogen

I,2, --.,26

1,2,.",22
I,26
1,2,...,26
1,2,...,8
r,2
1,2, ...,16

-1, -3
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Neural Network Parameters and
Geometries

D.L Forecasting Salinity in the River Murray

Parameter/ Geometry Model Number

0l 02 03 04 05

læarnine Rate (n) 0.001 0.005 0.02 0.02 0.02

Momentum (U) 0.6 0.6 0.6 0.6 0.6

Epoch Size (e) 5 5 5 5 5

Transfer Function Linear Linear Linea¡ Linear Tanh

Iæarnine Rule NCDE NCDE NCDE NCDE NCDE

Error Function Quadratic Ouadratic Ouadratic Quadratic Quadratic

No. of Inputs (NI) 7 7 7 3 3

No. of Nodes in

Hidden Layer 1 (NHl)
0 0 0 0 0

No. of Nodes in

Hidden Layer 2 (NrD)

0 0 0 0 0

No. of Outputs (No) I I I I I
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Parameter / GeometrY Model Number

06 07 08 09 10

Learning Rate (tt) o.02 0.02 0.o2 0.02 o.02

Momentum (p) 0.6 0.6 0.6 0.6 0.6

Epoch Size (e) 5 5 5 5 5

Transfer Function Tanh Tanh Tanh Tanh Tanh

Iæarning Rule NCDE NCDE NCDE NCDE NCDE

Error Function Quadratic Ouadratic Ouadratic Ouadratic Ouadratic

No. of Inputs (NI) 3 3 3 7 4T

No. of Nodes in

Hidden Layer I (NHl)
6 3 6 15 0

No. of Nodes in

Hidden Layer 2 6rn¡
0 0 2 5 0

No. of Outputs (NoL I 1 1 1 3

Parameter/ Geometry Model Number

11 12 13 t4 15

Iæarning Rate (n) 0.1 0.1 0.1 0.1 0.05

Momentum (¡r) 0.6 0.6 0.6 0.6 0.6

Epoch Size (e) 5 5 5 5 5

Transfer Function Tanh Tanh Tanh Tanh Tanh

I-eamine Rule NCDE NCDE NCDE NCDE NCDE

Error Function Quadratic Quadratic Ouadratic Quadratic Ouadratic

No. of Inputs (NI) 4T 4l 15 4l 15

No. of Nodes in

Hidden Layer I CNHI)

45 60 24 45 24

No. of Nodes in

Hidden Layer 2 (Ntz¡
15 20 8 15 8

No. of Outputs (No) 3 3 3 1 3



484 Appendix D: Neural Network Param¿ters and Geomctíes

Parameter / Geometry Model Number

l6 T7 l8 19 20

Iæarnine Raæ (n) Default Default Default Default 0.005

Momentum (tr) Default Default Default Default 0.6

Epoch Size (e) 16 l6 16 t6 5

Transfer Function Tanh Tanh Tanh Tanh Tanh

Learnine Rule NCDE NCDE NCDE NCDE NCDE

Error Function Ouadratic Ouadratic Ouadratic Ouadratic Quadratic

No. of Inputs (NI) t4I 69 51 51 51

No. of Nodes in

Hidden Layer I NHI)
90 45 45 45 45

No. of Nodes in

Hidden Layer 2 NrD)

30 15 t5 t5 l5

No. of Outputs (No) I I I 7 1

Parameter / Geometry Model Number

2T 22 23 24 25

Iæarnins Raæ (n) 0.005 0.005 0.005 0.005 0.005

Momentum (¡r) 0.6 0.6 0.6 0.6 0.6

Epoch Size (e) 10 l6 35 85 180

Transfer Function Tanh Tanh Tanh Tanh Tanh

I-earnine Rule NCDE NCDE NCDE NCDE NCDE

Error Function Ouadratic Ouadratic Ouadratic Quadratic Ouadratic

No. of Innuts (NI) 51 51 51 5l 5l
No. of Nodes in

Hidden Layer t CNHI)

45 45 45 45 45

No. of Nodes in

HiddenLaver2 NH2)

15 t5 t5 15 15

No. of Outputs (No) I I 1 1 1
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Parameter / GeometrY Model Number

26 27 28 29 30

l.earning Rate 0.005 0.005 0.1 0.1 0.1

Momentum (P) 0.6 0.6 0.6 0.6 0.6

Epoch Size (e) 365 t67r 5 l0 16

Transfer Function Tanh Tanh Tanh Tanh Tanh

lrarning Rule NCDE NCDE NCDE NCDE NCDE

Error Function Quadratic Ouadratic Ouadratic Ouadratic Quadratic

No. of Inputs (NI) 51 5l 51 51 51

No. of Nodes in

Hidden Layer 1 (Nttt¡
45 45 45 45 45

No. of Nodes in

Hidden Layer 2 NII2)
15 15 15 15 15

No. of Outputs (NgL I 1 1 1 1

Parameter/ GeometrY Model Number

31 32 33 34 35

I-earning Rate (n) 0.1 0.005 0.005 0.005 0.005

Momentum (P) 0.6 0.05 0.05 0.05 o.4

Epoch Size (e) 35 5 365 l6 16

Transfer Function Tanh Tanh Tanh Tanh Tanh

Leamine Rule NCDE NCDE NCDE NCDE NCDE

Error Function Ouadratic Quadratic Quadratic Ouadratic Quadratic

No. of Inputs (NI) 51 51 51 51 51

No. of Nodes in

Hidden Layer 1 6Ht¡
45 45 45 45 45

No. of Nodes in

Hidden Layer 2 (Nrn¡
15 15 15 15 15

No. of Outputs (No) 1 I 1 1 I
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Parameter/ Geometry Model Number

36 37 38 39 40

I-earning Rate (n) 0.005 0.005 o.o2 0.1 0.2

Momentum (p) 0.8 0.9 0.05 0.05 0.05

Epoch Size (e) l6 l6 l6 l6 l6
Transfer Function Tanh Tanh Tanh Tanh Turh

læarnine Rule NCDE NCDE NCDE NCDE NCDE

Error Function Quadratic Quadratic Quadratic Quadratic Ouadratic

No. of Inputs (NI) 51 5l 51 5l 51

No. of Nodes in

Hidden Layer I NHl)
45 45 45 45 45

No. of Nodes in

Hidden Laver 2 (NID)
15 15 15 15 15

No. of Outputs (No) 1 I 1 I 1

Parameter / Geometry Model Number

4t 42 43 M 45

Learnine Raæ (n) 0.02 0.1 0.2 o.o2 0.2

Momentum (p) 0.4 0.4 0.4 0.6 0.6

Epoch Size (e) l6 16 16 16 t6
Transfer Function Tanh Tanh Tanh Tanh Tanh

Iæarnine Rule NCDE NCDE NCDE NCDE NCDE

Error Function Ouadratic Quadratic Ouadratic Ouadratic Ouadratic

No. of Inputs (NI) 51 5l 5l 51 51

No. of Nodes in

Hidden Layer 1 (NHl)
45 45 45 45 45

No. of Nodes in

Hidden Layer 2 NII2)

15 l5 15 l5 l5

No. of OutDuts (NO) I 1 1 I I
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*) Note: These parameters are different from the conventional learning rate and

momentum values.

487

Parameter / GeometrY Model Number

46 47 48 49 50

l.earning Raæ (n) o.02 0.1 0.2 o.02 0.1

Momentum (P) 0.8 0.8 0.8 0.9 0.9

Epoch Size (e) 16 16 I6 16 16

Transfer Function Tanh Tanh Tanh Tanh Tanh

l.earning Rule NCDE NCDE NCDE NCDE NCDE

Error Function Quadratic Ouadratic Ouadratic Quadratic Ouadratic

No. of Inputs (NI) 51 51 51 51 51

No. of Nodes in

Hidden Layer 1 (Nut¡
45 45 45 45 45

No. of Nodes in

Hidden Layer 2 6m¡
r5 15 l5 15 15

No. of Outputs (No) I 1 1 I 1

Parameter / GeometrY Model Number

51 52 53 54 55

Iæarning Rate (n) dbd: *)

0.005,0.6

dbd: *)

0.07,0.4

0.01 0.005 0.005

Momennm (p) 0.6 0.6 0.6

Epoch Size (e) 5 5 5 5 5

Transfer Function Tanh Tanh Siemoidal Linear Tanh

Iæamine Rule NCDE NCDE NCDE NCDE NCDE

Error Function Ouadratic Quadratic Ouadratic Ouadratic Cubic

No. of Inputs (NI) 51 51 51 51 51

No. of Nodes in

Hidden Layer f 6Ht¡
45 45 45 45 45

No. of Nodes in

Hidden Layer2 (Nm¡
15 15 15 15 15

No. of Outputs (No) 1 I I 1 1
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Parameter / Geometry Model Number

56 57 58 59 60

læarnine Rate (n) 0.005 0.005 0.005 0.005 0.005

Momentum (p) 0.6 0.6 0.6 0.6 0.6

Epoch Size (e) 5 5 5 5 5

Transfer Function Tanh Tanh Tanh Tanh Tanh

I-earnins Rule NCDE NCDE NCDE NCDE NCDE

Error Function Ouartic Quadratic Quadratic Quadratic Ouadratic

No. of Inputs (NI) 5l 51 51 51 5l
No. of Nodes in

Hidden Layer 1 NHI)
45 45 45 45 45

No. of Nodes in

Hidden Layer 2 6ru¡
15 l5 10 20 25

No. of Outputs (NO) 1 I 1 I 1

Parameter / Geometry Model Number

6l 62 63 64 65

Learning Raæ (n) 0.005 0.005 0.005 0.005 0.005

Momentum (u) 0.6 0.6 0.6 0.6 0.6

Epoch Size (e) 5 5 5 5 5

Transfer Function Tanh Tanh Tanh Tanh Tanh

Learnins Rule NCDE NCDE NCDE NCDE NCDE

Error Function Ouadratic Ouadratic Ouadratic Ouadratic Quadratic

No. of Inputs (NI) 51 5l 51 51 5l
No. of Nodes in

Hidden Layer 1 NHI)
15 30 60 90 15

No. of Nodes in

Hidden Layer 2 N[I2)
5 l0 20 30 0

No. of Outputs (NO) 1 1 1 1 1
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Parameter / Geometry Model Number

66 67 68 69 70

Læarning Rate (tt) 0_005 0.005 0.005 0.005 0.1

Momentum (¡r) 0.6 0.6 0.6 0.6 0.6

Epoch Size (e) 5 5 5 5 16

Transfer Function Tanh Tanh Tanh Tanh Tanh

I-eaming Rule NCDE NCDE NCDE NCDE NCDE

Error Function Ouadratic Quadratic Ouadratic Ouadratic Quadratic

No. of Inputs (NIL 51 51 51 51 5l

No. of Nodes in

Hidden Layer 1 6nt¡
30 45 60 90 30

No. of Nodes in

Hidden Layer 2 (NII2]
0 0 0 0 0

No. of Outputs (No) I 1 1 1 I

Parameter / GeometrY Model Number

7L 72 73 74 75

Learning Rate (q) 0.1 0.001 0.005 0.005 0.1

Momentum (p) 0.6 0 0.6 0.6 0.6

Epoch Size (e) 16 16 5 5 16

Transfer Function Tanh Tanh Tanh Tanh Tanh

I-earnine Rule NCDE NCDE NCDB NCDE NCDE

Error Function Ouadratic Quadratic Ouadratic Ouadratic Quadratic

No. of Inputs (NÐ 51 51 51 51 51

No. of Nodes in

Hidden Layer 1 6ut¡
60 45 60 90 30

No. of Nodes in

Hidden l-ayer 2 6rn¡
20 15 0 0 0

No. of Outputs (No) 1 1 1 I I
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Parameter / Geometry Model Number

76 77 78 79 80

I-earnine Rate (n) Default 0.02 o.o2 0.02 0.02

Momentum (¡r) Default 0.6 0.6 0.6 0.6

Epoch Size (e) l6 16 l6 16 5

Transfer Function Tanh Tanh Tanh Tanh Tanh

l¿arnine Rule NCDE NCDE NCDE NCDE NCDE

Error Function Ouadratic Quadratic Ouadratic Ouadratic Ouadratic

No. of Inputs (NI) 51 5l 51 39 56

No. of Nodes in

Hidden Layer I 6Ht¡
45 45 45 30 60

No. of Nodes in

Hidden Layer 2 NrD)

l5 l5 0 0 20

No. of Outputs (No) 3 3 3 3 1

Parameter/ Geometry Model Number

8l 82 83 84 85

I-earnine Rate (n) 0.002 0.1 0.1 0.01 0.01

Momentum (p) 0.6 0.6 0.6 0.6 0.6

Epoch Size (e) 16 L6 t6 16 l6
Transfer Function Tanh Tanh Tanh Tanh Tanh

Learnine Rule NCDE NCDE NCDE NCDE NCDE

Error Function Quadratic Quadratic Ouadratic Quadratic Ouadratic

No. of Inputs (NI) 56 4t 30 30 50

No. of Nodes in

Hidden [aver I CNHI)

50 45 45 45 60

No. of Nodes in

Hidden l¿yer 2 NII2)

0 15 15 15 20

No. of Outputs (¡o¡ I I I 1 I
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Parameter / Geometry Model Number

86 87 88 89 90

Iæarning Rate (q) o.02 0.02 0.02 0.02 o.02

Momentum (p) 0.6 0.6 0.6 0.6 0.6

Epoch Size (e) 16 l6 16 16 16

Transfer Function Tanh Tanh Tanh Tanh Tanh

Learning Rule NCDE NCDE NCDE NCDE NCDE

Error Function Ouadratic Ouadratic Quadratic Ouadratic Ouadratic

No. of Inputs (NI) 47 47 47 25 25

No. of Nodes in

Hidden Layer I NHI)

15 20 35 5 15

No. of Nodes in

Hidden Laver 2 6m¡
0 0 0 0 0

No. of Outputs (NO) 1 1 I 1 1

Parameter / GeometrY Model Number

91 92 93 94 95

Learning Raæ (n) 0.o2 o.o2 0.o2 0.02

Momentum (P) 0.6 0.6 0.6 0.6

Epoch Size (e) 16 T6 l6 16

Transfer Function Tanh Tanh Tanh Tanh

Learnine Rule NCDE NCDE NCDE NCDE

Error Function Ouadratic Ouadratic Quadratic Ouadraúc

No. of Inputs (NI) 25 36 36 36

No. of Nodes in

Hidden Layq 1 (Nril¡
30 15 20 35

No. of Nodes in

Hidden Layer 2 (Ntu¡
0 0 0 0

No. of Outputs (No) 1 1 1 1
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D.2 Modelling Blue-Green Algae in the River Murray

Parameter / Geometry Model Number

01 02 03 o4 05

Iæarnine Rate (n) 0.1 o.02 0.03 0.03 0.03

Momentum (lr) 0.6 0.6 0_6 0.6 0.6

Epoch Size (e) l6 l6 t6 16 l6
Transfer Functìon Tanh Tanh Tanh Tanh Tanh

I-earnins Rule NCDE NCDE NCDE NCDE NCDE

Error Function Quadratic Ouadratic Ouadratic Ouadratic Quadratic

No. of Inputs (NI) 26 26 7 43 102

No. of Nodes in

Hidden Layer I (NHt¡

45 45 15 45 120

No. of Nodes in

Hidden Layer 2 NII2)
l5 15 5 15 40

No. of Outputs (NO) I 1 2 2 2

Parameter / Geometry Model Number

06 07

Iæarnins Raæ (n) 0.03 0.03

Momentum (p) 0.6 0.6

Epoch Size (e) 16 r6

Transfer Function Tanh Tanh

Learnine Rule NCDE NCDE

Error Function Ouadratic Quadratic

No. of Inputs NI) 7 43

No. of Nodes in

Hidden Layer I 6Ht¡
15 45

No. of Nodes in
Hidden Layer 2 NII2)

5 l5

No. of Outputs (NO) 2 2



Appendix E

Neural Network Performance at Various
Stages of Learning (Test Set)

E.L One Day Forecasts

*) Note: These results are for the differenced data

UnitsRMSE

1 - Differenced DataModel SMB

1*)09*) 07 oz*\*)o4 05 oz*)

11.5

10.8

10.8

10.6

10.4

10.3

1.0.7

10.3

10.5

r0.4

10.7

10.4

11.5

10.8

10.6

r0.7

10.5

16.8

t2.l
tr.2
11.1

11.6

r0.7

18.0

17.8

17.7

r7.3

12.6

10.9

11.0

11.0

10.6

10.6

rc.t
11.0

tt.4
r0.7

10.8

11.0

r0.8

10.4

10.4

10.5

10.6

10.4

10.5

10.5

to.7

10.6

10,000

20,000

30,000

40,000

50,000

60,000

70,000

80,000

90,000

1

10.3

10.3

10.4

10.6

10.3

493
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læarn Count

RMSE (EC Units)

Model SMB U A XX XX 9l
10 03 ll 03 12 03 13 04

50,00

10,000

15,000

20,000

25,0(X)

30,(x)0

35,000

40,000

45,000

50,000

55,000

60,(n0

65,fi)O

70,000

75,ü)0

80,000

85,000

90,000

95,000

100,0ü)

24.8

19.6

18-9

18. I

19.5

18.5

r8.4

17.5

18.7

37.7

48.4

34.7

25.8

32.2

25.0

26.7

26.3

31.5

42.0

32.6

30.8

43.9

28.5

31.5

25.7

25.3

31.9

29.5

42.5

37.2

31.3

32.8

30.6

28.9

38.3

28.3

34.9

33.9

25.4

26.8

25.8

31.1

28.1

29.8

26.3

25.3

27.9

28.3

36.2

39.2

28.1

28.2

30.0

27.1

29.4

26.2

27.5

26_0

32.5

29.4

24.9

31.6

25.5

34.3

27.5

28.4
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8,.2 L4Day Forecasts

495

l.earn Count

RMSE Units

Model SMB-U I

10 03 11 03 t2 03 13 04 14 05

5,000

10,000

11,500

13,000

14,500

15,000

16,000

17,500

19,000

20,000

22,000

23,500

25,000

30,000

35,000

40,0tc0

45,ü)0

50,000

55,000

60,000

65,000

70,000

75,000

80,000

85,000

90,000

95,ü)0

100,000

116.6

t07.3

ttz.0

t07.2

107.5

ttI.4

t09.2

108.6

110_0

112.3

100.3

97.9

127.2

111.9

104.8

116.0

112.9

120.7

104.0

r05.2

109.5

rr3.7

126.6

t07.5

tt3.4
106.6

TL7.I

t26.9

110.6

r02.2

97.9

93.3

9t.7

99.8

88.4

r34.7

109.1

98.6

96.8

98.8

104.8

t13.7

107.4

105.8

106.0

105.3

107.8

115.1

108.5

119.8

t02.2

108.5

106.2

t20.3

109.5

t04.2

103.9

94.4

101.5

95.3

92.4

94.7

95.2

93.9

93.1

98.9

96.2

97.3

92.6

rot.7
92.3

100.3

97.6

to2_4

t19.2

109.9

106.7

105.9

r07.4

to6.7

r27.3

120.3

IzL.O

127.0

121.4

r25.6

125-L

122.3

tt7.5
116.9

122.9

119.1

117.0
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RMSE Units

Model SMB 8 Model SMB 89[æarn

16 07 l7 08 18 09 I 0 I t7 08 I 18 I0

78.8

66.3

6t.4

49.7

50.9

60.0

57.6

62.9

66.r

56.8

56.7

54.8

57.5

54.0

52.7

49.7

65.9

62.7

6t.2

67.4

58.4

56.4

55.7

60.0

54.8

65.3

49.7

51.3

5 r.8

45.6

46.4

47.6

49.7

45.4

45.7

58.4

63.9

57.2

53.6

51.3

55.6

50.3

50.7

49.8

52.3

49.7

49.8

5,000

10,000

15,000

20,000

25,000

30,000

35,000

40,000

45,000

50,000

55,000

60,000

65,000

49.1

49.3

54.9

5r.4

48.0

48.8

5l.8
48.9

51.3

50.6

49.3

47.4

M.3

44.8

43.6

44.3

62.2

59.0

60.8

61.9

49.6

49.8

49.5

50.0

49.8

50.3

50.3

55.9

55.6

55.9

5s.9

5s.9

Learn Counl

RMSE (EC Units)

Model SMB_M A XX XX 90 Model SMB M A XX XX 91

t6 07 17 08 18 09 t8 10 16 07 17 08 18 09 18 10

5,000

10,000

15,(n0

20,000

25,000

30,000

35,000

40,000

45,000

50,000

55,U)0

60,000

65,000

70,000

55.7

50.5

51.3

52.6

56.7

5r.7

49.8

48.2

46.1

45.5

4.9
45.1

44.9

45.2

48.0

48.9

50.1

49.1

46.7

45.9

46.4

46.9

54.2

54.8

5r.2

50.7

50.0

46.0

47.0

46.6

46.1

45.7

45.3

4.6

63.3

63.5

63.7

63.7

71.7

66.9

65.7

66.9

58.1

55.6

55.0

54.4

54.8

54.L

55.0

54.0

54.4

65.3

67.5

54.r

55.7

51.6

53.5

48.9

47.6

47.8

45.6

M.7
45.0

72.6

58.8

62.4

6r.6

60.2

49.0

51.8

50.2

48.6

47.4

47.6

46.7
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l-earn Coun

RMSE (EC Units)

Model SMB-M-A-19-1 l-XX
88 89 90 91

5,000

10,000

15,000

20,000

25,000

30,000

35,000

40,000

45,000

50,000

55,000

60,000

65,000

53.9

67.6

44.5

45.2

42.9

46.9

4r.7

4r.3

42.r

4r.5

61.1

59.2

54.3

60.5

52.8

53.8

50.1

49.4

49.6

49.0

49.3

s3.0

48.8

57.4

56.2

49.9

52.3

5r.4

5r.7

49.3

49.r

49.3

48.3

49.7

56.8

67.0

62.7

50. l
55.4

52.7

51.8

52.2

48.8
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Model S 19 188
l,earn count RMSE

(EC units)

læarn count RMSE

(EC units)

læarn count RMSE

GC units)

15,008

L5,024

15,040

15,056

15,o-12

15,089

15,104

15,T2O

15,136

L5,I52

15,168

15,184

15,200

15,2T6

15,232

L5,248

15,280

15,296

15,312

15,328

15,3M

15,360

15,376

15,392

35,008

35,024

35,040

35,056

35,072

35,088

35,104

35,L20

35,I
I
1

I

36

52

68

84

35,

35,

35

44.4

50.2

45.2

51.6

62.3

46.1

45.0

46.6

47.2

48.8

45.6

57.4

48.7

47.7

63.4

53.1

46.9

45.0

51.3

46.1

45.2

M.0

47.2

44.r

41.0

4r.8

41.5

42.5

46.3

43.9

41.2

4r.4

41.3

42.O

41.8

43.6

35,200

35,2L6

35,232

35,248

35,264

35,280

35,296

35,312

35,328

35,3M

35,360

35,376

35,392

35,408

35,424

35,M0

35,456

35,472

35,489

35,504

35,520

35,536

35,552

35,568

35,584

35,600

35,616

35,632

35,648

35,664

35,680

35,696

35,712

35,728

35,7M

35,760

35 776

43.6

41.0

44.4

43_8

42.7

42.3

41.7

42.4

42.5

4t.7

41.7

42.1

4t.3

40.8

42.0

42.9

40.7

42.9

42.t

41.8

41.6

42.8

42.2

42.3

42.5

4L.l

42.2

43.4

42.3

42.2

41.8

42.O

43.4

4L.3

42.4

42.0

4r.7

35,792

35,808

35,824

35,840

35,856

35,872

35,888

55,009

55,024

55,040

55,056

55,072

55,088

55,104

55,120

55,136

55,152

55,168

55,184

55,200

55,216

55,232

55,248

55,264

55,280

55,296

55,312

55,328

55,3M

55,360

55,376

55,392

42.7

4r.3

42.8

42.O

44.1

40.9

42.2

4r.5

42.4

42.0

43.3

48.0

M.6
41.7

42.t

41.9

42.8

42.4

M.6

44.t

4r.4

45.8

44.6

43.2

42.8

42.2

43.4

43.6

42.5

42.6

42.9

41.8
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UnitsRMSE

IModel
24 2522 232T20a 20b20

61.8

56.4

57_8

55.0

55.3

58.8

53.0

50.3

47.9

47.8

48.0

46.5

48.0

43.3

46.O

44.5

42.9

61.9

62.3

55.1

55.4

53.9

52.6

5r.4

53.5

52.6

46.6

47.6

46.6

43.8

43.8

43.5

45.0

M.2

59.2

57.3

58.2

55.2

53.0

53.3

53.4

54.2

48.7

51.1

47.2

47.0

45.9

45.7

43.5

46.t

43.0

45.0

M.4
42.2

6r.6

59.9

59.4

56.1

54.8

54.3

53.5

53.6

5r.7

54.0

5r.2

49.6

49.3

48.7

46.7

47.2

45.3

45.2

48.9

43.8

44.0

44.r

44.3

M.7
42.5

43.9

42.6

42.9

45.0

62.7

6r.6

59.9

56.2

55.1

54.5

54.6

53.9

52.8

53.8

53.2

5r.2

52.1

51.9

49.4

50.1

48.1

47.2

50.3

45.5

46.7

45.4

46.4

46.4

44.3

45.3

43.7

43.3

46.4

43.0

42.9

43.2

43.9

44.6

65.3

64.9

63.7

63.1

63.6

6r.t
61.8

59.6

59.6

59.r

58.6

60.4

58.1

57.4

56.3

56.1

56.8

56.0

55.9

55.2

56.7

56.0

55.6

55.6

55.2

53.8

54.8

54.9

54.4

53.6

55.2

55.0

54.8

52.8

53.1

63.5

63.1

61.0

60.1

56.8

57.1

55.9

56.0

54.5

54.4

56.7

54.2

54.4

53.s

53.3

51.9

53.0

52.2

53.6

50.2

50.7

49.9

48.4

50.2

48.6

48.2

48.1

47.3

46.9

45.8

47.4

45.6

46_9

45.6

46.O

65.0

64.r

62.6

60.5

6r.4

59.1

58.8

57.4

58.3

56.1

57.6

58.1

58.4

55.2

55.2

54.3

54.7

55.7

53.7

54.7

53.6

53.1

53.7

53.4

53.6

53.3

52.9

51.8

53.5

54.r

54.5

53.0

5r.2

49.3

49.r

43.5

43.O

44.7

42.6

42.9

43.3

43.9

46.0

43.8

43.8

43.8

45.0

42.0

46.3

43.r

45.6

44.3

42.6

42.2

M.3

M.56

46.2

43.2

5,000

10,000

15,000

20,000

25,000

30,000

35,000

40,000

45,000

50,000

55,000

60,000

65,000

70,000

75,000

80,ü)0

85,0tC0

90,000

95,000

100,000

105,000

110,0ü)

115,000

120,000

125,000

130,000

135,000

140,000

145,000

150,000

155,ü)0

160,000

165,000

170,000

T7
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RMSE Units

I 8Model SMB cont.Learn

20 20a 20b 2L 22 23 24 25

44.9

46.1

44.6

45.7

43.7

44_2

43.8

44.t

43.4

43.3

43.5

43.9

M.0
44.1

M.l
43.4

42.5

44.5

M.4
42.7

M.8
42.5

M.7
42.6

M.3

43.8

45.0

45.5

180,ü)0

185,000

190.m0

195,000

200,000

205,0ü)

210,ü)0

215,ü)0

220,000

225,000

230,000

235,0ü)

240,0N

245,O00

250,000

255,000

260,000

265,000

270,000

275,000

280,000

285,000

290,üX)

295,000

300,000

305,000

310,000

315,000

320,000

325,000

330,000

335,000

340,000

345,000

35

47.0

M.4
47.0

45.6

44.0

47.1

50.0

46.8

48_7

47.7

47.7

48.5

48.9

50.4

48.6

43.2

45.6

42.2

43.5

42.2

43.8

42.9

42.4

45.3

42.7

45.0

43.1

43.6

43.9

42.9

M.2

49_4

50.1

48.7

50.9

50.0

47.6

48.9

46.4

47.9

47.6

47.4

46.8

47.0

45.7

45.8

45.7

49.2

45.8

45.4

46.t

44.8

44.7

46.6

45.0

46.4

M.6

M.3
43.8

43.9

43.3

43.4

47.O

M.9
43.0

43.1

52.8

52.7

53.8

52.2

51.8

52.5

54.1

53.2

50.6

50.t

51.2

51.5

51.6

50.6

49.0

50.0

50.4

48.5

48.9

51.5

50.1

48.4

49.6

49.6

49.2

48.6

47.6

47.3

47.8

47.3

48.4

46.8

46.5

48.8

47.3
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UnitsRMSE

Model SMB 10 88 cont.

24 2522 232l2Oa 20b20

C

43.7

43.0

42.8

43.4

M.2

43.5

45.4

43.6

42.5

46.3

46.6

49.5

45.4

45.r

45.6

45.4

47.6

45.2

45.r

46.4

M.5

M.4

M.l
44.4

46.0

43.8

45.7

46.0

44.8

43.6

43.4

44.7

46.r

44.8

43.9

M.l
43.1

43.3

44.6

43.7

47.0

45.1

44.4

43.O

M.6

44.6

M.3

43.9

42.5

42.4

43.5

43.3

43.8

43.t

42.5

43.8

43.4

42.7

42.6

43.5

44.7

44.9

43.4

42.7

355,000

360,000

365.000

370,000

375,000

380,000

385,000

390,000

395,000

400,000

405,000

410,000

415,000

420,000

425,000

430,000

435,000

440,000

445,000

450,000

455,000

460,000

465,000

470,000

475,000

480,000

485,0ü)

490,000

495,000

500,000

505,000

510,000

515,000

520,000

525 000
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[,eam Count

RMSE (EC Units)

Model SMB_M_A_XX_10_88 (cont.)

20 20a 20b 2L 22 23 24 25

530,000

535,000

540.000

545,000

550,ü)0

555,0ü)

560,ü)0

565,000

570,000

575,000

580,000

585,000

590,000

595,000

600,000

43.9

M.3

43.9

43.2

46.O

43.9

43.8

M.7
M.O

M.0
44.t

44.9

43.3

43.9

Model SMB_M_A_26_10_88

Learn count RMSE

(EC units)

Learn count RMSE
(EC units)

Learn count RMSE

(EC units)

5,000

10,000

15,(X)0

20,000

25,000

30,0(x)

35,000

40,000

45,000

50,000

55,000

60,0(x)

65,0(X)

70,000

75,000

69.4

65.9

64.8

64.4

63.3

62.9

63.4

61.6

61.0

60.5

59.9

6r.2

58.7

58.6

57.6

80,000

85,000

90,000

95,000

100,000

105,000

110,000

115,000

120,000

125,000

130,000

135,000

140,000

145,000

I

58.9

58.6

56.7

57.3

56.8

56.0

58.6

56.5

56.2

55.1

57.1

56.9

55.3

56.0

55.6

155,000

160,000

165,000

170,000

175,000

180,000

185,000

190,000

195,000

200,000

205,000

210,000

215,000

220,W0

57.1

54.6

55.r

56.3

54.8

55.0

54.9

55.6

54.9

55.8

53.9

53.3

53.3

53.7

53.6
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Model SMB 10 88 cont.

læam count RMSE

unlts

RMSE

unlts

I-eam countRMSE

units

Learn count

46.4

45.0

M.8

44.5

45.2

45.4

46.r

M.l
M.5

44.7

M.8

44.6

M.6
43.6

44.5

M.l
M.0

44.6

44.0

43.3

43.8

43.2

44.6

43.r

M.4
43.3

43.6

42.9

43.8

43.0

43.5

43.5

43.2

M.6

53.6

51.8

47.8

49.4

49.8

49.4

47.5

50.1

49.2

49.1

48.2

48.5

46.9

47.2

50.1

46.r

46.2

46.r

46.4

46.4

49.8

47.9

48.4

46.8

48.5

45.5

45.t

46.3

46.3

45.3

45.r

46.O

44.5

45.3

570,000

575,0ü)

580,000

585,000

590,000

595,000

600,000

605,000

610,000

615,000

620,000

625,000

630,000

635,000

640,000

645,000

650,000

655,000

660,000

665,0ü)

670,000

675,000

680,000

685,000

690,000

695,000

700,000

705,000

710,000

715,000

720,000

725,000

730,000

735

400,000

405,000

410,000

415,000

420,000

425,000

430,000

435,ü)0

440,000

445,000

450,000

455,000

460,000

465,000

470,000

475,000

480,000

485,000

490,000

495,000

500,000

505,000

510,ü)0

515,000

520,000

525,000

530,000

535,000

540,000

545,000

550,000

555,000

560,000

565

52.6

53.2

53.6

53.8

52.5

52.3

52.6

53.5

53.1

54.2

52.3

51.9

53.1

52.3

53.0

51.5

5r.7

52.r

51.1

50.7

51.5

50.9

51.2

52.4

50.6

50.7

50.6

49.r

51.2

51.0

48.4

49.8

48.4

50.4

230,000

235,000

240,000

245,000

250,000

255,000

260,000

265,000

270,000

275,000

280,(n0

285,000

290,000

295,000

300,000

305,000

310,000

315,000

320,000

325,000

330,ü)0

335,000

340,000

345,000

350,000

355,000

360,000

365,000

370,000

375,000

380,000

385,000

390,(n0
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Model SMB-M-A_26_10_88 (cont.)

læarn count RMSE

(EC units)

[.eam count RMSE

(EC units)

l-earn count RMSE

(EC units)

740,000

745,000

750,000

755,fi)O

760,000

765,000

770,O00

775,000

780,000

785,000

790.000

43.r

44.9

42.9

43.s

42.7

43.5

43.9

42.6

44.9

M.2
M.t

795,000

800,ü)0

805,000

810,000

815,000

820,ü)0

825,000

830,ü)0

835,000

840,000

845,0tC0

44.2

43.5

43.9

43.5

43.0

43.2

M.0

46.0

42.6

850,ü)0

855,000

860,000

865,000

870,000

875,0ü)

880,000

885,000

890,000

895,000

900,m0

42.5

42.8

42.7

43.2

46.3

43.1

42.8

42.9

43.7

42.8

M.3

Model SMB M A 27 l0 88

læarn count RMSE

(EC units)

l¡arn count RMSE

GC units)

Learn count RMSE

(EC units)

16,710

33,420

50,130

66,840

83,550

100,260

116,970

167,100

20[,,520

233,940

267,360

300,780

334,200

367,620

401,040

434,460

467,880

501,300

534,720

568,140

80.0

65.6

64.6

63.3

62.2

62.1

61.1

59.1

57.6

56.7

56.7

55.6

56.2

56.0

53.5

52.9

55.2

55.4

56.8

5s.6

601,560

634,980

668,400

70r,820

735,240

768,660

802,080

835,500

868,920

902,340

935,760

969,lg0

1,002,600

1,036,020

1,069,440

1,102,860

1,136,280

1,169,700

1,203,120

I

51.9

52.4

64.3

51.9

49.8

49.6

48.7

53.9

49.9

49.3

49.6

47.2

47.5

48.1

46.9

48.5

48.1

47.2

47.3

44.1

1,269,960

1,303,380

1,336,800

1,370,220

1,403,640

r,437,060

r,470,480

1,503,900

1,537,320

r,570,740

1,604,160

1,637,590

1,671,000

r,7M,420

L,737,840

1,771,260

1,804,680

1,838,100

L,871,520

1

47.3,
43-9 ,

43.6

44.0

47.1

44.3

50.9

43.3

43.6

42.7

M.2

43.2

5r.2

43.t

43.4

43.0

50.4

44-r

45.6
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Model SMB 088 cont.

l.earn count RMSE

units

RMSE

units

l-earn countRMSE

unlts

l-earn count

48.244.41 1 78045.8I 60

l,earn Count

RMSE (EC Units)

Model SMB M A XX 10-88

28 29 30 31 32

5,000

10,000

15,0(n

20,000

25,000

30,000

35,000

40,000

45,000

50,000

55,000

60,000

65,000

70,000

75,000

80,000

85,000

90,000

95,00tc

100,000

105,ü)0

110,000

115,(n0

120,000

125,000

130,000

135,000

140,ü)0

145,000

150,000

58.7

50.5

42.9

42.1

4L.l

44.8

M.4
43.1

58.2

57.3

45_3

44.8

64.8

s3.3

47.7

62.6

49.7

46.6

67.6

50.2

58.0

58.6

50.5

s6.3

49.O

54.2

63.4

65.0

57.3

6r.7

50.1

5r.4

45.7

M.8

48.8

43.6

46.2

45.5

43.7

49.3

49.2

47.9

50.7

60.9

6r.2

55.5

49.4

M.3

43.7

45.6

54.7

53.6

51.5

55.9

55.4

47.3

60.1

57.r

59.4

56.4

50.6

47.2

51.7

46.5

45.4

60.3

45.4

60.9

48.5

46.r

49.8

50.5

55-7

48.8

47.7

53.0

55.8

54.r

46.7

51.9

51.7

49.9

52.7

47.8

49.4

52.O

50.1

53.2

55.0

47.3

56.6

47.9

M.7
43.5

M.2
48.1

44.6

45.5

46.3

54.5

45.7

50.6

52.3

47.9

51.6

48.8

52.6

49.9

64.2

59.5

56.9

55.6

58.6

73.2

55.7

58.0

62.3

6r.7

62.0

58.6

56.0

56.4

56.6

56.1

54.3

56.3

53.5

53.5

53.0

52.4

52.3

52.t

52.3

53.5

53.0

50.3

48.3

47.8

47.4

47.2

46.4

50.6

47.O

46.6

46.4

48.4
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l.earn Counl

RMSE (EC Units)

Model SMB M A XX 10 88 (cont.)

28 29 30 3l 32

155,000

160,000

165,000

170,000

175,000

180,000

185,000

190.000

195,000

200,(x)0

205,000

210,000

215,000

220,0N

225,000

230,000

235,000

240,000

245,000

250,000

255,ff)0

260,000

265,W0

270,000

275,000

280,000

285,0ü)

290,000

295,ü)0

300.000

45.1

46.8

44.3

48.0

44.4

44.9

43.5

43.5

M.7
43.7

42.9

43.7

43.7

43.7

43.3

43.0

43.8

44.3

42.8

43.3

M.t
44.9

42.7

42.9

44.7

43.r

43.3

46.2

43.3
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Model SMB 83

RMSE

units

I-earn countRMSE

units

læarn countRMSE

unl

l-earn count

51.6

s0.6

50.4

50.6

51.5

53.8

56.3

50.1

50.5

50.7

49.3

53.4

49.6

53.2

53.9

52_5

50.7

49.3

50.5

48.3

47.9

50.8

49.3

48.8

48,5

49.0

54.6

47.8

48.4

51.5

46.6

47.r

49.0

61.7

46.4

710,ü)0

720,000

730,ü)0

740,0cK)

750,000

760,000

770,U)0

780,000

790,000

800,000

810,000

820,000

830,000

940,ü)0

850,0ü)

860,000

870,000

880,000

990,000

900,000

910,000

920,000

930,000

940,000

950,000

960,000

970,000

980,000

990,000

1,000,0(x)

1,010,(x)0

1,020,000

1,030,000

1,040,000

1

360,ü)0

370,000

380,000

390,0ü)

400,000

410,000

420,000

430,000

440,000

450,000

460,000

470,ü)0

480,0ü)

490,000

500,u)0

510,000

520,000

530,000

540,000

550,000

560,0ü)

570,000

580,000

590,000

600,000

610,000

620,000

630,000

640,000

650,000

660,000

670,000

680,000

690,000

55.5

54.9

54_8

54.8

55.1

55.3

54.7

55.0

54.4

55.4

54.0

54.5

54.7

55.2

55.6

54.6

54.7

52.7

54.5

53.1

52.2

53.3

52,3

53.2

53.6

54.0

51.9

51.7

52.8

53.4

52.5

52.t

53.5

52-7

53.7

63.2

64.3

64.6

63.7

63.6

63.2

63.0

62.5

62.0

6r.4

60.9

60.7

60.0

59.4

59.8

59.4

58.1

58.6

58.1

57.7

58.0

57.4

56.2

s6.3

56.7

56.9

56.8

56.1

55.4

56.0

55.8

56.5

55.9

55.9

5s,5

10,000

20,000

30,000

40,000

50,000

60,000

70,000

80,000

90,000

100,000

110,000

120,000

130,000

140,000

150,000

160,000

170,000

180,000

190,000

200,000

210,000

220,000

230,000

240,000

250,000

260,000

270,000

280,000

290,000

300,000

310,000

320,000

330,000

340,000
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Model 80 8

l-earn count RMSE

unis

l-earn count RMSE l-earn count RMSE

1,060,(x)0

1,070,(x)0

1,080,(x)0

1,090,0(x)

1,100,000

1,110,000

1,170,000

1,180,(x)0

1,190,000

1,200,000

1,210,000

1,220,000

1,230,000

1,240,000

1,250,000

1,260,000

r,270,000

1,280,000

1,290,000

1,300,000

1,310,000

1,320,000

,330,000

,340,000

,350,000

,360,000

,370,000

,380,000

,390,000

I
I
1

I

I

I
I
I
1

I
I
1

I

120,0t]0

130,000

140,000

150,000

160,0ü)

46.5

53.0

46.8

49.6

49.7

48.2

45.9

51.8

45.8

45.7

50.0

45.8

46.8

47.r

45.2

45.1

45.0

46.0

45.6

45.8

46.7

49.t

44.7

45.t

44.5

44.5

52.3

44.3

M.6

M.4
M.2
M.L

45.7

45.2

49.8

1,410,000

1,420,000

1,430,000

1,440,(X)0

1,450,000

1,460,000

1,470,000

1,480,(x)0

1,490,000

1,500,000

1,510,000

1,520,000

1,530,000

1,540,000

1,550,000

1,560,000

1,570,000

1,580,000

1,590,000

1,600,000

1,610,000

1,620,000

1,630,000

1,640,000

1,650,000

1,660,000

1,670,000

1,680,000

1,690,000

1,700,000

1,710,000

1,720,æ0

1,730,000

1,740,000

43.8

46.7

44.2

46.5

45.3

43_7

43.7

47.7

45.1

43.4

43_9

46.t

M.9

M.8
43.3

46.3

43.7

43.7

43.9

43.t

46.9

43.5

43.0

M.0
47.4

42.8

43.1

42.8

43.9

43.r

u.t
43.r

43.8

42.6

44.5

1,760,000

1,770,000

1,780,(X)0

1,790,000

1,800,000

1,810,000

1,820,000

1,830,000

1,840,000

1,850,000

1,860,000

1,870,000

1,880,000

1,890,000

1,900,000

42.9

43.6

42.7

43.0

43.4

43.5

44.0

42.8

43.7

43.2

M.t
45.7

46.4

42.5
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RMSE Units

Model SMB 8I
4l4038 393735 3634

55.7

58.5

59.8

60.9

99.6

65.0

58.9

62.6

58.9

53.6

56.8

49.r

46.2

45.0

44.6

45.6

53.2

57.r

56.1

54.7

57.5

48.9

54.7

67.8

42.7

56.7

56.3

57.2

56.7

s0.9

50.6

50.7

55.2

M.6

47.4

43.6

43.6

45.2

M.0

42.8

61.6

57.0

58.2

53.1

53.4

51.1

50.4

48.8

46.9

47.5

47.6

M.8
45.1

45.0

42.8

44.6

M.3

59.4

58_7

51.4

56.4

53.1

54.r

54.7

59.1

50.3

5r.9

47.1

46.3

48.5

47.O

44.8

43.5

46.4

43.0

52.9

42.9

43.2

42.1

45.9

42.6

53.5

42.6

45.8

43.0

42.5

48.0

M.7

46.6

48.3

45.8

45.6

45.8

48.1

45.2

45.3

50.4

49.7

55.1

42.8

46.7

54.6

42.2

58.6

46.3

42.4

43.8

43.9

43.9

4.5
44.r

51.6

M.t
53.4

47.6

51.8

47.8

64.9

47.0

48.1

62.4

57.4

57.5

53.3

65.6

62.0

54.5

53.1

59.3

53.3

61.0

53.7

48.3

54.6

57.7

47.2

58.7

46.2

49.r

43.4

44.7

M.3
42.9

44.2

43.0

44.2

47.r

M.3
46.9

45.9

48.1

50.4

50.5

46.4

48.3

52.2

48.3

5r.2

52.4

48.7

47.4

42.3

42.9

46.3

43.5

43.5

42.7

46.O

M.7

42.r

46.3

44.7

63.1

62.9

61.9

59.4

56.7

56.7

56.2

55.7

54.4

55.2

54.9

53.5

54.2

54.3

52.8

52.9

52.O

51.8

53.6

50.2

51.9

49.7

49.3

48_9

49.0

47.9

47.7

50.0

50.5

47.2

49.2

46.3

47.3

46.r

46.3

45.3

42.6

43.8

43.8

46.6

42.5

43.6

4.8
45.4

45.0

M.3

M.6

63.5

63.8

63.3

61.8

59.4

59.6

58.9

57.6

56.3

56.5

57.2

55.7

56.0

55.7

54.9

54.8

54.5

54.5

55.3

53:5

54.2

53.5

53.6

53.5

52.5

52.9

52.0

52.3

53.6

50.9

5L.7

5r.2

51.0

50.8

49.4

5,000

10,000

15,000

20,000

25,000

30,000

35,000

40,000

45,000

50,000

55,000

60,000

65,(n0

70,000

75,000

80,000

85,ü)0

90,000

95,000

100,000

105,000

110,000

115,000

120,000

125,000

130,000

135,000

140,000

145,000

150,000

155,000

160,0ü)

165,000

170,000

T7
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RMSE

Model SMB l0 88

34 35 36 37 38 39 40 4l
46.9

44.7

44.5

46.3

43.8

43.7

43.8

44.2

M.5

42.9

43.9

42.9

42.8

45.2

42.8

42.7

42.8

43.6

180,000

185,ü)0

190.m0

195,000

200,000

205,000

2.10,000

215,000

220,000

225,000

230,0ü)

235,000

240,000

245,000

250,000

255,000

260,000

265,000

270,040

n5,oa0
280,000

285,000

290,000

295,000

300,000

305,000

310,000

315,000

320,000

325,000

330,000

335,000

340,000

345,000

50.5

48.8

49.3

50.9

41.7

47.6

48.6

49.2

49.2

47.9

47.9

49.0

46.9

46.s

45.7

46.3

45.t

46.6

46.3

M.8
M.8
44.7

44.7

45.3

44.2

46.7

45.t

43.6

44.3

4.8
M.3
43.7

43.5

44.8

M.6

43.2

43.6

43.2

44.7

45.0

43.0

44.4

42.9

44.2

46.3

50.1

46.8

47.2

45.7

45.8

45.9

46.O

48.9

45.6

48.0

47.0

54.4

51_1

50.9

49.2

53.8

47.0

49.7

47.3

51.6

48.7

48.2

45.9

47.5

52.8

54.6
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UnitsRMSE

IModel
4t39 403836 373534

Le,arn

43.2

44.3

43.9

43.1

44.3

45.r

42.9

44.4

42.5

44.4

42.6

43.4

43.3

44.0

42.4

43.5

42.8

43.2

M.5
42.9

42.8

43.6

42.6

43.4

44.2

43.2

44.9

45.7

43.O

355,000

360,000

365.000

370,000

375,000

380,000

385,000

390,000

395,000

400,000

405,000

410,000

415,000

420,000

425,O00

430,000

435,000

440,(X)0

445,000

450,000

455,000

460,000

465,0ü)

470,000

475,000

480,000

485,000

490,000

495,000
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UnitsRMSE

Model SMB 1

42 43 M 45 46 47 48 49

51.1

43.8

69.5

77.8

54.3

47.8

69.4

56.0

55.5

60.0

48.1

52.6

42.3

45.8

54.7

54.5

54.3

57.r

55.0

46.3

46.1

49.9

46.2

54.6

5 r.8

50.6

47.4

45.O

46.3

47.5

43.1

56.3

56.5

63.2

57.3

53.2

56.9

56.1

69.8

53.1

56.4

56.8

53.1

80.6

43.8

50.1

46.5

44.8

44.5

42.9

53.4

51.9

5t.2

52.4

59.3

56.7

52.4

51.5

5,(X)0

10,000

15,000

20,000

25,(n0

30,000

35,000

40,0(x)

45,000

50,ü)0

55,000

60,000

65,000

70,000

75,000

80,000

85,(X)0

90,000

95,000

100,000

105,000

110,000

115,000

120,000

125,000

130,000

135,000

140,000

145,000

I

46.5

41.7

46.3

43.5

45.4

46.4

56.9

56.4

5r.8

49.8

45.5

4.2
55.3

46.5

5t.l
59.7

51.8

54.3

45.3

53.7

52.5

43.5

43.6

68.8

52.3

44.9

56.1

52.7

M.7

53.3

M.I

45.5

42.9

M.t
45.8

46.0

43.5

42.7

47.6

45.2

54.8

44.6

50.9

46.2

45.3

5r.2

51.0

52.0

53.t

49.5

48.9

49.7

60.1

52.5

45.8

49.0

57.t

66.5

62.5

55.2

5r.2

55.4

56.9

55.9

56.6

53.5

68_8

69.5

55.0

53.3

55.5

54.6

62.7

6r.6

68.8

67.1

48.3

44.2

45.6

47.8

48.1

45.6

44.7

44.8

47.r

51.6

46.7

5r.4

45.7

45.1

56.1

51.6

54.9

55.1

52.5

49.3

53.9

52.9

48.8

62.5

63.9

54.9

53.5

48.3

56.2

62.9

58.1

52.9

48.3

53.5

50.9

64.8

54.8

53.5

55.6

48.0

59.7

50.9

386.7

522.0

387.1

559.3

389.3

269.2

385.4

48.0

46.2

48.6

48.9

46.2

43.4

53.8

47.4

45.2

52.7

49.3

52.0

48.4

49.3

50_6

50.1

48.3

54.1

49.6

44.2

55.8

51.0

56.7

56.0

51.8

49.8

56.2
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l.earn Counl

RMSE Units

Model SMB 088

50 51 52 53 54 55 56

5,000

10,000

15,000

20,000

25,000

30,000

35,000

40,000

45,000

50,000

55,000

60,ü)0

65,000

70,0(x)

75,000

80,000

85,000

90,000

95,000

100,000

105,fi)0

110,000

115,000

120,000

125,000

130,000

135,000

140,000

145,000

150,ü)0

155,000

160,000

165,000

170,fi)O

175.000

385.4

40p..4

58.3

57.0

54.5

51.6

51.3

49.7

49.7

48.8

47.1

47.5

45.2

45.1

M.7

46.r

44.3

M.6
M.7

45.3

48.5

46.5

44.4

44.2

47.0

47.9

46.r

47.6

44.6

46.4

50.4

46.0

M.3

43.0

5r.2

47.4

60.8

55.1

43.r

43.9

56.3

48.7

53.0

49.1

57.3

54.9

56.9

65.8

62.0

51.0

48.0

52.8

58.7

62.3

47.5

54.9

54.5

55.3

63.6

54.3

52.9

55.9

62.9

48.6

54.3

51.1

64.4

56.5

63.4

5r.2

88.6

60.2

70.2

6r.2

6r.7

64.2

62.6

64.7

61.8

69.r

63.7

63.3

62.5

63.6

65.0

64.r

62.7

62.8

64.r

62.7

63.4

63.6

63.r

62.1

62.0

61.1

60.9

62.2

59.7

59.3

58.6

59.4

57.5

56.7

56.1

62.8

63.8

64.3

59.8

58.1

60.2

58.1

60.0

56.4

6t.7

55.6

55.1

54.7

54.5

53.s

56.3

56.5

56.8

56.4

54.8

52.6

52.4

52.5

53.7

52.r

53.2

53.5

51.8

53.2

55.4

50.4

53.1

51.5

53.4

51.5

67.9

71.7

71.9

72.6

7r.6

69.5

71.8

70.r

69.4

69-2

69.3

69.4

69.0

69. l
68.8

68.6

67.9

67.2

66.6

66.4

65.0

66.4

65.8

65.s

65.1

64.9

65.1

64.2

63.6

63.4

62.7

63.0

63.9

62.O

63.2

68.8

65.1

65.4

62.4

63.5

62_6

60.3

60.5

59.8

58.7

6r.7

59.8

58.5

55.8

54.8

55.1

55.8

55.4

55.8

53.3

54.9

53.8

54.6

54.2

55.3

53.0

53.9

56.2

55.7

55.0

54.7

54.8

53.0

51.9

50.7
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RMSE

Model SMB 088 cont.

50 51 52 53 54 55 56

50.8

51.2

51.6

55.1

60.5

52.r

55.6

53.9

47.7

47.8

48.2

47.9

50.2

49.t

47.6

49.4

47.2

47.3

46.9

48.8

47.4

48.7

47.1

52.7

49.7

49.4

49.4

51.3

51.3

51.4

52.7

49.6

180,000

185,ü)0

190.000

195,000

200,0ü)

205,000

210,000

215,fi)0

220,000

225,000

230,000

235,0ü)

240,W
245,Offi

250,ü)0

260,000

270,W
280,000

290,000

300,000

310,000

320,000

330,000

340,000

350,000

360,0ü)

370,000

380,000

390,000

400,000

410,000

420,000

430,000

440,000

49.4

44.5

45.1

49_8

53.3

57.7

56.8

49.4

62.2

60.3

56.6

55.4

54.6

56.0

56.6

56. l
56.9

53.3

55.4

58.7

53.3

53.0

54.4

52.7

52.8

53.2

52.8

51.3

51.4

50.1

49.1

49.7

47.0

52.0

48.0

51.5

52.6

51.5

52.6

54.5

52.4

60.1

59.7

58.3

59.2

60.4

59.1

58.2

s7.3

57.4

55.7

56.0

58.0

63.0

6r.9

63.2

61.7

61.8

48.5

47.4

46.2

47.1

46.2
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I-eam Count

RMSE Units

Model SMB 10 88

50 51 52 53 54 55 56

460,000

470,000

480.000

490,000

500,000

510,000

520,000

530,000

540,U)0

550,000

560,000

580,000

600,000

620,000

640,000

660,000

680,000

700,000

720,000

740,000

760,000

780,000

800,000

920,000

840,0ü)

860,000

880,000

900,0ü)

920,000

940,000

960,000

980,000

1,000,000

46.5

46.6

48.0

45.r

45.2

M.9
M.5
43.9

44.3

48.2

45.t

43.8

43.2

M.9

M.9

43.2

43.0

43.9

43.3

M.3

45.6

M.1

56.0

5s.5

55.1

55.4

56.0

56.3

54.0

54.6

54.8

54.5

54.7

53.6

54.2

53.7

55.3

53.1

53.6

54.0

52.8

53.1

51.9

53.1

54.O

52.L

52.4

5r.2

52.4

5t.7

49.0

46.9

47.3

47.4

46.6

46.6

47.0

47.5

49.0

48.0
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læarn Count

RMSE (EC Units)

Model SMB_M_A_XX_10_88 (cont.)

50 51 52 53 54 55 56

1,020,000

1,040,000

1,060,000

1,080,(x)0

1,100,000

1,120,000

1,140,000

1,160,(x)0

1,190,000

1,200,000

1,220,000

I,240,000

1,260,(X)0

1,280,000

1,300,000

52.5

51.7

52.1

51.5

53.3

50.5

51.2

51.0

50.3

50.2

50.7

51.7

49.6

50.0
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UnitsRMSE

088Model SMB

63 6461 6259 6057 58

58.6

56.9

55.8

48.9

48.2

46.3

47.r

45.3

56.3

52.2

51.1

49.9

54.9

50.2

42.3

48.5

55.6

54.1,

s3.3

52.6

50.2

45.9

45.3

M.0

52.8

59.9

54.8

5r.4

48.6

45.1

44.5

47.6

60.5

55.8

54.5

48.9

48.8

48.4

47.3

M.2
43.9

55.9

53_7

57.1

50.3

48.0

M.6

46.5

43_2

45.4

43.8

55.4

53.0

55.2

51.3

51.8

47.4

45.0

46.5

45.5

47.t

45.3

63.6

60.9

60.4

52.2

51.5

47.7

47.0

47.5

46.0

48.1

45.6

47.8 42.6

46.9

46.6

47.4

48.0

47.7

50.3

51.8

51.3

43.4

M.I
43.0

45.t

45.4

43.4

46.2

45.4

47.7

47.7

45.7

47.1

49.9

45.2

47.2

45.5

46.9

49.2

49.4

47.8

45.2

47.3

45.9

47 _6

49.3

48.4

43.3

M.6

44.5

M.3

46.3

46.2

48.2

46.7

M.6
47.9

47.2

45.5

47.9

43.6

M.2
44.5

45.3

M.0

51.4

M.8
46.7

47.5

M.3
47.0

45.0

45.3

49.2

48.1

46.1

47.9

47.2

47.6

48.9

10,000

20,(x)0

30,(n0

40,000

50,000

60,000

70,000

80,000

90,000

100,000

110,0ü)

120,fi)0

130,000

140,000

150,000

160,ü)0

170,000

180,000

190,000

200 000

45.8

45.3

44.5

45.7

45.5

45.3

47.8

45.2

45.0

48.0
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læarn Count

RMSE (EC Units)

Model SMB M A XX 10 88

65 66 67 68 69

10,(n0

20,000

30,000

40,(x)0

50,ü)0

60,000

70,000

80,000

90,000

100,(x)0

110,000

120,ü)0

130,000

140,000

150,000

160,000

170,000

180,000

190,000

200,00tc

54.5

50.6

51.8

51.3

47.2

43.0

43.5

45.6

48.4

46.5

45.6

44.3

46.9

45.4

49.2

49.1

49.7

46.r

47.9

52.8

51.6

54.5

54.5

48.5

45.4

43.9

43.4

41.7

42.6

43.5

43.3

44.9

42.3

43.8

43.t

46.7

48.4

47.0

52.8

51.5

52.2

55.9

56.0

55.2

47.9

45.0

47.2

45.4

M.9

57.0

48.5

49.1

51.8

46.2

46.3

48.2

53.5

53.9

52.6

53.6

56.3

54.9

50.1

49.9

43.4

43.4

44.1

43.3

44_0

47.6

48.9

M.8

47.9

44.7

47.4

47.6

50.8

50.7

50.8

48.2

47.3

44.8

43.1

41.8

42.9

43.t

42.4

42.4

43.5

42.0

42.9

45.0

M.t
47.4

46.5
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RMSE (EC Units)

Model SMB 088

70 7T

5,000

10,000

15,000

20,000

25,0(X)

30,000

35,0tC0

40,000

45,000

50,000

55,000

60,000

65,000

70,000

75,000

80,000

85,000.

90,000

95,000

100,000

53.3

48.9

54.7

40.9

45.6

51.8

40.9

51.8

50.0

51.2

44.1

46.9

50.7

77.9

43.5

43.4

43.5

47.0

45.3

54.5

48.7

58.1

43.7

42.6

42.r

49.6

55.0

46.6

56.0

60.5

55.0

M.8

53.3

66_0

52.2

49.5

48.3

5r.4
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48.5

43.7

4r.3

45.6

M.9
42.6

45.5

42.6

46.4

35,091

36,762

38,433

40,104

4I,775

43,446

45,IL7

46,779

48,449

42.t

44.5

53.1

43.3

43.3

46.5

49.9

59.7

47.8

48.7r20

Model SMB_M_A 7l l0 88

l-earn count RMSE

(EC units)

l-earn count RMSE

(EC units)

l-earn count RMSE

(EC units)

1,671

3,342

5,013

6,684

9,355

10,026

lL,697

13,369

15,039

L6,710

56.9

65.8

64.6

53.6

55.2

48.0

44.8

42.9

59.1

42.9

18,381

20,052

21,723

23,394

25,065

26,736

28,407

30,078

31,749

33.420

Model SMB_M_A_72_10_88

Learn count RMSE

(EC units)

l.earn count RMSE

(EC units)

I-earn count RMSE

(EC units)

1,0(x)

3,000

6,0(x)

7,000

9,0(x)

11,fi)0

12,000

50,000

100,000

200,000

300,000

400,000

157.2

134.5

69.8

6r.6

6t.4

62.9

63.3

63.1

61.5

58.7

56.8

55.5

500,000

600,000

700,000

800,000

900,000

1,000,000

1,100,000

1,200,000

1,300,000

1,400,000

1,500,000

1,600,000

I

54.4

54.0

53.3

52.1

50.4

49.4

48.4

48.4

46.9

46.1

45.3

4.7

1,800,000

2,000,000

2,200,4a0

2,400,000

2,600,000

2,900,000

3,000,000

3,200,000

3,400,000

3,600,000

44.1

43.3

43.6

M.t
43.8

43.2

43.8

43.7

M.2
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UnitsRMSE

Model SMB

85 2383 83 2l83 18 83 19l7*

84.9

75.3

96.2

108.9

106.0

100.9

r02.5

T14.2

88.6

65.2

93.1

57.7

62.0

88.2

67.6

85.2

76.3

93.9

76.4

79.0

80.6

91.0

82.r

85.3

87.3

72.2

96.0

76.5

72.2

84.3

7t.7

76.0

74.2

97.3

100.6

91.8

r07.9

1r9.7

89.1

100.6

95.0

94.2

87.6

94.5

151.0

1t3.4

150.1

t20.4

94.6

95.8

100.7

93.6

106.8

91.0

1 16.1

99.3

t06.7

93.5

86.8

88.9

9r.4

83.5

96.4

108.4

94.4

106.0

88.5

85.2

85.9

93.0

83.6

97.3

85.4

95.2

65.1

7r.4

63.8

68.3

t03.7

105.5

tr7.6

tt2_o96.8 69.8

5,(X)0

10,(x)0

15,(X)0

20,000

25,000

30,000

35,0(X)

40,(x)0

45,000

50,(x)0

55,000

60,000

65,000

70,000

75,0(X)

80,000

85,000

90,(x)0

95,000

100,000

105,000

110,000

115,ü)0

120,000

125,000

130,000

135,000

140,000

145,000

1

93.0

109.8

t02.9

99.6

106.5

93.9

101.6

91.6

* This should be model SMB-U-A-82-17-88 (not SMB-M-A-82-17-88)
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E.3 28 Day Forecasts

RMSE U

Model SMB

I 1 8 t6 14 89 15 89 16 89 t4 15

102.9

84.7

90.7

66.5

63.7

60.4

57.9

73.2

69.0

57.2

60.2

88.0

84.3

79.4

76.9

75.0

71.5

76.6

75.3

78.9

73.5

73.4

83.4

84.7

84.0

83.4

69.0

74.3

62.3

84.8

63.5

68.1

6r.2

61.7

88.4

93.3

98.0

102.2

82.2

94.8

82.6

110.6

81.3

79.5

81.6

80.9

78.3

82.6

84.0

82.9

69.2

63.t

65.0

51.7

62.2

52.6

51.0

61.8

57.0

5t.7

52.7

52.4

59.4

68.4

50.0

50.4

93.3

97.0

97.2

92.7

94.6

98.4

95.4

90.4

91.1

88.7

88.6

92.2

92.6

81.8

84.4

86.0

82.6

82.8

84.0

76.8

79.1

85.4

77.7

77.0

80.4

80.8

79.6

82.1

79.7

1,000

2,000

3,000

4,000

5,000

6,000

7,000

8,000

9,000

10,000

11,000

12,000

13,(n0

14,(X)0

15,000

16,000

17,000

18,000

19,000

20,000

21,000

22,000

23,000

24,N0

25,000

26,000

27,000

28,000

29,000

6t.3

65.5

66.r

56.3

62.7

73.5

87.9

84.8

88.4

103.4

60.2

67.5

59.3,

60.6

63.r

62.6

74.2

76.2

95.2

99.t

LOT.7

101.0

105.5

104.5

102.2

105.1

103.6

103.8

t02.9

tol.2
105.1

95.4

100.8

95.0

94.6

93.2

92.7

87.9

88.0

90.7

88_3

89.5

90.4

9r.l
95.5

91.8

90.8

91.9

89.6

92.7

94.6

92.9

87.5

89.7

93.8

85.4

86.0

83.3

9r.2

79.O

8t.2

79.5

77.2

76.7

80.1

71.6

73.0

76.4

73.9

75.5

73.9

75.8

70.5

68.4

74.7

70.8

76.5

76.1

51.1

54.2

73.5

71.7

85.3

74.0

80.9

80.6

72.8

71.2
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Leam Count

RMSE Units

Model

14 88 15 88 16 88 14 89 15 89 16 89 14 90 15 90

31,000

32,ü)0

33,ü)0

34,000

35,000

36,ü)0

37,000

38,000

39,OCK)

40,000

79.7

79.0

78.8

77.1

85.2

76.0

83.0

76.3

79.9

77.5

89.5

94.7

89.3

91.6

90.0

88.6

89.8

90.0

93.4

75.r

81.0

7t.3

74.5

75.7

74.8

72.5

75.r

76.r
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RMSE Units

Model SMB

1 t4 9I I5 I 1 6 1

83.8

78.3

78.1

100.5

95.1

92.1

89.0

88.2

87.7

88.3

86.4

85.6

86.2

85.3

86.0

84.0

86.4

86.2

84.9

85.r

85.8

70.0

58.7

s3.9

63.1

55.1

52.6

58.7

51.2

48.3

55.8

55.4

52.5

48.3

5t.7

47.9

48.2

57.3

47.2

46.r

45.5

59.4

52.2

46.7

52.8

4.O

97.3

92.9

89.4

84.9

84.1

83.1

80.1

79.0

77.4

79.0

76.2

75.2

75.1

78.2

79.O

75.5

78.5

78.8

78.8

74.7

76.0

73.7

72.9

73.6

73.2

7t.6
80.9

76-t

1,000

2,400

3,000

4,000

5,0t00

6,(X)0

7,000

8,(X)0

9,000

10,000

11,000

12,000

13,000

14,000

15,000

16,000

17,0(X)

19,000

19,000

20,000

21,000

22,000

23,000

24,A00

25,000

26,000

27,N0

28,000

29,000

55.1

43.2

4.3

80.0

78.0

78.2

74.9

79.6

75.9

84.5

78.5

76.0

85.1

92.6

74.4

69.6

76.8

79.2

69.8

82.5

84.6

78.8
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l.earn Count

RMSE Units

Model SMB

16 90 14 9I 15 91 16 91

31,000

32,000

33,0(X)

34,000

35,ü)0

36,000

37,0(X)

38,000

39,000

40,(x)0

77.2

74.6

75.2

75.8

79.2

74.4

74.7

76.9

75.0

7r.9
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Corrigenda for

ilA FH
f=r 2l -l

C"L

Use of Artificial Neural Networks for Modelling Multivariate Water
Quality Time Series

Holger R. Maier

On page 7 , the sentence.

The advantages of using artificial neural networks include (Jones and Hoskins, 1987;

Lippmann, 1987; Daniell, 1991; Burke and Ignizio, 1992; Burke, 1991; NeuralWare, Inc.,

1991; I(moto and Asakawa, 1990, Josin, T987 Saito and Nakano, 1990; Hecht-Nielsen,

1988; Maren et al., 1990; Hubick, 1992):

should be replaced with:

The advantages of qsing artificial neural networks include (Jones and Hoskins, 1987;

Lippmann, 1987; Daniell, l99l; Burke and Ignizio, 1992; Ignizio Burke, l99l;
NeuralWare, Inc., I99l; Kimoto and Asakawa, 1990; Josin, 1987; Saito and Nakano,

1990; Hecht-Nielsen, 1988; Maren et al., 1990; Hubick, 1992)'.

On page 13, the notation:

xi: the input from node i, i: 0, l, N'

should be replaced with:

x¡ : the input from node i, i: 1,2, NP

42, Blc¿

by



Figure 2.4 onpage l5 should be replaced with the following figure:

n Q;)

1

0 I I
J

1

On page 26, the sentence

Adaptive resonance theory (ART) networks (described in Lippmann, 1987; Wassermann,

1989; Maren et al., 1990), bi-directional associative memory (BAM) networks (Kosko,

1987) and recirculation networks (Hinton, 1988) are examples of this type of network.

should be replaced with

Adaptive resonance theory (ART) networks (described in Lippmann, 1987; Wassernlann,

1989; Maren et al., 1990), bi-directional associative memory (BAM) networks (Kosko,

1987) and recirculation networks (Hinton and McClelland, 1988) are examples of this type

of network.

On page 39, the sentence:

Weigend et al. (1990, 1991) suggest using the following heuristic rule for determining the

initial number of hidden nodes:

should be replaced with:

Weigend et al. (1990) suggest using the following heuristic rule for determining the initial

number of hidden nodes:



On page 85, the sentence:

If dDw exceeds a critical value, the model is deemed to be inadequate.

should be replaced with:

IfdDw exceeds a critical value, the residuals are autocorrelated and hence one ofthe basic

assumptions of the model is violated.

On page 138, the list

Mannum, 1989, days 64 and 100

Morgan, 1989, day 116.

Morgan, 1990, day 305.

should be replaced with

Mannum, 1988, day 120.

Mannum, 1989, days 64 and 100.

Morgan, 1987, days 64 and 170.

Morgan, 1989, day 116.

Morgan, 1990, day 305.

On page 155, the sentences:

There seems to be no appreciable lag between the two flow records. This is partly a

function of the fact that lock operators change the lock configuration so that a constant

weir pool level is maintained. As a result, changes in flow propagate downstream very

quickly.

should follow the sentence:

There also seems to be quite a strong inverse relationship between flow and salinity at

Murray Bridge.



On page 156, the sentence:

The means, standard deviations, maxima and minima of the river level time series are

shown in Table 3.5

should be replaced with

The means, standard deviations, maxima and minima of the river level time series (which

are given above the Australian Height Datum (AIID)) are shown in Table 3.5.

On page 526, reference [4] should be replaced with.

Adeli, H. and Yeh, L. (1990) "Neural Network Learning in Engineering Design",

Proceedings of the International Neural Network Conference, Vo1.1, Paris, July 9-13,

pp.412-415.

On page 527, reference [8] should follow reference [14]

On page 527, reference [12] should be replaced with:

Ansley, C.F. and Kohn, R. (1984) "On the Estimation of ARIMA Models with Missing

Values", in Time Series Analysis of hregalarly Observed Data, E. Parzen, Ed, Springer-

Verlag, New York.

On page 528, reference [19] should be replaced with:

Bergman, M.J. and Delleur, J.W. (1985a) "Kalman Filter Estimation and Prediction of

Daily Stream Flows: L Review, Algorithm, and Simulation Experiments", Water

Re sour ce s Bu I letin, Vol. 2 l, No. 5, pp.827 -832.



On page 528, reference l27l should be replaced with:

Box, G.E.P. and Pierce, D.A. (1970) "Distribution of Residual Auto-correlations in

Autoregressive-Integrated Moving Average Time-series Models", J. Amer. Statist. Ass.,

Vol.65, pp 1509-1526.

On page 529, reference [33] should be replaced with:

Buringh, P. (1979) "Food Production Potential of the World", in: The World Food

Problent; Concensus ønd Conflicl, Radhe Sinha, Ed, Pergamom Press, New York,

pp.477-485.

On page 533, reference [76] should follow reference [77].

Reference [81] on page 534 should follow reference lTTlbut before reference [76] on

page 533.

On page 534, reference [79] should follow reference should follow reference [80]

On page 534, reference [87] should be replaced with

Galey, F.D., Beasley, V.R., Carmichael, W.W., Kleppe, G., Hooser, S.B. and Hascheþ

W.M. (1987) "Blue-green Algae (Microcystis aeruginosa) Hepatotoúcosis in Dairy

Cows", American Journal of Veterinary Research, Vol.48, pp.l4l5-1420.

On page 537, reference [121] should be replaced with

Hecht-Nielsen, R. (l9S8a) "Applications of Counterpropagation Networks", Neural

Networks, Vol. 1, pp. 13 1-139,



On page 538, referencell22l should be replaced with:

Hecht-Nielsen, R. (198Sb) "Neurocomputing: Picking the Human Brain", IEEE Spectrum,

Vol. 25(3), March, PP.36-41.

On page 539, reference [135] should follow reference [136]

On page 542, reference [170] should follow reference [171]

On page 543, reîerence [179] should be replaced with:

Kohonen, T. (1983) "Statistical Pattern Recognition with Neural Networks. Benchmark

Studies,', proceedings of the Second Annual IEEE Intermational Conference on Neural

Netnorks, Vol.1.

On page 546, referencel202l should follow reference [203]

On page 547, reference[217] should follow reference [218]

On page 548, referencel223l should be replaced with:

Murray-Darling Basin commission (MDBC) (1993) "Technical Advisory Group

Outcomes" MDBC, Canberra

On page 548, referencef}21l should be replaced with:

Murray-Darling Basin Ministeriat Council (MDBMC) (1993) "Algal Management Strategy

for the Murray-Darling Basin (Draft)", MDBC, Canberra'

On page 548, referencef2}gl should follow teîerencel226f



Onpage54g,referencel234fshouldfollowreference[235]

Onpage550,referencel244lshouldfollowreference[245]

On page 553, reference 12781should follow reference [281]

on page 557 , rhefollowing reference should be added after reference [313]:

wann, M., Hediger, T. and Greenbaum, N.N. (1990) "The Influence of Training Sets on

Generalisation in Feedforward Neural Networks" , Proceedings of the lÐEE/International

Joint Conference on Neural Networks, Vol'I[ pp'I37-142'

On page 557, referencel322l should be replaced with:

widrow, B. and Hofl M. (1960) "Adaptive Switching circuits", IRE WESCON

Convention Record,New York, August 23-26, pp'96-104'

References 1322)to 13241 onpages 557 and 55g should follow reference [319] on page

557




