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1. INTRODUCTION

The variability of the processes associated with wave generation governs its basic nature even
when propagation is being considered. Therefore, only stochastic models provide a satisfactory de-
scription of the spatial and temporal variations of wave fields in ocean and coastal waters.

The basic models that have been developed are based on the assumption that the free surface
elevation of the sea surface at a point follows a Gaussian distribution. Furthermore, the ergodicity
assumption is invoked to allow the same type of Gaussian models to provide a description of the
variability of the process in space. The models developed describe different properties of the wave
fields as required for different engineering purposes. Typically, in ocean areas, the waves are of
interest to shipping as they govern ship motions and sometimes affect the choices oftheir routes. In
the offshore areas both shipping and offshore platforms are of concern. Closer to the coast there is
still coastal shipping, but also other coastal developments such as harbors and coastal defenses which
need consideration. Furthermore, beaches and sediment transport are important issues close to the
surf zone.

This wide variety of situations suggests that several properties of waves need to be described
in order to meet the engineering needs for information which then can be applied to the different
problems. Typically, one wants to describe the sea surface elevation, but in view ofits periodic nature
some models address the amplitude and the period or frequency of the motion. Still of interest is to
study the properties of the envelopes of the process, which shows a lower frequency of oscillation
than the basic process. This can be used to study several problems, ranging for example from the
occunence of maxima in the process to the occurrence of groups in the wave time series. Specific
problems may require a description of the steepness of the waves, and how their shape changes
when they interact with currents. Extreme steepness leads to breaking, which is a way in which
the wave system dissipates energy. Breaking waves are also important to engineering because the
accelerations that are involved in those situations are often large and potentially damaging if they
impact a structure.

The foregoing gives an idea of the type of properties that are often of interest. However, in addition
to describing the time and space variabilities of these properties, there is also interest in knowing the
variability over longer time periods. This variability can be of interest for the basic wave parameters
such as height and period, but also for derived quantities such as the significant wave height and any
of the mean period parameters.

For design problems interest is often on the most likely maxima or on the extreme values that occur
within very long periods of time, which is known as the long-term problem as opposed to the short-
term models that describe the variability in time scales of minutes instead of years. Less studied
are intermediate time scales on the order of days or of weeks, which are of interest in operability
situations. Some examples of marine operations that have such time durations are towing of any
large structure, installation or major work in offshore structures, and building and repair of coastal
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structures. The typical problem is to determine windows of time during which the wave conditions
are below a certain threshold that limits the operation due, for instance, to excessive motions or too
high forces on the structures.

One additional complication is created by the bottom topography, which can affect the wave prop-
erties. For depths typically greater than halfthe wavelength the bottom topography does not affect the
water waves, but in very shallow water all waves propagate at the same group velocity irrespective
ofthe frequency. The transition zone in which the dispersion relation depends on the water depth is
called the finite water depth. This means that the entire set of probabilistic models in all time scales
can be different in each of the water depth ranges.

Since wave fields are described by stochastic models, it is possible to describe them both in the
frequency and in the time domains. A Gaussian process can be completely described by its variance
or energy spectrum or by its autocorrelation function. The time series of events can be used to de-
scribe the probability of occurrence of any property at a random point in time. While the first are
normally called spectral models, the latter are denoted as probabilistic models, and both describe the
variability of the same process.

This brief introduction has given an idea of the multitude of models that are available for different
situations and it is obvious that it will be very difflcult to cover them all in a review chapter. Therefore,
this chapter will concentrate only on probabilistic models, mainly in deep water and finite water
depth. In some coastal areas the continental shelf becomes very deep relatively close to the coast,
making the area of intermediate depth models relatively naffoq while in other areas the region of
intermediate water depth has a considerable extent.

Sections 2 and 3 describe the free surface elevation in short-term periods of stationarity, with
Section 2 adopting a frequency domain discretization while Section 3 is based on the digitalization
of time domain records. Section 4 deals with joint probabilities of wave heights and periods, while
Section 5 describes wave groups, which are very important for the analysis of coastal structures.
Section 6 deals with the medium-term models in which the modeled parameter is no longer the in-
dividual wave, but the parameters such as significant wave height that describe sea state intensity.
The models account for the correlation among sea states and are useful for planning maritime opera-
tions, including construction ofcoastal structures. The last two sections (7 and 8) deal with long-term
models that describe the variability of sea states in time scales on the order of 20 to 100 years, as is
required for design decisions.

2. SPECTRALMODELS

Spectral models of the sea surface elevation provide a frequency domain description of the sto-
chastic process and the basic theory was well documented many years ago. Depending on the nature
of the sea state they will be described by different shapes of spectra. After several models were pro-
posed based on different considerations, the one that has been generally accepted to describe fully
developed wind-driven wave systems was introduced by Pierson and Moskowitz (1964). These situ-
ations occur after stable conditions have been prevailing for some time and in a long enough fetch.

However, in younger seas and for shorter fetches as may occur in coastal waters, the wave system
may not have time enough to fully develop and in this case the spectrum is more peaked and has,
in general, higher peak frequencies. This was observed in the JONSWAP experiment (Hasselmann
et al.,1973), which produced a model widely used since then to describe developing sea states. As
the sea state develops, the nonlinear wave-wave interactions move the peak toward lower frequencies
and make it flatter, converging to the Pierson-Moskowitz model. These are the two main models that
describe wind-driven sea states. Huang et al. (1981) suggested a model that generalizes these.
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Swell systems are more complicated to describe as no single self-similar form exists as in the case
of wind-driven sea states. After the wind system ceases to provide input to the waves, they propagate
freely as swell, traveling away from the storm area. In this process the long waves travel faster than
the shorter ones and, as a consequence, the swell system looses its high frequency components as
it moves away from the storm, becoming more peaked and less broad banded. Thus, for the same
initial spectrum in the storm area, the shape of the swell spectrum depends on the distance traveled.
There is very little data available for swell but Goda (1983) found that a JONSWAP spectrum with
peak enhancement factor ranging from 7 to 10 can be adequate in those cases.

When a swell system coming from a distant storm arrives at an area with local wind generated
sea a mixed wave system results. If the peak frequencies of the spectra are relatively close, the
spectrum of the combined sea state may still look single peaked although the directional spectrum
may indicate that the two wave systems come from the same or from different directions. When the
peak frequencies are well separated the spectrum has a double peak and none ofthe spectral models
indicated can describe them. These sea states can occur as much as 25Vo of thetime. depending on the
location. However, in all locations its probability of occurrence always decreases as the significant
wave height increases (Guedes Soares, 1991).

One of the first models proposed to describe double-peaked spectra was by Strekalov et al. (1972)
who suggested that it would be obtained by one high frequency spectrum describing the wind-driven
component and a Gaussian shaped model describing the swell system. Ochi and Hubble (1976)
proposed another form by combining a JONSWAP and a Pierson-Moskowitz spectrum describing
the two individual wave systems, and they showed that by choosing different values ofthe spectral
parameters one would be generating spectra with a different appearance.

When Guedes Soares (1984) studied the problem and tried to fit measured wave spectra by a
combination of a JONSWAP and a Pierson-Moskowitz spectrum, he realized that the peak of the
Pierson-Moskowitz spectrum was too broad to allow the two peak frequencies to still appear sepa-
rately. Therefore, he proposed a model that represents both sea components by JONSWAP spectra
of different peak frequencies. While the choice of the model for the wind-sea component is obvious,
the choice to model the swell component was made because the JONSWAP model is able to fit very
peaked spectra as would be appropriate for the narrow swell spectral component as shown by Goda
(1e83).

Torsethaugen (1993) also adopted two JONSWAP models to describe the two-peaked spectra but
instead of using average JONSWAP parameters as done by Guedes Soares (1984), he used more
adjustable parameters of the JONSWAP model. As a result, while the model of Guedes Soares is de-
scribed by four parameters, the Torsethaugen model requires seven parameters. This is less practical
but having a large database, it also allows a better flt. Indeed, Torsethaugen determined the values
ofthese parameters for many classes of spectra ofthe Norwegian sea and his results are being used
within the Norwegian offshore industry.

Guedes Soares (1984) proposed the ratio of spectral ordinates of the sea and swell components
and the ratio of the peak frequencies of the two components as spectral parameters to describe the
relation ofthe two wave systems. Rodriguez and Guedes Soares (1999) proposed two other related
parameters, the Sea Swell Energy Ratio (SSER) and the Intermodal Distance (ID). The SSER is the
ratio of energies associated with each wave system, defined as the ratio between the wind-sea zero
order spectral moment, and the zero order moment of the frequency spectrum corresponding to the
swell wave field as follows

ssER: (ff i) ( l )
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where mn is the n-th order moment of the spectrum s(/)

where / is the frequency, and the subscripts sur and ros stand for swell and wind-sea parameters,
respectively. The wave fields that have the SSER value smaller than one represent swell dominated
sea states while the ones with the SSER value greater than one correspond to the wind-sea dominated
category. If the SSER value is close to one it is included in the category of sea states with two spectral
peaks with comparable energy content.

The other parameter is the frequency separation between the spectral frequency peaks, /o, corre-
sponding to the swell and wind-wave systems, calledthe Intermodal Distance (ID) and is calculated
with the following expression

/ f ^  - f ^  \
lD: [j_{3i_j_{r]_ I r:l
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All of these models have a tail that is proportional to the frequency to the power -5, as follows
from the argument of the saturation condition (Phillips, 1958). Howeveq several laboratory and full
scale measurements have shown that the tail is closer to -4 than to -5 (for example, Toba, 1973;
Forristall, 1981; Donelan et al,, 1985; Ewans and Kibblewhite, 1990; Prevosto et al., 1996). As a
consequence, Kitaigorodskii (1983) and Phillips (1985) proposed revised equilibrium spectral bal-
ances in which the wind input, nonlinear energy transfer and dissipation processes assume different
levels of relative importance in determining the equilibrium spectral shape for the short gravity wave
range of the spectrum. These energy balances are consistent with a -4 power law, as empirically
derived by Toba (1973). In fact, a more detailed analysis indicated that for frequencies between the
peak frequency and a frequency two or three times larger than the tail follows the -4 law while for
larger frequencies the law of -5 predominates (Mitsuyasu et al., 1980; Forristall, 1981; Hansen et
al., l99O; Rodriguez et al., 1999). The fact that the two slopes can be found in the high frequency
part of the spectrum associated with the uncertainty in the estimation procedure (Rodriguez and
Guedes Soares, 1998) can explain why different authors have obtained values between -4 and -5.
Therefore, although there is some agreement now about the high frequency part ofthe spectrum, it
is clear that these results have not yet been incorporated in the proposed spectral formulations of
Pierson-Moskowitz and JONSWAP, which are recommended in some codes of practice.

In finite water depth the wave spectrum changes as a result of the interaction with the bottom.
Bouws et al. (1985) proposed a spectral model of wind waves in finite water depth which became
known as the TMA spectrum, and is the product of the JONSWAP spectrum by a depth function of
Kitaigorodskii et al. (1975). Gentile et al. (1994) carried out a reexamination of the TMA spectrum
by taking into account the dependence of the equilibrium parameter on depth, and claimed that the
spectral energy density on finite depth could be higher than the one predicted by the TMA spectrum.
Guedes Soares and Caires (1995) presented a method of accounting for shoaling and refraction so as
to predict the evolution of the TMA spectrum as the wave system propagates in water of finite depth.
Young and Verhagen, (1996) presented the results ofan experimental study ofwave propagation in a
lake, which generally supported the work ofBouws et al. (1985).

A final aspect worth mentioning is the effect of current, which distorts the shape of wave spec-
tra and modifies the models described above. This is particularly important in coastal waters, where
currents are sometimes intense. Huang et al. (1972) proposed a formulation that is based on the con-
servation of energy and of wave kinematics. Hedges et al. (1985) modified it to account for the effect
of wave breaking in the saturation limit of the spectra and compared the results with experiments in
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a wave flume. Suh et al. (2000) presented additional experimental results on a flume concentrating
in finite water depths. Finally, experimental work on three-dimensional wave tanks was presented by
Nwogu (1993) and by Guedes Soares et al. (2000), showing that while the theory provides a good
description ofthe spectral changes, some improvements in accuracy are still required.

3. DISTRIBUTIONS OF FREE SURFACE ELEVATION AND WAVE HEIGHTS

The surface elevation can be represented by a zero mean Gaussian density function

. )r n -
J ( r l ) :  exp- .J  (4 )

\/ Zit On ZOrl

where or2 is the variance of ?i(r).
Longuet-Higgins (1952) demonstrated that for narrow band processes the amplitude of the waves

can be described by a Rayleigh distribution. This distribution has also been used to describe the
probabilistic properties of the wave height 11, which is approximated by twice the amplitude. The
general expression for the Rayleigh probability density function is

.r- /  -2\
f  ( x ) : ? * t ( - ; )  ' o < - r < o o  ( 5 )

The Rayleigh parameter R is

^ I Z"? for -r representing wave amplitude
R : l ^ ' l  ^  ( 6 )

[ 8on' for x representing wave height

The Rayleigh distribution has a peak value of JTIF at x : JFn. The mean value and variance are
given by
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The fractiles of this distribution are often used as descriptive statistics. The average of the l/n-th
highest observations x17, is defined as

i r /n:,1:.+*'(-*) *
where x 1 1 , is such that the probability of exceeding it is equal to I / n
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It can be shown that the expression for 7 1 1 n results in

(8)
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where erf is the error function. This results in the significant wave height, which is defined as the
average of the l/3 highest waves, given by

H s : E 1 p : 4 6 , ( l  l )

The formulationjust described is applicable for narrow band situations. One can deflne the spectral
bandwidth e by

--^2
a  f l l a

e ' : l - - - - - - - ! -
m o m 4
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where m; is the i-th moment of the spectrum given by equation (2).
When the bandwidth parameter is different from zero, the probability density function of the

maxima is the Rice (1945) distribution as shown by Cartwright and Longuet-Higgins (1956)

fx@): f i ,"*n{-i t : l ' } . (13)

where @ is the standardized normal distribution. It should be noticed that this distribution reduces to
the Rayleigh for s :0.

Assuming that all maxima are identically distributed and statistically independent, the cumulative
distribution function for the maximum.rr out of n maxima is given by

Fx,@): [4r 1x;] '

When n becomes large, the expected value of the largest of n maxima is approximated by
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where y is the Euler constant (:0.57722. . .).
These results of the maxima of n waves are based on the assumption of independence between

successive waves, which is known to be incorrect. Naess (1984) formulated the distribution of the
maximum wave height accounting for the correlation between consecutive crests. However, he as-
sumed that the wave height is twice the wave crest. Tayfun (1981) improved the definition of local
wave height by considering it was the sum of the amplitude of a crest and the following trough.

Massel and Sobey (2000) reviewed these developments and concluded that none of them ac-
counted simultaneously for all factors that exist in the real waves, and suggested that only a simula-
tion procedure could do so. They developed probability distributions for the maximum wave height
in samples of n waves in sea states of different characteristics. Although their distributions can be
considered to be more accurate they are not analytical and this makes them very difficult to use in
practice.

These theoretical models have been compared with measured data and found to give good agree-
ment in general. Some discrepancies were found on some occasions when the narrow band assump-
tion did not hold, but Longuet-Higgins (1980) showed that even in this case the Rayleigh distribution
could be used if the parameter R was determined from the definition of significant wave height or if
a correction factor was applied to the zero moment of the spectrum.

Forristall (1978) proposed the Weibull distribution

(14)

(15)
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P (n > n):  " .e 
[-

165

where a and B are shape and location parameters to be determined from fitting empirical data. He
used a data set from the Gulf of Mexico and obtained a shape factor of 2.126 whlle Nolte and
Hsu (1979), using the same data, obtained 2.138. Myrhaug and Kjeldsen (1986) obtained2.39 with
another data set. Since the Rayleigh distribution is a special case of the Weibull distribution with a
shape factor of two, one can see that the shape of these distributions is not too different from the
Rayleigh distribution. These distributions predict a smaller probability for large wave heights than
predicted by the Rayleigh distribution, the difference increasing with wave height. This deviation
from the Rayleigh distribution results from the difference between the crest height and the following
trough, which increases as the spectrum becomes broad banded.

A theory that includes the spectral bandwidth was proposed by Tayfun (1981) and compared with
field data by Forristall (1984). It is based on the calculation ofthe amplitudes ofthe wave envelope
at two points separated by half wave period.

Naess (1985) proposed another distribution

4(r -  p (r  /2))  ms
(r7)

where p(r/2) represents the value ofthe normalized autocorrelation function ofthe sea surface
elevation at half of the period away, the time when it attains its first minimum

R (t /2't
P \ t / z ) :  

R ( 0 )  
( 1 8 )

Tayfun (1990) developed asymptotic approximations to obtain close form expressions that are easy
to use in practical applications but the usefulness of which are restricted to wave heights greater than
the mean wave height.

While the approaches described in this section have been used to describe sea states with a single
wave system, Rodriguez et al. (2002) examined combined sea states based on numerically simulated
time series. They observed that, while the superposition of a swell with a low energy content to a
dominant wind sea has unimportant effects on the wave height distribution, at least when using the
zero up-crossing definition, the addition of a low energy wind sea to a dominant swell produces a
significant effect on the observed probabilities. This gives rise to an increase of small and large wave
heights and a decrease of intermediate wave heights. In the case of a wind dominated sea state co-
existing with a low energy swell very close in frequency, there is an increase oflarge wave heights
exceeding the predictions of all the models examined in this work. On the other hand, the super-
position of two wave fields of different dominant frequencies, but similar energy content produces
a decrease in the probability of wave heights larger than the mean wave height, and this effect is
more pronounced as the intermodal distance increases. Guedes Soares and Carvalho (2001) exam-
ined measured coastal data ofthis type of sea state and confirmed that, indeed, in some types of sea
states the distributions used for single wave systems are not appropriate.

The Gaussian assumption, which is the underlying assumption for several of the distributions
considered here, implies that the sea surface elevation is symmetric with respect to the waterline.
However, this is not always observed in measured data, in particular in storms or as the water depth
decreases. Large amplitude waves as well as waves in water of finite depth tend to be asymmetric,
with higher crests and lower troughs. These nonlinear waves are appropriately described by higher-
order Stokes models. In irregular sea states this asymmetry of the second-order Stokes waves is re-
flected in the skewness of the surface elevation record as noted by Longuet-Higgins (1963) for deep
water waves. Longuet-Higgins (1963) modeled the non-Gaussianity of the waves with the Edge-
worth's form of the type A Gram-Charlier series. His work was extended to water of finite depth by
Bitner (1980).

n2
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Irregular second-order waves include waves that have wave numbers equal to the sums and dif-
ferences of those of first-order waves. The slowly varying difference wave numbers correspond to
wave groups, which in intermediate water depths start feeling the bottom even when the individual
wave components do not. Therefore, the second-order waves are more sensitive to bottom effects
than the linear waves. Empirical probability distributions applicable for these nonlinear waves have
been developed from observed data by Kuo and Kuo (1975), Goda (1975) and Hughes and Borgman
(re87).

In the case of narrow band wave processes analytical expressions of the probability density func-
tion of the skewness in nonlinear free surface elevation have been obtained by Tayfun (1980), Arhan
and Plaisted (1981) and Huang et al. (1983). Tayfun (1980) obtained the probability density tunc-
tion of deep water second-order Stokes waves. He assumed the amplitude as Rayleigh distributed
and the phase uniformly distributed, being both slowly variant. Arhan and Plaisted (1981) analyzed
field data from the Gulf of Mexico based on a third-order Stokes wave formulation. They found that
the skewness of the field data was between 50Vo and 70Vo of their theoretical values. Winterstein
et al. (1991) found that it was 80-857o in the case of deeper water North Sea data. Huang et al.
(1983) adopted a perturbation scheme based on the assumption that the skewness is small, and ob-
tained the probability distribution using a third-order Stokes expansion both for deep and shallow
water. The probability density function for deep water is specified by the root mean square of the
elevation and the significant slope. In water of finite depth one additional depth dependent factor is
required.

Ochi and Wang ( 1984) derived the probability distribution of amplitudes of coastal waves applying
the Gram-Charlier series distribution. However, the approach is not very practical as this distribution
is not given in closed form and the density function becomes negative for large negative displace-
ments.

Marthisen and Winterstein (1992) used the skewness of the sea state as the input to a Hermite
polynomial transformation model proposed by Winterstein (1988), from which the extreme value of
the non-Gaussian wave crests can be derived analytically.

Longuet-Higgins (1963) showed that at infinite water depth the skewness is always positive.
Marthisen and Winterstein (1992) have shown that the slowly varying component of the second-
order waves, which looks like a wave group, gives a negative contribution to the wave skewness in
any water depth.

Longuet-Higgins and Stewart (1962) demonstrated that the slowly varying sea level associated
with a group of waves is depressed, which was also shown by Langley (1987) for deep water waves.
This effect becomes stronger as the water depth decreases, and thus reduces the increased skewness
that is often assumed for shallower waters (Ochi, 1986).

Ochi (1998a) applied a closed form expression for the probability density function of peaks,
troughs and peak-to-through excursions of non-Gaussian processes (Ochi, 1998b) to the case of
finite water depth waves. The approach is applicable only when the wave skewness is smaller than
1.2. In this case, a Rayleigh distribution is applicable, in which its parameter is a function of three
parameters that represents the non-Gaussian waves.

Cieslikiewicz (1990) proposed an approach to derive a probability density function of wave height
from the maximum entropy approach and Cieslikiewicz (1998) applied it to coastal waves. Ahn
(1998) presented a formulation based on the maximum entropy method, which provides the prob-
ability density function of wave heights in finite water depth, including shallow water. The distri-
bution can be expressed in terms of the breaking wave height as well as the mean and root-mean-
square wave height. When third and higher moments are available a numerical solution can be ob-
tained.
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4. JOINT DISTRIBUTIONS OF WAVE HEIGHT AND PERIOD

Several theoretical models for the bivariate distribution of wave heights, H, and periods, ?, have
been proposed during the last two decades. Longuet-Higgins (1975), based on the assumption of a
spectral narrow banded process, presented the first theoretical model for the bivariate distribution of
wave heights and periods. He considered the statistics of the joint distribution of the wave envelope
amplitude and the time derivative of the envelope phase. This distribution is expressed in terms of
the spectral bandwidth parameter, given by

r  t l / 2": lT-,) (1e)

Furthermore, it shows symmetry about the mean period, T : (mg/m). However, the joint distri-
bution of H and T of wave records with finite spectral bandwidth displays a clear asymmetry about
7, mainly in the range of low heights (Goda, 1978). Thus, this model seldom matches the observed
bivariate distribution ofmeasured data, but can be appropriate for the upper portion ofthe distribution
that corresponds to high waves.

Longuet-Higgins (1983) revised his earlier model to account for the effect of finite bandwidth and
presented an altemative approach, which is also given in terms of the spectral bandwidth parame-
ter. This model reproduces properly the asymmetrical shape of the joint distributions observed in
practice, but it is also only valid for narrow-banded processes.

Cavani6 et al. (1976) presented a bivariate model that reproduces the asymmetrical distributions
often observed in measured wave records. To estimate wave heights and periods, they considered
the joint distribution of positive maxima and their associated second derivatives. Furthermore, they
assumed a sinusoidal profile for each wave, which is similar to a nanow band approximation. Hence,
this model is not suitable to describe the bivariate distribution of ? and .F1 in broad-banded sea
states. This distribution is expressed in terms of the following spectral bandwidth parameter a given
by equation (12).

Lindgren and Rychlik (1982) proposed an analytical model capable of describing the joint dis-
tribution of Il and Z in wave records with arbitrary spectral bandwidth. The key of this model lies
in its dependence on the full covariance and its first four derivatives, which are estimated from the
spectra of the wave records. In other words, it depends on the full spectral structure and not only
on a few spectral moments, such as in all models previously mentioned. However, this model is
computationally intensive, which has probably hampered its generalized adoption by the industry.

A problem of the Cavani6 et al. (1976) and Lindgren and Rychlik (1982) models is the critical
dependence on the fourth-order moment of the spectral function, and hence on the structure of the
spectral high frequency range. As a consequence, measurement and computational factors, such as
the sampling rate and filtering properties of the measurement equipment, and the high frequency
cut-off used to estimate the spectral moments significantly affect them.

These studies have shown that the properties of the bivariate distribution of wave heights and
periods from sea states with single peaked spectra are mainly controlled by the spectral bandwidth
and the spectral shape of the wave field. Thus, it has been observed that, generally, p (H , T) presents
a high symmetry about the mean period for narrow band spectra and a progressive loss of symmetry
with the increase of the spectral bandwidth, u, reflected by a more pronounced sharper decay of
the probability levels at the high periods range as increases. Rodriguez and Guedes Soares (1999)
showed that for moderate bandwidth the models of Longuet-Higgins (1983) and of Cavani6 et al.
(1976) are able to represent the asymmetry appropriately.

In view ofthe effects of spectral shape in thejoint probability distributions, Sobey (1992) proposed
to derive the joint distribution from numerical simulation of the sea states. Although this approach
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can be claimed to lead to a distribution that matches the data well, it does not yield an analytical
expression that can be adopted in subsequent studies. As in the case of the distribution of wave
heights, the approaches described in this section have been used mainly to describe sea states with a
single wave system (Earle et al., 197 4; Chakrabarti and Cooley, 1977; Srokosz and Challenor, 1987).

Rodriguez and Guedes Soares (1999) examined combined sea states based on numerically simu-
lated time series. They observed that, in general, the asymmetry of the bivariate distribution rises as
the intermodal distance of the component spectra (ID) increases. However, this effect is very slight
for the wind-sea dominated sea states. The joint distribution in sea states included in this category
may be described with the Longuet-Higgins (1983) or the Cavani6 et al. (1976) models, at least for
small intermodal distances.

In sea states resulting from the combination of swell and wind-sea with comparable energy content
a significant loss of symmetry can be observed as ID increases and the range of periods results
amplified. This asymmetry can be characterized by the models of Longuet-Higgins (1983) orCavani6
et al. (1976), for small values of ID. However, for large values of ID, the only model capable of
reproducing adequately the observed asymmetric shape ofthejoint distribution is that proposed by
Lindgren and Rychlik (1982).

In swell dominated sea states, the asymmetry increases as ID takes larger values. Thus, the
Longuet-Higgins (1983) and Cavani6 etal. (1976) models may adequately fit the bivariate distribu-
tions associated with the wave fields in this category for low values of ID. The distributions obtained
for large values ofID should be described with the Lindgren and Rychlik (1982) model.

The joint distributions can be used as the starting point to obtain the marginal distribution of
wave periods, a topic much less studied than the distributions of wave height. This was adopted by
Longuet-Higgins (1975), who derived the expression ofthe marginal distribution ofwave periods

p ( t ) :

where u is the spectral bandwidth parameter and wave periods were normalized as

, : ' * t
mo

(2r)

Another theoretical expression for the wave period distribution was derived in a similar way by
Cavani6 etal.(1976)
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p ( r ) :

where
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where g is a function of e that remains close to one for values of e from 0 to 0.95.

(23)

and e is a spectral bandwidth parameter. It should be noted that their dimensionless period is given
bv

(24)
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Longuet-Higgins (1983) revised his model and presented an alternative expression

p(r) :(r .+) # r . r5 i

Based on the behavior of experimental wave period distributions represented in Weibull scale pre-
sented by Myrhaug and Rue (1998), Myrhaug and Slaattelid (1999) proposed a combination of two
two-parameter Weibull distribution function given by
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with a and B,being the Weibull parameters, and z" the intersection point between P1Q) artd P2Q)
given by

(28)

Rodriguez and Guedes Soares (2000) examined the distribution of wave periods in combined sea
states based on numerically simulated time series. The theoretical distributions of Longuet-Higgins
(1983) and Cavani6 et al. (1976) seemed to be useful to predict the obtained wave period distribu-
tions, at least approximately, only in the cases of mixed sea states with a dominant wind-sea field.
However, even in these cases models gave rise to a systematic underprediction ofthe probability of
intermediate wave periods, mainly for large intermodal distances. Another case in which the theoret-
ical models seem to reproduce approximately the observed distributions is that in which a wind-sea
and a swell with similar energy content and closed peak frequencies are superposed. The largest de-
viations between the observed and the expected probability distributions appear in swell dominated
sea states, where none of the compared models is able to characterize the observed wave period
probability distribution. The deviation between the theoretical models and the observed distribution
increases with ID.

Guedes Soares and Carvalho (2001) examined the applicability of these models to fit measured
data from a coastal station. They observed that for wind-sea dominated spectra the shape of the
distribution is more regular and the models are able to characterize the wave period distribution
for intermediate and large intermodal distance. When the energy is comparable the shape of the
distribution is close to symmetric, except for the case of small intermodal distance, which tends to be
bimodal. Thus, the models are able to predict the distribution of wave periods except for the last case.
However, there is an overestimation of both models around the mean period. In the swell dominated
case, especially for small and large intermodal distance, the distribution tends to bimodal and none
of the models are able to characterize the empirical distribution of wave periods.

Doering and Donelan (1993) extended the model of Longuet-Higgins (1983) by parameterizing
the u parameter of the distribution with respect to Ursell's parameter, extending the applicability of
the model to shoaling waters.

Memos (1994) and Memos and Tzanis (2000) presented an approach to extend the formulation
of the joint distribution of wave height and period to finite water depth and to shoaling water. While
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most models discussed here are applicable to narrow-banded waves, Memos (1994) developed the
theory of the joint distribution for deep water waves of any bandwidth. The model accounts explicitly
for the correlation between height and period ofthe waves and for the average wave steepness in a
sea state.

From this deep water model, a shallow water model was developed by Memos (1994) and fur-
ther improved by Memos and Tzanis (2000). This was achieved by employing the wave-by-wave
approach used, for example, by Mase and Iwagaki (1982), and Dally (1992). This approach consists
in selecting randomly from a deep water distribution of waves a sample of waves, which are then
propagated and transformed into shallow water. There the sample is reassembled and the applicable
probability distribution is reconstructed. Memos and Tzanis (2000) have extended the approach by
accounting for two additional processes: wave breaking and wave reforming after breaking. Mea-
sured data from Isobe (1985), Mase (1989) and Kamphuis (1994) have been used to demonstrate the
adequacy ofthe proposed model. The shallow water model was presented in a non-dimensional form
depending only on the local depth and bed slope in addition to the parameters required for the deep
water formulation.

5. WAVEGROUPS

Wave groups are important for the design of coastal structures. Attention to this problem was
raised by Goda (1970) who used linear simulations to demonstrate that ocean waves in a random
field are not completely randomly distributed but show a tendency to appear in groups. A wave
group is a sequence of consecutive wave heights that exceed a certain threshold level, followed by
a sequence of waves that fall below that referred level. Goda (1970) introduced the concept of the
length of a total run of waves as the total number of wave heights that occur between the time of first
exceedance above a specified threshold value and the time ofthe first re-exceedance above the same
threshold. He assumed that the wave heights are uncorrelated and Rayleigh distributed and derived a
probability distribution for the run lengths.

The analysis of wave groups in real sea wave data made by Rye (1982), Goda (1983), Elgar
et al. (1984) and Battjes and van Veddler (1984) verified the results of the numerical simulations
confirming that the linear theory could be used to properly describe wave groups. However, the
probability density functions for the mean run lengths derived by Goda (1970) underestimated the
values obtained from numerical simulations and from real sea waves. This was later understood to be
the result of the existence of correlation among successive waves. In fact, several results have shown
that successive individual waves are not independent. The correlation coefficient was reported to be
around 0.20 for sea conditions (Rye, 1974; Arhan and Ezraty, 1978; su et al., 1982) and about 0.65
for swell (Goda, 1983).

Kimura (1980) introduced a Markov chain hypothesis for the sequence of waves, considering that
wave grouping is strongly dependent on the structure of the sea state, as measured by the correla-
tion coefficient between successive wave heights. For a very broad banded spectrum the correlation
between waves tends to zero and the results of Kimura (1980) reduce to the ones of Goda (1970).
Recent results of Sobey (1996), who analyzed field data, supported the Markov assumption of the
Kimura theory.

Wind-wave groups may also be described as a level crossing problem associated with the enve-
lope of a random process (Nolte and Hst, 1972; Tayfun, 1983). Longuet-Higgins (1984) combined
this approach and that of Kimura and related them with the wind-wave spectrum, enhancing the
application of both the basic descriptions for evaluating group wave characteristics.

Based on the envelope approach, it is possible to obtain analytical expressions for several variables
such as the mean number of exceedances of a certain level, the mean length of wave groups, the
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length of a total run of waves, or the average number of successive waves exceeding a specific level.
The probability distribution of a number of waves in a group was also derived. Ochi and Sahinoglou
(1989a; 1989b) have derived the probability density functions of the time duration associated with
wave groups and ofthe occurence ofthe wave groups.

Dawson et al. (1991) conducted a series ofexperiments on wave groups generated in alaboratory
and found that only 25Vo ofthe wave crests crossing a threshold level formed a wave group while all
others were single crossings.

Goda (1970) showed that the characteristics of wave groups in irregular wave trains are related
with a dimensionless spectral peakedness parameter
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Medina and Hudspeth (1987) proposed a related peakedness parameter
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and Medina and Hudspeth (1990) showed a functional relationship between the coefficient of the
joint Rayleigh distribution of Kimura (1980), the correlation coefficient between successive wave
heights with lag m andthe peakedness parameters Qp and, Q".

The various studies about the correlation of successive waves have concentrated on sea states
that are described with spectra of one peak. The relative usefulness of the Kimura model to predict
the statistical properties of wave groups in mixed sea states has been examined by Rodriguez et al.
(2000), and it was observed that it always overestimates the observed mean run lengths.

In view of the importance that correlation between successive waves has on the description of
wave groups, several researchers have addressed this problem. Arhan and Eraty (1978) developed
a theoretical formulation for the joint probability distribution of two successive wave heights. They
used as a basis for the development of the joint distribution the work by Rice (1945) on the joint
distribution of two lagged values of the envelope of a Gaussian process. Furthermore, they used the
bivariate distribution of wave heights and periods presented by Cavani6 et al. (1976). Kimura ( 1980),
in relation with the groupiness of sea waves, considered a bivariate Rayleigh distribution to model
the joint distribution of successive wave heights.

The joint distribution between successive wave periods has been studied by Myrhaug and Rue
(1998). They presented a theoretical expression based on the assumption that the squared wave peri-
ods are reasonably well represented by a Rayleigh distribution.

In studying mixed sea states, Rodriguez and Guedes Soares (2001) concluded that the superpo-
sition of a swell wave and a wind-sea wave system enhances considerably the conelation between
successive wave heights as compared with the single sea state. This fact is also true for consecutive
wave periods in the case of a swell dominated sea state.

An extension ofthe approach ofthe envelope formulations also consists ofusing phase informa-
tion. This can be achieved by representing the waves as the real part of a complex analytical formu-
lation based on the envelope and phase function (Melville, 1983). The use of the Hilbert transforma-
tion allows the study of these processes and the identification of wave groups (Hudspeth and Medina,
1988). Cherneva and Velcheva (1993) used this approach to study coastal waves, and Cherneva and
Guedes Soares (2001) analyzed storm deep water waves, showing that it is possible to use in both
cases the local phase of waves to identify the wave groups.

l,l,* s(r\dr)
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6. TIME SERIES MODELS OF SEA STATES

The spectral density function describes a stationary random process, which in the case of a wave
environment has duration from 20 minutes to few hours. The probability density functions discussed
in the previous sections apply to these situations. However, for design and operation purposes, one is
interested in having load models that are valid for longer periods. In those time spans the wave and
response processes are no longer stationary.

The common practice is to separate the time scales. The periods of stationarity are the short-term
ones governed by parameters such as significant wave height and mean period. The medium-term
formulations discussed in this section and the long-term formulations described in the following
sections describe the probability distribution of these parameters.

Models of long-term time series of sea state parameters are important for the planning of various
offshore operations that have durations on the order of several days. In these cases the correlation
that exists among the parameters of the successive sea states are very important for the outcome of
the operation.

Autoregressive moving average process (ARMA) are a general class ofprocesses that can be used
to model wave data. Spanos (1983) used ARMA processes to simulate individual waves in short-
term periods of stationarity. Scheffner and Borgman (1992) also simulated individual waves but they
took into account the longterm variability. They adopted a piecewise month by month multivariate
simulation approach in which the seasonal and the non-stationary changes are imposed by simulating
each month separately and using an interpolation scheme to smooth the transition from month to
month.

Guedes Soares et al. (1994) and Athanassoulis and Stefanakos (1995) demonstrated that linear
autoregressive models can describe adequately time series of significant wave height at a site. These
models have been applied to different sites and it was found that the same type of regression model
could be applicable in the same geographical area. Models with orders up to 19 were required for
a good modeling, although the most significant coefficients were only up to the order 10 (Guedes
Soares et al.,1996).

Two main types of problems have to be solved in order to apply these type of models to the long-
term series of wave parameters. One has to do with the non-stationarity of the series, in particular
with its seasonality, and the other with the gaps in the time series, which sometimes can be relatively
long. The seasonality of this type of data was studied by Guedes Soares and Ferreira (1995a) who
showed that a Fourier model would describe it appropriately. Even after removing the seasonality the
series is not stationary, and thus transformations of the data are required before ARMA models can
be applied. Some different options have been considered in Cunha and Guedes Soares (1999).

One of the problems in the time series analysis of wave measurements is the missing values,
which present difficulties in the application oflinear and nonlinear models to the continuous series.
The method used to fill gaps in a time series depends basically on their duration. Hidalgo et al. (1995)
developed a method based on appropriate transfer functions in order to fill very long gaps. Smaller
gaps are filled forecasting half gap with the model based on observations of the left side of the gap
and the other half with the one from the right side. Stefanakos and Athanassoulis (2001) reviewed
these types of approaches and applied them to some examples.

In many situations it is not enough to have a description of the significant wave height, but the
associated mean period is also necessary. These two parameters of a sea state are positively correlated
as demonstrated by several studies. The bivariate autoregressive models proposed by Guedes Soares
and Cunha (2000) described the time evolution of the occurrence of such pairs of values taking into
account the memory effects that exist in the process.

If interest is in modeling only the first two moments of the series, as occurs in many situations,
the linear models are adequate, otherwise nonlinear models may be required. A study of nonlinear
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autoregressive models has shown that the improved description provided by these models could only
be noticed on the third and fourth statistical moments of the simulated series (Scotto and Guedes
Soares, 2000).

7. LONG-TERM MODELS

The single most important parameter describing the severity of the sea states is the significant
wave height. Thus, most marginal long-term parametric distributions describing the sea state are
based on this variable. The interest of fitting parametric models to Hs data can be two-fold. On one
hand, adopting a parametric model to fit the data is the means of smoothing the frequency histogram
and providing appropriate functional descriptions of it. On the other hand, fitting a model may al-
low extrapolation outside the range of the data by calculating return values corresponding to high
probability quantiles.

To fit lls data the log-normal distribution was one of the first of the distributions to be proposed
(Jasper, 1956). Later, Guedes Soares et al. (1988) found it adequate to model the long-term trends of
significant wave height. However, this is true for the lower and moderate wave heights, which are the
most important ones from the point of view of fatigue design of structures.

A better fit of the upper tail can be obtained by the Weibull distribution as shown by Battjes
(1972). This distribution, although being better in the range of extreme waves is not so good for the
lower wave heights, which led Haver (1985) to propose combining the log-normal and the Weibull
distributions to provide a complete description of the whole range of significant wave heights.

For design purposes it is often necessary to estimate values of very low probability of occurrence.
In some cases, the long-term distribution of Ils fit to the initial wave data has also been used to
predict the occunence of extreme values using the concept of return period, which can be related to
the reference lifetime of interest, as discussed by Borgman (1963).

The log-normal and Weibull distribution functions have been used frequently to model F/s data.
However, when estimating return values with a low probability level they are not very good models,
as often the log-normal distribution overestimates, and the Weibull distribution underestimates the
true return values.

Other possibilities are the Generalized Gamma distribution proposed by Ochi (1992) who showed
that it gives a better graphical flt than both the log-normal and Weibull distributions. Ferreira and
Guedes Soares (1999) have used Beta distributions, showing that they are more flexible than the
other distributions.

The use of the statistical tests of fit to distinguish between the quality of flt of competing distrib-
utions is often not robust enough with this type of data, in which the concern is often with the tails
of the distribution. This has been demonstrated with some examples in Guedes Soares and Ferreira
(1995b). Therefore, from the point of view ofreturn values estimation, it is necessary to have an extra
reason for deciding whether a particular model is appropriate or not. Extreme Value Theory provides
such an extra reason based on asymptotic distributional results about some of maxima over flxed
periods and exceedances over high thresholds. Several authors have recommended or used Extreme
Value Theory by applying the Annual Maxima Method to wave data (for example, Thom, 1971;
Carter and Challenor, 1983; Muir Langley and El-Shaarawi, 1986).

The Peaks Over Threshold (POT) method (Davison and Smith, 1990) provides a more modern
and soundly based solution to extrapolation problems (Elsinghorst et a1., 1998; Ferreira and Guedes
Soares, 1998). The method is particularly suited for dealing with realizations of a stochastic process,
which is approximately stationary or can be split into stationary parts. It consists of fitting the Gener-
alized Pareto distribution to the peaks of clustered excesses over a threshold-defined as the amounts
by which observations exceed a given threshold-and calculating return values by taking into account
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the average number of clusters. The rationale behind the procedure is that (i) if the threshold level is
taken high enough, the distribution ofthe peak excesses is expected to be close to one among only
three forms of the Generalized Pareto distribution; (ii) observations, in particular cluster peaks, be-
longing to different clusters are expected to be independent. While (i) avoids the choice of arbitrary
models, (ii) ensures that the fundamental concept ofreturn value is applicable.

Adopting different models for predicting the most likely maximum value during the structure's
lifetime will yield significant differences in the predicted design values as pointed out by Earle and
Baer (1982), Wang and Le Mehaute (1983), van Vledder et al. (1993) and Guedes Soares and Scotto
(2001).

While the uncertainty involved in the choice of the different methods of extrapolation can be
classified as a model uncertainty (Guedes Soares, 1989; Bitner-Gregersen and Hagen, 1990), the one
that is involved in the statistical procedures to assess which probabilistic model describes a given
population is called the statistical uncertainty. The statistical uncertainty can result from the choice
ofthe population sample that is chosen to represent it or from the estimation ofthe parameters from
the samples. The first aspect was studied for North Atlantic wave data, by comparing the predictions
based on large samples of visual data and measurements (Guedes Soares and Viana, 1988) or by
including hindcast data (Guedes Soares and Trov6o, 1991). The samples had typical sizes of l0
to 20 years and significant differences in the return values were obtained. On the second aspect,
Guedes Soares and Henriques (1996) compared three methods of fitting distributions to data, namely
the methods of moments of least squares and of maximum likelihood. It was shown that often the
method of moments was yielding different fits than the other two methods, and thus it should be
avoided not withstanding its greater simplicity.

The uncertainty in the estimation of the values of retum periods may also be associated with the
size of the database used to fit the distribution as related to the period of concem. Using too short
databases will lead to large variability, as shown by Guedes Soares (1986).

Another important issue in applying a probabilistic model to describe a population is the definition
ofthe population under consideration and its samples. Guedes Soares and Nolasco (1992) argued that
the current practice of pooling all type of wave data before fitting a distribution will combine data
from populations with different characteristics. They have separated a data set from a coastal station
into samples with single wave systems and with combined sea states, both swell dominated and wind-
sea dominated showing that they are all described by different probabilistic models. This argument
was further pursued by Guedes Soares and Henriques (1996), where it was noted that monthly data
sets will be described by slightly different probabilistic models, which can be pooled in different
seasonal data sets. The variability of the distributions ft to yearly data was shown to exist although
it was smaller than the seasonal differences (Guedes Soares and Henriques, 1994).

The variability among years of the data of the same season was analyzed by Guedes Soares and
Ferreira (1995b) based on the data from a location on the coast ofPortugal. It was found that the
data sets were statistically different, and thus, being from different populations they should not be
pooled together. It appears, therefore, that pooling all wave data and fitting one probabilistic model
may not be strictly correct from a statistical point of view. Furthermore, the choice of a parametric
distribution to fit the data also introduces additional uncertainties. To cope with this situation Ferreira
and Guedes Soares (2000) proposed a parametric model for the long-term data, which uses the Box-
Cox transformation (Box and Cox, 1964) to transform the data set to a normal one, which is then
fit by a normal distribution. It considers that the yearly populations have random properties and the
transformation should be applied to each yearly data set. In this way the variability of the Box-
Cox parameters would reflect the yearly variability of the data while the normal distribution of the
transformed data would represent the variability of the wave parameters.

The long-term distributions of individual wave heights or of corresponding responses are obtained
by considering that at a random point in time the variance of the sea state is itself a random variable
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with a marginal density function /p(r) which depends only on the joint distribution of wave para-
meters just mentioned. Thus, the marginal distribution of sea state elevation is obtained by weighting
the conditional distribution of amplitudes by the probability density function of the variances

Q' @lr)  f , ( r )w(r)dr (31)

where u(r) is a weighting factor that accounts for the relative number of peaks in each sea state
and Qs is a short-term distribution, conditional on the variance r. As discussed in Section 2, these
distributions can be Rayleigh or any of the others discussed in that section.

Other methods have been used to obtain extreme values of significant wave height as described in
various review papers (Nolte, 1973; Isaacson and Mackenzie, 1981; Muir Langley and El-Shaarawi,
1986). One method of extrapolation uses the most probable maximum wave height in each sea state
and makes extrapolations based on these values instead of using the Ils. One problem of this ap-
proach as well as of the flrst one discussed is that in using all sea states the successive sea states are
not independent. To avoid the problem ofcorrelation between successive sea states one may use the
annual maxima of wave height, which are then fitted by a Gumbel distribution. In fact one year is the
period of climatological and environmental processes, which implies that yearly maxima should be
statistically independent.

Still a different procedure that has been adopted is to extrapolate the sea state parameters based on
the assumption that the largest wave will occur during the most severe sea state. Once the sea state
parameters 11" and T1n arc determined, the largest wave to occur in that sea state is determined from
a short-term model.

A last model described in the literature reviews is the extrapolation based on storms. Storms in a
given location are assumed to be independent events occurring with a constant arrival rate, which can
be described by a Poisson process. A storm is modeled as a succession of sea states with increasing
I/" up to a maximum value after which they decrease again. In this case, the extrapolation is made
associating the Poisson model of storm occuffence with the maximum wave height in each storm.

The storm or event approach, which should not be confused with the POT method, is preferred
in cases in which the weather is very calm most of the time, and there are few very intense events,
such as for example in the Gulf of Mexico. In these cases it is often preferred to model the rate of oc-
currence of events such as hurricanes together with the probability of maximum waves in hurricanes
such as proposed by Petruaskas and Aagaard (1970) or Jahns and Wheeler (1972).

When applying different methods to a specific problem very large scatter in the results are pro-
duced, as shown by Guedes Soares (1989). One possible way to deal with the problem is for the
whole industry to adopt as a standard one of these methods and then calibrate the design process
using its predictions. Another alternative is to use the information provided by all methods and com-
bine them in a Bayesian way, using the opinions of experts to properly give weight to the different
methods (Kerstens et al., 1988; Guedes Soares, 1989). This procedure, although not improving the
accuracy of the estimation, will decrease the risk of choosing a wrong value and will decrease the
model uncertainty of the estimate.

This section has discussed the long-term distributions as tools to extrapolate the wave conditions
to some retum value ofinterest to design. However, in several applications no extrapolation is needed
and information is only required of the probability of occurrence of some defined conditions. For this
pu{pose, it is not required to fit a parametric model to the data and one may resort to use it directly,
although smoothed. Guedes Soares and Ferreira (1995b) and Ferreira and Guedes Soares (1999;
2000) discussed this problem and suggested that a good alternative would be to use the Kernel of
the distribution, which can be smoothed by different schemes. This approach would not introduce
unnecessarily any tendency on the data as might happen when fitting a parametric model to it.
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The long-term models discussed here have contemplated data from one location. Very often one
is interested in characterizing a wider region in which there is more tban one measuring station.
Using a much larger data set including samples from positions spatially distributed allows better
confidence in the models estimated. It may also allow the identification of the space in which a given
probabilistic model is applicable.

Regional analysis has been used for some time in hydrology and a good account is given by
Hosking and Wallis (1997). van Gelder et al. (1999) used regional analysis to study the maximum
sea level data from the North Sea, while van Gelder et al. (2000) and Goda et al. (2000) applied
regional analysis to determine extremes of significant wave heights.

8. JOINT LONG-TERM MODELS

Although the long-term distributions of 11" provide a probabilistic description of the sea state
severity, for many applications this description is too crude. Often it is necessary to describe also
the associated mean period and direction. On other occasionsjoint distributions ofwaves and storm
surges are required orjoint distributions of waves, wind and current. Different approaches have been
developed for specific applications, but possibly the most widely used is the conditional modeling
approach in which the joint density function is defined in terms of a marginal distribution and a series
of conditional density functions modeled by parametric functions that are fitted to the conditioned
data by some form of estimation process.

The single most used joint distributions of wave parameters are the bivariate probability density
functions of .F1" and Ta which are available for different areas of the ocean and coastal areas. Most
wave data banks provide information ofthe scatter diagram at a point, although some also provide
directional information. In this case, it is normal that a scatter diagram is given for each of eight
directional sectors. Thus, one has
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where 0 indicates the directional sector.
Normally the bivariate distribution of significant wave height and mean period is constructed from

a conditional distribution of average or peak periods and a marginal distribution of significant wave
heieht
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The distributions of wave period conditional on significant wave height have been shown to be well
modeled by a log-normal distribution (Haver, 1985; Guedes Soares et al., 1988). Thus, a joint model
can be approximated by the 3-parameter Weibull distribution for significant wave height

(34)

where a, p and y are the scale, shape and location parameters, and d is the main wave direction. The
conditional log-normal distribution for the peak wave period given the significant wave height is
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The parameters at, a2, a3, b1, b2 and b3 arc determined from the data. The estimation of these
parameters is sometimes problematic, as few observations exist in some ranges of the variables,
especially in the tails.

An alternative approach to conditional modeling has been to adopt different ways to transform
the data to a multivariate normal, which is then fit by that model. Ochi (1978) used an exponential
transformation to model a bivariate log-normal distribution to the .I1", T7 data. This transformation
allows avoiding the use of conditional distributions and a single bivariate distribution is used for
the whole sample. Prince-Wright (1995) used an extended version of a Box-Cox transformation
to fit this joint distribution, where the additional parameter aimed at improving the fit in the tails.
Bitner-Gregersen et al. (1998) compared the fits using this approach and the conditional modeling
formulation and obtained fairly similar patterns for moderate wave heights.

Within the line of data transformation, Ferreira and Guedes Soares (2002) noticed that there was
a non-negligible variability among the yearly data sets and this led to the proposal of considering
random yearly populations. Thus, each yearly sample is transformed into a normal variable using
appropriate Box-Cox transformation parameters for 11" and Tr.The variability of these parameters
reflects the yearly variability of the data. The transformed data is then fit by a bivariate normal
distribution.

Athanassoulis et al. (1994) proposed a different type of transformation. They adopted the Plackett
bivariate model, which although not being completely general, allows the specification of any two
marginal distributions and leaves the subsequent modeling of the dependence structure to be made
with the estimation of a parameter related to the correlation between the variables.

The joint models of Ochi (1978), Athanassoulis et al. (1994), Prince-Wright (1995), and Fer-
reira and Guedes Soares (2002), and the Conditional Modeling Approach, for example, of Bitner-
Gregersen and Haver (1989), utilized the complete probabilistic information obtained from simulta-
neous observations of the environmental variables. In some cases, only the marginal distributions for
a set of stochastic variables are given, and information about the dependencies between the variables
exist in terms of a correlation matrix R. For these cases Bitner-Gregersen and Hagen (1999) proposed
to use a consistent and simple formulation based on the Nataf correlation model (Der Kiureghian and
Liu, 1986). The Nataf model gives a good approximation for the distribution of the physical variables
if the vector of the transformed standard normal variables is close to being multi-normal. It requires
the first four statistical moments of each of the two variables in the joint distribution as well as the
correlation between the variables.

An alternative to the joint distribution of 11" and T, or Tp is to consider the joint distribution of
11" and a representative wave steepness parameter. Repko et al. (2000) compared some of the models
described here with ajoint distribution of I15 and a peak steepness defined as
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which was proposed by Vrijling and Bruinsma (1980), and concluded that the last approach provided
better agreement with the data.

A related pararneter, the average wave steepness was adopted by Bitner-Gregersen et al. (1998)
and Bitner-Gregersen and Hagen (1999), showing that in different wave data sets the extreme values
of the mean steepness decreased with increasing return period both for offshore and coastal data.

Although only bivariate models of lls and one of the representative wave periods have been con-
sidered in this section, other joint models are possible and available. In general, the conditional
modeling approach is very flexible for extension to any number of variables, but the drawback is that
sometimes the number of observations in each of the conditioned distributions may be too small.



178

Reference is made to Bitner-Gregersen and Guedes Soares, (1997) for a review of some other appli-
cations.

9. CONCLUSION

From this review chapter it can be concluded that since wave flelds are described by stochastic
models, it is possible to describe them both in the frequency and in the time domains. While the
focus of past research has been mainly on Gaussian waves in deep water it should, nevertheless, be
emphasized that the characteristics of waves in finite water depths are substantially different than
those in deep water in that the probability distribution is non-Gaussian as discussed mainly in Sec-
tion 3. Refinements to the various models will continue in order to provide solutions to different
problems, and to meet required design and engineering considerations.
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LIST OF SYMBOLS

SSER Double Peaked Spectrum, Sea-Swell Energy Ratio, (equation (l))
t?tn n-th spectral moment, (equation (2))
s("f) wave spectrum

f wave frequency
.rru swell (subscript), (equation (2))
rrs wind-sea (subscript), (equation (2))

fp Peak frequency
ID Double Peaked Spectrum, Intermodal Distance, (equation (3))
"? variance of sea surface elevation, (equation (4))
ttf) sea surface elevation, (equation (4))
R Rayleigh parameter, (equations (5), (6)

Fx mean value
oi variance
7 t /n 

- mean of the | / n-th highest observation
erf error function
Hs significant wave height
e - spectral bandwidth, (equation (12))
O standard normal distribution
xn maximum of n observations
y - peak enhancement factor for JONSWAP spectrum
p(t) normalized autocorrelation function for time lag r
R(t) autocorrelation function for time lag r
H wave height
T wave period
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spectral bandwidth, (equation (9))

mean wave period
non-dimensional period
bandwidth function, (equation (24))
Kimura correlation parameter
Kimura correlation coeffi cient
cross-over point, (equation (28))
significant wave height
mean wave period
long-term probability of exceedance of x
normalization factor
short-term probability of exceedance of x
sea state variance, (equation (31))
wave direction
scale parameter
shape parameter
peak period
threshold level
peak steepness, (equation (38))
Medina and Hudspeth spectral peakedness parameter, (equation (30))
Goda spectral peakedness parameter, (equation (29))

REFERENCES

Ahn, K., 1998. Statistical distribution of wave heights in finite water depth. Proceedings of the 26th
International Conference on Coastal Engineering, ASCE, pp. 533-544.

Arhan, M., andEzraty, R., 1978. Statistical relations between successive wave heights. Oceanologica
Acta, |  (2):151-158.

Arhan, M.F., and Plaisted, R.O., 1981. Nonlinear deformation of sea wave profiles in intermediate
and shallow water. Oceanology Acta, 2:107-115.

Athanassoulis, G.A., Skarsoulis, E.K., and Belibassakis, K.A., 1994. Bivariate distributions with
given marginals with an application to wave climate description. Applied Ocean Research, 16:
t-17.

Athanassoulis, G.A., and Stefanakos, C.N., 1995. A nonstationary stochastic model for long-term
time series of significant wave height. Journal of Geophysical Research, 100 (8): 16,149-16,162.

Batdes, J.A., 1972. Long-Term wave height distributions at seven stations around the British Isles.
Deutsche Hydrographische Zeitschrift, 25l. 179-189.

Baftjes, J., and van Vledder, G., 1984. Verification of Kimura's Theory for wave group statistics.
Proceedings of the l9th International Conference on Coastal Engineering, ASCE, pp. 642-648.

Bitner, E.M., 1980. Nonlinear effects of the statistical model of shallow-water wind waves. Applied
Ocean Research, 2 (2): 63J 3.

Bitner-Gregersen, E.M., and Guedes Soares, C., 1997. Overview of Probabilistic models of the wave
environment for reliability assessment of offshore structures. In: Guedes Soares, C. (Editor), Ad-
vances in Safety and Reliability. New York: Pergamon, pp. 1445-1456.

Bitner-Gregersen, E.M., Guedes Soares, C., Machado, U., and Cavaco, P., 1998. Comparison of
different approaches to joint environmental modelling. Proceedings of the 17th International Con-
ference on Offshore Mechanics and Arctic Engineering, ASME, New York, Vol. II.

Bitner-Gregersen, E.M., and Hagen, O., 1990. Uncertainties in data for the offshore environment.
Structural Safety 7: 11-34.



180

Bitner-Gregersen, E.M., and Hagen, O., 1999. Extreme value analysis of wave steepness and crest us-
ing joint environmental description. Proceedings of the I 8th International Conference on Offshore
Mechanics and Arctic Engineering, ASME, Paper OMAE99-6033.

Bitner-Gregersen, E.M., and Haver, S., 1989. Joint long term description of environmental parame-
ters for structural response calculation. Proceedings of the 2nd International Workshop on Wave
Hindcasting and Forecasting.

Borgman, L.E., 1963. Risk criteria. Journal of the Waterways and Harbors Division, ASCE, 89
(WW3):1-35.

Bouws, 8., Gtinther, H., Rosenthal, W., and Vincent, C.L., 1985. Similarity of the wind wave spec-
trum in flnite depth water 1. Spectral form. Joumal of Geophysical Research, 90 (Cl): 975-986.

Box, G.E.P., and Cox, D.R., 1964. An analysis of transformations. Journal of the Royal Statistical
Society, 26, Series B:2ll-252.

Carter, D.J.T., and Challenor, P.G., 1983. Methods of fitting the Fisher-Tippett Type I extreme value
distribution. Ocean Engineering, 1 0 : 1 9 1- I 99.

Cartwright, D.E., and Longuet-Higgins, M.S., 1956. The statistical distribution of the maxima of a
random function. Proceedings of the Royal Society London, 237, Series A:212-232.

Cavani6, A.G., Arhan, M.F., and Ezraty, R.S., 1976. A statistical relationship between individual
heights and periods ofstorm waves. Proceedings ofthe 8055'76 Conference, Norwegian Institute
of Technology, Trondheim, pp. 35,t-360.

Chakrabarti, S.K., and Cooley, R.P., 1977. Statistical distribution of periods and heights of ocean
waves. Journal ofGeophysical Research, 82 (9): 1363-1368.

Cherneva, 2., and Guedes Soares, C., 2001. Local non-stationary properties ofthe wind wave groups.
Proceedings of the Conference on Design and Operation for Abnormal Conditions II (RINA),
London, pp.137-145.

Cherneva, 2., and, Velcheva, A., 1993. Wave group analyses based on phase properties. lst Interna-
tional Conference on the Mediterranean Coastal Environment (MEDCOAST 93), pp. 1213-1220.

Cieslikiewicz, W., 1990. Determination of the probability distribution of wind waves using the
maximum-entropy principle. In: Torum, A., and Gudmestad, O.T. (Editors), Water Wave Kine-
matics, pp. 345-348. The Netherlands: Kluwer Academic Publishers.

Cieslikiewicz, W., 1998. Maximum-entropy probability distribution of free-surface elevations of
wind-generated coastal waves. Proceedings of the 26th International Conference on Coastal Engi-
neering, ASCE, pp. 1155-1168.

Cunha, C., and Guedes Soares, C., 1999. On the choice of data transformation for modelling time
series ofsignificant wave height. Ocean Engineering, 26:489-506.

Dally, W.R., 1992. Random breaking waves: Field verif,cation of a wave-by-wave algorithm for
engineering application. Coastal Engineering, 16: 369-397.

Davison, A.C., and Smith, R.L., 1990. Models for exceedances over high thresholds. Journal of the
Royal Statistical Society, 52 (3), Series B:393442.

Dawson, T.H., Kriebel, D.L., and Wallendorf, L.A., 1991. Experimental study of wave groups in
deep-water random waves. Applied Ocean Research, 13 (3): I 16-1 3 1.

Der Kiureghian, A., and Liu, P.L., 1986. Structural reliability under incomplete reliability calcula-
tions. Journal of Engineering Mechanics, 112 (l): 85-104.

Doering, J.C., and Donelan, M.A., 1993. The joint distribution of heights and periods of shoaling
waves. Journal of Geophysical Research, 98 (7): 12,543-12,555.

Donelan, M.A., Hamilton, J., and Hui, W.H., 1985. Directional spectra of wind-gathered waves.
Philosophical Transactions ofthe Royal Society, London, A-315: 509-562.

Earle, M.D., and Baer, L., 1982. Effects of uncertainties on extreme wave heights. Journal of Water-
way, Port, Coastal and Ocean Engineering, 108 (WW4): 45fu78.



1 8 1

Earle, M.D., Ebbesmeyer, C.C., and Evans,D.J.,1974. Height-period joint probabilities in Hurricane
Camille. Journal of the Waterway, Harbors and Coastal Engineering Division, 100 (WW3): 257-
265.

Elgar, S., Guza, R., and Seymour, R., 1984. Groups of waves in shallow water. Joumal of Geophysical
Research, 89 (3) : 3 623 -363 4.

Elsinghorst, C., Groeneboom, P., Jonathan, P., Smulders, L., and Taylor, P.H., 1998. Extreme value
analysis ofnorth sea storm severity. Journal ofOffshore Mechanics and Arctic Engineering, 120:
177-t83.

Ewans, K.C., and Kibblewhite, A.C., 1990. An examination of fetch-limited wave growth off the
west coast of New Zealand by a comparison with the JONSWAP results. Journal of Physical
Oceanography, 20 (9): 127 8-1296.

Ferreira, J.A., and Guedes Soares, C., 1998. An application of the peaks over threshold method to
predict extremes of significant wave height. Journal of Offshore Mechanics and Arctic Engineer-
ing ,  120(3) :  165-176.

Ferreira, J.A., and Guedes Soares, C., 1999. Modelling the long-term distribution of significant wave
height with the Beta and Gamma models. Ocean Engineeing,26:713-:725.

Ferreira, J.A., and Guedes Soares, C., 2000. Modelling distributions of significant wave height.
Coastal Engineering, 40: 361-37 4.

Ferreira, J.A., and Guedes Soares, C.,2002. Modelling bivariate distributions of significant wave
height and mean wave period. Applied Ocean Research, 24 (l):3145.

Forristall, G.2., 1978. On the Statistical distribution of wave heights in a storm. Journal of Geophys-
ical Research, 83 (C5): 2353-2358.

Forristall, G.2., 1981. Measurements of a saturated range in ocean wave spectra. Journal of Geo-
physical Research, 86: 8075-8084.

Forristall, G.2., 1984. The Distribution of measured and simulated wave heights as a function of
spectral shape. Journal ofGeophysical Research, 89 (C6): 10,547-10,552.

Gentile, R., Lando, L.R., and Scarsi, G., 1994. Design wave on finite depth: A re-analysis of the
TMA model. Proceedings of the 13th International Conference on Offshore Mechanics and Arctic
Engineering, ASME, 2, pp. 49-56.

Goda, Y., 1970. Numerical Experiments on Wave Statistics with Spectral Simulation. Report of Re-
search Institute of Port and Harbor, Japan,9: 3-57 .

Goda, Y., 1975. Inegular Wave Deformation in the Surf Zone. Coastal Engineering, Japan, 18: 13-
26.

Goda, Y., 1978. The Observed Joint Distribution of Periods and Heights of Sea Waves. Proceedings
ofthe l6th International Conference on Coastal Engineering, ASCE, New York, pp. 227-246.

Goda, Y., 1983. Analysis of Wave Grouping and Spectra of Long-Travelled Swell. Report of Re-
search Institute of Port and Harbor, Japan, 22: 341.

Goda, Y., Konagaya, O., Takeshita, N., Hitomi, H., and Nagai, T., 2000. Population Distribution of
Extreme Wave Heights Estimated Through Regional Analysis. Proceedings of the 27th Interna-
tional Conference on Coastal Engineering, ASCE, pp. 1078-1091.

Guedes Soares, C., 1984. Representation ofDouble-Peaked Sea Wave Spectra. Ocean Engineering,
11: 185-207.

Guedes Soares, C., 1986. Assessment of the Uncertainty in Visual Observations of Wave Height.
Ocean Engineering, 13 (l): 31-56.

Guedes Soares, C., 1989. Bayesian prediction ofdesign wave heights. In: Thoft-Christensen, P. (Ed-
itor), Reliability and Optimization of Structural Systems'88, pp.3ll-323. New York: Springer-
Verlag.

Guedes Soares, C., 1991. On the occurrence ofdouble peaked wave spectra. Ocean Engineering, 18
(l l2):167-171.



182

Guedes Soares, C., and Caires, S., 1995. Changes in spectral shape due to the effect of finite wa-
ter depth. Proceedings of the 14th International Conference on Offshore Mechanics and Arctic
Engineering, ASME, pp. 547 -556.

Guedes Soares, C., and Carvalho, A.N., 2001. Probability distributions of wave heights and periods
in measured two-peaked spectra from the Portuguese coast. Proceedings ofthe 20th International
Conference on Offshore Mechanics and Arctic Engineering, ASME, Paper OMAE2001/S&R-
2t78 .

Guedes Soares, C., and Cunha, C., 2000. Bivariate autoregressive models for the time series of sig-
nificant wave height and mean period. Coastal Engineering, 40:297-311.

Guedes Soares, C., and Ferreira, A.M., 1995a. Analysis of the seasonality in non-stationary time
series of significant wave height. In: Spanos, P.D. (Editor), Computational Stochastic Mechanics,
pp. 559-578. The Netherlands: A.A. Balkema.

Guedes Soares, C., and Ferreira, J.A., 1995b. Modelling long-term distributions of significant wave
height. Proceedings of the 14th International Conference on Offshore Mechanics and Arctic En-
gineering, ASME, New York, pp. 5l-61.

Guedes Soares, C., Ferreira, A.M., and Cunha, C., 1994. Auto-Regressive model for the long term
series of significant wave height in the Portuguese Coast. In: Seabra, F.J., and Temperville, A.
(Editors), Modelling of Coastal and Estuarine Processes, pp. 59-70. Coimbra.

Guedes Soares, C., Ferreira, A.M., and Cunha, C., 1996. Linear models of the time series of signifi-
cant wave height in the southwest coast of Portugal. Coastal Engineering, 29: 149-167 .

Guedes Soares, C., and Henriques, A.C., 1994. Long term predictions of significant wave heights at
Sines and Faro. Proceedings of the LITTORAL'94 Conference, pp.343-356.

Guedes Soares, C., and Henriques, A.C., 1996. Statistical uncertainty in long-term distributions of
significant wave height. Journal of Offshore Mechanics and Arctic Engineering, ll:284-291.

Guedes Soares, C., Lopes, L.C., and Costa, M., 1988. Wave climate modelling for engineering pur-
poses. In: Schrefer and Zienkiewicz (Editors), Computer Modelling in Ocean Engineering, pp.
169-175. The Netherlands: A.A. Balkema Publishers.

Guedes Soares, C., and Nolasco, M.C., 1992. Spectral modelling of sea states with multiple wave
systems. Journal of Offshore Mechanics and Arctic Engineering, ll4:278-284.

Guedes Soares, C., Rodriguez, G.R., Cavaco, P., and Ferrer, L., 2000. Experimental study on the
interaction of wave spectra and currents. Proceedings of the 19th International Conference on
Offshore Mechanics and Arctic Engineering, ASME, New York, paper OMAE2000/S&R - 6133.

Guedes Soares, C., and Scotto, M.G., 2001. Modelling uncertainty in long-term predictions of sig-
nificant wave height. Ocean Engineering, 28: 329-j42.

Guedes Soares, C., and Trovdo, M.F.S., 1991. Influence of wave climate modelling on the long term
prediction of wave induced responses of ship structures. In: Price, W.C., and Memarel, P. (Editors),
Dynamics of Marine Vehicles and Structures in Waves, pp. 1-10. Amsterdam, The Netherlands:
Elsevier Science Publishers,

Guedes Soares, C., and Viana, P.C., 1988. Sensitivity of the response of marine structures to wave
climatology. In: Schrefer and Zienkiewicz (Editors), Computer Modelling in Ocean Engineering,
pp.487492. The Netherlands: A.A. Balkema Publishers.

Hansen, C., Katsaros, K.B., Kitaigorodskii, S.A., and Larsen, S.E., 1990. The dissipation range of
wind-wave spectra observed on a lake. Journal of Physical Oceanography, 20: 1264-1277.

Hasselmann, K., Barnett, T.P., Bouws, E., Carlson, H., Cartwright, D.E., Enke, K., Ewing, J.A.,
Gienapp, H., Hasselmann, D.E., Kruseman, P., Meerburg, A., Miiller, P., Olbers, D.J., Richter, K.,
Sell, W., and Walden, H , 1973. Measurements of wind-wave growth and swell decay during the
joint north sea wave project (JONSWAP). Deutsche Hydrographische Zeitschrift, A12: l-95.

Haver, S., 1985. Wave climate off northern Norway. Applied Ocean Research,T (2):85-92.



183

Hedges, T.S., Anastasiou, K., and Gabriel, D., 1985. Interaction of random waves and currents. Jour-
nal of Waterway, Port, Coastal and Ocean Engineering, 1 I 1 (6): 27 5-288.

Hidalgo, O.S., Nieto Borge, J.C., Cunha, C., and Guedes Soares, C., 1995. Filling missing observa-
tions in time series of significant wave height. Proceedings of the 14th International Conference
on Offshore Mechanics and Arctic Engineering, ASME, pp.9-17.

Hosking, J.R.M., and Wallis, J.R., 1997. Regional Frequency Analysis: An Approach Based on
L-Moments. Cambridge, UK: Cambridge University Press.

Huang, N.E., Chen, D.T., Tung, C.C., and Smith, J.R., 1972. lnteractrons between steady non-
uniform currents and gravity waves with application for current instruments. Journal of Physical
Oceanography, 2: 420431.

Huang, N.E., Long, S.R., Tung, C.-C., Yuan, Y., and Bliven, L.F., 1981. A unified two-parameter
wave spectral model for a general sea state. Journal of Fluid Mechanics, ll2: 203-224.

Huang, N.E., Long, S.R., Tung, C.-C., Yuan, Y., and Bliven, L.F., 1983. A non-Gaussian statistical
model for surface elevation of nonlinear random wave fields. Journal of Geophysical Research, 88
(Cl2\:7597--7606.

Hudspeth, R.T., and Medina, J.R., 1988. Wave groups analyses by the Hilbert transform. Proceedings
ofthe 21st International Conference on Coastal Engineering, ASCE, pp. 884-898.

Hughes, S.A., and Borgman, L.8.,1987. Beta-Rayleigh distribution for shallow water wave heights.
Proceedings of the ASCE Special Conference on Coastal Hydrodynamics, pp. l2ll-1231.

Isaacson, M., and Mackenzie, N.G., 1981. Long-term distributions of ocean waves: A review Journal
of Waterway, Port, Coastal and Ocean Engineering, 107 (WW2): 93-109.

Isobe, M., 1985. Calculation and application of first-order Cnoidal wave theory. Coastal Engineering,
9:309-325.

Jahns, H.O., and Wheeler, 1.D., 1972. Long-term wave probabilities based on hindcasting of severe
storms. Proceedings of the Offshore Technology Conference, pp.739J56.

Jasper, N.H., 1956. Statistical distribution patterns of ocean waves and of wave-induced ship stresses
and motions, with engineering applications. Transactions ofthe Society ofNaval Architects and
Marine Engineers, pp. 37 5432.

Kamphuis, J.W., 1994. Wave height from deep water through breaking zone. Journal of Waterway,
Port, Coastal and Ocean Engineering, l2O (4):347-367.

Kerstens, J.G.M., Pacheco, L.A., and Edwards, G., 1988. A Bayesian method for the estimation of
retum values of wave heights. Ocean Engineering, 15 (2): 153-170.

Kimura, A., 1980. Statistical properties ofrandom wave groups. Proceedings ofthe 17th International
Conference on Coastal Engineering, ASCE, pp. 2955-29'13.

Kitaigorodskii, S.A., 1983. On the theory of the equilibrium range in the spectrum of wind-generated
gravity waves. Journal of Physical Oceanography, 13l, 816-827.

Kitaigorodskii, S.A., Krasitski, V.P., and Zaslavski, M.M., 1975. On Phillips theory of equilibrium
range in the spectra ofwind-generated gravity waves. Journal ofPhysical Oceanography, 5: 410-
420.

Kuo, C.T., and Kuo, S.J., 1975. Effect of wave breaking on statistical distribution of wave heights.
Proceedings of Civil Engineering in the Oceans Conference, ASCE, pp. 121l-1231.

Langley, R.S., 1987. A statistical analysis of non-linear random waves. Ocean Engineering, 14 (5):
389407.

Lindgren, G., and Rychlik, I., 1982. Wave characteristic distributions for Gaussian Waves-Wave-
length, amplitude and steepness. Ocean Engineering: 411432.

Longuet-Higgins, M.S., 1952. On the statistical distribution of the heights of sea waves. Journal of
Marine Research, XI (3):245-266.

Longuet-Higgins, M.S., 1963. The effect of non-linearities on statistical distributions in the theory
of sea waves. Journal of Fluid Mechanics, 17 (3): 459-480.



184

Longuet-Higgins, M.S., 1975. On the joint distribution of the periods and amplitudes of sea waves.
Journal ofGeophysical Research, 80 (18): 2688-2694.

Longuet-Higgins, M.S., 1980. On the distribution of the heights of sea waves: Some effects of non-
linearity and finite band width. Journal ofGeophysical Research, 85 (C3): 1519-1523.

Longuet-Higgins, M.S., 1983. On the joint distribution of wave periods and amplitudes in a random
wave field. Proceedings of the Royal Society London, 389, Series A:241-258.

Longuet-Higgins, M.S., 1984. Statistical properties of wave groups in a random sea state. Philosoph-
ical Transactions of the Royal Society, London, 3 12, Series A: 219-250.

Longuet-Higgins, M.S., and Stewart, R.W., 1962. Radiation stress and mass transport in gravity
waves with application to surf beats. Journal of Fluid Mechanics, 13: 481-504.

Marthisen, T., and Winterstein, S.R., 1992. On the skewness of random surface waves. Proceedings
of the 2nd International Offshore and Polar Engineering Conference, pp. 472478.

Mase, H., 1989. Groupiness factor and wave height distribution. Journal of Waterway, Port, Coastal
and Ocean Engineering, 1 15 (1): lO5-124.

Mase, H., and Iwagaki, Y., 1982. Wave height distributions and wave grouping in surf zone. Proceed-
ings ofthe 18th International Conference on Coastal Engineering, ASCE, pp. 58-67.

Massel, S.R., and Sobey, R.J.,2000. Distribution of the Highest Wave in a Record. Coastal Engineer-
ing Journal, 42 (2):153-173.

Medina, J.R., and Hudspeth, R.T., 1987. Sea states defined by wave height and period functions.
Proceedings of the z2nd,IAHR Congress-IAHR Seminar Wave Analysis and Generation in Lab-
oratory Basins.

Medina, J.R., and Hudspeth, R.T., 1990. A review of the analyses of ocean wave groups. Coastal
Engineering, 14: 515-542.

Melville, W.K., 1983. Wave modulation and breakdown. Journal of Fluid Mechanics, 128: 489-506.
Memos, C.D., 1994. On the theory of the joint probability of heights and periods of sea waves.

Coastal Engineering, 22: 201-215.
Memos, C.D., and Tzanis, K., 2000. Joint distribution of wave heights and periods in waters of any

depth. Journal ofWaterway, Port, Coastal and Ocean Engineering, 126 (3): 162-172.
Mitsuyasu, H., Tasai, F., Suhara, T., Mizuno, S., Ohkusu, M., Honda, T., and Rikiishi, K., 1980.

Observation of the power spectrum of ocean waves using a cloverleaf buoy. Journal of Physical
Oceanography, lOl. 286-296.

Muir Langley, R., and El-Shaarawi, A.H., 1986. On the calculation of extreme wave heights: A re-
view. Ocean Engineering, 13 (1):93-118.

Myrhaug, D., and Kjeldsen, S.P., 1986. Steepness and asymmetry of extreme waves and the highest
waves in deep water. Ocean Engineering, 13 (6): 549-568.

Myrhaug, D., and Rue, H., 1998. Joint distribution of successive wave periods revisited. Journal of
Ship Research,42 (3): 199-206.

Myrhaug, D., and Slaattelid, O.H., 1999. Statistical properties of successive wave periods. Journal of
Offshore Mechanics and Arctic Engineering, l2l (3):166-171.

Naess, A., 1984. The effect of the Markov chain condition on the prediction of extreme values.
Journal of Sound Vibration. 94: 87-103.

Naess, A., 1985. On the distribution of crest to trough wave heights. Ocean Engineeing, 12 (3):
221-234.

Nolte, K.G., 1973. Statistical methods for determining extreme sea states. Proceedings of the 2nd
International Conference on Port and Ocean Engineering under Arctic Conditions, pp.705-:742.

Nolte, K.G., and Hsu, F.H., 1972. Statistics of ocean wave groups. Proceedings of the Offshore
Technology Conference, pp. 637 -443.

Nolte, K.G., and Hsu, F.H., 1979. Statistics of larger waves in a sea state. Journal of Waterway, Port,
Coastal and Ocean Engineering, 105 (4): 389404.



185

Nwogu, O., 1993. Effect of steady currents on directional wave spectra. Proceedings of the 12th
International Conference on Offshore Mechanics and Arctic Engineering, Yol. l, pp.25-32.

Ochi, M.K., 1978. Wave statistics for the design of ships and ocean structures. Transactions of the
Society of Naval Architects and Marine Engineers, 86:.47-76.

Ochi, M.K., 1986. Non-Gaussian random processes in ocean engineering. Probabilistic Engineering
Mechanics, l:28-39.

Ochi, M.K., 1992. New approach for estimating the severest sea state from statistical data. Proceed-
ings of the 23rd International Conference on Coastal Engineering, ASCE, pp. 512-525.

Ochi, M.K., 1998a. Probability distribution of wave height in finite water depth. Proceedings of the
26th Intemational Conference on Coastal Engineering, ASCE, pp. 958-971.

Ochi,M.K., l998b.Probabilitydistributionsofpeaksandtroughsofnon-Gaussianrandomprocesses.
Probabilistic Engineering Mechanics, 13 (4): 291-298.

Ochi, M.K., and Hubble, E.N., 1976. Six-parameter wave spectra. Coastal Engineering, pp. 301-328.
Ochi, M.K., and Sahinoglou, I.L, 1989a. Stochastic characteristics of wave group in random seas.

Part I: Time duration of and number of waves in a wave group. Applied Ocean Research, l1 (1):
39-50.

Ochi, M.K., and Sahinoglou, I.I., 1989b. Stochastic characteristics of wave group in random seas.
Part II: Frequency of occurrence of wave groups. Applied Ocean Research, I I (2): 89-99.

Ochi, M.K., and Wang, W.C., 1984. Non-Gaussian characteristics of coastal waves. Proceedings of
the 19th International Conference on Coastal Engineering, ASCE, pp. 516-531.

Petruaskas, C., and Aagaard, P.M., 1970. Extrapolation of historical storm data for estimating design
wave heights. Proceedings ofthe Offshore Technology Conference, pp.409420.

Phillips, O.M., 1958. The equilibrium range in the spectrum of wind-generated waves. Journal of
Fluid Mechanics, 4: 426434.

Phillips, O.M., 1985. Spectral and statistical properties of the equilibrium range in wind-generated
gravity waves. Journal ofFluidMechanics, 156: 505-531.

Pierson, W.J., and Moskowitz, L., 1964. A proposed spectral form for fully developed wind seas
based on the similarity theory of S.A. Kitaigorodskii. Journal of Geophysical Research, 69 (24):
5181-5  190.

Prevosto, M., Krogstad, H.E., Barstow, S.F., and Guedes soares, c., 1996. observations of the high
frequency range of the wave spectrum. Journal of Offshore Mechanics and Arctic Engineering,
I  1 8 .

Prince-Wright, R., 1995. Maximum likelihood models of joint environmental data for TLP design.
Proceedings of the 14th International Conference on Offshore Mechanics and Arctic Engineering,
Vol. 2, pp. 535.

Repko, A., van Gelder, P.H.A.J.M., voortman, H.G., and vrijling, J.K., 2000. Bivariate statistical
analysis of wave climates. Proceedings of the 27th Intemational Conference on Coastal Engineer-
ing, ASCE, pp. 583-596.

Rice, S., 1945.The mathematical analysis of random noise. Bell Systems Technical Journal,24:
46-156.

Rodriguez, G.R., and Guedes Soares, C., 1998. Uncertainty in the estimation of the slope of the high
frequency tail of wave spectra. Applied Ocean Research,2l: 207-213.

Rodriguez, G.R., and Guedes Soares, C.,1999. The Bivariate distribution of wave heights and periods
in mixed sea states. Journal of Offshore Mechanics and Arctic Engineering, 121 (2): 102-108.

Rodriguez, G.R., and Guedes Soares, C., 2000. Wave period distribution in mixed sea states. Pro-
ceedings of the 19th International Conference on Offshore Mechanics and Arctic Engineering,
ASME, New York, paper OMAE2000/S&R - 6132.

Rodriguez, G.R., and Guedes Soares, C., 2001. Correlation between successive wave heiehts and
periods in mixed sea states. Ocean Engineering,28 (8): 1009-1030.



186

Rodriguez, G.R., Guedes Soares, C., and Ferrer, L., 2000. Wave group statistics of numerically sim-
ulated mixed sea states. Journal of Offshore Mechanics and Arctic Engineering, 122:282-288.

Rodriguez, G.R., Guedes Soares, C., and Ocampo-Torres, F.J., 1999. Experimental evidence of the
transition between power law models in the high frequency range of the gravity wave spectrum.
Coastal Engineering, 38: 249-259.

Rodriguez, G.R., Guedes Soares, C., Pacheco, M., and P6rez-Martell, E.,2002. Wave height distrib-
ution in mixed sea states. Journal of Offshore Mechanics and Arctic Engineering, 124 (l):3440.

Rye, H., 19'14. Wave group formation among storm waves. Proceedings of the 14th International
Conference on Coastal Engineering, ASCE.

Rye, H., 1982. Ocean Wave Groups. Report UR-82-18. Norway: Department of Marine Technology,
Norwegian Institute of Technology.

Scheffner, N.W., and Borgman, L.E., 1992. Stochastic time-series representation of wave data. Jour-
nal of Waterway, Port, Coastal and Ocean Engineering, 118 (4): 337-351.

Scotto, M.G., and Guedes Soares, C., 2000. Modelling the long-term time series of significant wave
height with non-linear threshold models. Coastal Engineering, 40:313-327.

Sobey, R.J., 1992. The distribution of zero-crossing wave heights and periods in a stationary sea
state. Ocean Engineering, l9: l0l-118.

Sobey, R.J., 1996. Conelation between individual waves in a real sea state. Coastal Engineering, 27:
223-242.

Spanos, P.D., 1983. ARMA algorithms for ocean wave modeling. Journal of Energy Resources Tech-
nology, 105:300-309.

Srokosz, M.A., and Challenor, P.G., 1987. Joint distributions of wave height and period: A critical
comparison. Ocean Engineering, 14: 295-311.

Stefanakos, C.N., and Athanassoulis, G.A., 2001. A unified methodology for the analysis, completion
and simulation of non stationary time series with missing values, with application to wave data.
Journal of Geophysical Research, 23: 207-220.

Strekalov, S.S., Tsyploukhin, V.P., and Massel, S.R., 1972. Structure of sea wave frequency spectrum.
Proceedings of the 13th International Conference on Coastal Engineering, ASCE, pp. 307-314.

Su, M.-Y., Bergin, M., Marler, P., and Myrick, R., 1982. Experiments on nonlinear instabilities and
evolution of steep gravity-wave trains. Journal of Fluid Mechanics, 124: 45--72.

Suh, K.D., Oh, S.H., Thurston, S.W., and Hashimoto, N., 2000. Influence of currents on equilibrium
range spectra of wind waves. Journal of Waterway, Port, Coastal and Ocean Engineering, 126:
79-87.

Tayfun, M.A., 1980. Narrow-band nonlinear sea waves. Journal of Geophysical Research, 85 (C3):
1548-1552.

Tayfun, M.A., 1981. Distribution of crest-to-trough wave heights. Journal of Waterway, Port, Coast
and Ocean Engineering, 107: 149-158.

Tayfun, M.A., 1983. Frequency analysis of wave heights based on wave envelope. Journal of Geo-
physical Research, 88 (C12): 7573-:7587.

Tayfun, M.A., 1990. Distribution of large wave heights. Journal of Waterway, Port, Coastal and
Ocean Engineering, 1 16 (6): 686-707.

Thom, H.C.S., 1971. Asymptotic extreme-value distributions of wave heights in the open ocean.
Journal of Marine Research, 29 (l): 19-27.

Toba, Y., 1973. Local balance in air-sea boundary processes. III: On the spectrum of wind waves.
Journal of the Oceanographical Society of Japan, 28: 209-220.

Torsethaugen, K., 1993. A Two peak wave spectrum model. Proceedings of the 12th International
Conference on Offshore Mechanics and Arctic Engineering, pp. 175-180.



187

Van Gelder, P., de Ronde, J., Neykov, N.M., and Neytchev, P., 2000. Regional frequency analysis of
extreme wave heights: Trading space for time. Proceedings ofthe 27th International Conference
on Coastal Engineering, ASCE, pp. 1099-lll2.

Van Gelder, P.H.A.J.M., Vrijling, J.K., and Neykov, N.M., 1999. Regional Frequency analysis of
extreme water levels along the north-sea coasts. European Geophysical Society, XXIV General
Assembly.

Van Vledder, G., Goda, Y., Hawkes, P.J., Mansard, E., Martin, M., Mathiesen, M., Peltier, E., and
Thompson, E.F., 1993. Case studies of extreme wave analysis-A comparative analysis. Proceed-
ings of the Second International Symposium on Ocean Wave Measurement and Analysis, pp.
977-991.

Vrijling, J.K., and Bruinsma, J., 1980. Hydraulic boundary conditions. Proceedings of the Confer-
ence on Hydraulic Aspects of Coastal Structures-Developments in Hydraulic Engineering Re-
lated to the Design of the Oosterschelde Storm Surge Barrier in the Netherlands, pp. 109-133.
Delft, The Netherlands: Delft University Press.

Wang, S., and Le Mehaute, B., 1983. Duration of measurements and long-term wave statistics. Jour-
nal of Waterway, Port, Coastal and Ocean Engineering, lO9 (2):236-249.

Winterstein, S.R., 1988. Nonlinear vibration models for extremes and fatigue. Journal of Engineering
Mechanics, ll4: 1772-1790.

Winterstein, S.R., Bitner-Gregersen, E.M., and Ronold, K.O., 1991. Statistical and physical mod-
els of nonlinear random waves. Proceedings of the 10th International Conference on Offshore
Mechanics and Arctic Engineering, ASME, Vol. 1, pp. 23-31.

Young, I.R., and Verhagen, L.A., 1996. The growth of fetch limited waves in water of finite depth.
Part 2: Spectral evolution. Coastal Engineering, 29:79-99.


