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ABSTRACT

Currently available wind-wave prediction models require a prohibitive amount
of computing time for simulating non-lincar wave-wave interactions. Moreover,
some parts of wind-wave generation processes are not fully understood yet. For this
reason accurate predictions are not always guaranteed. In contrast, Artificial Neural
Network (ANN) techniques are designed to recognize the patterns between input and
output so that they can save considerable computing time so that real-time wind-wave
forecast can be available to the navy and commercial ships. For this reason, this
study tries to use ANN techniques to predict waves for winter storms and hurricanes
with much less computing time at the five National Oceanic and Atmospheric
Administration (NOAA) wave stations along the East Coast of the U.S. from Florida
to Maine (station 44007, 44013, 44025, 44009, and 41009).

In order to identify prediction error sources of an ANN model, the 100 %
known wind-wave events simulated from the SMB model were used. The ANN
predicted even untrained wind-wave events accurately, and this implied that it could
be used for winter-storm and hurricane wave predictions. For the prediction of
winter-storm waves, 1999 and 2001 winter-storm events with 403 data points and
1998 winter-storm events with 78 points were prepared for training and validation
data sets, respectively. In general, because winter-storms are relatively evenly
distributed over a large area and move slowly, wind information (u and v wind
components) over a large domain was considered as ANN inputs. When using a 24-
hour time-delay to simulate the time required for waves to be fully developed seas,
the ANN predicted wave heights (r = 0.88) accurately, but the prediction accuracy of
zero-crossing wave periods was much less (r = 0.61). For the prediction of hurricane
waves, 15 hurricanes from 1995 to 2001 and Hurricane Bertha in 1998 were prepared
for training and validation data sets, respectively. Because hurricanes affect a
relatively small domain, move quickly, and change dramatically with time, the
location of hurricane centers, the maximum wind speed, central pressure of hurricane
centers, longitudinal and latitudinal distance between wave stations and hurricane
centers were used as inputs. The ANN predicted wave height accurately when a 24-
hour time-delay was used (r = 0.82), but the prediction accuracy of peak-wave
periods was much less (r = 0.50). This is because the physical processes of wave
periods are more complicated than those of wave heights.

This study shows a possibility of an ANN technique as the winter-storm and
hurricane-wave prediction model. If more winter-storm and hurricane data can be
available, and the prediction of hurricane tracks is possible, we can forecast real-time
wind-waves more accurately with less computing time.
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CHAPTER I

INTRODUCTION

1.1. Rationale

Water waves are the most important force in erosion, transport, and deposition
of sediments on coastal areas. They not only change natural environments by
eliminating beaches and barriers or reshaping the maps of shorelines, but also impact
human life by undermining waterfront houses and public facilities, eventually making
them uninhabitable or unusable.

Waves are subdivided by generation forces: tidal waves, tsunami, and gravity
waves are generated by gravitational forces, earthquakes, and wind forces,
respectively. Among gravity waves, wave periods of 5 to 15 seconds are most
important for coastal communities because substantial wave energies are associated
with these particular periods.

Change of atmospheric pressure generates different wind speeds near the sea
surface, and big waves are accompanied by strong winds. Summer hurricanes and
winter storms are the two strong forces that generate large surface wind waves, which
are usually gravity waves. For this reason, it is very important to know the expected

waves caused by those strong wind systems.
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Hurricane is a term used for a specific type of cyclone that has a low-pressure
system and counterclockwise wind circulation with wind speeds exceeding 64 kts in
the northern hemisphere: the North Atlantic Ocean, the Northeast Pacific Ocean east
of the International Date Line, or the South Pacific Ocean east of 160°E (Neumann,
1993).

Winter storm is a general name to define a strong wind system during cold
weather. The wind fields of winter storms appear over a large domain. Wind speeds
are relatively even distributed in the corresponding areas. The wind speeds and
directions of wintef storms vary slowly during each event. For this reason, winter
storms give enough time for waves to be developed.

In contrast, hurricanes generate from tropical areas and move to extra-tropical
areas. Hurricanes usually move rapidly along a track, and the area affected by
hurricanes is restricted to a relatively small domain (e.g., on the order of 100km)
compared with that for winter storm systems. The intensity of hurricanes depends on
the initial intensity, the thermodynamic state of the atmosphere through which it
moves, and the heat exchange with the upper layer of the ocean under the core of
hurricanes (Emanuel, 1999). In general, hurricane wind speed is much larger when
compared with the winter storm wind field, and the wind speed and direction of
hurricanes change rapidly with time and location. In general, there is no wind at the
hurricane center. Wind speed increases sharply from the hurricane’s center and
reaches a maximum at a distance called the radius of maximum wind, beyond which

it gradually declines.
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The strong wind energy from winter storms and hurricanes is transmitted to the
sea, generating large waves, which may or may not impinge coastal areas. However,
wind-energy transfer to the sea is not the same between hurricanes and winter storms.
The wind energies of winter storms are transferred over large areas. Hurricane
waves, however, are restricted to a small region because hurricanes have small wind
fields. In other words, the wind energies of hurricanes are transferred to waves by
strong winds over a relatively small domain.

Moreover, the corresponding wéve energy is changing drastically with time
because hurricane-wind energy changes rapidly with time and space. The wind
velocity for a particular area is always changing. Thus, hurricanes rarely give enough
time for water waves to be fully developed. These are the reasons why hurricane
wave prediction is much more difficult than winter-storm wave prediction.

Useful warning systems for hurricanes include predicting hurricane intensity,
track, and corresponding waves. Today, with the advance of high-speed computers, it
is possible to predict wind speeds, locations, and rainfall of hurricanes while
hurricanes are in progress. Mathematical models have been developed to estimate
wind speeds (Aberson, 2001; Batts et al., 1980; Georgiou et al., 1983; Geogiou,
1985; McAdie and Lawrence, 2000; Vickery and Twisdale, 1995a and b; Vickery et
al., 2000).

Many research divisions in the National Oceanic and Atmospheric
Administration (NOAA) analyzed the information about storms and hurricanes for

future event predictions. For instance, the Hurricane Prediction Center (HPC) made
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86 real-time analyses of hurricane wind fields during the 1995 hurricane season using
the technique developed during the reconstruction of the hurricane Andrew’s wind
field (Powell and Houston, 1996).

The National Center for Environmental Prediction (NCEP) provides
worldwide wind forecasts. The Hurricane Prediction Center (HPC) has forecasted
hurricane tracks three days in advance since 1964. The National Weather Service
(NWS) has provided the forecast from the HPC to the public. Since March 2003, the
HPC has been able to forecast hurricanes five days in advapce.

The Ocean Modeling Branch (OMB) in the NOAA provides forecasts of wave
height and period up to 126 hours in advance, using the NOAA WaveWatchlIl
(NWW3) model. The Tropical Analysis and Forecasting Branch (TAFB) has
provided marine forecasts and warnings for the tropical and subtropical oceans of the
Atlantic and eastern Pacific using the NWW?3 since 2003.

The Tropical Analysis and Forecasting Branch (TAFB) of the HPC compared
observed wave heights, obtained from the National Data Buoy Center (NDBC), and
predicted wave heights from advanced NWW3 model at the NDBC station 42002 and
others in the Gulf of Mexico on February 1, 2002 during a winter storm. Figure 1-1
compares the observed and predicted wave heights (Robert and Christopher). They
predicted only five data points that have a 12-hour period, and the correlation
coefficient between the observed wave height and predicted wave height is abéut

0.78.
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Fig. 1-1. Comparison of observed (solid line) and NWW3 forebasted
(dashed line) wave heights at station 42002 (25.17°N and 94.42°W) located
in the Gulf of Mexico (after Robert and Christopher, 2002).
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Currently available numerical wave models, such as the WAve Model (WAM)
and the Simulating WAve Nearshore (SWAN), require prohibitive computing time,
and some physical processes are still poorly understood. A more detailed explanation
of numerical wind-wave prediction models will be given in Chapter 3.4. In contrast
to the improvement in forecasting the intensity and track of hurricanes, there has been
comparatively little advance in predictions of storm and hurricane waves.
Improvement in computing time and accuracy of the prediction of hurricane waves
can save both economic loss and human lives.

Thus, the objective of this study is to develop a faster wave prediction model
using an Artificial Neural Network (ANN) technique. Problems of numerical wave

models and advantages of an ANN model are explained in the next section.

1.2. Problem of Current Numerical Models
Wind-wave generation is a complicated non-linear process that is not yet fully
understood. The pfediction of wave generations requires knowledge of all processes
as well as all inputs. At present, wave prediction models (e.g., WAM and SWAN)
solve physical processes numerically. These models include wave-wave interaction
terms that are important to represent complicated non-linear characteristics.
However, the uncertainty of these non-linear interactions as well as processes of non-

linear interaction terms significantly degrade the model accuracy and efficiency. This
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means that progress in wave prediction models strongly depends on research of wave-
wave interactions and computer advances.

Today, the wind-wave generation models have advanced to third and forth
generation models. However, even the updated wind-wave prediction models are not
yet perfect. With respect to physical processes, wind energy inputs and energy
dissipations are the least understood processes in wave evolution and are still difficult
to adequately simulate. This means that different possible combinations of the two
terms can yield the same model results. Hence, even with field verifications, correct
wave prediction results do not necessarily mean that wind inputs and energy
dissipations have been correctly modeled (Burgers and Makin, 1993).

Low computing speed is another critical weakness of the third generation
models. Even though numerical integration of all wave-wave interactions improves
prediction accuracy, this integration requires tremendous computer resources.
Hasselmann and Hasselmann (1985) provided the Discrete Interaction Approximation
(DIA) method, which considers only simplified quadruplet wave interactions to
reduce the prohibitive computing time. However, the DIA model still requires
considerable computing resources. An improvement on computing speed is only
possible when computer power increases by 2000 times (Komatsu and Masuda,

1996). More efficient computing schemes are needed in the future.
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1.3. What Is ANN? It’s Advantages and Limitations

An Artificial Neural Network (ANN) is a system that, in imitation of humah
brains, learns from past experiences. Biological neurons consist of three functional
parts: dendrites for receiving inputs from other sources, soma for processing the
inputs in some way, and axons for producing outputs (see Fig. 1-2). An ANN model
was designed to simulate these biological functions, so it also has three artificial
layers: input, hidden and output layers. In each layer, the number of neurons is
selected according to the characteristics of a process. The neurons between the input
layer and hidden layer, and between the hidden layer and output layer are
interconnected. More information about the basic ANN concept is given in chapter
2.3.

An ANN technique recognizes general patterns and relationships between
inputs and corresponding outputs. Before prediction, however, an ANN model must
learn through known data sets. This process is called training. The ANN continues
to update its weights and biases using summation, multiplication, and transfer
functions until it obtains a pre-defined least square error, which is the difference
between observed values and model outputs. The core processes of an ANN model
self-optimize by trying to find optimum weight values for the errors. After training,
the ANN uses the set of best-fitted weights and biases between the neurons for the

prediction of future events. (For more information on an ANN model, see chapter 2).
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Fig. 1-2. A Typical structure of the Back-Propagation Neural Network
with symbol InH,Op. Solid lines represent weights and dashed lines
indicate biases. :
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An ANN technique is very useful for wind-wave prediction because of the
following reasons. First, an ANN model requires much less computing time
compared with traditional numerical models because it does not compute physical
processes but finds the differences in patterns between observed inputs and outputs.
Reduced computing time is the greatest advantage in using an ANN technique.

Second, an ANN model can avoid error that has resulted from simulating
inexactly-known non-linear wave-wave interactions because it does not simulate
those processes at all.

Third, an ANN with optimum structure can increase accuracy of wind-wave
predictions in the well-trained state (e.g., a sufficient set of training data on wind
speed and corresponding wave height). In addition, the training process can be
updated whenever new data become available.

There is, however, a critical limitation in using an ANN model. The ANN
model cannot be trained without long term or sufficient data on wind and waves.
Anocther limitation is that measurement data of winds and corresponding waves
cannot be available everywhere. Therefore, where insufficient or no data are

available, an ANN technique is hardly useful to predict wind-waves.

1.4. Objectives
Tsai and Lee (1999), Tsai et al. (2002), and Deo et al. (2001) used the Back-

Propagation Network (BPN) to predict tide level or wind-waves. Although their new
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trial of an ANN technique was revolutionary, their prediction results were not
satisfactory. For this reason, there are no ANN models available to accurately predict
wind-waves yet. More explanation about early ANN studies is given in section 3.5.

The objective of this study is to build ANN wave prediction models for winter-
storms and hurricanes with a small computing time at the five stations (44007, 44013,
44025, 44009, and 41009) from Florida to Maine along the east coast of the U.S.
Before using ANN techniques, we should first know what is required for ANN
modeling and what is its capability for accurate wind-wave prediction.

For this reason, the following five questions were posed and the answers will
be given in separate chapters: (1) which is the more efficient ANN scheme and
learning algorithm; (2) how to simulate wind-wave generation for ANN modeling
and what is(are) the major parameter(s); (3) how to select the optimum number of
hidden neurons and iteration; (4) how to identify the sources of prediction errors; and

(5) how many wind-wave patterns are needed for training?

1.5. Outline of Presentation
This dissertation consists of seven chapters and is presented in the following
order. A brief review of the Artificial Neural Network (ANN) is given in chapter IL.
Review of wind-wave prediction models is given in chapter III. Two test cases for
ANN model capability are given in chapter IV, using a linear and the SMB-simulated

nonlinear wind-waves. An ANN for winter-storm waves is given in chapter V. An
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ANN for hurricane waves is given in chapter VI. Discussion and conclusions are

given in chapter VIL
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CHAPTER II

REVIEW OF ANN

2.1. Introduction

The fundamental background and general features of an ANN model are
explained in this chapter. An historical background of an ANN is given first in
section 2.2. The basic layout and structural concept of an ANN model are given in
section 2.3, including the function of each component of an ANN model. Statistical
relationships in an ANN model are explained in section 2.4. Classification of ANN
models is given in section 2.5. The various types of ANN learning rules are detailed
in section 2.6. A general outline of neural system operation is given in section 2.7,

and the optimum number of hidden neurons and iterations is selected in section 2.8.

2.2. Historical Background
Although the study of artificial neurons began in the late 19® century, models
off the basic theories of human neurons were not possible until computer hardware
and software advanced in the 1950s. Farely and Clark (1954) were the first to

simulate the Hebbian theory. They used a digital computer at the Massachusetts
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Institute of Technology to construct nodes that represented biological neurons
randomly connected with each other. Rosenblatt (1958) opened a new phase ofneural
network research by presenting an unsupervised learning network, which is called an
auto-learning network. This was a pattern regularity detector that learns occurring
patterns consistently and regularly. Then, the ANN technique was first applied to
solve real world problems (Widrow and Hoff, 1960). Hopfield (1982) clearly showed
how such networks could work and what they could do.

Today, ANNs are applied to many areas including defense, industry,
commerce, civil engineering, medicine and science for prediction, pattern
recognition, classification, signal processing, and data filtering. The promise of ANN
seems bright, and development is absolutely dependent on hardware advancement in

the future (Kartam ez al., 1997; Daniel, 1998).

2.3. Basic Concept
An ANN is a system designed to imitate the brain to learn from past
experiences, just as children learn to recognize dogs from examples of dogs. After
learning, children develop capabilities of generalization beyond the taught data. In
the same way, the ANN can recognize patterns from past experience (Haykin, 1994).
The basic unit of the brain is a specific type of cell, the neuron. Up to 20,000

are interconnected and provide the ability to think, remember, and apply previous
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experiences to our every action. All these biological neurons have four sub-units:
dendrites, soma, axons, and synapses (Fig. 2-1a).

Dendﬁtes receive inpﬁts from external sources, the soma processes the inputs,
and the axons perform a non-linear operation and turn the processed inputs into
outputs. Signal transmission between neurons occurs at the synapse.

The basic unit of an ANN is the input, hidden, and output layers, which
represent corresponding biological neural groups. Each layer may have an
unspecified number of artificial neurons. The artificial neurons have much simpler
functions than found in biological neurons (see Fig. 2-1b). The number of input
parameters determines the number of input neurons, which is represented by a
mathematical symbol x;. The number of output parameters determines the number of
output neurons. However, there is no rule to determine the number of hidden
neurons.

Weights are established between the input and hidden layers. The number of
intercqnnections of the neurons between the two layers determines the number of
weights. Each weight has a proper numerical value to adequately represent the
importance of each input parameter. In other words, an ANN model identiﬁes the
optimum weight factor for each input and produces the best output for a given effect
of input.

An ANN multiplies the inputs and weight values, and these products are
summed arithmetically. The result of the summation is transformed to the output

through a transfer function, which has a range from -1 to +1. The transfer function
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Dendrites

N

Synapse

Fig. 2-1 a. The basic unit of biological neurons, which are
interconnected each other: Dendrites for accepting input signal, Soma
for processing the input, Axon for directing the processed result to the
output, and Synapse for representing the final output to other neurons.

Hidden
Laver

Artificial Neuron

Fig. 2-1 b. A Structure of Artificial Neural Network, which are
Simulating Biological Neurons. Each input, hidden, and output layer
consists of different numbers of artificial neuron. Input layer is to

accept input, X, hidden layer is to process the input signal, and output
layer is to represent the network resuit.
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can process both linear and non-linear problems. Further explanation of transfer
function is given in section 2.6.4.1.

The accuracy of the model output is evaluated by the difference between
observed values and model outputs. The performance of an ANN model is judged by
the ‘Least Square Error (LSE)’. A large LSE means that the distributed weight values
are improper. Thus, the error signal is fed back to the input and hidden layers. An
ANN changes its weight value according to the feedback signal, a process called
‘weight update’. The feedback of the LSE and the weight update processes will
continue until the LSE is less than a defined value. The repetitive processes of the
ANN are called ‘iteration’.

The great advantage of an ANN model is that it can self-optimize by finding
optimum weight values to reduce the LSE. Hence, an ANN model is easy to use
where the relationship between a given input and corresponding output is not clearly
known (e.g., non-stationary and time varying environments).

Through these processes, an ANN can learn the patterns from presented
representative data. In fact, an ANN model is trained to recognize the hidden
relationship between the fed inputs and outputs using their weight values.
Afterwards, it can identify the patterns from the learned weight values. Hence, an
ANN can be called a physical cellular system that can acquire, store, and utilize

experiential knowledge (Zurada, 1992; Daniel, 1998).
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2.4. Statistical Relationship

There is considerable overlap between the fields of Artificial Neural Networks
(ANNs) and statistics. By including feedback topology, most ANNs can be trained to
identify relationships effectively from noisy and complicated data when the data set is
large. This process is similar to statistical methods, e.g., statistical regression models
and the analysis of variance among groups (Francis, 2001; Ripley, 1994).

Data mining aims to find trends, patterns, or regularities in data. It almost
always involves a search architecture requiring evaluation of hypotheses at different
stages of the search, evaluation of the search output, and appropriate use of the
results. Artificial Neural Networks are one of best technical tools for discovering
hidden regularities or groupings in data.

Based on a particular theory, one can use a statistical method to find the
relationship between variables. Based on the selected theory, measures of uncertainty
(e.g., standard deviations) can be generated from probability distributions for given
samples. Therefore, statistical applications are often central to data analysis and
model fit.

Artificial Neural Networks involve exactly the same kind of model fit.
However, ANNs ignore the consequences and importance of particular théories. For
instance, many types of ANNs’ learning algorithms, such as the Backprop, the

Quickprop, and the Levenberg-Marquardts, are modified techniques that use the usual

statistical formulae of arithmetic mean such as —LZX ; where X; = each data point

i=l
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and n = the total number of data points. In short, ANNs are used for data mining
through learning from a given noisy data set, while a statistic approach must be based
on a theoretical formulation such as factor analysis, clustering, and principal
component analysis (Hand, 1999; Glymour et al., 1996).

Statistical methods can be used for simulaﬁng non-linear systems, e.g.,
polynomial regression, Fourier series regression, and multivariate adaptive regression
splines (Friedman, 1991). However, when using an ANN technique for a non-linear
system, efficient handling of many input parameters that are related to each other is

an advantage.

2.5. Classification of the ANN
There is no standard classification for Artificial Neural Networks (ANNs), but
it is possible to roughly classify them according to the learning algorithms and the

kinds of data employed.

2.3.1. Classification According to Learning Algorithm

According to different learning algorithms, ANNs can be categorized by
supervised and unsupervised learning. In supervised learning, both inputs and
outputs are provided, and the outputs, so-called desired values, take the role of a
teacher for system learning. The ANN processes the inputs and compares its results

(i.e., model outputs) with the desired values. Errors are then fed back through the
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system, making the system adjust the weights that represent the importance of a
particular input (Jordan and Rumethart, 1992). This back-propagated learning
algorithm is the so-called feedback system, because the communication continues
until the ANN reaches a pre-determined Least Square Error to predict the right
answer (Taylor, 1993; Haykin, 1994).

In unsupervised learning, the representative outputs are not fed back during
training. For instance, Kohonen (1995) used an unsupervised ANN for his Self-
Organizing Map. This unsupervised ANN is also called a feed forward ANN,
because the connections among layers are not iterated. The neurons at the first layer
send their outputs to the neurons at the second layer, but they do not receive any input

from the second layer neuron.

2.5.2. Classification according to Time Delay

According to whether an ANN uses time delay, either externally or internally, it
can be classified as an ANN with or without time delay. If a user externally feeds
data from more than one previous time level to the ANN input layer for predicting
outputs at the current time level, it is a so-called external time-delay ANN (e.g., Time
Delay Neural Network). By contrast, if an ANN uses internal outputs at the previous
time level to help predict output at the present time level, it is called an internal time-

delay ANN. Comparison of each ANN type is given in the next section.
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2.5.2.1. BEN

The Back-Propagation Network (BPN) is a popular ANN because it is simple
to understand, and it works well for general application. The BPN is a general name
for a supervised learning algorithm and can be expressed using the symbol InH,0, to
represent the input, hidden, and output layers (see Fig. 1-2). In each layer, the
number of neurons is represented by subscfipt m, n, and p. In general, the numbers of
neurons in the input and output layers correspond to the numbers of input parameters
and output requirements, respectively. For instance, if there is only one input, then
the BPN will use one input neuron at time level t = 1 to predict the output at time

level t = 1. Hence, the BPN does not use external and internal delays.

2.5.22 ERN

The Elman Recurrent Network (ERN) still consists of the three layers of a
Back-Propagation Network (BPN), but uses the additional internal input of the
previous time level t = O generated from the hidden layer, to predict the output at time
level t = 1. This process results in an increase in the memory of an ANN (Elman,
1990). The place in which the internal input is fed is called the Context Layer (Fig.
2-2).

The ERN has been widely used in applications such as sequence recognition,
phonetic representations, and temporal sequence generation. Because it uses

information only at time level t =0, it is a short-term memory ANN. An easy way to
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Input
Layer Hidden Gutpt
Laver utpu
@ Y Laver

Fig. 2-2. Sructure of the Elman Recurrent Network (ERN) with the
input, hidden, output layers, and additional context unit. For the
prediction (O; ~ Oy) at the next time level, the ERN will use an external
input (I; ~ In) as well as an internal input (n; ~ n,) from the context unit.
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increase the short-term memory of the ERN is to increase the number of hidden layer

neurons (Watrous et al., 1990; Hanes et al., 1994; Elman, 1990).

2.5.2.3. TDNN

The Time Delay Neural Network (TDNN) has a time delay at the input and/or
in the hidden layers. Depending on the duration of the time delay, there are three
different TDNNSs: a non-memory TDNN, a short-term memory TDNN, and a long-

term memory TDNN.

(1) Non-Memory TDNN

The non-memory TDNN uses only an external time-delay. For instance,
suppose that there are four external delays. For predicting an output at time level t =
m, the TDNN will use four consecutive inputs that occurred at time level t = m, m-1,

m-2, and m-3 (Fig. 2-3).

(2) Short-Term Memory TDNN

The short-term memory TDNN uses both an external and internal time-delay,
the latter generated by the hidden layer.

For predicting outputs at time level t = m (i.e.,, On), it uses not only four
durations of external time-delay as input at time level t;, i = m, m-1, m-2, and m-3,

but also the internal result at time level t = m-1 (i.e., ny.1), which is provided from the
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Fig. 2-3. An illustration of the Time Delay Neural Network (TDNN). Each input
condition, Iy, In-1, and Iy, has four external durations of time-delay at four
different time levels (e.g.,t=m, m-1,m-2,and m-3 for [, t=m-1,m-2, m-
3,andm-4forlp,andt=m-2,m- 3, m-4, and m - 5 for Io). For the
prediction of outputs at time level t = m - 1 (Oy.1), the TDNN uses input condition
In-1. In order to predict the outputs at time level t = m (Oy,), if the TDNN uses an
external input I, and an internal input np,.;, this is called short-term memory. For
the same purpose, if the TDNN uses an external input I, and internal inputs np,
and np.p, it is called long-term memory.
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hidden layer. For predicting new outputs at time level t = m+1 (i.e., Om+), the TDNN
model uses both the data from four time steps at time level t;, i = m+1, m, m-1, m-2,
and the previous internal results at time level t = m+1 (i.e., nn). Hence, only one
internal result produced at previous time level from the hidden layer, is used for

current predictions (see Fig. 2-3).

3) Long-Term Memory TDNN

The long-term memory TDNN model uses the external time-delays and
internal time-delays that include all previous time levels to predict an output at the
current time level (see Fig. 2-3). For instance, suppose that the duration of time delay
is four (e.g., time level t;, i = m-1, m-2, m-3, and m-4). For prediction of outputs at
time level t = m-1 (ie., Op.1), the TDNN model uses the four durations of external
time delay as inputs at time level t;, i = m-1, m-2, m-3, and m-4 and the previous
internal result at time level t = m-2 (ny.2). For the prediction of outputs at time level t
= m (i.e., Op), the TDNN model uses four durations of external time delay as inputs
at time level ;, 1 = m, m-1, m-2, and m-3 and the internal results at time level t = m-1
(i.e,, i) as well as at time level t = m-2 (np.2). In the same way, to predict outputs
at time level t = m+10 (i.e., Om+10), the TDNN model will use all previous internal
results (e.g., Dm-2, Nim.1, ...Nm+9) as well as the four consecutive external inputs at time

level t = m+7, m+8, m+9 and m+10.
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A long-term memory TDNN seems to be better than the others. Depending on
the physical process, however, a long-term memory TDNN may not always be better

than others (Clouse et al., 1997).

2.6. Learning Rule
Learning rules vary according to the different mathematical algorithms used to

update the connection weights. A few basic rules will be explained briefly in this

section.

2.6.1. Early Learning Rules
Hebb (1949) introduced a principle that became very influential in ANN

learning. The characteristic of Hebb’s rule is that no desired signals are required, and
thus it is one of unsupervised learning algorithms. Only input signals need to be fed
to an ANN, and a learning rate is fixed a priori. However, this rule cannot be used for
a wave prediction model because the present wave predictiop model had to be trained
with a set of known data using a supervised learning algorithm.

The delta rule is a variation of Hebb’s rule, and it was one of the most
commonly used. This rule is based on the idea of continuously modifying the
weights of the input connections to reduce the difference between the desired value
and the actual network output value, so-called °delta’. This rule changes the

connection weight so as to minimize the Mean Squared Error (MSE). The error is fed
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back to the previous layers in the neural network, and this process continues until the
MSE reached a defined minimum error. This network is called a back-propagation
network because it uses a supervised learning algorithm (Widrow and Hoff, 1960).
However, the delta rule is outdated and not usually used at present.

The Hopfield network simulates how human memory works, e.g., a person can
be remembered by the type of his hair, eyes, the shape of his nose, his height, the
sound of his voice, efc. (Hopfield, 1982). The memory of those characters for that
person is stored all together as one pattern. Hence, a Hopfield network is defined as
an ANN with memory that stores patterns. However, this network is not designed for
prediction purposes, so it will not described in detail. For more information on this

rule, see Principe et al. (2000).

2.6.2. Gradient Descent Rule

The Gradient Descent (GD) is one of the most commonly used supervised
learning algorithms for predictive ANN models. For this reason, it will be explained
in detail here.

For finding the Least Square Error (LSE), the GD rule is designed to change
weight values, aw, using the following equation; see Eq. 2-1.

dE
AW —ﬂWX (2_1)

where E is the error based on a given weight matrix, W, the input column matrix, X,

and a learning rate coefficient, n (0 <n <1).
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The basic mathematical derivations of GD for a two-layered and a three-
layered ANN model are available on the Internet (http://maths.uwa.edu.aw/~rkealley/

ann_all /nodel.html). The following is a brief documentation.

2.6.2.1. Two-Layered Network (Input and OQutput Layers)

Mathematically, the inputs and the corresponding weights are represented as an
input vector, X = xj, Xz, ..., Xm, and weight vector, W = wy, Wiz, ..., Wyn. Those
inputs and weights are multiplied and summed using the following equation:

S=WX +b 2-2)
where b is a bias discussed later.

The result of the summation is trahsformed to an output through a transfer
function between the input and hidden layers. There are two different transfer
functions: linear transfer function (e.g., a constant slope or step equations) or non-
linear transfer function (e.g., a sigmoid or a Gaussian equation). The non-linear
transfer function allows an ANN model to represent complicated non-linear features
(Jordan, 1995; Rumelhart and McClelland, 1986; Hornik et al., 1989; Cybenko, 1989;
McCullag and Nelder, 1989).

Among those transfer functions, a constant slope function and a sigmoid
function are more commonly used. Let F determine the transfer function, and in the
case of a simple constant slope function, F can be expressed as F = aS + ¢, where a
and c are two constants. On the other hand, a sigmoid transfer function for non-linear

case can be expressed as
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1
= 2-3
1+ EXP (~s) @-3)

The transfer level is based on its net input (i.e., S= WX +b). The model result,
Y, for the two-layered ANN structure is the output of a selected transfer function
between the input and hidden layers. Thus, Y = F(WX + b) has a value between -1
and 1.

The above mentioned bias (b) is also important to understand. As the
complexity of learning task increases, it becomes more difficult for an ANN model to
generalize well. Also, it is too expensive to prepare a sufficient number ﬁof training
data points to ensure good genefalization. So, a bias that was learned from the
training data set is used for a validation data set. Thus, the problems resulting from
an insufficient number of training data points may be reduced if the bias is applied.

The effects of a bias for a linear and non-linear transfer function are explained
next. Fig. 2-4a shows an example of a constant slope transfer function with the slope
of -1. If the linear function does not use any bias (e.g., b = 0), the output of the linear
function would be the dashed line. However, if the linear function uses a bias of one
(e.g., b = 1), the output of the linear function will move toward the solid line and the
slope remains the same at -1. Fig. 2-4b shows a sigmoid transfer function that has a
bias. A high bias makes the sigmoid function vary gradually, and a low bias makes
the sigmoid function vary quickly. In general, an ANN model needs more iterations
to find an optimum solution if it does not use bias (Zwart and Vries, 2001,

unpublished).
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Fig. 2-4a. An illustration of a constant slope linear transfer function where
the slope = -1. If bias is not used (e.g., b = 0), the linear function passes
through the origin (0, 0) shown by the dashed line. If bias = 1, the linear
function moved towards the solid line with the same slope.

Output

Bias
High Valye of Bias
. = »

Input

Fig. 2-4b. An illustration of a sigmoid transfer function with a range between -1
and 1. A low initial bias makes a sharp sigmoid function (solid line), while a high
initial bias makes the smooth sigmoid function vary gently (dashed line).
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The error, E, is actually an error square, defined as E = Y(di—Y)*/2, here E is

the difference between desired value, d, and model output, Y. If E is larger than a
pre-defined value, the ANN will change its weight according to the GD learning

algorithm. The gradient of error in terms of weight, W, can be written as

oE _{a(d—Y))
oW\ oW

] e(a(d - F(s»)
oW

=e(ad _OF as)
oW 9§ oW

ad )¢ oW
ze| - F — A -
e[ (W 57t X 3 H , 2-4)

Because d, X, and b are independent of W, i.e., 0X/OW = dd/0W = db/6W = 0. Thus,
JE/OW = -eXF'(s). In the case of a linear transfer function, 0E/0W = -eaX, where a
is the slope of the linear transfer function.

The change of the weight at the (k+1)™ iteration is determined by the previous
weight and gradient of error in terms of W; see Eq. 2-5.

oE
Wea =W, + ”W (2-5)

where W, = weight at k™ iteration
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Wi+ = weight at (k+1)™ iteration
1) =learningrate (0 <n <1)
The magnitude of the error gradient will change, depending upon the given learning

rate.

2.6.2.2. Three-Layered Network (Input, Hidden, and Output Layers)

In a three-layered network, the learning algorithm is very similar to that
previously explained for a two-layered network. The only difference is that there are
two learning processes involved. The first learning is between the input and hidden
layers, and the second learning is between the hidden and output layers.

A three-layered network has two transfer functions: F; between the input and
hidden layers and Fy between the hidden and output layers. The output between the
input and hidden layers is expressed as H. Thus, H = Fi(8;), where S; is the
summation, WX + by, between the input and hidden layers. Another output between
the hidden and output layers is expressed as Y. The weight matrix between the
hidden and the output layers is expressed as U, and Fy is the transfer function. Thus,
Y = Fi(S2), where S; is the summation, UH + b, between the hidden and output
layers.

After model results are produced, E is calculated. If E is less than a pre-defined
LSE, W and U will be used as the final weight matrices. However, if E is larger than
the LSE, an ANN model will change U and W according to the GD algorithm, or

another selected algorithm.
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If using the GD, the gradient of error in terms of U between the hidden and
output layers can be expressed as

oE ,
— =-¢HF. (8 2-6
U eH Fi (S2) (2-6)

The change of the weight at (k+1)" iteration between the hidden and output

layers is determined by the previous weight and the gradient of error in terms of U:

0E
Uea =U, '*'77(’“'"8(]) 2-7)
k

where Uy = weight between the hidden and the output layers at k™ iteration”
Uk+1 = weight between the hidden and the output layers at (k+1)® iteration
n = Iearning rate (0<n <1)
The error gradient between the input and hidden layers is related to two transfer
functions, F; and Fy, and can be expressed in terms of weight matrices U and W as

follows;

3 _13d-1y
oW 2 oW

Because Y = Fi(S2)

_a_E'_z——e—a-ﬂ— —_e_a_l_;.'k_..a..ks_‘..z_
W W aS, oW

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



34

m-eF, S USt i H=

' XHU +by) eF'( oH au)
AT T%) =R,
ow oW

oF,(8,)

because JU/0W =0

=—eFk U

Thus, 'aa% =—eUXF, (,)F, (5;) (2-8)

The change of weight at (k+1)th iteration between the input and hidden layers is
dg}ermined by previous weight and the gradient of error in terms of W because U has
been already determined between the hidden and output layers; see Eq. 2-5.

Based on the complexity to the problem, more than one hidden layer can be
used. If two hidden layers are used, the four-layered ANN structure is expressed as
InHniHpoOp and includes one more process of the summation, multiplication, and
transfer function between two hidden layers. For this reason, the performance of the

ANN technique will increase as the number of hidden layers increases.
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2.6.2.3. The Problem of Gradient Descent

For the GD learning algorithm, there is no guidance to find the optimum
learning rate for a given problem. In general, ‘trial and error’ is the only method and
is started with an arbitrarily selected low learning rate. This is because a high
learning rate does not guarantee convergence to the LSE. This fixed low learning
rate, however, may take a long time to meet the LSE, and there is no proof if the
selected learning rate is the optimum (Duda et al., 1997; Rumelhart and McClelland,
1986).

The convergence problem due to a fixed learning rate can be improved if the
learning rate changes during the ANN’s processes. The Gradient Descent with
Variable Learning Rate and Momentum (GDX) and Scaled Conjugate Gradient
(SCG) are two of these improved learning algorithms that use a variable learning rate.
The characteristics of these two learning algorithms will be explained in the next

section.

2.6.3. GDX

The GDX algorithm uses a momentum coefficient, &, and a variable learning
rate,. 1) to improve the learning efficiency of an ANN model. The GDX algorithm
retains previous weights and effectively smoothes the variations of weights during

training. Thus, the effective learning rate is rapid and speeds up the training of the

ANN model.
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The momentum coefficient is designed to slow the rapid changes of weight. A
new weight is updated as a function of previous weights and the error gradient,

J0E/0W; see Eq. 2-9.

AE
AW,, =aAW, +na (W]k 2-9)

where, o = less than 1 for stability

The new weight is discarded, if the new error exceeds the old error by more
than a predefined ratio (e.g., 1.05), and the learning rate decreases. Oth§rwi‘se, the
new weight is retained. If the new error is less than the old error, the learning rate
increases. In general, a default momentum and a learning rate of 0.9 and 0.01,

respectively, are used (Rabelo, 1990; Moreira and Fiesler, 1995).

2.6.4. SCG

The Scaled Conjugate Gradient (SCG) is an advanced learning algorithm for
calculating a new weight (e.g., W, = W + oP, where P is a unit vector and « is the
amplitude or length) every iteration using the information from the second-order
approximation to find the least square error (Meller, 1993). The unique feature of the
SCG is that the new search direction is always conjugate to the previous direction.

For instance, let a given initial weight matrix be W, and suppose an ANN with
SCG uses Wy at the starting point. The first direction, P;, is determined by the

steepest gradient descent direction, r;, which is -E{(El' = the maximum of (JE/0W),).
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In other words, another weight, W1, is determined at a point in which dE/dW is the
maximum.

The step size, a; can be calculated using the ratio between E;” and E;"P,, here
E,” = (°E/0W%,. Because in calculating E' every iteration is computationally

expensive, E;"P; was approximated as:

Vs F
” (E(meﬂ) -~ Ew, )
E, P =

+ AP, (2-10)
o,

where 0; and A, are two constants and selected as 5x107° and 5x107, respectively.

A new weight matrix, W, is determined by adding the weight (W;), and the
product of search direction (P;) and step size (a;): W2 = Wy + a;P;. After knowing
the W, the ANN model can calculate a new model output (Y;) and a new error
gradient (E;"), and the process repeats.

The new steepest gradient descent direction rp is —E;". If E;' # 0, the ANN will
update its new weight and go to the next iteration, otherwise, the weight, W», is the
desired value.

For further iteration, a new conjugate search direction P, is calculated by
adding r; and B, a modulator factor, defined as 3; = (1% - nr)/(P1 ).

Pa=r+ By (2-11)

In the same way, P; is used to calculate o; and the next new weight (W3).
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2.7. Neural System Operation

In this section, the details of establishing an ANN model are given.

2.7.1. Pre-Processing
Before training an ANN model, the inputs and outputs are normalized within a
range of -1 and 1. This is called pre-processing. Pre-processing is performed using

minimum and maximum of the input, Pny, and Ppay; see Eq. 2-12.

p AP Fuw)
Pmax —Pmin

(2-12)
where P, = normalized value

P = input and corresponding output

For the pre-processing, choosing maximum and minimum wind speed must be
done carefully. For instance, suppose 10 m/s is the maximum wind speed for the
training data set and 20 m/s the maximum wind speed for the validation data set. If a
maximum wind speed for both training and validation data sets, e.g., 20 m/s, global
maximum, is used for the pre-processing, the range of normalized wind speed is 0.5
for the training data set and one for the validation data set. By contrast, if 10 m/s and
20 m/s wind speed are used for the training and validation sets, respectively, so-called
local maximum, the range of normalized wind speed is the same for both training and
validation data sets.

Further explanation and discussion of global wind speed for pre-processing is

given in Chapter 4.2.
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2.7.2. Selection of Initial Weights

Each element of the input has its own weight for constructing the output. The
weight should be different, reflecting the importance of each element. Initial weights
can be particularly specified or arbitrarily selected.

An ANN model can also have additional bias neurons between the input and
hidden layers, and the hidden and output layers. A constant bias is usually sufficient

and is used in ANN modeling.

2.7.3. Post-Processing

The results of an ANN model should be explained in the same units as if pre-
processing had not been. If there was pre-processing, however, the output results
vary between —1 and +1. These values have to be changed in order to have physical
meaning. This process is called post-processing, and the post-processed value is the
ANN model output needed. This post-processing is calculated using the following
equation:

P, =0.5(P, + DX (P = Prin ) + Prin ’ (2-13)
where P, = post-processed model output

P, = ANN model output with pre-process

Pin = minimum output of training data set

Prax = maximum output of training data set

Values of Pnin and Py should be carefully selected in post-processing and pre-

processing.
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For predictions, a new input data set has to be provided to an ANN model. The
wind speed will also be pre-processed by using the same minimum and maximum
values, which were used in the training data set. The output of the ANN for the
prediction iS also normalized corresponding to the minimum and maximum values

used in the training data set.

2.7.4. Comparison between Desired Value and Model Qutput

For comparing the performance of an ANN model, four indexes are currently
being used: (1) the Mean Square Error (MSE), (2) Root Mean Square Error (RMSE),
(3) correlation coefficient (r) between two variables, and (4) square correlation
coefficient (r*) between the two variables. The MSE indicates that how far model
outputs are from their true values. That is to say, the MSE is defined by the mean
sum of square deviations between tﬁe observed and predicted values (Principe et al.,

2000):

MSE =<2 0 (= 7)° | (2-14)

i=1
where N = number of training data points.
The RMSE is the root mean square error between the observed and predicted

values, and it is defined by

RMSE = \/Z; (y; =7:)* 12N (2-15)

where y; = observed value, and 7,= predicted value.
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If the RMSE or MSE is larger than a pre-defined error, which is ideally zero, the
ANN model will adjust the weight between input and hidden layer, and between
hidden and output layer until this is smaller than the pre-defined value. A simplified
illustration of general ANN procedures for weight update is shown in Fig. 2-5. The
weight value that is set at the final iteration during the training process will be used
for prediction.

The correlation coefficient (r) between the observed and predicted values
identifies the strength of the linear relationship between the observed and predicted
values rather than estimating prediction errors. For more information about the index
of the correlation coefficient between the observed and predicted value, see section
2.8.3.

The square correlation coefficient (1) between the observed and predicted
values gives the proportion of the total variability in the dependent variable y
(predicted value) that can be accounted for by the independent variable x (observed
value). For instance, if r = 0.9996, r* = 0.99967 = 0.9992. That is to say, 99.92% of
the variability in y is accoiinted for by X.

However, there is no guidance for.use of a particular index. For instance, Tsai
et al., (2002) used the RMSE for determining the optimum learning rate and
momentum, and correlation coefficient between the observed and predicted values.
On the other hand, Deo et al., (2001) used the MSE and correlation coefficient as

agreement indices for the same purpose.
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Fig. 2-5. A schematic illustration of the learning pathway of a three-layered
Artificial Neural Network. W= weight matrix between input and hidden
layers, U = weight matrix between hidden and output layers, F; = transfer
function between input and hidden layers, Fy = transfer function between
hidden and output layers, b; and b; = bias between input and hidden layers,
and between hidden and output layers, e = difference between d and Y, H =
output at hidden layer, Y = output of Fx(UH + b;) between hidden and output
layers, and k = number of iteration. If the mean square error is larger than a
predefined value, which is ideally zero, the ANN will repeat to update weights
U and W update (notice dotted line) until it meets the criterion.
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When using the RMSE or MSE as an agreement index between the observed
and predicted value, we can compare the performance of an ANN at a given condition
regarding the number of hidden neurons, learning rate, momentum, or training data
points. However, these indices do not show exactly what number is the optimum for
hidden neurons and iterations in a validation data set. For instance, in general, the
RMSE or MSE decreases with an increase in the number of hidden neurons and
iterations. However, when using a large number of hidden neurons or iterations, the
ANN may be over-structured or over-trained. In this case, the prediction uncertainty
for unknown events may increase.

The optimum number of hidden neurons or iterations can be relatively easy to
find when using the correlation coefficient between the observed and predicted values
because an ANN has a maximum correlation coefficient at the optimum condition.
After this optimum, the correlation coefficient may not increase any more while the
RMSE or MSE still decreases. However, there still remains a problem that the best
correlation coefficient does not guarantee an accurate prediction for other events yet
unknown.

In the beginning, we used the MSE in order to find the optimum number of
hidden neurons and iterations. But the optimum condition could not be found
because the MSE decreased continually as the number of hidden neurons and
iterations increased. For this reason, the correlation coefficient between the observed

and predicted values was used in this study. In this case, although uncertainties for
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other events still remain, the correlation coefficient index will be helpful in finding

the optimum condition.

2.8. Selection of Optimum Numbers of Hidden Neurons and Iterations

For the best accuracy and computing pace, an ANN model should be used with
an optimum number of hidden neurons and iterations. For this reason, the importance
of these two variables and their selection is explained in this section.

For a three-layered ANN model with a structure of InHnO,, the parameter is
determined as follows: parameters = (m x n) + (n x p). Therefore, selecting the
optimum number of hidden neurons will directly determine the number of parameters
for the ANN model. Baum and Haussler (1989) suggested that an optimum number
of parameters for an ANN model should be less than 10% of the total training data
points. For instance, because 218 data points were used for training in this study, the
number of parameters should be less than 22. However, an ANN with one hidden
neuron has 720 parameters, which is larger than 22 parameters by about 30 times.
For this reason, this rule is not sufficient for this study.

Fletcher and Goss (1993) proposed a specific rule to determine the optimum
number of hidden neurons with a range between (2m + 1) and (2m°‘5 + p). For
instance, in this study, this rule implies that these should be 58 to 1,441 hidden
neurons. However, for multiple input parameters like those in this study, if an ANN

uses 58 hidden neurons, the total parameters will be 41,760 which greatly exceeds
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218 data points for training by 200 times. Many studies reported that this rule did not
give good prediction results (Kuligowski and Barros, 1998; Swingler, 1996; Kim and
Barros, 2001). Again, this rule was not used here.

The following five approaches were developed to find an optimum number of
hidden neurons and iterations: (1) pruning, (2) regularization, (3) early stopping, (4)
trial and error, (5) bias and variance. The pruning method chooses a large number of
hidden neurons arbitrarily and then, removes the hidden neurons one by one to find
the optimum number of hidden neurons and iterations by using the error sensitivity to
the removal of hidden neuron (Hassibi and Stork, 1993; Solla et al., 1990; and Mozer
and Smolensky, 1988). However, the selection of reference error sensitivity is
unclear and subjective. For this reason, this method is also not used in this study.
More information about this selection can be found in Reed (1993).

Regularization was not designed to directly control the number of hidden
neurons but to modify the error of an ANN model by decaying a given weight
(Tikhonov and Arsenin, 1977). Thus, it also called weight decay method. For
instance, the equation, XA =y, is ill conditioned if a small change of y due to noises
produce an enormous change in the solution for x. In this case, the total error is to be
reduced using a regularization parameter, A, which limits the growth of weight, w. It
is so-called ‘weight decay’. Thus, E,=E + % AZw?, here Ep = penalized error and E
= original error. A small value of the regularization parameter (e.g., A = 0.00008)

could be used (Krogh and Hertz, 1995). However, it is not clear what number of X is
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the optimum value, so this method was not used in this study. Krogh and Hertz
(1995) have more details on the weight decay method.
Because the early stopping, ‘trial and error’, and ‘bias and variance’ methods

were used in this study, details are given in next section.

2.8.1. Early Stopping

The early stopping method was developed to find the optimum number of
iterations at a fixed number of hidden neurons (Amari et al, 1997; Finnof and
Zimmermann, 1993; Sarel, 1994 and 1995; Nelson and Illingworth, 1991). In order
to find the optimum number of iterations, a given data set should be divided into a
training and validation set. Then, a large number of hidden neurons and a small (as
small as possible) iteration have to be arbitrarily selected. The error, the difference
between observed and model output of both training and validation data set should be
calculated for every trial. The best number of iterations is that for which the error of
the validation data set begins to diverge from that of the training data set.

The assumption of this method is that the training and validation data sets are
not identical each other. For instance, let the first-half output range of a validation
data set be within the output range of a training data set, while letting the second- half
output be outside of the training data set. In this case, the error paths of the first
patterns for the training and validation data set may pass along the same line (e.g.,
Pass| = Pass,); see Fig. 2-6. However, theb error paths for the second-half output for

the training and validation data set may be different (Pass; # Pass;). Sarel (1994)
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Mininmum Error
Error for Validation
Data set
Pass2
Pass 1 =Pass 2

Minimmm Error

for Training
Data set

Fig. 2-6. An illustration of error paths for a training and validation data set.
The output of the first half for the validation data set is within the output
range of the first half for the training data set, while the rest 50 % output for
the validation data set is out of range for the training data set. Pass 1 and 2
indicate the error path for the training and validation data set, respectively.
For the first half output, pass1 = pass2 because they have the same output.
However, for the second half output, passl and pass2 may have different
eITors.
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indicated that, at this turning point, the error path for the validation data set is
diverging from that for the training data set. If the number of iterations stops early
before the ANN model exactly learns all the patterns in the second-half training data
set, the ANN may avoid large errors for prediction of unknown patterns.

The early stopping method is faster compared to other previously explained
methods, and can be applied successfully to networks in which the number of
parameters far exceeds the number of data points (Nelson and Illingworth, 1991).

The early stopping method is applicable only for a fixed small learning rate.
The Gradient Descent with variable Learning Rate and Momentum (GDX) and the
Scaled Conjugate Gradient (SCG), which were used in this study, do not use a fixed
small learning rate but use a variable learning rate that changes during training.
Moreover, there is no evidence that the variable learning rate is small enough. For

this reason, the early stopping method is not available for GDX and SCG directly.

However, both GDX and SCG use the gradient of error with respect to weight
(e.g., 9E/OW) to update the weights. In other words, because the change of error in
terms of weight between two consecutive. iterations is known, the error gradient for a
training and validation data set can be used instead of error itself. In the same way, if
the input of the second-half for the validation data set is out of the range of input for
the second-half for the training data set, the change of error gradient for the validation
data set will be different from that for the training data set. Thus, JE/OW for the

validation and training data is different at this particular number of iterations. Thus,
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instead of error, the error gradient was used to select an optimum number of iterations

in this study.

2.8.2. Bias and Variance

For an ANN model, the number of hidden neurons determines the number of
model parameters. From a statistical point of view, if the number of hidden neurons
changes, the bias and variance may also change. For this reason, the examination of
the bias and variance is important for selecting an optimum number of hidden
neurons.

Mathematically, the bias, Ey, is the difference between the mean of observed
values, Ym, and the mean of model outputs, ¥,,. Thus, By = (y, -7,)*. Also, the

variance, Ey, indicates that how far is each model output, ¥,, from the mean of the

model outputs, 7,. Thus, E, = 1/n) (¥, -7)®, here n = number of data points
i=1

(Geman et al., 1992).

2.8.3. Trial and Error

The trial and error method is one of most widely used for finding the optimum
number bf hidden neurons and iterations simultaneously (Tsai and Lee, 1999; Tsai ez
al., 2002; Deo et al. 2001; Kim and Barros, 2001). This method tests the efficiency

of an ANN model at different combination of hidden neurons and iterations. Here,
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the mode! efficiency of the ANN was determined by the correlation coefficient
between observed and predicted values.

The correlation coefficient between the observed and predicted values indicates
the strength of the linear relationship between the two variables ranging between —1
and 1. Ifr # 0, the two variables have a linear relationship, but if r = 0, there are no
linear relationships between the two variables. If one wants to know the percentage
of the variability in one variable to the other, r* can be used.

The correlation coefficient, r, can be calculated using the following equation
(Davies and Goldsmith, 1972):

D i =2a)F =)
S (2-16)

‘/i(yf 1Y G-y

é=1 i=l

where n = number of data points,

yi = observed value

V¥m = mean of observed values

¥; = model output

¥ = mean of model outputs
The best correlation coefficient between observed values and model outputs
represents the best efficiency of the ANN model, and corresponding numbers of

hidden neurons and iterations are the optimum.
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CHAPTER 1II

REVIEW OF WIND-WAVE MODELS

3.1. Introduction

Water waves can roughly be classified as monochromatic and random waves, ‘
also called regular waves and irregular waves. The study of regular waves can be
traced back to the 17% century. In this category, only one wave frequency was used
to describe wave characteristics, i.e., wave length, wave phase velocity, etc.

In this chapter, historical wind-wave prediction models are briefly explored.
Monochromatic waves are discussed in section 3.2. The history of early wind-wave
prediction models is given in section 3.3. Currently available numerical models are
explained in detail in section 3.4. Early studies of ANN wind-wave prediction

models are reviewed in section 3.5.

3.2. Monochromatic Waves
Airy (1845) developed a classical linear wave theory that can be applied over
an entire wave frequency domain. Stokes (1880) developed a finite amplitude theory,

which uses second and higher order approximation to better describe the wave
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characteristics for large waves. Wiegel (1960), Kinsman (1965), and Ippen (1966a)
presented the development and application of results of those wave theories.

Wave development depends upon wind speed, direction, fetch, and duration.
Fetch is the total length of water body over which the wind can act. Wind duration is
the total time that a given wind blows over the water body. If wind speed, fetch, and
duration increases, the generated wave energy will also increase, resulting in a
general decrease of wave numbers (Smith, 1973).

Waves with periods less than 0.1 seconds are called capillary waves, which
occur at all stages of wave generation. The continuous random collision and
reforming of these capillary waves over time produce well-developed seas that move
in the general direction of the wind.

Waves with periods between 1 and 30 seconds are called gravity waves.
Among the gravity waves, wave periods from 5 to 15 seconds are the most common
and thus, important for coastal communities because a large amount of wave energies
are associated with these particular wave periods.

Waves with periods more than 5 minutes are called long period waves. Tidal
waves, which are generated by gravitational attraction forces, have 12-hour wave
periods. Storm surges, which are generated by a low atmospheric pressure of
hurricanes and strong winds, have long wave periods that are more than several
hours. Another example of long period waves is Tsunami waves that are generated

by earthquakes, submarine landslides, and volcanic explosions. Tsunami waves
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usually have periods over 12 hours. For more information about wave classification

according to wave periods, see Kinsman (1965).

3.3. History of Wind-Wave Prediction Models

For random waves, there are many wave components. Each component wave
has its own period and wave height (i.e., energy). To find a representative period and
wave height, significant wave height (H;) and wave period (Ts) are commonly used to
describe the strength of a random wave field.

Munk (1944) defined the significant wave height, also expressed as Hys, as the
average of the one-third highest waves in an entire wave record. Other terminologies,
tenth-wave height, Hip, maximum wave height, Hpay, and root-mean-squared wave
height, Hms, are also available and have their use for different objectives. The Hy,
represents the average of the highest 10 percent of all waves. Hmay represents the
maximum wave height in the entire wave record. The Hms represents the wave
height that has root-mean-squared values of the waves.

With respect to wave period, zero-crossing period (T,)and peak wave period
(Tp) are the two most commonly used wave period to represent a random wave field.
The T, represents the average period of all wave periods measured when water level
crosses the zero-level. The T, represents the component 7which has the largest wave

energy. In general, T} is about 1.4 times larger than T, (Hogben and Dacunha, 1985).
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Numerical and empirical studies have contributed to our understanding of
wind-wave generation processes (Phillips, 1957; Pierson and Moskowitz, 1964;
Kinsman, 1965; Hasselmann e al., 1973; Shore Protection Manual, 1977, World
Meteorological Organization, 1998) and continue to expand our understanding. After
national efforts led by the U.S. to establish wave models during World War II
(WWII), development of wave models accelerated. In the next sections, two

historical wave prediction models are briefly presented.

3.3.1. SMB

The Sverdrup-Munk-Bretshneider (SMB) model was developed to facilitate
military operatidns during World War II. At that time, the processes of wind-waves
and wave-wave interactions were not fully understood. Sverdrup and Munk (1947)
found inter-relationships between wind states and waves through empirical
observations: waves are changed according to wind speed (U), fetch (F), and duration
(). The SMB used those wind conditions to estimate wave height and period. Later,
Bretschneider modified this model in a series (1951, 1952, and 1959).

In general, significant wave height (H;) and wave period (T},) increase when F
and t increase at a given U for a constant direction. However, Hy and T, will not
increase anymore when wave development comes into equilibrium with U for a fixed
Fort Thatis to say, a sea is not fully developed for a given U until a required F and

t are reached.
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The Hs, Tp, and minimum duration for fully developed sea, t, can be determined

by U and F using the following equations:

H F
gU = = 0.283 tanh{ 0.0125 (———5 ~)*4] S
g7, gF (o025
=1.20 tanh( 0.077 (8= .
22U [ (U 2 o
o oF 2 oF 2 i gF z
_(7 = K exp ‘:A(IH(FJ) -B ln(——-—Uz ) + C} +D ln(‘—“UzJ 3-3)

where g = gravitaﬁonal acceleration

In = patural log

K =6.5882

A=0.0161

B =0.3692

C=2.2024

D =0.8798
Equations 3-1, -2, and -3 are shown for the significant wave height, period, and
duration, respectively. The use of Egs. 3-1 to 3 for prediction has been described in
details in the Shore Protection Manual (1977), so will not be repeated here. A

computer program written in Matlab was also developed. This program is listed in
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Appendix I and used for checking the performance of an ANN model compared with

the SMB method.

3.3.2. Spectrum Models

The second-generation (spectrum) model was produced in the 1960s and early
1970s. In this model, wave growths are éssumed to stop when it reaches a universal
saturation level. The intensity of a wave-field can be described by integration of
wave energy and frequency. In the beginning, wave energy increases with increase of
wave frequency, however the energy does not continue to increase after a certain
point. This phenomenon is called a fully developed sea. The number of powers of
frequency determines an energy peak. However, these models usually overestimate
the influence of wind inputs and underestimate the strength of non-linear effects.

Pierson, Neumann, and James (1955) developed a wave spectrum for
estimating significant wave height, H;, and zero-crossing wave period, T,. A random
wave may have many wave components, and each component may have a different
energy. Thus, a random wave field can be described by a wave energy spectrum.

From a given wave spectrum, E(f), H; and T, can be calculated, but wave
spectrum moments (my) should be calculated first. The n-order wave moment is

determined by integrating wave frequency, f, and corresponding wave energy, E(f).
Thus, ™, =_ff "E(f)df. If n =0, 1, and 2, above results will be zero, first, and
0

second-order moments, which are expressed as my, m;, and my, respectively. The H,
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and T, are determined by zero-order moment and the ratio between zero-order and
second-order moments, respectively. Thus, Hs= 41/;; and T, = W .

Philips (1957) was the first person to propose a wave spectrum model as E(f) =
ag’f ~°. Bretschneider (1959) improved the spectrum as E(f)=Af et | Later,
Pierson and Moskowitz (1964) suggested another improvement based on the wave
spectra measured in the North Atlantic Ocean:

& 4
(-0.74( 7 )]

E(f)=8.1x10" g*2m)™ f e 4 3-4)
where U = mean wind speed measured at 19.5m above sea surface

Results from the JOint North Sea WAve Project (JONSWAP) suggested that
the wind-wave spectrum in a growing phase had a much sharper peak than the
Pierson-Moskowitz spectrum and provided a peak enhancement factor as:

(S fm)?
4 s |
..5_[&.] +1ny_e Zof,,,z }
a s

E(f)=og*(2m)™ 'Se[ (3-5)
where f, = peak frequency
o = Phillip’s constant or equilibrium range constant
Y = peak enhancement factor
o =0.07 for f <f,
0.09 for f> £

For more information on JONSWAP wave spectrurn, see Hasselmann et al. (1973).
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3.4. Currently Available Wind-Wave Models

The third generation of wave prediction models developed in the late 1980s
overcame those non-linear problems by using wave-wave interaction terms
(SWAMP, 1985). Wave energy at a specific point on the sea surface was described
as a function of frequency, wave direction, and position, and the energies were
balanced by energy sources and sinks.

Currently available numerical models for wave hindcast or prediction include
WAM, SWAN, HISWA, STWAVE, and GLERL. The basic concept of currently

used wave prediction models will be explained in detail in the next section.

34.1. WAM

The WAve Model (WAM) is the third generation of wave prediction models
that solve the wave transport equation explicitly without any presumptions on the
shape of the wave spectrum in deep water (WAMDI, 1998). The propagation of
wave energy, which is balanced by wave energy on the sea surface, can be described
as a function of longitudinal (), and latitudinal (A), and wave direction (6) using the
following equation:

9E dC,E LOCE ACE _

a C, c, C,

S (3-6)

where Cp, = Cyp +u
Ci=Cp+v

Ce =Cge+U,hereU=u+v
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Cgp and Cgy = wave group velocity in latitudinal and longitudinal directions

u and v = depth and time averaged current velocity in x and y directions

S = net wave energy source and sink
The four terms on the left of equation 3-6 indicate the change of wave energy with
time and the change of wave energy in moving wave group velocity and current
velocity in terms of three variables: ¢, A, and 0. The right term in equation 3-6
indicates net energy source and sink from wave energy input, energy dissipation due
to white-capping, and non-linear wave interaction.

Although accuracy of the model design was improved by including a non-
linear interaction term, one big problem of the WAM is that solving the non-linear
wave interaction term takes too much computational time. Hasselmann and
Hasselmann (1985) have developed the Discrete Interaction Approximation method,
which considers only simplified quadruplet wave interactions, to reduce prohibitive
computing time. But it still needs considerable computaﬁonal resources. According
to Komatsu and Masuda (1996), a 2000-fold improvement on computational power is
needed and an increase is unlikely fo OCCUr SO0N.

With respect to prediction accuracy, the WAM usually underestimates wind-
waves by 10 % and swells by 30% (Wen et al., 1999). Nonetheless, the WAM, or its

derivatives are currently running for prediction of wind waves.
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3.4.2. SWAN

The Simulating WAves Nearshore (SWAN) is a wind-wave prediction model,
which has been developed to compute random, short-crest wave conditions in small
scale coastal regions and inland waters (Booij et al., 1999). The irregular waves are
described by the two-dimensional density spectrum of wave actions: wave frequency
and position, which are conserved in the presence of ambient currents (Whitham,
1974). Hasselmann et al. (1973) mathematically described the propagation of wave
action density that is balanced by net wave energy, in terms of x and y directions,
wave direction (8), and relative wave frequency (f), as follows:

N 9CN oC, N LGN | N _§
&  ox dy 36 F f

3-7

where N = action density (E/f)

Ci=Cxtu

Cy=Cgqg+v

Co=Cg+U,hereU=u+v

Ce=Cgx+U

Cgx and Cgy = wave group velocity in x and y directions

u and v = current velocity in x and y directions

S = net energy source and sink
The left terms in equation 3-7 indicate the change of action denmsity with time,
location, wave moving direction, and energy transfer among each component in terms

of four variables: x and y directions, 6, and f.
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When compared with the WAM, the SWAN has one more variable, f, because
of the possible depth effect. For this reason, SWAN is expected to require even more .
computational time than the WAM. As another shortcoming, the SWAN cannot

solve the wave diffraction process.

3.4.3. HISWA

The HiIndcasting Shallow water WAves (HISWA) was developed by Booij et
al. (1985) for wave predictions at shallow depth areas, which are strongly influenced
by coastal morphology (e.g., islands, bars, shoals, and channels). The HISWA uses a
parameterized process on the frequency d_omain to reduce the huge computation time.
The parameterization is formulated in the zero and first order of spectrum moments
(mg and m,) in each spectral direction. Using this momentum equation, the evolution

of m, of the action density spectrum is induced.

+ + +
..’Zl_l...i. Cx m + Cy m o+ CB my
¢ X ¥y C

=C,my+ 5, (3-8)

where C,' = propagation speed of m, in x direction
Cy" = propagation speed of m; in y direction
Ce" = propagation speed of m; in wave direction
Cs mg = effect of time variations in currents and depth on the mean frequency
S1= net generation and dissipation of my
The left hand terms in equation 3-8 indicate the change of m; with time, and the flux

change of m; in terms of three variables: x and y, and 6. The right hand terms in
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equation 3-8 indicate the effects of time variation in current and depth on the mean
frequency, and net generation and dissipation of m;.

HISWA takes less computational time compared with that for SWAN because
it does not use a variable for wave frequency. HISWA, however, is not effective
when actual wave directions do not fall within a certain direction boundary, and the
situation is not stationary. In other words, the wave spectrum is discrete only in
limited directions and the shape of the frequency spectrum has to be prescribed due to
parametric frequency. For this reason, HISWA is restricted to the pfescribed shape of

spectrum (Holthuijsen et al., 1997; Resio, 1987 and 1988; Resio and Perrie, 1989).

344 STWAVE

The STeady state irregular WAVE (STWAVE) which simulates wave energy
transformation is easy to apply and flexible for near shore wind-generated wave
growth and propagation (Resio and Perrie, 1989). This model is based on the
assumption of steady-state condition, which means that wave energy is always
considered to be in equilibrium with time. For this reason, the STWAVE has no local
time derivative term, and it does not provide information on wave evolution. The
important features of the STWAVE are rthat the wave spectrum in shallow depths has
a depth independent equilibrium range, and the growth of spectral peak frequency is
limited. |

The governing equation of this model solved the spectrum energy in the

moving group velocity of the spectral peak:
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Cal(f,8) CoE(:8) _ ¢
X y -

(3-9)

where E(f, 6) = the energy spectrum in frequency and direction

Cg and Cgy = group velocity in x and y directions

S = net energy source and sink
The left hand terms of equation 3-9 indicate the change of wave spectrum energy in
moving group velocity in terms of x and y directions; The right of the equation
indicates net energy source and sink.

The computational speed is fast because the STWAVE has assumed that waves
are in a steady state, and they move with the spectral center. But the accuracy of

wind-wave prediction has not been clearly reported so far.

34.5. WAVEWATCH

The development of the WAVEWATCH ha;s three different phases:
WAVEWATCH I, II, and II. The WAVEWATCH I was first developed by Tolman
(1989 and 1991) at Delft University of Technology. Tolman (1992) improved the
governing equations, the model structures, numerical methods, and physical
parameterizations to create the WAVEWATCH 1L

The Ocean Modeling Branch at the National Center for Environmental
Prediction (NCEP) has developed the WAVEWATCH Il as a new global wave
forecast system (Tolman, 1997). The basic concept of WAVEWATCH II1 is like the

WAM, except it uses wave number as an additional variable. The major governing
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equation of WAVEWATCH III can be described mathematically by the following

equation:

ON oC.N oCN QkN 96N S

oN  dC, =9 3-10
ar " Tax e ok 90 o (-10)

where Cy=Cgx +u
Cy=Cqy+v
Cgx and Cgy = group velocity in x and y directions
u and v = depth and time averaged current velocity in X and y directions

do dd du

k= -l Sl = depth
37 3s k 3 , here d = mean dep
. 1(00c ad du
6 = —— -
k(ad am kam)

here m = a coordinate perpendicular direction of net S

N = wave action density

S = net energy source and sink

k = wave number 27/ L)

8 = wave direction

m = perpendicular coordinate to net energy source

o = intrinsic frequency (¢° = gk tanh(kh), here h = mean water depth)

The left hand terms in equation 3-10 indicate the change of wave spectral
action density with time, and the change of action density flux in terms of four
domains: x and y directions, wave number, and direction. The right side of the

equation indicates the change of energy source and sink in terms of wave frequency.
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One implicit assumption of WAVEWATCH III is that depth and current as
well as wave field vary with time and space much more than corresponding scales of
a single wave.

The WAVEWATCH III is expected to be more accurate than the WAM
because it is designed to solve for one additional parameter, wave number. This ’
model is expected to need significantly more computationally expensive due to its

higher-order accurate numerical scheme (Tolman, 1997).

3.4.6. GLERL

The Great Lakes Environmental Research Laboratory (GLERL) wave
prediction model was developed in the National Ocean and Atmospheric
Administration for forecasting wave height in the Great Lakes (Schwab er al., 1984).

The GLERL uses local momentum for deep-water wave prediction, which
assumes that the potential energy is equal to the kinetic energy in the wave fields.
The momentum force, F, is determined by the mass, m, and acceleration rate (i.e., F =
ma). The momentum component in x and y directions are expressed as:

M,,!

27t

j FUL.9) o5 edear (3-11)

0

Jl‘

gl

where My and My = momentum in x and y directions

sin&dedf (3-12)

C = phase velocity
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The governing equation of those momentums is not based on the energy
transport equation but the local momentum balance equation. In other words, wind
force, T, is balanced by the local and accelerated change of momentum with respect

to time, t, and x and y directions:

e (3-13)
aM, o, oL, 7" (3-14)

where p¥ = air density
Txxs Txy> Tyx, and Tyy = wave radiation stress tensor
According to linear theory, group velocity is equal to half of the phase velocity,

thus radiation stress tensors are:

T,

w=2[ [F(1.0)c050d0f (3-15)

@ Loy §

iz

=—§-I j (f,8)sinBcos8dEdf - (3-16)
0 0
=-§-j [ F(f,8)sin’ 0d6 df (3-17)
Qo 0

The wave spectrum of the GLERL was assumed to agree with the Joint North

Sea Wave Project spectrum, the so-called JONSWAP spectrum, which has the three
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parameters: peak frequency (fy) Phillips equilibrium range parameter (), and
constant (o) (see Eq. 3-5).

Thé problem with GLERL is that the magnitude of the total momentum from
the air to water used to generate waves is not clearly known, and there is no direct
measurement. For this reason, the weakness of the GLERL model is that the
‘momentum fraction has to be adjusted to fit the observed wave heights to this model

prediction. (For more information on the GLERL model, see Schwab et al., 1984.

3.5. Early ANN Wind-Wave Prediction Models

Tsai and Lee (1999) used the Back-Propagation Network (BPN) to estimate
tidal level at the Taichung harbor and Mitour coast in Taiwan. Two observed
consecutive tide levels and the difference in tide level between observed and
predicted tide levels at timel t-1 and t-2 to predict tidal elevation at time = t were used
for ANN inputs.

As a training data set, they regrouped one month of tidal levels in January,
1995 into five different data seté according to data span: onme, three, five, eight, 15,
and 30-day. As a validation set, five different data sets observed m 1996 were used:
one, two, three, five, and 12-mof1th.

The prediction results were satisfactory with the correlation coefficients larger
than 0.9 between observed and predicted wave heights when using only one-day tide

levels for training.
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However, in order to predict the tide level at time = t, the observed tide level at
time t-1 and t-2 from predicted results are still needed for preparing ANN inputs.
That is to say, the predicted tide-level at a previous time step must be used as an ANN
input for current-time prediction. For this reason, it is hard to say the BPN was used
to predict tide levels for unknown events.

Tsai et al. (2002) used the BPN model to estimate wave height at Taichung
Harbor in Taiwan. Significant, tenth, maximum, and mean wave heights at two
nearby wave stations were used as ANN inputs.

They collected two training data sets with one-month spans in September 1994
and 1995, and another two validation data sets with three-month spans from
December 1994 to February 1995 and from December 1995 to February 1996,
respectively.

The prediction results were satisfactory, and the correlation coefficient between
observed and predicted wave heights for two validation sets was larger than 0.9,
However, for the prediction of future waves, waves at two nearby wave stations must
be known in advancé. For this reason, their study is not reliable for practical wind-
wave prediction.

Deo et al. (2001) used a three-layered BPN to predict significant wave height
and zero-crossing wave period at a near-shore wave station with 16m-depth, several
kilometers away from Karmar and Mumbai in India.

Wind and wave data with 900 points measured every three hours were prepared

from March 1988 to July 1988 and from December in 1988 and May 1989. Among
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