
Long-term extreme wave height

events in the Balearic Sea:

characterization, variability and

prediction
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Summary
This Thesis is structured to guide the reader through an extensive work about wave

climate in the Balearic Sea, its coastal areas and more generally the Western Mediter-

ranean Sea. Specifically this Thesis studies and characterizes the oceanographic condi-

tions obtained from different sources: numerical models or synthetic data and oceano-

graphic instruments.

This Thesis is structured as follows: Chapter 1 provides an introduction to the

ocean surface waves, their characteristics as well as the available data gathered in the

studied area. A comparison between the different sources of data has been also carried

out to check the accuracy of the numerical models. A brief introduction on time series

analysis applied to wind waves is presented in Chapter 2, with special emphasis on

the specific methodologies used to analyze wave data. Chapter 3 introduces the study

area through a preliminary characterization of the meteorological aspects and wave

climate conditions in the Western Mediterranean. Moreover, this chapter presents a

description of the wave energy distribution around the Balearic Islands and the joint

distributions between wave heights and peak periods that defines the most probable

energy conditions in an area.

The first published study is presented in Chapter 4 where a characterization of

the long-term extreme Significant Wave Height distributions in the Balearic Sea is

made. In order to obtain the long-term extreme statistics the Peak Over Threshold

(POT) method is used due to its efficiency with rare extremal populations. A 50-year

return period quantile around the Balearic Islands has been determined through the

probabilistic distribution of the most severe storms during the period ranging from

1958 to 2001.

The second study, presented in Chapter 5, examines teleconnections between the

North Atlantic Oscillation and the wave climate of the Northwestern Mediterranean

Sea, defined by its monthly mean significant wave height and the 95th percentile sig-

nificant wave height. This study makes use of the EOF encoding ability to split the

temporal and spatial variability prior to search for teleconnections. The North At-

lantic Oscillation has been found to drive some of the variability of the Northwestern

Mediterranean wave climate with an instantaneous response at monthly time scales.

Finally, the last study presented in Chapter 6 explores the suitability of a soft

computing technique to predict Significant Wave Heights in the Mediterranean Sea.

Using the HIPOCAS database that contains meteorological and oceanographic records

from year 1958 to year 2001 a Genetic Algorithm was trained to reconstruct the 44-

year time series of Significant Wave Height at different coastal points of the Balearic

Islands. The equations obtained were used to predict Significant Wave Heights mea-

sured at several buoys. We obtained that SWH at each buoy can be predicted with a
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1-hour ahead forecast time using only wind data from the previous 12 hours. A gen-

eral conclusions and future work are presented at the end of this Thesis in Chapters

7 and 8.



Resumen
Esta tesis está estructurada para guiar al lector a través de un amplio trabajo sobre el

clima maŕıtimo en el Mar Balear, sus zonas litorales y en general el Mediterráneo oc-

cidental. En concreto, esta Tesis estudia y caracteriza las condiciones oceanográficas

obtenidas a través de diferentes fuentes: modelos numéricos o datos sintéticos e in-

strumentos oceanográficos.

Esta tesis está estructurada de la siguiente manera: el Caṕıtulo 1 proporciona una

introducción a las ondas oceánicas, sus caracteŕısticas principales aśı como los datos

disponibles para su estudio que se han logrado reunir en la zona del Mediterráneo oc-

cidental. Se ha realizado una comparación de las diferentes fuentes de datos para com-

probar y validar la exactitud de los datos proporcionados por los modelos numéricos.

El Caṕıtulo 2 hace hincapié en el análisis de series temporales, con especial interés

en el análisis del oleaje producido por el viento. El Caṕıtulo 3 presenta el área de

estudio a través de una caracterización preliminar de los aspectos meteorológicos y

las principales caracteŕısticas del clima maŕıtimo en el Mediterráneo occidental. Por

otra parte, este caṕıtulo presenta una breve descripción del contenido energético del

oleaje en las Islas Baleares a través las funciones de distribución conjuntas entre la

altura de ola y el periodo de pico, que permiten definir el contenido energético del

oleaje estad́ısticamente más probable en el área de estudio.

El Caṕıtulo 4 recoge el primer estudio publicado durante esta Tesis. Este estudio

consiste en la caracterización del régimen extremal del oleaje a través de distintas

funciones de distribución en el Mar Balear. Para la caracterización estad́ıstica del

régimen extremal se ha hecho uso de la función de distribución de Picos Sobre Um-

bral o ”Peaks Over Threshold” debido a su gran eficiencia en la caracterización de

eventos extremos. A través de este estudio se han obtenido los cuantiles correspondi-

entes a un peŕıodo de retorno de 50 aos alrededor del Mar Balear, mediante el estudio

de las tormentas maŕıtimas más severas de los últimos 45 aos.

El segundo estudio publicado se presenta en el Caṕıtulo 5, este estudio examina

las teleconexiones entre la Oscilación del Atlántico Norte y el clima maŕıtimo del

Mediterráneo Noroccidental, caracterizado por la altura de ola media mensual y la

altura de ola correspondiente al percentil 95 de la función de distribución emṕırica.

Este estudio hace uso de la habilidad de codificación del análisis EOF antes realizar

la búsqueda de correlaciones, para de esta manera separar la variabilidad espacial

y temporal del proceso. Se ha hallado que la Oscilación del Atlántico Norte afecta

a la variabilidad tanto espacial como temporal del clima maŕıtimo del Mediterráneo

Noroccidental a una escala mensual.

Finalmente, el último estudio publicado y presentado en esta Tesis en el Caṕıtulo 6

explora la oportunidad de realizar predicciones de oleaje mediante el uso de algoritmos
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genéticos, una herramienta de bajo coste computacional. El uso de la base de datos

HIPOCAS ha permitido el entrenamiento del algoritmo genético gracias al amplio

registro meteorológico y oceanográfico que contiene. De esta manera ha sido posi-

ble reconstruir las propias series de oleaje presentes en la base de datos HIPOCAS

aśı como realizar predicciones a corto plazo basadas en las ecuaciones predictivas

obtenidas a través de los algoritmos genéticos. Se ha obtenido además que la altura

de ola significante puede ser predicha en las boyas con un horizonte de predicción de

una hora utilizando sólo el registro de viento de las 12 horas anteriores. Las conclu-

siones generales y las recomendaciones de futuro están incluidas al final de esta Tesis,

en los Caṕıtulos 7 y 8.



Motivation and Aims
Oceans are one of the most dynamical systems in the Earth. Many processes inter-

act influencing them from the surface to the deepest abyssal areas. The atmosphere is

one of the biggest contributor to the ocean variability through the air-sea boundary.

The atmosphere gains much of its heat at the interface in tropical latitudes by back

radiation from the heated ocean in the form of latent heat from the evaporation of

water at the interface. In turn, the atmosphere heats the ocean surface in higher

latitudes. This atmospheric motion at the interface produces an energy transference

to the ocean surface generating large scale currents among other important processes.

The wind is another important mechanism that influences the ocean behavior.

The wind acts over the ocean surface through the free surface boundary layer where

a transfer of energy and momentum is continuously made, giving rise to waves. A key

factor of this transfer is the difference in speed of these two fluid layers. The frictional

stress exerted by a moving fluid is proportional to the square of the fluid celerity, so

the wind stress exerted upon the sea surface is proportional to the square of the wind

speed.

Wind records analyzed at large temporal scales (e.g. 30 years) defines the me-

teorological climatology in an area, and thus the wind climatology will determine

the ”wave climatology”. The ”wave climatology”, in fact, is what we know as wave

climate and it is the counterpart of the meteorological climatology applied to the

ocean surface waves. In fact, the definition of Wave Climate can be explained as the

succession of sea states that characterizes the typical behavior of the waves in an area.

A Detailed assessment of the wave climate is a previous requirement for all hu-

man activities in the coastal zone. Beach nourishment, port design and operability,

dispersion and diffusion of pollutants are some examples that require a precise knowl-

edge of the wave climate. On the other hand, wave climate analysis requires a large

amount of data to ensure its statistical significance. In the last decades these data

have been collected using scalar and directional wave buoys moored at specific lo-

cations, providing high temporal resolution records. Conversely satellites have been

used to overcome the spatial lack of data but the problem of having a large amount of

spatial and temporal wave records were still unresolved (Krogstad and Barstow, 1999).

To date, statistical analysis of wave climate has been carried out with relatively

short data sets, e.g. 10 years of data for the satellite altimeters, or 20 years of wave

data from deep and shallow water oceanographic buoys. Altimeter data has, as prin-

cipal shortcoming, its temporal inhomogeneity and a coarse spatial resolution in areas

like the Western Mediterranean, marked by a complex orography. Areas with a com-

plex orography usually presents small scale wave climate variabilities not detectable

with altimeter. Moreover, altimeter data is not always available when big storms de-
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velop hazardous wave fields near the coast. Therefore, the need for new databases in

wave climate and analysis is one of the important issues that the scientific community

had to deal with.

Nowadays, wave generation models are an alternative to avoid the usual lack of

data in ocean and atmospheric studies. Numerical models can be now implemented in

very fine grids and have become a powerful tool not only for engineering or prediction

purposes but also for climate studies involving large temporal periods.

In this Thesis we make use of the largest temporal oceanographic database avail-

able for the Mediterranean Sea, the HIPOCAS database a 44-year oceanographic

database that covers the area between Corsica and the Strait of Gibraltar. This

database opens new possibilities to study the wave climate and its extreme wave

heights events.

This Thesis aims, first to improve the knowledge about wave energy conditions

in the Balearic Sea and its coastal areas, quantifying statistically the intensity and

recurrence of extreme wave heights that would represent a risk for the management

and security of coastal areas and offshore structures. Second, to explore the possible

relations between wave climate and distant patterns of climatic variability. Finally,

to develop a low-cost operational soft computing technique to predict wave heights in

the coastal zone of the Balearic Sea.
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database node 1320, near Maó. . . . . . . . . . . . . . . . . . . . . . . 32

3.8 SWH − Tp empirical joint distribution obtained from the HIPOCAS

database node 1432, near Dragonera Island. . . . . . . . . . . . . . . . 33

3.9 SWH − Tp empirical joint distribution obtained from the HIPOCAS

database node 1611, near Cabrera Island. . . . . . . . . . . . . . . . . 33

4.1 Example of mean excess plot over a threshold level u . . . . . . . . . . 36

4.2 Quantil-Quantil plot for the W-statistic, u=4.2 meters . . . . . . . . . 38

4.3 Quantil-Quantil plot for the W-statistic, u=1.7 meters . . . . . . . . . 38

4.4 Spatial distribution of the shape parameter ξ . . . . . . . . . . . . . . 39

4.5 Spatial distribution of the likelihood ratio test . . . . . . . . . . . . . . 40

4.6 Spatial distribution of the 50-year significant wave height levels . . . . 41

4.7 Intensity and direction of the highest SWH registered in the HIPOCAS

database . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 42

5.1 Geographic location of the study area. . . . . . . . . . . . . . . . . . . 47

5.2 Variance explained by the first six EOFs, for the monthly SWH. Grey

dotted line corresponds to the 0.95 cumulative explained variance.

Only EOFs with explained variance above this line were selected for

the analysis. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 50

5.3 (a-top) First spatial variance EOF mode for the monthly mean SWH,

(b-bottom) Second spatial variance EOF mode for the monthly mean

SWH. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 51

5.4 (a-top) Time evolution of the spatial mean computed from 528 months

for SWH, (b, c) Time amplitudes for the first two EOFs. . . . . . . . . 52



LIST OF FIGURES xi

5.5 Cross correlation between second spatial variance EOF mode time am-

plitude and the monthly NAO index time series. Significant positive

correlation found at time lag τ = 0. Confidence bounds at 95� ob-

tained through Monte-Carlo simulations. . . . . . . . . . . . . . . . . . 53

5.6 Variance explained by the first six EOFs, for the monthly 95th per-

centile SWH. Grey dotted line corresponds to the 0.95 cumulative ex-

plained variance. Only EOFs with explained variance above this line

were selected for the analysis. . . . . . . . . . . . . . . . . . . . . . . . 54

5.7 (a-top left) First spatial variance EOF mode for the 95th percentile

SWH, (b-top right) Second spatial variance EOF mode for the 95th

percentile SWH, (c-bottom left) Third spatial variance EOF mode for

the 95th percentile SWH, and (d-bottom right) Fourth spatial variance

EOF mode for the 95th percentile SWH. . . . . . . . . . . . . . . . . . 55

5.8 (a-top) Time evolution of the spatial mean computed from 528 months

for the 95th percentile SWH, (b, c, d, e) 2nd ,3rd and 4th EOF time

amplitudes. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 56

5.9 (a-top) Cross-correlation between second, third and fourth spatial vari-

ance EOF mode time amplitudes and the monthly NAO index time

series. Significant positive correlation found at time lag τ = 0. Confi-

dence bounds at 95� obtained through Monte-Carlo simulations. . . . 57

5.10 (a-top) Snapshot corresponding to the HIPOCAS database (12/01/2001),

it shows the SWH field associated to the South-West winds, gener-

ated near the Corsica Island and propagated towards the Gulf of Li-

ons. (b-bottom) Snapshot corresponding to the HIPOCAS database

(12/28/1980), it shows the fetch associated to the severe North-East

winds, generated in the Gulf of Genoa and propagated towards the

Catalonia coasts, Valencia coasts and the Balearic Islands. . . . . . . . 58

6.1 Geographic location of the study area. Black dots correspond to the

HIPOCAS coastal nodes and triangles to the oceanographic buoys,

MH (Mahon), DR (Dragonera) and CB (Cabrera). . . . . . . . . . . . 64

6.2 Linear correlation (r2) obtained at the 49 HIPOCAS coastal nodes,

between the genetic algorithm output and the numerical model data.

Dashed line corresponds to the mean correlation calculated over the

nodes r2 = 0.90. Filled dots correspond to the HIPOCAS nodes pre-

sented in the Results section, which are the closest to the available

buoys. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 67

6.3 Left panels: Hourly time series comparison, between the genetic al-

gorithm predicted SWH and the HIPOCAS nodes SWH (1320, 1432

and 1611). Black triangles represent the GA predicted SWH, grey

asterisks correspond to the HIPOCAS database SWH. Right panels:

Scatter diagrams comparing GA SWH and the HIPOCAS SWH data,

unit diagonal corresponds to a perfect fit. . . . . . . . . . . . . . . . . 68



xii LIST OF FIGURES

6.4 Left panels: Contour plot of the absolute error between HIPOCAS

database SWH and predicted SWH at the selected HIPOCAS nodes

against the wind intensity U , countour lines indicate the percentage

of the population with the indicated error. Right panels: idem but

compared against the mean wind direction θ. . . . . . . . . . . . . . . 69

6.5 Left Panels: SWHmeasured at the three buoys (MH, DR and CB)(grey

asterisks) compared with the predictive equations SWH (black trian-

gles) computed using the buoy’s wind records. Right Panels: scatter

diagram of these data. . . . . . . . . . . . . . . . . . . . . . . . . . . . 71



List of Tables

2.1 Probability distribution functions for long-term statistics extracted

from the Coastal Engineering Manual (Thompson, 2002) . . . . . . . . 18

2.2 The three types theorem limiting functions . . . . . . . . . . . . . . . 19

xiii



xiv LIST OF TABLES



Chapter 1

Ocean surface waves

1.1 Characteristics of ocean surface waves

Surface waves are always present in the ocean or any body of water when the action

of different forces, like the wind, transfers energy to the ocean surface. For coastal

engineering and coastal management purposes wind waves are the most investigated

since a thorough understanding of the interaction of waves with offshore structures

has now become a capital factor in the safe and economical design of such structures.

Ocean surface waves controls for instance a large number of physical processes such as

the morphodynamic states of sandy beaches or the design and operability of coastal

structures. Therefore, a detailed knowledge on surface waves as well their energy dis-

tribution is essential for establishing wave conditions around offshore structures and

coastal areas.

Ocean waves are the result of forces acting on a fluid tending to deform it, like the

superficial tension, and restoration forces that tend to maintain a level fluid surface,

like gravity (Massel, 1996). Four types of ocean waves can be distinguished: capil-

lary waves, infragravity waves, long-period waves and transtidal waves. Wave type

classification is based on the characteristic frequency range of each group, from cap-

illary waves with periods around 102 cycles/second to tidal oscillations with periods

of 10−5 − 10−6 cycles/second. The frequency range associated with the generation

forces is very wide and ocean surface response covers a broad range of wave lengths

and periods. An schematic representation of the energy contained in ocean surface

waves and its related primary disturbing force as well as their restoration force is

shown in Figure 1.1.

1
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Fig. 1.1: Approximate distribution of ocean surface wave energy, disturbing and restoration

forces. Figure adapted from the Coastal Engineering Manual (Thompson, 2002)

1.2 Wind generated waves

Wind generated waves, with periods between 1 and 30 seconds, are often the most

well-known type of waves, because of their temporal range and energetic surf beat

viewable in all coasts across the oceans as well as in any other body of water under

the action of gravity and wind stress.

Wind waves belong to the gravity waves group, i.e. waves produced when the

surface of the ocean is displaced from the equilibrium state due to the action of

shear stresses (e.g. wind or pressure gradients) and the force of gravity acting as the

restoration force. The initial stage of wave generation consists on small fluctuations

of the atmospheric pressure producing capillary waves with frequencies around 102

cycles/second. These waves are usually attenuated due to surface tension when the

generating force disappears. As the wind velocity increases, the energy transfer be-

tween the atmospheric boundary layer and the sea surface also increases, then waves

grow and gravity force is sufficient to support wave motion. The energy increment

is not infinite because of the energy dissipation processes such wave breaking and

whitecapping. Moreover, when waves reach their limiting steepness they break as

whitecaps, spilling or plunging breakers (Massel, 1989; Banner and Peregrine, 1993).

Knowledge on the mechanisms of generation, interaction and dissipation of ocean

waves has been accumulated during the last years. Aristotle, 2000 years ago, realized

that the wind acting on the sea surface plays a very important role in the development
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of waves, but from the time of Aristotle to the early 20th century very little progress

was made towards the understanding of the generation and growth of waves in the

ocean. It was not until the last 70 years that more fundamental knowledge of what

caused waves and how they behaved was developed (Massel, 1996). However, modern

understanding of the dynamic air-sea processes involved during the wave generation

and dissipation has been developed only within the last 50 years, when a basic un-

derstanding of the mechanisms of wave generation was acquired.

Phillips (1957) and Miles (1957) in independent works, established the first solid

framework in the understanding of wind-wave generation. Phillipps’ wind-wave gen-

eration model assumes that the atmospheric pressure fluctuations don’t interact with

generated waves, then the pressure fluctuations and the generated wave will be trav-

eling together at some velocity U generating a resonance phenomenon. However,

this model seemed too weak to support the continued growth of wind waves. On the

contrary Miles’ model growing rate is exponential, because the Miles’ mechanism con-

sidered the resonant interaction between the wave induced pressure fluctuations and

the free surface waves. Experimental results showed that Philipp’s theory accounts

reasonably well for the initial wave growth but the major portion of the spectral de-

velopment occurs due to Miles’ mechanism, although the theory still predicts energy

transfer values that are smaller than measured values. These models made important

theoretical simplifications, some of them corrected in the last generation wave models

presented in the next section.

1.2.1 Wave generation models

Early forecasts of the sea state were created manually based on empirical relationships

between the present state of the sea, the expected wind conditions, the fetch/duration,

and the direction of the wave propagation (Wittman and Clancy, 2004). For about

40 years, wind-driven numerical wave prediction models have proven useful for ship

routing, offshore structures safety and also more recently, for climate research. Since

the pioneering model by Gelci et al. (1957), many wave models have been developed

in which the complex nature of wave generation, propagation and decay has been

described. For forecasting purposes, it was realized that the random nature of the

sea state was best described by a spectral decomposition in which the energy of the

waves was attributed to as many wave trains as necessary, each of them with a specific

direction and period.

This first numerical model by Gelci et al. (1957) was based on the spectral decom-

position of the sea state and it was operated in 1956 by the French Weather Service,

and focused on the North Atlantic. This first generation wave models did not consider

nonlinear wave interactions. On the contrary, second generation models, available by

the early 1980s, parameterized these non-linear interactions leading to the parametric

models and the hybrid models (Allender et al., 1985).
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Nowadays research in wave generation mechanisms is still very active. In 1988

the WAMDI group developed the first third generation wind-wave model including

all the improvements proposed by the SWAMP group in 1985 (Hasselman et al.,

1988). These third generation wave models explicitly represent all the physics relevant

for the development of the sea state in two dimensions. Actually third generation

wave models are the state of the art in wave generation models, used in research

institutes and meteorological agencies for wave forecasting (Günther et al., 1992,

Gómez and Carretero, 1994). Some bias are reported in the outputs of wave models

when compared with satellite altimetry, but predictions are good enough for later

analysis and scientific studies based on the data from these models. One of the

most important features of these models is the capacity to provide long-term datasets

without missing data or gaps, and its enhanced spatial coverage that can cover large

areas with fine grids. On the other side, the principal shortcoming of these models is

the need for highly-intensive computing resources that are not always affordable for

all research centers.

1.3 Oceanographic wave data

1.3.1 The HIPOCAS project: a 44-year wave reanalysis

In this Thesis we have used wave data from the HIPOCAS Project (Hindcast of Dy-

namic Processes of the Ocean and Coastal Areas of Europe) (Soares, 2008). This

database consists on a high resolution, spatial and temporal, long-term hindcasted

data set. HIPOCAS reanalysis covers, on an hourly basis, a period ranging from

1958 to 2001 providing 44-years of wave data over an homogeneous grid. HIPOCAS

dataset was produced by means of dynamical downscaling from the NCEP/NCAR

global re-analysis using the regional atmospheric model REMO (Kalnay et al., 1996,

Jacob and Podzun, 1997). Hourly wind fields from the REMO (u10) were used as

forcing for the third generation wave model WAM (see Sotillo et al. (2005)). The

three different domains covered by the HIPOCAS project are shown in Figure 1.2,

where the three models used for the reanalysis , i.e. REMO, HAMSOM and WAM,

are displayed with its domain.

As a result, wave data used is the output of the WAM model implemented in a

1/8◦resolution mesh over the Western Mediterranean Sea. In this Thesis we cover

different nodes in an area between 38◦N-42◦N and 1◦W-6◦E, see Figure 1.3.

In the Western Mediterranean Sea, wave height data from the HIPOCAS database

was calibrated using buoy data and achieved through the EOF decomposition of the

spatial modes and its temporal amplitudes and then transforming the spatial modes

using a non-linear parameterization to fit adequately the satellite and buoy data

(Tomás et al., 2008).
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Fig. 1.2: Geographic location of the three different domains covered by the atmospheric and

oceanographic models REMO, HAMSOM and WAM.

HIPOCAS allow to perform different analysis due to the long record available

in this set. Also, the high resolution (spatial and temporal) of this reanalysis is an

important feature to be taken into account. The analysis carried out in this Thesis

lean on the high resolution of this database to perform i) characterization of return

period levels at deep waters as well as their spatial distribution; ii) analysis of the

temporal and spatial variability associated to those extreme significant wave heights

fields with special attention to climatic links and iii) develop a real-time prediction

tool based on genetic algorithms.

1.3.2 Oceanographic Buoy Data

Deep water buoys providing real time wave and wind parameters have been also used

in this Thesis. In order to validate and compare results between HIPOCAS data and

real buoy data, we gathered meteorological and oceanographic data from four oceano-

graphic buoys located in the same area as the HIPOCAS nodes in the Balearic Sea

(Figure 1.3). This figure shows the 0.125◦ resolution HIPOCAS grid in the Western

Mediterranean area and also the location of the seven oceanographic buoys available

in this area.

Two of these buoys, Maó Buoy (MH) (39.73◦N-4.42◦E, depth: 300 meters) and

Dragonera Buoy (DR) (39.55◦N-2.10◦E, depth: 135 meters), are WAVESCAN buoys

equipped with a Motion Reference Unit (MRU) for wave direction measurements

(Figure 1.4). These kind of sensors offer the advantage of being insensitive to either
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Fig. 1.3: Geographic location of the study area and 0.125◦ resolution HIPOCAS grid in the

Western Mediterranean. Red triangles correspond to the location of the seven oceanographic

buoys available in the Western Mediterranean area. The four buoys used in this Thesis

marked as: Maó (MH), Dragonera (DR), Capdepera (CP) and Cabrera (CB)

high or low temperatures as well as spinning and rough conditions. The WAVESCAN

buoy incorporates a 3-axis compass for buoy orientation measurements and three ac-

celerometers to compute the vertical displacement of the buoy and also the direction

of the displacement.

These kind of buoys measure the wave direction (θ), mean wave period (Tm), peak

period (Tp) and significant wave height (SWH), among other useful wave parame-

ters. To obtain these parameters the buoy records continuously each hour during 20

minutes at 4 Hz frequency to provide a bidimensional energy spectra.

These two WAVESCAN buoys belong to the REDEXT (Red Exterior) network

from Puertos del Estado and to date have produced 3 and 10-year of data, DR and MH

buoy respectively. The final data consists on hourly meteorological and oceanographic

parameters such as wind module and direction, SWH, wave period and wave direction.

Cabrera Buoy (CB) is a meteorological and oceanographic buoy located between

Mallorca and the Cabrera National Park in the Cabrera Island (39.22◦N-2.96◦E,

depth: 70 meters)(Figure 1.5). The management and maintenance of this buoy is

shared on the basis of Collaboration Agreement between CSIC and National Parks
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Fig. 1.4: A moored WAVESCAN buoy.

Foundation. The buoy installed in 2008 provided a year of meteorological and oceano-

graphic data.

The remaining buoy, Capdepera buoy (CP) (39◦39.0 N-3◦29.1 E, depth: 45 meters)

from Puertos del Estado is located near the north-eastern coast of the Mallorca island

and was moored in 1989. The major shortcoming of the CP buoy is that is not

equipped with a compass to provide wave directions. Another shortcoming of this

buoy is that provides information about SWH and swell period in shallow waters,

where the swell is obviously affected by shoaling, refraction, and diffraction processes.

1.3.3 Comparison and validation between the HIPOCAS database

and Buoy data.

As stated in the previous section the HIPOCAS database was calibrated using avail-

able buoy data in the Western Mediterranean area by Tomás et al. (2008). The

calibration method was applied to monthly long-term distributions of SWH in the

Western Mediterranean. After the calibration process, the author has validated the

results with satellite data showing how this methodology is useful to improve the

results obtained directly from numerical models.

A direct comparison between the SWH calibrated HIPOCAS time series and SWH

from buoy data is shown in Figure 1.6. The HIPOCAS node chosen for comparison
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Fig. 1.5: Aanderaa DB 4700 (Cabrera) oceanographic buoy equipped with meteorological and

oceanographic sensors.

is the WAM node 1320, located near the coast of Maó. The instrumental observa-

tions were obtained from the Maó Buoy deployed by Puertos del Estado, near this

HIPOCAS node. A point by point comparison between the wind intensity obtained

from the buoy and the wind intensity in the HIPOCAS database is shown in the next

Figure 1.7. Both figures show a good agreement between the compared datasets. The

temporal resolution found in the HIPOCAS series is up to 1 hour while in the Maó

Buoy the temporal resolution is 3 hours between data. An additional advantage of the

HIPOCAS database is the absence of gaps, for instance in the case of the MH buoy

we found a 9� of missing data during the whole record. This fact can be observed in

the wind intensity comparison shown in Figure 1.7, where the wind intensity record

presents a large gap during the last days.

On the other hand a validation and comparison between HIPOCAS SWH and

buoy SWH data is also presented here from the probabilistic point of view Figure 1.8.

Both distributions show a similar behavior for the whole range of SWH levels in the

distribution, although a slight difference is shown for the SWH below the mean value

of 1.2 meters. Anyway the HIPOCAS node reproduces the observations obtained at

the oceanographic buoy well.
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Fig. 1.6: Point by point comparison between the SWH recorded by the MH buoy and the

SWH time series provided by the closest node to the buoy, the HIPOCAS node 1320.

Fig. 1.7: Point by point comparison between the wind module (U) recorded by the MH buoy

and the wind module (U) time series provided by the closest node to the buoy, the HIPOCAS

node 1320.
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Fig. 1.8: Logn-Normal probability plots for the SWH distribution. HIPOCAS database is

shown as a red line and the buoy data is shown in blue.

Thus, the use of the HIPOCAS database is an excellent alternative to study ex-

treme wave height probability distributions as well as their spatial variability in the

Western Mediterranean area. Also, the large amount of data contained in these series

will provide the opportunity to improve our knowledge about the interactions between

meteorological and oceanographic parameters, including large scale interactions such

as climatic teleconnections with distant geophysical phenomenons.



Chapter 2

Time series analysis applied

to wind waves

When someone looks at the sea surface at first sight notice their randomness and

quasi-stationarity. This is one of the most important properties of wind induced

surface waves, their irregularity. This characteristic is shown in a real sea surface

register recorded during a storm in the Western Mediterranean (Figure 2.1). The

analysis and prediction of wave parameters can be achieved only through stochastic

analysis of the sea surface at concrete points. The basic domains of the stochastic

analysis span these three domains: time, frequency and probability (Massel, 1996).

These domains will be further discussed in the next subsections.

2.1 Time domain

Principal tools for the analysis in the time domain consists on the evaluation of the

auto-correlation or cross-correlation functions from the wave records. The autocor-

relation function is a measure of the correlation-connection between two values η(t)

and η(t+τ), being η a random variable. If we consider an ensemble of k records ζk(t)

taken under identical conditions we cannot expect that these records will be identical

or even similar. The family ζk(t) represents k realizations of the stochastic process

ζ(t). Stochastic processes are grouped in one of these three categories: stationary

and ergodic, stationary and non-stationary.

We define a process as stationary in the wide sense if,

E[ζ(t)] = ζ̄ = const, (2.1)

and

K(t1, t2) = K(t1 − t2) = E[ζ(t1)ζ(t2)] = K(τ), τ = t1 − t2. (2.2)

11
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Fig. 2.1: Example of sea surface elevation from mean water level.

being E and K the statistical expectation and the autocorrelation function, respec-

tively.

A random process is stationary if all statistical moments are invariant at all times

t = (t1, t2, ..., tn). The use of an ensemble of ζk(t) records, allows the approximation

of the values for the ensemble mean and variance over k. If t = t1, we obtain the

ensemble mean as,

E[ζk(t1)]k = lim
N→∞

∑N
k=1 ζk(t1)

N
, (2.3)

and the variance as,

E{[ζk(t1)]2}k = lim
N→∞

∑N
k=1 [ζk(t1)]

2

N
. (2.4)

One of the common problems in Equations 2.3 and 2.4 is that they are based

on an ensemble of records theoretically done under the same macroscopic conditions.

This replicability condition is impossible to achieve in field experiments. To overcome

these difficulties, Kinsman (1965), proposed the ergodic theorem. This theorem allows

the ensemble averages to be replaced with time averages using a sufficiently long
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realization of the process. The ergodic stationary process should satisfy the following

equality,

E[F{ζk(t = t∗)}]k = E[F{ζk=k∗(t)}]t. (2.5)

This theorem allows the ensemble averages to be replaced with time averages,

which is very useful when dealing with real sea surface wave records. In real con-

ditions, a wave record at a single point is never stationary or ergodic, but during

short time periods (i.e: 1 hour) and in reduced areas, this process could be seen as a

temporally stationary and spatially ergodic process.

A long record from a single point can be divided in many equal subrecords based

on a fixed subrecord time length to assume stationarity and ergodicity. Every sub-

record is now considered as a “sea state”. We have now defined an important concept

in ocean surface wave analysis: the sea state, defined as the temporal period when the

statistical moments (e.g. standard deviation, variance, mean, etc) remains constant.

The sea state allows to substitute a long wave data record with a discrete and shorter

statistical information for each sea state. This statistical concept is a powerful tool

due to its encoding capability allowing to define a wave record with few statistical

parameters. This process is known as short-term analysis.

The analysis of the evolution in time of the different sea states is known as long-

term analysis and the analysis of only the highest sea states in a record is known

as extreme long-term analysis. Both kind of analysis will be seen in detail in next

chapters.

2.1.1 Frequency domain analysis

The simplest representation of the random behavior of the sea surface would be the

linear superposition of infinite number of wave trains traveling in different directions.

The wave profile, in its discrete form, can be expressed as,

ζ(x, y, t) =
N∑
l=1

al cos[kl(xl cosαl + yl cosαl)− wlt+ φl]. (2.6)

where for each l component a is the wave amplitude, k = 2π
L the wave number with L

the wave length, α the incoming angle, w = 2π/T the angular frequency with T the

wave period and φ the phase.

The assumption of the superposition of infinite harmonics has a direct applicabil-

ity in wave analysis, through the Fourier integral analysis or Fourier transform. The

Fourier transform decomposes a given function into the basic pieces, its harmonics,

and it is closely related to the autocorrelation function K(τ) through the Wiener-

Khinchine theorem. This theorem states that a function in time can be represented

in the frequency domain, through the Fourier transform of the autocorrelation func-

tion. As an example Figure 2.2 shows the autocorrelation function for the previous
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Sea Surface Elevation data record, showing a rapid decay of the correlation at lag

τ = 3.
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Fig. 2.2: Example of the autocorrelation function for the sea surface elevation

More precisely, through the Fourier transformation we obtain the power density

spectrum of the analyzed function, or the energy contained in each of the frequency

spectrum bands. Figure 2.3 shows the computed density spectrum for the previous

autocorrelation figure, where the peak frequency is located at 1.1rad/s being the peak

period Tp = 5.7 seconds. The filtered spectrum obtained through the application of

a parzen window is shown in red.

Once the power density spectrum is obtained, much more information can be

extracted from the signal through the spectral moments. The rth spectral moment is

defined as,

rth =

∫ ∞

0

ωrS(ω)dω. (2.7)

The zeroth spectral moment is the total variance of the process, σ2
ζ . If the process

represented is the sea surface displacement, we can introduce one of the most impor-

tant parameters in wave climate analysis, the spectral significant wave height, SWH
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Fig. 2.3: Example of the power density spectra of a wave record, the peak frequency is

fp = 1.1rad/s

or Hm0. It is defined as four times the root square of the variance (the zeroth spectral

moment),

Hm0 = 4
√
m0. (2.8)

Other useful spectral moments are the mean angular frequency ω̄, the mean period τ̄

and the mean zero crossing period τ̄z,

ω̄ =
m1

m0
; (2.9)

τ̄ = 2π
m0

m1
; (2.10)

τ̄z = 2π

√
m0

m2
. (2.11)

The information contained in the power density spectrum can be expressed with

these spectral parameters, showing the principal characteristics of every sea state
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defined byHm0, ω̄ and τ̄ . These parameters can be also obtained without any spectral

analysis, only through the statistical approach. This will be done in next section.

2.1.2 Probabilistic approach

As seen in the previous section the spectral wave parameters allow the characteriza-

tion of a sea state analyzing the energetic content of the energy density spectrum.

For the short-term analysis of a wave record we also can introduce some statistical

parameters based on a probabilistic approach of the problem. Statistical parameters

are almost equivalent to the spectral ones, and due to the stationarity, gaussianity

and ergodicity assumption a process can be completely determined by the first and

second statistical moments (Massel, 1996).

The most important statistical parameter in the short-term analysis is the sig-

nificant wave height Hs, introduced by Sverdrup and Munk (1947). This statistical

parameter relates the visual wave height with the amplitude obtained with instrumen-

tal data records. Statistically, Hs is calculated as the mean of the one-third highest

waves in the record,

Hs =
3

N

N/3∑
i=1

Hi. (2.12)

This parameter is closely related to the spectral parameterHm0, since they are approx-

imately equal except when water depth is small (kh < π/10, being k the wavenumber

and h depth) or waves are very steep. For shallow waters or very steep waves, a devia-

tion from gaussianity is more evident than in deep waters. This is due to the positive

values of the higher order statistical parameters, kurtosis and skewness, indicating

nonlinearities in the wave field (Longuet-Higgins, 1963). In these cases, the spectral

parameter Hm0 gives a better estimation.

Other statistical parameters are obtained through the mean values of height H̄

and period τ̄ . These parameters are defined in the field of the short-term analysis.

With these two different approaches (spectral and probabilistic), we can generate

another time series based on the time evolution of the spectral or statistical parameters

obtained through the preliminary short-term analysis. Figure 2.4 displays a 20-year

time series inferred from the energy spectrum obtained from the WAM model.

2.1.3 Long-term analysis

Long-term analysis of wave data is the statistical analysis of a time series containing

spectral/statistical wave parameters obtained previously from the raw data. This

analysis allows to introduce a new concept: wave climate. Wave climate is, the long-

term statistical characterization of the behavior of different sea state parameters in

a given area. For Hm0, the long-term distribution contains information about the
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Fig. 2.4: 20-year significant wave height time series, from the HIPOCAS database.

probability of non-exceadance of a given significant wave height level during a mean

time period (monthly, seasonal or annual).

Long-term analysis is based on the statistical analysis of a parameter (e.g. Hm0),

through its probability distribution function,

F (x) = Pr{X ≤ x}. (2.13)

If the distribution function F is differentiable, we also can define the probability

density function as,

f(x) =
dF

dx
, (2.14)

and,

F (x) = Pr{X ≤ x} =

∫ x

−∞
f(x)dx. (2.15)

There are some probability distributions actually used in wave climate to describe

the long-term distribution of a sea state parameter. The most widely used are the

log-normal distribution and the biparametric Weibull distribution. In Spain, the

recommendation for maritime works published in the ROM (Maritime Works Rec-

ommendations; EPPE, 1991) makes use of the log-normal distribution function for
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the significant wave height characterization in harbors and deep water buoys located

in the coastal areas. Other authors, also make use of the log-normal distribution

to analyze the monthly mean and standard deviation for the significant wave height

in low-energetic sandy beaches of Mallorca (Gómez-Pujol et al., 2007). There are,

however, other well-known long-term probability distributions as shown in Table 2.1.

Distribution Function Mathematical Expression

Fisher-Tippett I F (x) = e−e−( x−B
A

)

Weibull F (x) = 1− e−( x−B
A )k

Fisher-Tippett II F (x) = e−( x
A )−k

Log-Normal F (x) = 1
Ax

√
π
e−( ln x−B

A )2

Log Pearson F (x) = 1
AxΓ(k) (

ln x−B
A )(k−1)e−( ln x−B

A )

Pearson F (x) = 1
AΓ(k) (

x−B
A )(k−1)e−( x−B

A )

Binomial F (x) = N !
x!(N−x)!p

x(1− p)N−x

Poisson F (x) = λxe−λ

x!

Table 2.1: Probability distribution functions for long-term statistics extracted from the

Coastal Engineering Manual (Thompson, 2002)

2.2 Extreme value distributions

Extreme wave heights are rare by definition. One of the shortcomings of the long-

term probability distributions is their poor accuracy in the right hand tail of the

distribution, corresponding to the largest SWH levels and the lower probabilities of

exceedance. Thus, long-term extreme statistical methods must deal with the problem

of using a variable sample of records to estimate extreme wave height values. Another

important problem that one has to deal with when analyzing extreme events is the

lack of data of these rare extreme events. The estimation of unusual events is marked

by the complexity of gather sufficient data in the extremal right hand tail of the dis-

tribution. In next sections will be shown the most common methods to analyze time

series in the search for extremal populations in SWH records.

The basis of the extreme value prediction methods is the use of the asymptotic

behavior of the probability distribution function for the maxima/minima of a random

variable. Fisher and Tippett (1928) and Gnedenko (1943), proposed and developed

respectively, the three types theorem for the study of extremal population. This

theorem states that any non-degenerate distribution (a distribution function which

is not either 0 or 1) belongs to one of the three limiting functions or families, Table 2.2,

The three families of distributions are known as the extreme value distributions;
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Family Distribution Function

I G(z) = exp{−exp[−( z−b
a )]} −∞ < z < ∞,

II G(z) = exp{−( z−b
a )−α} z > b,

III G(z) = exp{−[−( z−b
a )α]} z < b.

Table 2.2: The three types theorem limiting functions

where Family I correspond to the Gumbel family; Family II to the Fréchet family and

Family III to the Weibull family. Each distribution presents a scale parameter a and

location parameter b. Additionally, the Fréchet and Weibull families present a shape

parameter α.The three types theorem is essentially an extreme value analog of the

central limit theorem (Coles, 2001).

2.2.1 The Generealized Extreme value Distribution (GEV)

The three families I, II, III, can be combined into a single family of models, known as

the Generalized Extreme Value Distribution or GEV. The classical approach to per-

form an extreme value analysis is to fit the annual maxima series with the Generalized

Extreme Value (GEV) cumulative distribution function,

G(z) = exp{−[1 + ξ(
z − µ

σ
)]−1/ξ}, (2.16)

where µ is the location parameter, σ > 0 is the so-called scale parameter and ξ is

a shape parameter which determines the tail of the distribution. When ξ → 0 the

GEV distribution corresponds to the Gumbel family, conversely for ξ > 0 the Fréchet

form is adopted and for ξ < 0 the Weibull form is adopted. This unification into a

single family removes the necessity to make a subjective aprioristic judgement about

which of the families has to be adopted, because data by themselve determine the

most appropriate type of tail behavior.

The annual maxima method developed by Gumbel (1958) considers only the

largest extreme value for each year. The principal shortcoming of this method is

that using only the maximum value of each year leads to the loss of information

contained in other large sample data for a given period (Castillo and Hadi, 1997).

To solve the problem of working only with a data per year the Generalized Pareto

Distribution (GPD) was introduced by Pickands (1975). The GPD method, models

all values larger than a given threshold u. The differences between these values and

the threshold value are called exceedances over the threshold, and it is assumed to

follow a GPD (σ,ξ) distribution whose cumulative distribution function is defined by,

G(y;σ, ξ) = 1− (1 + ξ
y

σ
)−1/ξ, (2.17)
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where y are the exceedances over the threshold u, (y = x − u > 0). This method

mitigates the annual maxima method problem because it considers all values larger

than a given threshold u, allowing to obtain larger extremal populations from the

same data record. As an example of the GPD method, Figure 2.5 shows a 2-year time

series for the SWH. The annual maxima method only takes 2 data points from this

series marked with black squares. On the contrary, with the Peaks Over Threshold

method more than 20 data could be extracted from this short record, allowing better

estimatons from the distribution function. However the threshold selection method

is not trivial and in next sections we will focus on it.
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Fig. 2.5: Example of number of selected extremal SWH with the annual maxima method

(squares) vs. peaks over threshold method (asterisks)

2.2.2 The Peaks Over Threshold method (POT)

A modification to the model defined in Equation 2.17 is the Poisson-GPD model for

exceedances, originally developed by hydrologists which is closely related to the Peaks

Over Threshold (POT) method. This model is a joint distribution between the GPD

for the exceedances values y, and a Poisson distribution for the number of exceedances

over a level threshold u in any given year. With this model, one can estimate not
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only the intensity of the exceedances but also the frequency of these exceedances over

the selected threshold.

The POT method assumes that the number N of exceedances of the level u in any

given year follows a Poisson distribution with mean λ. Moreover, the exceedances

{yi}Ni=1 are independent and identically distributed from the GPD (Smith, 2003).

Under these hypothesis, the probability that the annual maximum of the GPD-P

process is lower than a value x, with x > u, is given by,

F (G(y)) = e−λτ(1−G(y)) = exp−λ(1 + ξ
y

σ
)−1/ξ, (2.18)

where λ is the Poisson parameter, σ the scale parameter and ξ the shape parameter

are to be determined.

2.2.3 Parameter estimation

The GPD-P model reduces to the determination of the three unknown parameters,

λ > 0, σ > 0 and −∞ < ξ < ∞. The scale and shape parameters arise from the GPD

and λ from the Poisson distribution. These three parameters are estimated using the

Maximum Likelihood Method (MLM).

The Maximum Likelihood Estimators are the values of the unknown parameters

that maximise the log-likelihood function. In practise these are local maxima found

by nonlinear optimization. In this Thesis we used the MLM because of its efficiency

in large samples sizes (e.g. N>500). As shown by Hosking and Wallis (1987) the

values of the shape parameter is ususally restricted to −0.5 < ξ < 0.5, because this

is the range of values commonly observed in practical applications. Moreover, these

values avoid convergence problems when computing an algorithm for the MLE.

The log-likelihood function for the GPD-P, if N exceedances are observed over a

τ -year period is given by,

ℓ(y;λ, σ, ξ) = N log λ− λτ −N log σ −
(
1 + ξ

ξ

) N∑
i=1

log
(
1 + ξ

yi
σ

)
(2.19)

Maximizing the log-likelihood function respect to θ = (λ, σ, ξ) in the GPD-P or

θ = (µ, σ, ξ) in the GEV case, leads to the maximum likelihood estimates. To maxi-

mize the log-likelihood function an efficient global optimization procedure can be used,

namely the SCE-UA algorithm (Duan et al., 1992). This optimisation algorithm have

been already used successfully in the calibration of highly non-linear problems.

One advantage of the maximum ML method is that approximate standard errors

for estimated parameters and design values can be automatically produced via the

observed information matrix (Katz et al., 2002). The elements of the Hessian ma-

trix of ℓ, evaluated at the maximum likelihood estimators is known as the observed
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information matrix, defined as,

Io = − ∂2ℓ(θ)

∂θi∂θj
(2.20)

The covariance matrix of the maximum likelihood estimators can be constructed ob-

taining the inverse of the observed information matrix Io(θ). Then the standard errors

se(θ̂i) of the estimators are the square root of the diagonal entries.

An approximate (1− α) confidence interval for θi would be,

θ̂i = ±zαse(θ̂i), (2.21)

where for z0.95 = 1.96 gives a 95% confidence interval for the ML estimators. Then

the confidence bounds for the design levels, i.e. the extreme wave heights associated

to a probability level, can be obtained through this method.

2.3 Empirical orthogonal function analysis

Traditionally, Empirical Orthogonal Functions (EOFs) also known as Principal Com-

ponent Analysis (PCA) are used to identify the preferred modes of variability of a

dynamical system (Preisendorfer, 1988). EOFs are another important tool for SWH

analysis because they allow to search structures that explain the maximum amount

of variability in a two dimensional data set. One dimension in the data set represents

the dimension in which we are seeking to find a structure, and the other dimension

represents the dimension in which realizations of this structure are sampled. When

searching characteristic spatial structures that vary with time, for example, we would

use space as the structure dimension and time as the sampling dimension, this anal-

ysis produces a set of structures in the first dimension, which we call the EOFs, and

which we can think of as being the structures in the spatial dimension (Hartmann,

2008).

EOFs are the eigenfunctions of a covariance data matrix which, when ordered

by eigenvalue, represent the dominant patterns of the variance. Usually, EOFs are

calculated from data in which the time average mean at each location is removed.

This leads to an EOF decomposition of the temporal variance of the data, named

covariance EOF analysis. Similarly, an EOF decomposition of the spatial variance

(gradient EOF analysis) is obtained if the spatial average is removed from each map.

EOF decomposition of the temporal variance describes those spatial patterns with

the highest contribution to time variability. On the other hand, if the EOF decompo-

sition of the spatial variance is carried out spatial patterns with the strongest spatial

gradients will be obtained (Álvarez, 2003).
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Given a matrix of data D with dimensions M × N , where M is the number of

spatially distributed points and N is the number of points over time, its singular value

decompositions are given by,

D = Γ + U1Σ1V
T
1 , (2.22)

D = Λ+ U2Σ2V
T
2 , (2.23)

where U are matrices of left singular vectors, Σ matrices of singular values, V are

matrices of right singular vectors, Γ is a matrix with identical columns containing the

temporal mean, and Λ is a matrix with identical rows, containing the spatial mean

at each sampling time. Superscript T indicates a matrix transpose. In both cases,

the column vectors of the U matrices are spatial EOFs and the products ΣV T are

the principal components. Similarly, the row vectors in the V T matrices are temporal

EOFs and the products UΣ are matrices of EOF coefficients. Thus, the definition of

what is EOF and principal component is somewhat arbitrary. Other EOF decompo-

sitions, where temporal and spatial means are removed or no mean is removed, are

possible.

In this Thesis we will make use only of temporal and spatial variance EOF de-

compositions. If an EOF decomposition of the temporal variance is done, the time

mean is subtracted from the time series and the resultant mode eigenvalues sum the

temporal variance. Thus, top-ranked modes will be associated with features with

strong temporal variability. Conversely, if all the SWH maps have the spatial average

removed, the modes decompose the spatial variance showing the spatial patterns with

the strongest horizontal gradients. In both cases, the spacetime variability contained

in the time series of SWH data is reduced to combinations of a small number of EOFs

and their respective amplitude functions (Álvarez, 2003).
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Chapter 3

Study area description

The Mediterranean Sea, Figure 3.1, a semi-enclosed sea, is located on the western

side of the European continental area. The Mediterranean consists of two sub-basins,

the Western and the Eastern Mediterranean. The WM is connected to the EM by

the Sicily Strait, and to the Atlantic Ocean by the Gibraltar Strait, the thermohaline

circulation in this basin is strongly influenced by these connections (Astraldi et al.,

1999). Its area, excluding the Black Sea, is about 2.5 million km2; its extent is about

3700 km in longitude, 1600 km in latitude and surrounded by 21 African, Asian and

European countries.

The average depth is 1500 meters with a maximum depth of 5150 meters in the

Ionian Sea. The Mediterranean Sea is an almost completely closed basin, being con-

nected to the Atlantic Ocean through the narrow Gibraltar strait (14.5 km wide, less

than 300m deep at the seal). These morphologic characteristics are rather unique. In

fact, most of the other marginal basins have much smaller extent and depth or they

are connected through much wider openings to the open ocean. Examples of the first

type are the Black and Baltic seas, of the second the Gulf of Mexico and the Arabian

Sea, among others.

Moreover, high mountain ridges surrounds the Mediterranean Sea on almost every

side (Lionello et al., 2004). These characteristics have important consequences on air

masses and atmospheric circulation at the regional scale: the Mediterranean sea is an

important heat reservoir representing an important source of energy and moisture for

cyclone development and its complex land topography plays a crucial role in steering

air flow, so that energetic meso-scale features are present in the atmospheric circu-

lation. The Mediterranean climate region evolves on the north to the Marine West

Coast Climate and on the south to the Subtropical Desert Climate. The southern part

of the region is mostly under the influence of the descending branch of the Hadley cell,

while the Northern part is more linked to the mid-latitude variability, characterized

by the NAO and other mid latitude teleconnections patterns (Lionello et al., 2004).

25
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Fig. 3.1: View of the Western Mediterranean Sea included in the HIPOCAS reanalysis

database, different subbasins are shown: the Alboran Sea, the Balearic Basin and the Gulf of

Lions, among others.

However, the climate variability patterns (teleconnections) present a large amount

of synoptic to meso-scale spatial variability, inter-seasonal and multi-decadal to cen-

tennial time variability. An important consequence is that the analysis of the Mediter-

ranean Climate can be used to identify changes in the intensity and extension of global

scale climate pattern like NAO, ENSO and the monsoons and their region of influence.

3.1 The NorthWestern Mediterranean wave climate:

preliminary characterization

The so-called Northwest Mediterranean is the area that stretches from Italy to the

Strait of Gibraltar between latitudes 35◦N-44◦N and longitudes between 5◦W-6◦E

approximately (Figure 3.1). The north-western part and central part of the Balearic

Sea are forced by northerly winds (Tramontana and Mistral) during the main part

of the year, while the eastern part is generally modulated by a seasonal variability.
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Gale forced mistrals often develop over the Gulf of Genova and the Gulf of Lions

extending the effects over the whole basin. The role of the Pyrenees in the west part

and the Alps in the north-east area are decisive boundaries for the wind and pressure

distribution over the whole Western Mediterranean basin (Orfila et al., 2005).

The local winds in the Mediterranean region are affected by the mountain borders

that can channel the flow toward the sea, increasing their speeds. These high winds

are a major cause of storms over the Mediterranean between Italy and the Balearic

Islands (Flamant et al., 2003).

3.1.1 Mean Significant Wave Height distribution

In order to present a general idea of the wave climate in the Western Mediterranean

area, here a preliminary description of the wave climate in this area is provided.

One of the best indicators to study the wave climate in an area is through the mean

significant wave height levels, or the spatial distribution of swell energy. The spatial

distribution of this mean wave height levels around the Balearic Islands is shown in

Figure 3.2, obtained from the 44-year HIPOCAS database.

As seen, the mean SWH levels ranges between 0.5-0.6 meters in the coastal areas

of Spain, to the 1.2 meters displayed by the contour line just below the area between

the Gulf of Lions and the french city of Marseille. This spatial east-west gradient

shows how the SWH levels are not equally distributed along the Western Mediter-

ranean basin due to the variability of the wind forcing during the year period and the

shoaling effect due to the change in water depth near the coast.

Spatial wave height gradients are originated in areas where the wind force blows

with different intensities and/or direction over large areas. In the Western Mediter-

ranean area this east-west spatial gradient in SWH is produced during the winter

storms where winds coming from the north are blowing from the Gulf of Lions and

the Gulf of Genoa creating a large east-west direction fetch. This fetch is character-

ized by exposed areas on the east boundary and a sheltered area in the west boundary

and some coastal areas facing the west direction or sufficiently far from the fetch area.

This fact can be better explained observing the evolution in time of these spatial

patterns obtained from the 44 year aggregation in twelve months of the SWH monthly

mean, Figure 3.3. This figure shows how the intensity of the spatial gradient changes

over the year but the spatial distribution of maximum and minimum SWH is constant

all over this time period. As seen, SWH values vary throughout the year presenting

high values in the autumn-winter months with values above 1 meter except for the

coastal areas. During these months the east-west spatial gradient is more visible

because the local winds, like the Tramontana wind, blows during these months with
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Fig. 3.2: Mean significant wave height obtained from the 44-year HIPOCAS database in the

Western Mediterranean area.

more intensity revealing an area below the Gulf of Lions visibly affected by these

winds. In this particular area the mean SWH values are above 1.8 meters in December.

On the contrary, during the spring-summer months the SWH intensity drops below 1

meter in the whole area especially between the Balearic Islands and the Catalan coast

reaching mean SWH values of only 0.3 meters. However, the spatial distribution of

SWH remains constant despite of the SWH intensity drop.
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Fig. 3.3: Monthly evolution during the 44 years of the spatial SWH patterns in the Western

Mediterranean area. Top-right figure correspond to January, Bottom-left figure correspond

to December.
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3.1.2 Wave Energy distribution in the Balearic Islands coast

Wave energy is an indicator of the direction and the amount of energy contained in

the sea. It is possible to display this distributions in a bidimensional histogram to

show how the energy it is not equally distributed, both in direction and energy, in

the different coastal areas analyzed. For this purpose three different HIPOCAS nodes

were used to characterize the amount of energy contained in each analyzed area of the

Balearic Islands coast. The first area corresponds to the HIPOCAS node 1320 located

near the coast of Maó, the energy distribution for this point is shown in Figure 3.4.

The analysis revealed that most of the energy is concentrated in waves coming from

the north with a range of energy between 0.5 and 5 kW/m.
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Fig. 3.4: Mean wave energy flux histogram obtained from the HIPOCAS database node

1320, near Maó.

The next histogram corresponds to the HIPOCAS node 1432 located near the

Dragonera island in the south-west coast of Mallorca, this Figure 3.5 shows how the

energy in this case is divided between two main directions, NNE and SSW . In the

NNE direction the range of energy is between 0.5 and 10 kW/m, on the other hand

the SSW direction shows less energetic SWH with a range between 0.5 and 7 kW/m.

Finally, from the analyzed HIPOCAS nodes we can conclude that the less ener-

getic area corresponds to the south-east area of Mallorca, where the energy range

values are around 0.1 and 4 kW/m distributed between two main SWH directions,

the ESE and the SW . The energy distribution in this case is shown in Figure 3.6.
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Fig. 3.5: Mean wave energy flux histogram obtained from the HIPOCAS database node

1432, near Dragonera island.
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Fig. 3.6: Mean wave energy flux histogram obtained from the HIPOCAS database node

1611, near Cabrera island.
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3.1.3 Joint distribution of SWH and periods

For coastal engineering and oceanography it is important not only the distribution

of the energy and its direction but the joint distribution of the SWH and peak pe-

riod (Tp), this is what defines the amount of energy per wavelenght in a point. The

empirical joint distribution of these parameters in a bidimensional histogram reveals

important information about the most probable sea state in an area and its associated

to the most probable SWH and peak period. As seen before the analyzed HIPOCAS

nodes presents a range of energy between 0.5 and 10 kW/m in the Mallorca coast,

this amount of energy is considered as a low energetic range of energy when compared

with the surrounding seas.

As an example of high energetic seas, the buoy from Puertos del Estado located

in the Cantabric Sea near Bilbao registered a mean SWH energy flux of 30 kW/m.

In this area of the spanish coast the most probable sea state in terms of SWH and Tp

is 1 < SWH < 1.5 meters and 9 < Tp < 10 seconds. On the other hand as we will

see in the next Figures 3.7, 3.8 and 3.9 the most probable sea state in the Balearic

Sea is in the range of 0.5 < SWH < 1 meters and 3 < Tp < 5 seconds, as shown in

SWH − Tp histograms.

Fig. 3.7: SWH − Tp empirical joint distribution obtained from the HIPOCAS database

node 1320, near Maó.

These joint distributions explains why the SWH energy in the analyzed Mediter-

ranean nodes is so low, showing that it is not only due to a low mean SWH but also

due to low peak periods. These low values are typical values for areas where the

dominant sea state correspond to a fetch-limited sea state due to the short distances

between coasts. This short distances between the different Mediterranean coasts pro-

duces a limitation in the area where the wind is able to transfer the energy to the

sea resulting in ”young” seas with short periods and the absence of large swells with
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periods between 7 and 14 seconds, normal values in fully-developed seas recorded in

areas like the Cantabric Sea.

Fig. 3.8: SWH − Tp empirical joint distribution obtained from the HIPOCAS database

node 1432, near Dragonera Island.

Fig. 3.9: SWH − Tp empirical joint distribution obtained from the HIPOCAS database

node 1611, near Cabrera Island.
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Chapter 4

Extreme wave height

estimation in the Balearic Sea

Part of this chapter has been published as an article in the Journal of

Coastal Research, Special Issue vol. 50, at the International Coastal Sym-

posium 2007.

Extreme value wave climate analysis at a particular site requires predicting long-

term wave height levels from short duration records. In the present work we used the

Peak Over Threshold (POT) model, assuming the frequency as a Poisson process and

the intensity to be Pareto distributed, to characterize the spatial variability of the

long-term extreme value wave climate along the Balearic Sea.

Wave data used is part of the HIPOCAS database, a 44-years high resolution,

spatial and temporal, wave hindcast covering an area between 38◦N-42◦N and 1◦W-

6◦E, of the western Mediterranean Sea. The use of data from a homogeneous grid,

instead of a single location wave data record, allows to describe the spatial variability

of the long-term extreme wave height levels over the whole Balearic basin. Results

show that extreme values for the 50-year return period level are around 11 m in the

north sector of the Balearic Islands, while in the southern part lower extreme values

are found due to the shadow effect of the islands under severe north (Tramontana)

storms.This work is the first statistical characterization of the long-term extreme wave

climate in the Balearic Sea.

35
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4.1 Methodology

4.1.1 Threshold and time span selection for the GPD-P

An important issue when modeling threshold excesses with the GPD-P is to choose

correctly the threshold value u and the minimum time span δt between successive

extreme events.

The extreme events are identified by considering all values larger than a given

threshold u and with a minimum time span δt between the storms, to ensure the me-

teorological independence of the observed excesses. It is not an easy aspect because

it requires a balance between bias and variance caused by the selected threshold. If

the selected threshold is too low we will violate the asymptotic basis of the model,

causing bias. On the contrary a too high threshold will produce few excesses over

the selected threshold causing a high variance in the estimated values (Méndez et al.,

2006).

Some tools are available to choose the correct threshold. For example an aprioristic

test like the mean excess plot can be used (Coles, 2001), Figure (4.1),
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Fig. 4.1: Example of mean excess plot over a threshold level u

This test leads to a quick estimation of the shape parameter ξ. Assuming that Y

follows a GPD distribution, the mean excess over threshold u, is a linear function of

u with slope ξ(1 − ξ). However, sometimes, the mean excess plot can be difficult to

interpret, making the decision subjective. As an example, in Figure (4.1), it is shown
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a mean excess plot for different thresholds u, from this plot it is difficult to interpret

at what level the plot is taking a linear tendency. To avoid the subjectivity in the

threshold selection, we use an alternative diagnostic method known as the W-statistic

plot (Smith, 2003). The W-statistic is defined as,

Wi =
1

ξ
log{1 + ξYi

σ + ξ(u− µ)
} (4.1)

This method is based on, if all assumptions are correct, including the selected thresh-

old u and the time span δt, thenWi are also independent and exponentially distributed

variables with mean 1.

Figure (4.2) and Figure (4.3) shows the quantile plot (QQ-plot) for the W-statistic,

for a selected threshold u = 4.2 metres and u = 1.7 metres respectively, δt = 72 hours.

As seen in the first figure (4.2), expected values for W are close to the observed ones

with a slope near the unit diagonal, indicating the suitability of the selected param-

eters u and δt. On the contrary the second figure (4.3) shows a clear deviation from

the unit diagonal, because the selected threshold is too low and caused bias in the

selected probability distribution.

The W-statistic was applied at each grid point for different time spans, between

12 and 144 hours. Finally, a time span δt = 72 hours was selected for the whole area

and a value for the threshold u corresponding to the 99.5% percentile of the empirical

distribution was chosen at each grid point.
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Fig. 4.2: Quantil-Quantil plot for the W-statistic, u=4.2 meters
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Fig. 4.3: Quantil-Quantil plot for the W-statistic, u=1.7 meters

4.1.2 Model selection

The selection of the simplest possible model that fits the data sufficiently well is impor-

tant. Therefore, we check for every point if the contribution of the shape parameter is

statistically significant. This is performed using the likelihood ratio test (Coles, 2001).
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With nested models MA ⊂ MB (MB including the shape parameter and MA with

the shape parameter ξ = 0 ), we can assure that model explains substantially (at the

α-level of significance) more variability in the data than MA if,

2[ℓB(MB)]− ℓA(MA)] > χ2
k,1−α, (4.2)

where ℓB(MB) and ℓA(MA) are the maximized log-likelihood functions under models

MB and MA, respectively, and χ2
k,1−α is the 1-α quantile of the χ2 distribution with

k degrees of freedom, then for α = 0.05 and k = 1,

χ2
1,0.95 ≈ 3.84.

Figure (4.4) shows the estimated shape parameter for the whole area and Figure

(4.5) shows the statistical significance of the inclusion of the shape parameter.

Fig. 4.4: Spatial distribution of the shape parameter ξ

As seen in Figure (4.4), we can distinguish three different areas, depending on

the value of the shape parameter. For the eastern area of the Balearic Sea the shape

parameter correspond to a Weibull tail ξ < 0, conversely the western area which

correspond to the coasts of Valencia and Catalonia belongs to the Fréchet domain of

attraction ξ > 0.
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Fig. 4.5: Spatial distribution of the likelihood ratio test

In next figure (Figure (4.5)) the darker area reveals that for this zone the inclusion

of the shape parameter has no statistical significance, thus this area corresponds to

the Gumbel family for the GEV distribution or the exponential distribution for the

GPD, therefore, for the area where the inclusion of the shape parameter ξ is not

significant we fix the value ξ u 0.

4.2 Results

4.2.1 Return Levels for Hs50

We can define the N-year return level as the average time interval in years between

successive events of an extreme significant wave height being equalled or exceeded.

So, the probability that Hs will be exceeded in any given year is,

Pr(Hs ≥ x) = 1− 1

N
(4.3)

being Pr(Hs ≥ x) the values of a cumulative probability distribution function and

N the desired return period. Therefore a fifty-year return period is equivalent to

Pr(Hs ≥ x) = 0.98. For the 1387 HIPOCAS grid points the GPD-P return period

level could be estimated as,

HsN = u− σλξ

ξ ln(1− 1/N)ξ
− σ

ξ
(4.4)
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Results for the 50-year return period significant wave height Hs50 are shown in Figure

3.7. These values are around 11 metres in the northern quadrant of the islands while

in the southern part are less than 8 metres. This is the result of the shadow effect

of the islands over the intense north fetch produced by the storms. Extreme wave

heights over the Catalan coast are significantly lower than those obtained in the north

of the Islands due to the angular spreading of the most severe storms.

Fig. 4.6: Spatial distribution of the 50-year significant wave height levels

4.3 Discussion

Deep water wave climate over the Balearic Sea has in general a complex pattern as

a result of the complex orography of the surrounding area. The Mediterranean Sea

is well known to be one of the most active cyclogenetic area in the world where the

climate is mainly conditioned by severe atmospheric forcing during winters.

The mountains range in the vicinity is a key factor controlling the storm track.

The role of the Pyrenees in the west part and the Alps in the north-east area are

decisive boundaries for the wind and pressure distribution over the whole basin. The

north-western part and central part of the Balearic Sea are forced by northerly winds

(Mistral) during the main part of the year, while the eastern part is generally mod-

ulated by a seasonal variability. Gale forced mistrals often develop over the Gulf of

Genova and the Gulf of Lions extending the effects over the whole basin.
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In order to have a rough idea of the behaviour of the storms, the intensity and

direction of the maximum significant wave height for the 44 years data are shown in

Figure (4.7).
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Fig. 4.7: Intensity and direction of the highest SWH registered in the HIPOCAS database

As seen, prevailing directions for the maximum SWH are from the northeast along

the Balearic Sea. This result was previously observed by Sotillo et al. (2005) where

a high wind area was identified along the Western Mediterranean from the Gulf of

Lions to Northern Algeria and Tunisia.

In the work of Sotillo et al. (2005) wind speeds for a 100-year return period shows

a maximum located in the Gulf of Lions with levels of winds up to 30m/s. In the

eastern part, differences in wave directions are obtained as a result of the different

storm track pattern over this area. As seen, maximum significant wave heights are

reached in the Balearic Channel as was obtained from the GPD-P distribution, in our

long-term extreme wave climate characterization.

Results also show a spatial variability of the tail of the extreme value distribution:

in the western area a bounded tail (Weibull distribution) is detected. This can be

associated to a homogeneous distribution in the intensity of the extreme events. On

the other hand, along the Spanish coast, the extreme waves tend to be heavy tail

distributed (Fréchet distribution). This aspect can be related on the two main storms

that affected this area in December, 1981 and November, 2001. This last storm was
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driven by heavy Mistral winds (up to 40 m/s) with a large associated fetch, going

from the Liguria Sea to the Balearic channel. HIPOCAS nodes located in the area,

show maximum significant wave heights over 12 metres at deep waters.

Data used in this work show that the use of a 44-year database can improve the

estimation of the extreme SWH values. This improvement is achieved using large

populations of extremal data and reducing the uncertainty inherent to the statistical

estimation techniques.

4.4 Conclusions

The most important conclusions in this work are enumerated below, including a brief

description:

� HIPOCAS data is an adequate database for the extreme wave climate charac-

terization in the Balearic Sea.

� The GPD-P distribution provided more accurate results, in the estimated pa-

rameters, when compared to the GEV model.

� The W-statistic method allowed to apply an objective method for the deter-

mination of the proper time span δt and threshold value u for each HIPOCAS

node.

� The analysis of the shape parameter ξ shows three different areas, corresponding

each one to a different family or domain of attraction.

� The inclusion of the ξ parameter is not always statistically significant. Two

different areas can be shown, the Western area, between Valencia and Mallorca,

and the Eastern area between Mallorca and 6◦E.

� For the Balearic basin and the Catalonia coast the spatial distribution of the

Hs50 parameter have been obtained.

The HIPOCAS database is an adequate tool for climate studies in areas like the

Mediterranean. The REMO modelling of the NCEP/NCAR global reanalysis data

is an important improvement, allowing global reanalysis data being downscaled to a

regional scale. This improvement in the spatial resolution of the atmospheric model

results in a better estimation of the wind forcing. Therefore, the hourly wave fields of

the last 40 years have been hindcasted with a high spatial and temporal resolution.

The GEV distribution has as principal shortcoming the use of only a data per

year in the Annual Maxima Method, causing high a variance in the estimated values.

From the analysis we can conclude that the GPD-P distribution provides a better

estimation than the GEV distribution, for the extreme wave climate analysis.
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In the Peaks Over Threshold Method the extreme events are identified by con-

sidering all values larger than a given threshold u and with a minimum time span

δt between the storms. After analyzing all the HIPOCAS nodes, a good balance be-

tween bias and variance is achieved when the threshold level u correspond to the 95th

percentile SWH at each point and a time span δt of 72 hours.

Three different areas can be distinguished attending the type of tail behaviour.

The heavy tailed area between Catalonia and Mallorca is the response of the GPD-P

distribution to a two different large storms occurred in this area. The tail type dis-

tribution is an essential information for characterizing the wave climate.

After analysizing the statistical significance of the shape parameter ξ we can

demonstrate that in some areas a simpler model can be used setting the shape param-

eter to ξ u 0. The shadow effect of the Balearic Islands and the angular spreading

of the storms produce a reduction in the magnitude of the higher return levels in the

coastal areas of Catalonia and the southern coasts of the Baleric Islands. The analysis

performed provided a good estimation of the spatial variability of the 50-year return

period significant wave height for the Balearic Sea and Catalonian coasts

This is the first wave climate characterization carried out in the Western Mediter-

ranean using data from a high resolution hindcasted database.



Chapter 5

Influence of the NAO on the

Northwestern Mediterranean

wave climate

Part of this chapter has been published as an article in Scientia Marina,

vol. 74, num. 1.

This study examines teleconnections between the North Atlantic Oscillation (NAO)

and the wave climate of the Northwestern Mediterranean Sea (NWM), defined by its

monthly mean significant wave height (SWH) and the 95th percentile significant wave

height (95th percentile SWH), in the period ranging from 1958 to 2001. Analyzed data

is part of the multidecadal hindcast over Europe carried out during the HIPOCAS

project. In order to avoid fictitious cross-correlations, data were prewhitened by fit-

ting a p-order autoregressive model. To split the temporal and spatial variability, an

EOF encoding technique was applied to residuals prior to search for teleconnections.

The Northwestern Mediterranean wave climate has been found to be influenced by the

North Atlantic Oscillation (NAO) with an instantaneous response. When the NAO is

in its positive phase, positive anomalies in SWH and the 95th percentile SWH appear

in the area between the Balearic Islands, the Gulf of Lions and the Catalonia coast.

5.1 Introduction

Teleconnections are interactions between widely separated parts of the ocean and the

atmosphere occurring at different time scales. These interactions originate recurring

and persistent modes of low-frequency variability in large-scale patterns of atmo-

spheric pressure and ocean circulation anomalies (Orfila et al., 2005, Vignudelli et al.,

1999). These anomalies in large-scale circulation are manifested in surface waves, driv-

ing some of the variability of wave climate, which has consequences, among others,

45
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in the operation and safety of shipping, offshore activities, and coastal development

(Kushnir et al., 1997). Therefore, the search and recognition of teleconnections is an

important issue for the prediction and characterization of the wave climate variability

over time.

A fraction of the interannual variability in the climate over Europe is associated

with a single pattern of pressure anomalies over the north eastern Atlantic area, known

as the North Atlantic Oscillation (NAO) (Hurrell, 1995). The NAO has long been

identified as a major factor in climate variability and oceanic variability in many areas

of the northern hemisphere (e.g. Rogers and Jeffrey (1997); Rodwell et al. (1999);

Vignudelli et al. (1999); Hurrell et al. (2001); Lionello and Sanna (2005); Lionello and

Galati (2008)). It can be described as an irregular oscillatory transfer of mass between

two main centers of action, the Icelandic Low and the Azores High, that modify the

paths of the storms crossing the north Atlantic from the east coast of America to

Europe (Woolf et al., 2002).

Wave climate analysis requires a large amount of data to ensure the statistical sig-

nificance (Canellas et al., 2007). Traditionally, these data have been collected using

scalar and directional wave buoys moored at specific locations providing high tempo-

ral resolution records.

In the last decade, satellites have been used to overcome the spatial lack of data

(Krogstad and Barstow, 1999) but the problem of having a large amount of spatial

and temporal wave records were still unresolved. Queffeulou (2005) and Queffeulou

and Bentamy (2007), used altimeter data to perform an analysis of the wave height

variability over the Mediterranean Sea but, altimeter data has as a shortcoming its

temporal inhomogeneity and a coarse spatial resolution in areas like the Western

Mediterranean, marked by a complex orography.

Alternatively, wave generation models are another option to avoid the usual lack

of data in ocean and atmospheric studies. Models are initialized with real conditions

and the deviation due to the nonlinearity of the governing equations corrected with

the assimilation of data. Numerical models can be now implemented in very fine

grids. Although, usually hindcasted model data, underestimate the actual sea wave

height (SWH) when compared with buoy observations, satellite data and simulations

forced by higher resolution wind fields, they provide a reliable representation of the

real space and time variability (Lionello and Sanna, 2005). For this reason, these

hindcast models have become a powerful tool not only for engineering or prediction

scales but for climate studies involving large temporal periods.

The Mediterranean Sea is well known to be one of the most active cyclogenetic

areas in the world. The orography of the surrounding area with the Pyrenees in the

Western part and the Alps in the North-Eastern part are natural barriers controlling
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the generation and track patterns of cyclones over the Western Mediterranean area.

In this area, climate is mainly conditioned by severe atmospheric forcing during

winter season, when the polar front jet is more likely to influence Mediterranean

cyclogenesis and weather (Trigo et al., 2002). Most of the strong winds observed

in the Mediterranean belong to the category of local winds and are originated by

air-flow/mountain interaction, as down slope flows or due to channeling effects. Con-

cretely the Northwestern Mediterranean area is forced by northerly and north-westerly

winds during the main part of the year, while a less intense cyclogenetic activity is

observed during the rest of the year (Trigo et al., 2002, Canellas et al., 2007).

This study explores the influence of the monthly NAO index as a general descrip-

tor of the pressure field variability in the North Atlantic areas, over the monthly

average SWH fields in the northwestern Mediterranean Sea, and the 95th percentile

significant wave height, in the period ranging from 1958 to 2001.

To do that, 44 years of hourly wave data with 0.125◦spatial resolution obtained

from HIPOCAS project (Ratsimandresy et al., 2008) in the northwestern Mediter-

ranean Sea (Figure 5.1) has been analyzed.

Fig. 5.1: Geographic location of the study area.

The underlying assumption is that wave climate for the northwestern Mediter-
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ranean area is influenced by large-scale atmospheric patterns of variability, like the

NAO phenomenon, originated in the adjacent Atlantic Ocean. The article is struc-

tured as follows: Section 2 describes the methodology employed in the study. Results

obtained from the EOF analysis are shown in Section 3. Section 4 discusses and

concludes the work.

5.2 Methodology

Monthly NAO index data were provided by the Climate Analysis Section, NCAR

(Hurrell, 1995). The NAO index used in this study has been calculated as the differ-

ence in the normalized pressure between Ponta Delgada in Azores and Stykkisholmur

in Reykjavik (Iceland). The wave parameters chosen for the correlation with the NAO

index are the monthly mean significant wave height (SWH) and the 95th percentile

SWH.

The monthly mean and standard deviation for SWH were obtained through fitting

hourly time series to a Log-normal probability distribution to the entire HIPOCAS

database (Jaspers, 1956). There is no theoretical basis for selecting the initial un-

known probability distribution function to represent the observed data. Some other

probability distributions are also valid for this purpose, being the most common the

bi-parametric Weibull distribution and the Log-Normal distribution. These two dis-

tributions are good enough to describe the mean behaviour of the SWH time series.

However, we did not use the whole record to compute the mean and standard de-

viation to avoid a possible contamination in the SWH statistics, due to the influence

of extremal maxima/minima. Then, fitted data correspond only to SWH between the

5-95th percentiles of the cumulative distribution function, in order to exclude SWH

that correspond to the extremal range of probability.

As a result, the mean and standard deviation for each month at each node were

obtained from this probability distribution. Moreover, the 95th percentile SWH (cor-

responding to those wave heights only surpassed during 5� of time each year) was

obtained using the same theoretical probability function. With this parameter, only

the highest SWH are retained, being a good indicator for the most extreme long term

SWH episodes.

Once hourly data are aggregated into the monthly statistical parameters, data

are encoded with Empirical Orthogonal Functions (EOFs) to identify the preferred

modes of variability (Preisendorfer, 1988). EOF decomposition of the temporal vari-

ance describes those spatial patterns with the highest contribution to time variability.

On the other hand, if the EOF decomposition of the spatial variance is carried out

spatial patterns with the strongest spatial gradients will be obtained (Álvarez, 2003).
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In this study, we have focused on spatial variance EOF modes since we are in-

terested in the possible influence of NAO in the variability of the spatial patterns of

wave climate. Time series from the temporal amplitudes associated to those EOFs

are used to cross correlate with the monthly NAO index.

Cross-correlation functions strongly depend on the structure of the original time

series through the autocorrelation, implying that nonzero values of the cross-correlation

function do not necessarily represent a relationship between two time series if they

are auto-correlated (Katz, 1988). In order to avoid possible artificial cross correla-

tions, a prewhitening of each time series was carried out. Prewhitening fits a p-order

autoregressive model AR(p) of the form,

x(t) = a1x(t− 1) + ...+ apx(t− p) + Φ(t) (5.1)

to the original time series, sufficient to reduce the residuals ϕ(t) to white noise. The

order of the autoregressive is selected by the Akaike Information Criterion (Akaike,

1974). The Akaike Information Criterion (AIC) determines the model order p by

minimizing a theoretical information function given by,

AIC(p) = N ln(σ2
x(p)) + 2p (5.2)

where N is the number of samples and σ2
x is the estimated variance of the white

driving noise and the term 2p in equation 5.2 is a ”penalty” for the use of extra AR

coefficients that do not substantially reduce the prediction error (Konyaev, 1990).

Once obtained the value of the filter orderp by minimizing equation 5.2 the residuals

obtained after fitting the AR(p) process in equation 5.1 are not autocorrelated time

series.

5.3 Results

5.3.1 Spatial Variance EOF modes for monthly mean SWH

The first two EOFs account for the 91.03� of the total variance (Figure 5.2) and are

related to the spatial patterns with the highest contribution to the spatial variance

of the significant wave height fields.

For the first EOF, which accounts for the 82.79� of the total variance (Figure

5.3a), the resulting EOF decomposition shows a strong spatial gradient in the west-

east direction, with a maximum anomaly located on the East boundary.

Conversely second spatial EOF mode, which accounts for the 8.25� of the total

variance, (Figure 5.3b), shows no spatial gradients. This pattern displays an isostatic

response of the whole area, modulated throughout the year by the temporal ampli-
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Fig. 5.2: Variance explained by the first six EOFs, for the monthly SWH. Grey dotted line

corresponds to the 0.95 cumulative explained variance. Only EOFs with explained variance

above this line were selected for the analysis.

tude time series.

The order applied for the prewhitening attending the AIC is, p=2 for the NAO

index and 12 for the temporal amplitudes of both EOFs. The spatial mean time

series, computed for each of the 528 months (not prewhitened), is shown in Figure

5.4a.

Maximum values are reached during the Autumn-Winter months. For the monthly

mean SWH, the autocorrelation function (not shown) is negative autocorrelated at

time lag τ = 6 indicating a strong seasonality.

For the first EOF, the temporal amplitude presents an annual cycle highly in-

fluenced by seasonality (Figure 5.4b,5.4c), with Autumn-Winter months taking the

highest positive amplitudes (Figure 5.4b), while spring-summer months presents less

intense significant wave height fields in the whole area analyzed.

Cross-correlation between first temporal amplitude time series and the NAO in-

dex provides, as expected, no significant correlation at the 95� level of confidence.

The power density spectrum (not shown) for this amplitude was calculated showing

a dominant peak at twelve months indicating that this mode explains the variability

introduced by the annual cycle. On the other hand, significant correlation was found
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Fig. 5.3: (a-top) First spatial variance EOF mode for the monthly mean SWH, (b-bottom)

Second spatial variance EOF mode for the monthly mean SWH.

(at the 95� confidence bounds) between the NAO index and the amplitude of the

second EOF. Maximum correlation is at time lag τ = 0 (Figure 5.5), implying an

instantaneous response at monthly time scales.

When the time amplitude is in its maximum positive values, the response of this

second EOF mode can contribute up to 0.20 m to the mean SWH in the area between

the Balearic Islands, the Gulf of Lions and the Catalonia coast.

5.3.2 Spatial Variance EOF modes for 95th percentile monthly

mean SWH

For the 95th percentile SWH the first four EOFs modes were retained. These modes

explain the 92.38� of the total variance (Figure 5.6).

Like in the monthly mean SWH results, the 95th percentile SWH variability is

mainly reproduced by the first mode which accounts for 72.54� of the total vari-
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Fig. 5.4: (a-top) Time evolution of the spatial mean computed from 528 months for SWH,

(b, c) Time amplitudes for the first two EOFs.

ance.The spatial pattern for this mode (Figure 5.7a) shows a longitudinal gradient.

For negative amplitudes we can observe negative anomalies along the coast and

positive anomalies between the Balearic Islands and the Gulf of Lions. The second

EOF mode accounts for 10.87� of the total variance and its spatial pattern displays

the same isostatic response as seen in the monthly mean SWH results (Figure 5.7b).

The third EOF mode, accounts for 5.10� of the total variance and its spatial pat-

tern displays a maximum negative anomaly in the East boundary (Figure 5.7c). The

location and orientation of this pattern reflects the fetch associated to SW winds.

The fourth EOF mode accounts for 3.87� of the total variance and its spatial pattern

displays a maximum anomaly between the continental shelf and the Balearic Islands

(Figure 5.7d).

Prewhitening was applied to the 95th percentile time amplitude time series. The

filtering order p, is again 12 for the four temporal amplitudes analyzed. The spatial

mean time series for the 95th percentile SWH is shown in Figure 5.8a.

Maximum values are reached during the Autumn-Winter months. Similarities

were found between the monthly mean SWH and the 95th percentile SWH, not only

in the spatial mean time evolution, but also in the two first EOF modes. The auto-

correlation function (not shown) anti-correlates the mean at lag 6, indicating negative

correlations when comparing values for the Summer-Winter months. Both wave pa-
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Fig. 5.5: Cross correlation between second spatial variance EOF mode time amplitude and

the monthly NAO index time series. Significant positive correlation found at time lag τ = 0.

Confidence bounds at 95� obtained through Monte-Carlo simulations.

rameters (monthly mean SWH and the 95th percentile SWH) show an identical time

evolution, with maximum and minimum values at the same time lag. However, main

differences between them are found in their intensity, between their spatial patterns

as well as in the variance explained by each mode.

Strong seasonality is also present in the first temporal amplitude, showing maxi-

mum values during winters, and minimum values during summer. Cross-correlation

between first temporal amplitude for the 95th percentile SWH (Figure 5.8b) and the

NAO index provides, as expected, no significant correlation at the 95� level of confi-

dence (not shown). On the contrary significant correlations are found in the 2nd, 3rd

and 4th temporal amplitudes. The 2nd EOF amplitude (Figure 5.8c) is correlated

with the NAO index at time lag τ = 0, (Figure 5.9a). The maximum anomaly reaches

0.60 meter in the whole area when the amplitude is in its maximum.

Time amplitude for the 3rd mode (Figure 5.8d) is also correlated with the NAO

index at time lag τ = 0 (Figure 5.9b). The contribution of this mode indicates that

when the NAO index is in its positive phase, a negative spatial anomaly appears in

eastern area, indicating less intense extreme SWH fields. When time amplitude is

in its maximum values the maximum anomaly reaches 0.60 meter in the area corre-

sponding to a fetch from the Corsica Island to the Gulf of Lions.
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Fig. 5.6: Variance explained by the first six EOFs, for the monthly 95th percentile SWH.

Grey dotted line corresponds to the 0.95 cumulative explained variance. Only EOFs with

explained variance above this line were selected for the analysis.

Finally, the fourth EOF temporal amplitude (Figure 5.8e), as previous amplitudes

analyzed, shows a significant correlation with the NAO index at time lag τ = 0 (Figure

5.9c). The basic difference with other amplitudes is its intensity. This amplitude has

a value close to zero during the whole record indicating that this mode might not

contribute to the reconstructed field, for most of the time. However, the maximum

amplitude obtained falls in this mode (December 1980) contributing to the spatial

field with 2.50 meter in the 95th percentile SWH. This anomaly is constrained to the

area between the Catalonia coasts and the Balearic Islands.

5.4 Discussion and Conclusions

In this study was shown that the NAO phenomenon contributes to the spatial vari-

ability found in the Northwestern Mediterranean. When the NAO is in its positive

phase a reinforcement of the northerly cold and dry air masses from the arctic regions

appear, generating more severe weather conditions over the Northwestern Mediter-

ranean Sea (Hurrell, 1995, Hurrell et al., 2001). On the contrary the negative phase

of the NAO exhibits a weakening of the westerlies all across the North Atlantic onto

Europe.

The results obtained in this study were computed with one of the several indicators
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Fig. 5.7: (a-top left) First spatial variance EOF mode for the 95th percentile SWH, (b-top

right) Second spatial variance EOF mode for the 95th percentile SWH, (c-bottom left) Third

spatial variance EOF mode for the 95th percentile SWH, and (d-bottom right) Fourth spatial

variance EOF mode for the 95th percentile SWH.

of the NAO activity. Other useful indexes are also available in the NCAR database.

One of them is the DJFM (December to March) NAO index. This DJFM NAO index

when was correlated with the December to March SWH aggregated returned higher

values because it is in this period of the year when the NAO signature is much more

noticeable. On the contrary, in the December to March aggregation the loss of in-

formation is evident, masking other important key controlling atmospheric patterns,

such the intraanual atmospheric/oceanographic cycle and the monthly evolution of

the studied wave climate parameters.

The Northwestern Mediterranean climatology has a high cyclogenetic activity dur-

ing the Autumn-Winter months, associated with severe weather conditions and driv-

ing intense winds from the northeast and northwest (Campins et al., 2000, Picornell

et al., 2001, Trigo et al., 2002). On the contrary, in summer the wind pattern changes,

and the direction and intensity is more variable. This is in agreement with the results

obtained for the first temporal amplitudes in both analyzed fields (monthly mean

SWH and 95th percentile SWH), with maximum amplitudes located in the winter

months. This pattern was already observed and characterized by Lionello and Sanna
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Fig. 5.8: (a-top) Time evolution of the spatial mean computed from 528 months for the 95th

percentile SWH, (b, c, d, e) 2nd ,3rd and 4th EOF time amplitudes.

(2005) as the annual cycle for the monthly mean SWH.

First mode explains around the 70-80� of the total variance, for both fields. After

analyzing the spatial decomposition of monthly SWH statistical parameters, power

spectral densities, autocorrelations and cross-correlations, we suggest that first modes

explain only the variability introduced by the Summer-Winter intraanual cycle. We

could not detect any influence of the NAO phenomena in the first mode which ex-

plains most of the intraanual variability.

Correlation between NAO and the second EOF amplitude has been found for the

spatial variance in monthly mean SWH, this significant correlation between the sec-

ond EOF amplitude for the monthly mean SWH and the NAO index was already

observed by Lionello and Sanna (2005). On the other hand the second, third and

fourth EOF amplitudes for the 95th percentile SWH are significantly correlated as

well. The response of these modes to the NAO was found to be instantaneous at

monthly time scale, for both wave parameters. Both second EOFs modes for the

monthly mean SWH and the 95th percentile SWH show clear similarities reflecting

an isostatic response of the whole area modulated throughout the data records by the

time amplitude. The anomalies for both modes, in the monthly mean SWH and 95th

percentile monthly mean SWH, contribute in 0.20 meter and 0.60 meter, respectively.

For the 95th percentile SWH two different patterns are shown for the third and
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Fig. 5.9: (a-top) Cross-correlation between second, third and fourth spatial variance EOF

mode time amplitudes and the monthly NAO index time series. Significant positive corre-

lation found at time lag τ = 0. Confidence bounds at 95� obtained through Monte-Carlo

simulations.

fourth modes. Third mode displays a dipole shaped pattern with a maximum anomaly

in the east boundary. The location and orientation of this pattern reflects the fetch

associated to the intense South-West winds originated in the Corsica Island and prop-
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agated to the Gulf of Lions, most common during the wintertime (Figure 5.10a).

Fig. 5.10: (a-top) Snapshot corresponding to the HIPOCAS database (12/01/2001), it shows

the SWH field associated to the South-West winds, generated near the Corsica Island and

propagated towards the Gulf of Lions. (b-bottom) Snapshot corresponding to the HIPOCAS

database (12/28/1980), it shows the fetch associated to the severe North-East winds, gener-

ated in the Gulf of Genoa and propagated towards the Catalonia coasts, Valencia coasts and

the Balearic Islands.

This negative anomaly in the eastern area during the positive phase of the NAO

reduces the monthly mean SWH values up to 0.60 meter. Fourth EOF for the 95th

percentile SWH mode also displays a dipole shaped pattern with maximum values

for the anomaly between the Spanish continental shelf and the Balearic Islands. The

location and orientation of this pattern reflects the fetch associated to the intense

winds from the North-East which are often associated to the most severe sea storms

recorded in the Western Mediterranean. These storms usually cause coastal damage

and large economic loss in locations like Mallorca and Valencia.

In December 1980 (as well as November 2001, not shown) a severe storm was
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recorded in the area between Catalonia and the Balearic Islands, see for instance the

amplitude in the 4th EOF for the 95th SWH percentile (Figure 5.8e). In this event,

wind waves were originated in the vicinity of the Gulf of Genoa with a direction of

propagations to the South-West (Figure 5.10b). The observed fetch has the same

spatial pattern than the fourth EOF mode. This mode suggests that the variability

corresponding to these extreme events are reflected in this spatial pattern.

The correlation of long term wave climate parameters with the NAO phenomena

indicates that some of the variability of wave height is associated with the NAO in

the Northwestern Mediterranean Sea. However a strong seasonal signal was found in

both parameters, monthly mean SWH and the 95th percentile monthly mean SWH, as

expected from previous studies of the cyclogenetic activity of the Mediterranean. This

fact has been already noted by Lionello and Sanna (2005). Both analyzed parameters

provided good results for the analysis, however, we have seen that the 95th percentile

of SWH provides more dynamical information (patterns of variability in higher order

EOFs) than the monthly mean SWH.
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Chapter 6

Wave Height prediction in the

Western Mediterranean using

Genetic Algorithms

Part of this chapter has been accepted for publishing as an article in Ocean

Engineering.

This study explores the suitability of a soft computing technique to predict (fore-

cast and hindcast) Significant Wave Heights in some areas of the Mediterranean Sea.

Using a 44-year database of meteorological and oceanographic records we train a Ge-

netic Algorithm, to reconstruct a 44-year time series of Significant Wave Height at

different coastal points of the Balearic Islands (Western Mediterranean). The cor-

relation obtained between the numerical model data and the algorithm output is

0.80 ≤ r2 ≤ 0.97. The equations obtained by the Genetic Algorithm are then used

to predict Significant Wave Heights measured at several buoys. We make use of the

equation from the node closest to the buoy using as input wind data from the meteo-

rological station at each buoy. We obtained that SWH at each buoy can be predicted

with a 1-hour ahead forecast time using only wind data from the previous 12 hours

with a correlation of 0.87 ≤ r2 ≤ 0.91.

6.1 Introduction

Prediction of ocean surface waves is an important issue for some of the most relevant

human activities in the coastal zone. Beach nourishment, port design and operability,

dispersion and diffusion of pollutants are some examples that require a precise knowl-

edge of predicted Significant Wave Height (SWH) fields as well as their extreme values

(Sverdrup and Munk, 1947). SWH is an important oceanographic parameter that is

61
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required to define a sea state or estimate the wave climate in an area. Traditionally,

prediction of ocean surface waves requires the use of numerical models which inte-

grates the fluid governing equations. These models have become a powerful tool not

only for engineering or prediction works but also for climate studies involving large

temporal periods. However, one of the major drawbacks of the numerical models

is the large computational resources required for integrating the primitive equations

over fine grids or large areas.

An alternative to prediction based on first physical principles is the use of past

observations to predict the evolution of a dynamical system. Takens (1981), pro-

vided the theoretical background to build prediction models from past observations

of chaotic time series. Specifically, Taken’s theorem states that given a deterministic

time series of observations {xi} = {x(i · τ) i = 1...M}, where τ is the sampling time,

there exists a map P (·) satisfying,

xm = P (xm−1, xm−2, ..., xm−d), (6.1)

being d the embedding dimension.

For instance, Álvarez (2003) used Genetic Algorithms (GA) to forecast the space-

time variability of the Sea Surface Temperature in the Alboran Sea (Western Mediter-

ranean); Basu et al. (2005), predicted significant wave heights in an area of the Ara-

bian Sea, using different time series of surface wind speeds and SWH from three

different oceanographic buoys as input for a GA; Gaur and Deo (2008), used an al-

ternative soft computing tool known as genetic programming (GP, (Koza, 1992)) to

explore the usefulness of this method for real-time wave forecasting in a limited area

of the Gulf of Mexico, also this method is actually used by Guven (2009) for time

series modelling of daily flow rate at a river in US; Ustoorikar and Deo (2008), com-

pared two different empirical prediction methods (GP and artificial neural networks

(ANN)) to fill up gaps in wave data from four wave rider buoys maintained by the

US National Data Buoy Center in the Gulf of Mexico. The ANN method was also

used by Arena and Puca (2004) to perform a reconstruction of SWH records from

two correlated buoys from the NOAA in California.

GA are one of the most extended techniques used for empirical prediction. They

are based on the evolutionary genetic laws, e.g. reproduction, crossover and mutation

where Darwinian theories of natural selection and survival are used to approximate a

map that best describes a physical chaotic system.

In this work we apply a multivariable GA to a set of buoy and numerical model

wave data to predict directly from past values of wind module and wind direction the

SWH in the coastal areas of the Balearic Sea (Western Mediterranean Sea). More-

over, this study explores the possibility to forecast SWH in coastal areas using a GA

trained with wind at 10 meters from a meteorological model and SWH from a numer-
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ical wave model.

Our results demonstrate the possibility not only to reproduce a 44-year time-

series from a numerical database, but to also predict SWH directly from wind buoy

observations, using the equations obtained previously by training an evolutionary

algorithm.

6.2 Data and Methods

Wave and wind data used to train the algorithm are part of the HIPOCAS Project

(Hindcast of Dynamic Processes of the Ocean and Coastal Areas of Europe) (Soares,

2008).This database consists on a high resolution, spatial and temporal, long-term

hindcasted data set covering on an hourly basis a period ranging from 1958 to 2001

providing 44-years of wave data over an homogeneous grid. HIPOCAS dataset was

produced by means of dynamical downscaling from the NCEP/NCAR global re-

analysis using the regional atmospheric model REMO (Kalnay et al., 1996, Jacob

and Podzun, 1997). Hourly wind fields from the REMO were used as the forcing for

a third generation wave model WAM, see Sotillo et al. (2005), for more details. SWH

data used in this work is the output of the WAM model implemented in a 0.125◦ res-

olution mesh over the Western Mediterranean Sea. A total of 49 coastal nodes were

analyzed, covering an area between 38◦N-40.5◦N and 1◦E-4.5◦E, see Figure (6.1).

For each HIPOCAS node, the equation that best describes the dynamics of the

SWH is obtained by means of a GA (Alvarez et al., 2001), which is trained using

hourly mean wind module (U), hourly mean wind direction (θ) and SWH data from

the HIPOCAS database.

The algorithm for predicting the state variable {xi} considers an initial popu-

lation of randomly generated equations Pj(· · · ) derived from random combinations

of explanatory variables
−→
V i =

−→
V (i · τ), i = 1 · · ·M , randomly chosen constants and

the four basic operators (+,−,×,÷). For a µ-step ahead prediction with embedding

dimension d, the fitness of the j-candidate equation map Pj(·) is computed as,

∆2
j =

M∑
m=µ+d

[
xm − Pj(

−→
V m−µ, ...,

−→
V m−µ−d+1)

]2
(6.2)

where xm and
−→
V m denote the value of the explained variable and the vector of ex-

planatory variables, respectively, at time tm = mτ .

The fitness to the data, ∆2
j , establishes the strength of each individual in the

selection process. Specifically, the strength index for the j-equation string is expressed

as,
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Fig. 6.1: Geographic location of the study area. Black dots correspond to the HIPOCAS

coastal nodes and triangles to the oceanographic buoys, MH (Mahon), DR (Dragonera) and

CB (Cabrera).

F 2
j = 1−

∆2
j∑M

m=µ+d(xm − x)2
(6.3)

where x is the mean value of the training data. Fj can be interpreted as the percent-

age of the training set′s total variance explained by the j-equation string and so, for a

given individual, the higher this quantity, the better the data are represented by the

corresponding equation.

This population of potential solutions is next subject to an evolutionary process,

by which those individuals that best fit the data are selected from the initial popula-

tion. This process is carried out as follows. First, part of the time series is selected

as the training set, i.e. the set of data that will be used in computing the best ap-

proximation to the map P (·) in, Eq. (6.1).

By examining the fitness of Pj(·) the strongest individuals are then selected to

exchange parts of the character strings between them (reproduction and crossover),

while the individuals less fitted to the data are discarded. Finally, a small percentage

of elements in the equation strings are mutated at random, except for the top ranked

equation strings in order to avoid loosing their information. As a result of this pro-
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cess a new set of equations is obtained. The evolutionary steps are repeated with a

new generation and finished after a number of generations determined by the user.

Afterwards, a validation is carried out using the data not included in the training set

to test the goodness of the candidate equation for reproducing the deterministic signal.

A total of 49 coastal nodes from the HIPOCAS database have been used as the

input for the training and validation of the GA. For this particular case the use of GA

in a vectorial configuration made possible the inclusion of the wind module and the

mean direction as input variables, because usually the evolution of a chaotic natural

system is not restricted to the influence of only one observed variable, but a nonlinear

interaction among several variables is quite common.

To check that SWH is driven by local meteorological conditions we have performed

a multivariate regression analysis of the SWH time series of HIPOCAS against wind

parameters (intensity U and direction θ). In the present case the multivariable GA

in its vectorial form can be expressed as,

SWHm = P (
−→
V m−µ, ...,

−→
V m−µ−d+1) (6.4)

SWHm being the significant wave height at time tm and

−→
V m = (Um, cos θm, sin θm) (6.5)

is the vector of explanatory variables at time tm.

Moreover we have used data from three deep ocean buoys in order to demonstrate

the capability of the algorithm to retrieve a nonlinear equation that can mimic not

only the non-linear interactions between meteorological and oceanographic variables

from a numerical model database, but also capable of generating a valid equation

for real-time forecasting at offshore stations, using the same exact equation as in the

nearest HIPOCAS node.

After the training and validation process, the best ranked equations at three coastal

nodes (numbered nodes in Figure 6.1) were used at the closest three available deep

water buoys to test the ability of these equations to forecast SWH data directly from

the buoy wind observations.

6.3 Results

As a first approximation to the problem of finding a predictive equation that would

provide the future evolution of the SWH, a multiple regression analysis of SWH at

time tm was performed using as input the information at time tm−1 contained in the

meteorological series of the HIPOCAS database. The mean correlation coefficient

over all the HIPOCAS nodes is 0.88 with a standard deviation of 0.02, which implies

that most of the total variance in the HIPOCAS SWH time series can be explained



66 6. Wave Height prediction in the WM using Genetic Algorithms

by the local meteorologic conditions —wind intensity and direction— at the previous

time.

Hence we applied the GA in a vectorial configuration to train the algorithm with a

multivariate set of time series containing only the module of the wind U and the wind

direction θ. The GA algorithm requires a large number of parameters to be configured

when the underlying dynamical system is unknown. In our case, this configuration

required a large trial and error process. Finally the selected parameters were d = 12

for the embedding dimension and τ = 1 for the time lag. The number of individuals

in each population has been set to 120 and the number of iterations to 10000.

For the training process the selected total number of points of the time series was

3000 including a validation set fixed at 1000 data points. This parameters were the

most efficient ones in terms of the quality of the output and the CPU time needed to

reach the desired performance, which was the achievement of optimum fitness strength

F 2 ≥0.9.

6.3.1 Prediction of HIPOCAS data

The cross-correlation coefficient for the 49 HIPOCAS coastal nodes (r2) calculated

using the 44-year time series from the numerical model and the 44-year predicted

SWH from the GA, is shown in Figure (6.2).

As seen, the GA is able to reproduce the dynamical behaviour of the hourly SWH

time series, with a cross-correlation coefficient that remains between values of 0.70

and 0.97 with a mean correlation calculated over all the nodes of r2 = 0.90. At this

point, we want to remark that less than 1� of the total data were used in the learning

process of the GA.

To provide a detailed view of the performance of the GA, SWH at three selected

coastal nodes (HIPOCAS 1320, HIPOCAS 1432 and HIPOCAS 1611, see Figure 6.1)

are compared with the SWH predicted by the GA. Figure 6.3 (top left, middle left

and bottom left) shows the performance of the GA output displaying one month of

data (12/08/1968 - 01/27/1969) with a 1-hour ahead prediction for the nodes 1320,

1432 and 1611.

It can be seen the good agreement between the numerical model SWH and the GA

predicted SWH. The best ranked equations provided by the GA for these locations

are respectively,
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Fig. 6.2: Linear correlation (r2) obtained at the 49 HIPOCAS coastal nodes, between the

genetic algorithm output and the numerical model data. Dashed line corresponds to the mean

correlation calculated over the nodes r2 = 0.90. Filled dots correspond to the HIPOCAS nodes

presented in the Results section, which are the closest to the available buoys.

x0(t) = 0.12x1(t− 10)
0.22x1(t− 1)2

2.11 + x3(t− 12)x3(t− 5) + x3(t− 2)x3(t− 5)
(6.6)

x0(t) = 0.14(x1(t− 1) + x1(t− 7)− 7.79x3(t− 10)x3(t− 4)

2.59 + 0.15x1(t− 2)x3(t− 1)x3(t− 4)
) (6.7)

x0(t) =
x1(t− 2)

8.09− 0.18x3(t− 1)− x2(t− 6)− 0.18x1(t− 10)− 0.18x2(t− 12)
(6.8)

being t the time instant, x0 the SWH, x1 the wind module, x2 the cosinus of the wind

direction and x3 the sinus of the wind direction.
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Fig. 6.3: Left panels: Hourly time series comparison, between the genetic algorithm predicted

SWH and the HIPOCAS nodes SWH (1320, 1432 and 1611). Black triangles represent

the GA predicted SWH, grey asterisks correspond to the HIPOCAS database SWH. Right

panels: Scatter diagrams comparing GA SWH and the HIPOCAS SWH data, unit diagonal

corresponds to a perfect fit.

In order to evaluate the errors reported by the GA with the 1-hour ahead pre-

diction, scatter diagrams of the SWH from the numerical model database, plotted

against the SWH obtained through the nonlinear equation of the GA, are shown in

Figure 6.3 (top right, middle right and bottom right) for the three nodes. These

scatter diagrams provide information about the behaviour of each equation used at

the different coastal nodes. It can be seen how in these particular HIPOCAS nodes a

general underestimation of the SWH from the numerical model database exist. The

larger underestimation arises in the range of SWH between 2 and 5 meters, but in

general we can see how the errors are equally distributed along the ideal fit of slope

k = 1, except for the largest SWH that present stronger deviations.
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The absolute error in SWH estimation related to wind intensity U and direction

θ, computed as the difference between SWH from the database and predicted SWH

from the GA, is shown in Figure 6.4. The error (in meters) plotted against the wind

module U for HIPOCAS nodes 1320 is displayed in Figure 6.4 (top left).

Fig. 6.4: Left panels: Contour plot of the absolute error between HIPOCAS database SWH

and predicted SWH at the selected HIPOCAS nodes against the wind intensity U , countour

lines indicate the percentage of the population with the indicated error. Right panels: idem

but compared against the mean wind direction θ.

We can observe how the dispersion of the error is larger as U increases. In this case

the error shows a rotation around U = 5ms−1. An underestimation error is observed

for wind module values under U = 5ms−1, but for wind module values larger than

U = 5ms−1 the nonlinear equation overestimates SWH from the numerical model

database.

The error plot for HIPOCAS node 1432 is shown in Figure 6.4 (middle left). This

plot shows the same behaviour in the error dispersion for wind speeds over 4ms−1.

In this case the equation obtained is also overestimating SWH at high wind speeds

over U = 4ms−1.

The same error behaviour as in the node 1320 and 1432, is also observed for the

HIPOCAS node 1611 (Figure 6.4, bottom left), with SWH observations underesti-

mated for wind module values under U = 4ms−1 and overestimated SWH values

when U > 4ms−1.

As seen, wind module plays an important role in the predicted SWH and its error.

The error by underestimation is generally produced by wind speeds U < 5ms−1. On

the contrary the error due to the overestimation of the numerical model database
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values generally arises from wind speeds larger than U > 5ms−1. The dispersion in

error increases in both directions as the wind module U ≥ 6ms−1.

The evaluation of the error dispersion related to the wind direction also seems to

be important. To show how the error is also dependant on the wind direction θ, Figure

6.4 (top right, middle right and bottom right), shows the error in SWH estimation

against the wind direction θ. We can observe how the error is equally distributed

along the whole range of directions at each node. Also it is noticeable a range of

directions where the percentage slightly increases. The errors arise from directions

ranging between 30-100◦, 150-200◦and 200-350◦, where the observed error is given

by the overestimation of the numerical model database, except for the middle-right

plot (node 1432) in the 250-300◦ where it is shown a slight underestimation of the

numerical model SWH.

Finally, a forecasting skill test was also performed for the HIPOCAS node 1320

to asses the goodness of the method for long-term prediction. This test considered

different threshold values in equation 6.2 by modifying the µ-step parameter, hereby

allowing for µ-hours ahead predictions. The values used in equation 6.2 for the µ

parameter were 3,6,9 and 12 (hours).

The obtained correlation coefficients (r2) between the prediction and the original

HIPOCAS time series were: 0.88, 0.87, 0.77 and 0.58 respectively. Obviously, the

1-hour ahead prediction fits the data with a higher degree of correlation (r2 = 0.94),

but it is worth remarking that high values (r2 > 0.80) are still obtained even for a

6-hour ahead prediction.

6.3.2 Prediction of Buoy data

In order to test the ability of the obtained equations to predict real wave data, three

deep water buoys providing real time wave and wind parameters have been used.

Two of these buoys are part of the real time observing system from Ente Publico de

Puertos del Estado (EPPE), known as the Spanish deep ocean buoy network (RE-

DEXT), while the third one belongs to the Mediterranean Institute for Advanced

Studies (IMEDEA). These three oceanographic buoys were the only available real

data in the studied area and the selected HIPOCAS nodes in Figure(6.1) are the

closest nodes to the buoys.

Two of these buoys, Mahon Buoy (MH) (39.73◦N-4.42◦E) and Dragonera Buoy

(DR) (39.55◦N-2.10◦E), belong to the the REDEXT network and contain 3 and 10-

year of data, respectively. The data consists on hourly meteorological and oceano-

graphic parameters such as wind module and direction, SWH, wave period and wave

direction. Cabrera Buoy (CB) is another deep water meteorological and oceano-
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graphic buoy located between Mallorca and the Cabrera Island (39.22◦N-2.96◦E).

This buoy belongs to IMEDEA and contains only a year of oceanographic data cov-

ering 2008.

The performance of the GA obtained at the REDEXT buoys is shown in Figure

6.5.

Fig. 6.5: Left Panels: SWH measured at the three buoys (MH, DR and CB)(grey asterisks)

compared with the predictive equations SWH (black triangles) computed using the buoy’s wind

records. Right Panels: scatter diagram of these data.

The time period chosen for the reconstruction of the buoy data is constrained to

one month for the MH buoy, one week for the DR buoy and 4 months for the CB buoy,

in order to avoid the large gaps found in the time series. To test the strength of the GA

under extreme maximum and minimum wind and wave conditions, we also selected a

time period in the series where the wave climate conditions presented a high deviation

from the mean SWH values to include different wave climate conditions with wave
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heights ranging from 0.30 to 4.0 meters, and wind speeds ranging from 0.7 to 15 ms−1.

The prediction time series at the MH buoy was obtained using a month of wind

data from the buoy and with the same nonlinear equation found through the analysis

of the HIPOCAS node 1320. As shown in Figure 6.5 (top left) the hourly forecast

represents an accurate reproduction of the original time series. The correlation ob-

tained after analyzing a month of data is r2 = 0.89.

The results for the DR and CB buoys are shown in Figure 6.5 (middle left and

bottom left). DR buoy and CB buoy were predicted using the equations obtained

at the HIPOCAS nodes 1432 and 1611, respectively. The correlation obtained at

these buoys was r2 = 0.91 for the DR buoy and r2 = 0.87 for the Cabrera buoy. Af-

ter the reconstruction of the three buoys the mean correlation obtained was r2 = 0.89.

To determine the behaviour of the error from the forecasted SWH, three scatter

diagrams are shown in Figure 6.5 (top, middle and bottom right). These scatter plots

are generated using the entire record available at each buoy. As in the numerical

model database prediction we can observe how the error arises principally from the

underestimation of buoy data. The range of data where the algorithm provides less

accurate predictions is located between 3.0 ≤SWH≤ 6.0 meters for the MH buoy. On

the contrary scatter diagrams for the DR buoy (Figure 6.5, middle left) and the CB

buoy (bottom left) present a well balanced error with equal deviations at both sides

of the ideal fit k = 1. Generally we observed how the large errors associated to SWH

prediction are due to a slight delays in the prediction causing a large dispersion in

the scatter diagrams results.

6.4 Conclusions

In this work we have used a Genetic Algorithm to reconstruct the dynamical model

of HIPOCAS SWH in 49 deep water locations. The training process was designed to

forecast SWH using the wind intensity and wind direction at each location. GA has

been trained using a small amount of the total available data (385000 hourly data).

After this process the equation that describes the evolution of the SWH at each point

was obtained (e.g. the equation that mimics the dynamical system). The equation is

then used to reproduce the rest of the time series.

It was found that the mean 1-hour ahead forecast skill for the 49 locations is above

0.70 ≤ r2 ≤ 0.97 for the whole 44-year period. In addition, the forecasting skill test

performed at node HIPOCAS 1320 indicates that the GA in the present configura-

tion can provide satisfactory predictions up to 6-hours ahead. This good agreement

between the SWH obtained by the dynamical equation and the corresponding SWH

from the database is not surprisingly since both wind data (the forcing) and SWH

(the response) were used in the GA learning process. To test the validity of the ob-
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tained equations, we have used three locations with wave records from deep water

buoys. Applying the corresponding equation obtained with the HIPOCAS database

to the measured wind at the buoy and comparing with the measured SWH we get a

forecasting skill 0.87 ≤ r2 ≤ 0.91.

The good performance of the presented approach suggests that both, numerical

models and GA, can be combined to increase forecasting skills. Although the GA

approach —as other predictive approaches based on statistical fitting of time series

such as Neural Networks or Genetic Programming— may not provide insight on the

physical connection between wind and wave response, they can quickly convey us with

reliable information at low computational cost for operational purposes.
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Chapter 7

General Conclusions

This Thesis, analyzes the Western Mediterranean wave climate have. It has been

shown how the Mediterranean area is affected by a strong seasonality both in the wind

and wave regimes, generating a temporal pattern of variability that evolves from the

high winter SWH in the Northern areas of the Balearic Islands to extreme minima

in SWH fields along the Southern coasts of the Islands during summer months. This

pattern clearly corresponds to the ”normal” conditions observed in the mid-latitude

climatologies, such as the Western Europe climatology, where intense northerly winds

affect the area during the winter months while milder conditions are found during the

summer months.

The first spatial characterization for the extreme wave height in the Western

Mediterranean has been carried out taking advantage of the HIPOCAS database.

This database has been shown to be an adequate tool for climate studies in areas

like the Mediterranean. The REMO data was an important improvement, allowing

global reanalysis data being downscaled to a regional scale. This improvement in the

spatial resolution of the atmospheric model resulted in a better estimation of the wind

forcing allowing a higher spatial and temporal resolution in the SWH fields analyzed.

Hereby, this Thesis presents a high spatial resolution in the estimations obtained for

the extreme SWH patterns along the Balearic Sea.

An additional improvement presented is the use of the Pareto-Poisson distribution

function. This method allows to gather an extremal population up to 3 times larger

than the population obtained from other ”classic” methodologies. Thus, the uncer-

tainties associated to any statistical estimation method have been reduced thanks to

the larger number of data available for the analysis. We want also to remark that this

is the first wave climate characterization that is able to show the spatial distribution

of the extreme SWH in the Western Mediterranean area.

Extreme wave heights are directly related to the extreme wind conditions in the

75
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boundary layer between the ocean and the atmosphere. The behavior and variability

of this boundary layer will determine the energy transfer to the ocean surface. It

has been observed that the distant patterns of variability affecting pressure patterns

over the Atlantic sea affects also the wind patterns in the Western Europe regions.

This effects are extended to the pluviometry, wind regimes, temperatures, and other

important geophysical variables. This Thesis have shown how these distant patterns

of variability specifically the North Atlantic Oscillation affects the SWH mean and ex-

treme values instantly at monthly time scales. When the NAO is in its positive phase a

reinforcement of the northerly cold and dry air masses from the arctic regions appear,

generating more severe wave climate conditions over the Northwestern Mediterranean

Sea. On the contrary the negative phase of the NAO exhibits a weakening of the west-

erlies all across the North Atlantic bringing moist air into the Mediterranean and cold

air to northern Europe. The correlation obtained for the long term wave climate pa-

rameters with the NAO phenomena indicated that some of the variability of wave

height is associated with the NAO in the Northwestern Mediterranean Sea.

However a strong seasonal signal was found in both parameters, monthly mean

SWH and the 95th percentile monthly mean SWH, as expected from previous studies

of the cyclogenetic activity of the Mediterranean. Both analyzed parameters provided

good results for the analysis. Despite this, we obtained that the 95th percentile of

SWH provides more dynamical information (patterns of variability in higher order

EOFs) than the monthly mean SWH, indicating that this is an important parameter

to study hidden patterns of variability.

Nowadays, one of the relevant issues in oceanography and engineering studies is

related to the prediction of future conditions for wave climate parameters. This thesis

explores SWH prediction through the use of GA, a low computational prediction tech-

nique that ”learns” from past values of wind and waves observations. This method

has been shown to be a useful alternative to the highly computer-intensive methods

implemented in research centers to predict wave climate. The presented method pro-

vided an excellent performance of predicted vs. observed SWH even under extreme

conditions, like high wind intensities or highly variable wind directions. This fact sug-

gests that both, numerical models and GA, can be combined to increase forecasting

skills at low operational costs.



Chapter 8

Recommendations for future

work

Prediction of ocean surface waves requires both the knowledge on the present state

of the ocean (initial conditions) as well as the evolution of the forcing parameters to

adequately integrate the numerical models. Besides, numerical models demand large

computational resources since they need to be integrated over large domains, during

long time periods or both conditions at a time. Nevertheless, to date these models

provide the most complete overview of the ocean surface waves.

Since many operational or engineering activities are based on statistical/spectral

wave parameters some initiatives around the world have been developed in order to

build large databases of oceanic parameters including water wave parameters. These

databases provide a unique opportunity to test the possibility of integrating soft com-

puting techniques in operational wave prediction systems in many different coastal

and oceanic areas. Soft computing techniques have the benefit of being a low cost

system that can be implemented operationally to make predictions in places where

the required technological infrastructure is not available. Moreover, the presented

approach is able to provide wave forecast of large areas in a low computational time.

The introduction of nearshore wave models (e.g. SWAN - Simulating Waves

Nearshore) in the wave climate analysis field has to be explored for a better under-

standing of the generation and propagation processes of extreme SWH in the Balearic

Islands. These models allow not only to analyze or simulate wave generation processes

but also are the best available tools for wave prediction in coastal areas. The use of

genetic algorithms to obtain shallow water conditions from deep water wave models

or buoys is an approach that opens new possibilities. In this sense, an operational

system can be developed to predict wave propagation linking numerical models, buoy

data and genetic algorithms. This tool could be very useful for search and rescue
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teams in the Balearic Islands and also for management of coastal areas.

The climatic change is noticeable at different spatial and temporal scales and all

over different climatic patterns such as the North Atlantic Oscillation and the El

Niño-Southern Oscillation (ENSO). The study of the effects of the NAO and ENSO

on the variability of the Mean Wave Energy Flux in the Western Mediterranean is

a line that deserves the scientific attention. This study can contribute to the under-

standing of the morphodynamic variability observed in different coastal areas of the

Mediterranean Sea. The Mean Wave Energy Flux is a key feature to describe and

predict the evolution of the beach planform. With this study a correlation between

the the NAO index and a Mean Wave Energy Flux Index could be found, indicating

a relationship between the morphodynamic states of a beach and the NAO positive

and negative phases. This study would give also the opportunity of predicting future

morphodynamic states through the prediction of the NAO index and the ENSO index.
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Côtes 9, 416–435.

Gnedenko, B., 1943. On the limiting distribution of random data. Annals of Mathe-

matics.
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Rouco, F., 2005. A high-resolution 44-year atmospheric hindcast for the mediter-

ranean basin: contribution to the regional improvement of global reanalysis. Cli-

mate Dynamics 25, 219–236.

Sverdrup, H., Munk, W., 1947. Wind, sea and swell: theory of relations for forecasting.

U.S Navy Hydrographic Office.

Takens, F., 1981. Detecting strange attractors in turbulence, lecture notes in mathe-

matics. Lecture Notes in Mathematics 898, 366.

Thompson, E., 2002. Coastal engineering manual, part 2. U.S. Army Engineer Re-

search and Development Center.

Tomás, A., Méndez, F., Losada, I., 2008. A method for spatial calibration of wave

hindcast data bases. Continental Shelf Research 28 (3), 391–398.

Trigo, I. F., Bigg, G. R., Davies, T. D., 2002. Climatology of cyclogenesis mechanisms

in the mediterranean. Monthly Weather Review 130, 549.

Trigo, R., Osborn, T., Corte-Real, J., 2002. The north atlantic oscillation influence

on europe: climate impacts and associated physical mechanisms. Climate Research

20, 9–17.

Ustoorikar, K., Deo, M., 2008. Filling up gaps in wave data with genetic programming.

Marine Structures 21 (2-3), 177 – 195.



84 BIBLIOGRAPHY

Vignudelli, S., Gasparini, G. P., Astraldi, M., Schiano, M. E., Mar. 1999. A pos-

sible influence of the north atlantic oscillation on the circulation of the western

mediterranean sea. Journal of Geophysical Research 26, 623–626.

Wittman, P., Clancy, M., 2004. Thirty years of operational ocean wave forecasting at

fleet numerical meteorology and oceanography center. In: Symposium on the 50th

Anniversary of Operational Numerical Weather Prediction, University of Maryland.

Woolf, D. K., Challenor, P. G., Cotton, P. D., Oct. 2002. Variability and predictability

of the north atlantic wave climate. Journal of Geophysical Research (Oceans) 107,

3145.



Publications



 



 

Journal of Coastal Research, Special Issue 50, 2007 
 

Journal of Coastal Research SI 50 329 - 333 ICS2007 (Proceedings) Australia ISSN 0749.0208 

Application of a POT model to estimate the extreme significant wave height levels 
around the Balearic Sea (Western Mediterranean) 
 
 
B. Cañellas†, A. Orfila†, F. J. Méndez‡, M. Menéndez‡, Gómez-Pujol. L.  and J. Tintoré†

  
†IMEDEA (CSIC – UIB) 
07190, Illes Balears, Spain 

‡ Ocean & Coastal Research Group, IH Cantabria 
Universidad de Cantabria 
39005, Santander, Spain 

 
 

ABSTRACT
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Extreme value wave climate analysis at a particular site requires predicting long-term wave height levels from 
short duration records. In the present work we used the Peak Over Threshold (POT) model, assuming the 
frequency as a Poisson process and the intensity to be Pareto distributed, to characterise the spatial variability of 
the long-term extreme value wave climate along the Balearic Sea. Wave data used is part of the HIPOCAS 
database, a 44-years high resolution, spatial and temporal, wave hindcast covering an area between 38ºN-42ºN 
and 1ºW-6ºE, of the western Mediterranean Sea. The use of data from a homogeneous grid, instead of a single 
location wave data record, allows describing the spatial variability of the long-term extreme wave height levels 
over the whole Balearic basin. Results show that extreme values for a 50-year return period level around 11 m 
are found in the north sector of the Balearic Islands while in the southern part much lower extreme values are 
found, due to the shadow effect of the islands under severe north-eastern storms. 

ADDITIONAL INDEX WORDS: extreme wave climate, HIPOCAS, spatial variability. 
 

INTRODUCTION
Detailed assessment of wave climate is a previous 

requirement for all human activities in the coastal zone. Beach 
nourishment, port design and operability, dispersion and 
diffusion of pollutants are some examples that require a precise 
knowledge of the long-term distribution of significant wave 
height, Hs, and mean period, Tm, as well as the long-term 
extreme value distribution. On the other hand, wave climate 
analysis requires a large amount of data to ensure the statistical 
significance. These data have been collected in the last decades 
using scalar and directional wave buoys moored at specific 
locations providing high temporal resolution records. In the last 
decade, satellites have been used to overcome the spatial lack 
of data (KROGSTAD AND BARSTOW, 1999) but the problem of 
having a large amount of spatial and temporal wave records 
were still unresolved. 

QUEFFEULOU (2005) used altimeter data to perform an 
analysis of the wave height variability over the Mediterranean 
Sea but, as noted for some authors, altimeter data has, as a 
shortcoming, its temporal inhomogeneity and a coarse spatial 
resolution in areas like the Western Mediterranean, marked by 
a complex orography. 
Statistical analysis of wave climate has been thus carried out 
with relatively short data sets, e.g. 10 years of data for the 
satellite altimeters (TOPEX, ERS-1/2) used in the analysis 
carried out by QUEFFEULOU (2005).  

Alternatively, wave generation models are another option to 
avoid the usual lack of data in ocean and atmospheric studies. 
Models are initialised with real conditions and the deviation 
due to the nonlinearity of the governing equations corrected 
with the assimilation of data. Numerical models can be now 

implemented in very fine grids. These hindcast models have 
become a powerful tool not only for engineering or prediction 
scales but for climate studies involving large temporal periods. 
The 44 years of hourly wave data base with 0.125º spatial 
resolution obtained from HIPOCAS project (SOARES et al., 
2002) in the Western Mediterranean is used in the present 
work. 

In order to characterise the long-term extreme value 
distribution of significant wave height in the Balearic Sea, we 
use the Peak Over Threshold (POT) method, which is widely 
used in the definition of the extreme behaviour of severe 
storms. The spatial variability of the extreme wave events is 
obtained determining the 50-year return period quantile in 
every node. 

The paper is structured as follows. In the first section, we 
present the wave data as well as the POT model. The next 
section deals with the estimation of the extreme value return 
levels. The 50-year return period levels over the Balearic Sea is 
presented and discussed in the third section. Finally we 
conclude the work. 
 

DATA AND METHODOLOGY 

The HIPOCAS Data 
Wave data is part of the HIPOCAS Project (Hindcast of 

Dynamic Processes of the Ocean and Coastal Areas of 
Europe).This database consists on a high resolution, spatial and 
temporal, long-term hindcasted data set (SOARES et al., 2002). 
This re-analysis covers, on an hourly basis, a period ranging 
from 1958 to 2001 providing 44-years of wave data over an 
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homogeneous grid. HIPOCAS dataset was produced by means 
of dynamical downscaling from the NCEP/NCAR global re-
analysis using the regional atmospheric model REMO. Hourly 
wind fields from the REMO (U10) were used as forcing for the 
third generation wave model WAM. As a result, wave data 
used are the output of the WAM model implemented in a 1/8º 
resolution mesh over the Western Mediterranean Sea. In this 
work we cover 1387 nodes in an area between 38ºN-42ºN and 
1ºW-6ºE (Figure 1). This dataset provides the opportunity to 
perform a significant analysis of return period levels at deep 
waters and their spatial distribution, which can help to 
understand the severity of the storms in this particular area. 
 
The Generalised Extreme Value and Generalised 
Pareto Distribution 

The classical approach to perform an extreme value analysis 
is to fit the annual maxima values with the Generalised 
Extreme Value (GEV) cumulative distribution function,  
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where � is the location parameter, � > 0 is the so-called scale 
parameter and � is a shape parameter which determines the tail 
of the distribution. When � � 0 the GEV distribution 
corresponds to the Gumbel family, conversely for � > 0 the 
Fréchet form is adopted and for � < 0 the Weibull form is 
adopted. The annual maxima method developed by GUMBEL 
(1958) considers only the largest value for each year. There is 
some criticism in the use of this approach because using only 
the maximum value per year leads to the loss of information 
contained in other large–sample values for a given period 
(CASTILLO AND HADI, 1997). 

To solve the problem of working only with a data per year 
the Generalised Pareto Distribution (GPD) was introduced by 
PICKANDS (1975). The GPD method models all values larger 
than a given threshold u. The differences between these values 
and the threshold u are called exceedances over the threshold 
and it is assumed to follow a GPD (�, �) distribution whose 
Cumulative Distribution Function is defined by,  
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where �>0 is the location parameter, -�<�<� is the shape 
parameter and y are the exceedances over the threshold u (y= x-
u>0).  
 
The Poisson-GPD Model 

A modification to the model defined in Eq.(2) is the Poisson-
GPD model for exceedances, originally developed by 
hydrologists, which is closely related to the Peaks Over 
Threshold (POT) method. This model is a joint distribution, the 
GPD, for the exceedances values y, and a Poisson distribution 
for the number of exceedances over a level u in any given year. 
With this model, one can estimate not only the intensity of the 
exceedances but also the frequency of these events.  

Therefore we assume that the number, N, of exceedances of 
the level u in any one year has a Poisson distribution with mean 
�, and the exceedances {yi}N

i=1 are independent and identically 
distributed from the GPD. 

Under these hypothesis, the probability that the annual 
maximum of the GPD-P process is lower than a value x, with 
x>u, is given by,  
 

  1/

( ) exp 1 x uF x
�

� �
�

�

�

� ��� � 
� � �� �� �
� 	� �� �

                     (3) 

 
where the Poisson parameter �, the scale parameter � and the 
shape parameter, � are to be determined. 
 
Parameter Estimation

The GPD-P model reduces to the determination of the three 
unknown parameters, �>0, �>0 and -�<�<�. The scale and 
shape parameters arise from the GPD (PICKANDS, 1975) and � 
from the Poisson distribution. These three parameters are 
estimated using the Maximum Likelihood Method (MLM). The 
Maximum Likelihood Estimators are the values of the 
unknown parameters that maximise the log-likelihood function. 
In practise these are local maxima found by nonlinear 
optimisation.  

The log-likelihood function for the GPD-P, if N exceedances 
are observed over a �-year period is given by, 
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Maximising );( kyl �  respect to � = (�, �, �) in the GPD-P 

leads to the maximum likelihood estimate � �ˆ ˆ ˆˆ, ,� � � �� .On the 

other hand a useful relation between the GEV and GPD-P 
parameters is found in literature (SMITH, 2003), 
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Figure 1. Geographic location of the study area and the 1/8º 
resolution HIPOCAS grid over the Balearic Sea. 
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Then through a simple parameter substitution (eq.5 into eq.4) 
we could express the model in terms of the GEV parameters 
( , ,� � � ) and, consequently, fit the GPD-P model. 
 
Threshold Selection and Time Span for the 
GPD-P

An important issue when modelling threshold excesses with 
the GPD-P is to choose correctly the threshold value u and the 
minimum time span �t between successive extreme events. 
Then the extreme events are identified by considering all values 
larger than a given threshold u and with a minimum time span 
�t between the storms, to ensure the meteorological 
independence of the observed excesses. It is not an easy aspect 
because it requires a balance between bias and variance caused 
by the selected threshold.  If the selected threshold is too low 
we will violate the asymptotic basis of the model, causing bias. 
On the other hand a too high threshold will produce few 
excesses over the selected threshold causing a high variance in 
the estimated values (MENDEZ et al., 2006).   

Some tools are available to choose the “correct” threshold. 
For example an aprioristic test like the mean excess plot 
(COLES, 2001) can be used (Figure 2). This test leads to a quick 
estimation of the shape parameter �. Assuming that Y follows a 
GPD distribution, the mean excess over threshold u, is a linear 
function of u with slope � ��� �1/ . 

However, sometimes, the mean excess plot can be difficult to 
interpret, making the decision subjective (COLES, 2001). As an 
example, in Figure 2, a linear tendency for a threshold above 
u>5 metres is observed at the HIPOCAS node 1193, located at 
Menorca’s island north shore but a more precise value is 
difficult to obtain.  

To avoid the subjectivity in the threshold selection, we use 
an alternative diagnostic method known as the W-statistic plot 
(SMITH, 2003). The W-statistic is defined as, 
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This method is based on, if all assumptions are correct, 

including the selected threshold u and the time span �t, then Wi 
are also independent and exponentially distributed variables 
with mean 1. Figure 3 shows the quantile plot (QQ-plot) for the 
W-statistic at the same HIPOCAS node, for the selected 

threshold u = 5.2 metres and �t = 72 hours. As seen in this 
figure, expected values for W are close to the observed ones 
with a slope near the unit diagonal, indicating the suitability of 
the selected parameters u and �t.  

The W-statistic was applied at each grid point for different 
time spans, between 12 and 144 hours. Finally, a time span �t = 
72 hours was selected for the whole area and a value for the 
threshold u corresponding to the 99.5% percentile of the 
empirical distribution was chosen at each grid point. 

Model Selection
The selection of the simplest possible model that fits the data 

sufficiently well is important. Therefore, we check for every 
point if the contribution of the shape parameter �  is 
statistically significant. This is performed using the likelihood 
ratio test (COLES, 2001). With nested models 

A BM M� ( BM including the shape parameter  and 
AM with 

the shape parameter 0� � ), we can assure that model 
BM  

explains substantially (at the � -level of significance) more 
variability in the data than 

AM   if  ! 2
,12 ( ) ( )B B A A kl M l M �" �� � , 

where ( )B Bl M and ( )A Al M  are the maximised log-likelihood 
functions under models 

BM  and
AM , respectively, and 2

,1k �" �
 is 

the 1-�  quantile of the 2"  distribution with k degrees of 
freedom ( 84.305.0,1

2 #" ).  
Figure 4(a) shows the estimated shape parameter for the 

whole area and 4(b) shows the statistical significance of the 
inclusion of the shape parameter. As seen, we can distinguish 
three different areas, depending on the value of the shape 
parameter � . The dark colour in Figure 4(b) reveals that for 
this area, it is not significant the inclusion of the shape 
parameter (which corresponds to the Gumbel family for the 
GEV distribution or the exponential for the GPD distribution). 
The western area corresponds with a Weibull tail (�<0) and the 
extreme waves in the area around Spain has a Frechet tail 
(�>0). Therefore, for the area where the inclusion of the shape 
parameter � is not significant we fix the value (�=0). 
 

 
 
Figure 3.  W statistic quantile plot for u=5.2 meters and a 72 
hours time span at the HIPOCAS node 1193. 

 

Figure 2. Mean excess plot for different thresholds values.  
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Return Levels for Hs50
The N-year return level is the average time interval in years 

between successive events of an extreme significant wave 
height being equalled or exceeded. So, the probability that Hs 
will be exceeded in any given year is, 
 

N
xHF s

11)( ��$ (7)

being F(x) the values of a cumulative probability distribution 
function and N the return period. Therefore a fifty-year return 
period is equivalent to F (Hs � x) � 0.98. 

For the 1387 HIPOCAS grid points the GPD-P case HsN, 
could be estimated as, 

               
� � �

�
�

��
�

�

�
$

��
)(ln xHsF

uHsN             

(8) 
 

Results for the 50-year return period significant wave height 
are shown in Figure (5). These values are around 11 metres in 
the northern quadrant of the islands while in the southern part 
are less than 8 metres. This is the result of the shadow effect of 
the islands over the intense north fetch produced by the storms. 
Extreme wave heights over the Catalan coast are significantly 
lower than those obtained in the north of the Islands due to the 
angular spreading of the more severe storms.

DISCUSSION AND CONCLUSION 
Deep water wave climate over the Balearic Sea has in general 

a complex pattern as a result of the complex orography of the 
surrounding area. The Mediterranean Sea is well known to be 
one of the most active cyclogenetic area in the world where the 
climate is mainly conditioned by severe atmospheric forcing 
during winters. The mountains range in the vicinity is a key 
factor controlling the storm track. The role of the Pyrenees in 
the west part and the Alps in the north-east area are decisive 
boundaries for the wind and pressure distribution over the 
whole basin. The north western part and central part of the 
Balearic Sea are forced by northerly winds (mistral) during the 
main part of the year, while the eastern part is generally 
modulated by a seasonal variability.  Gale forced mistrals often 
develop over the Gulf of Genova when the passage of the 500 

mb thought cross the south eastern part of France extending the 
effects over the whole basin. 

In order to have a rough idea of the behaviour of the storms, 
the intensity and direction of the maximum significant wave 
height for the 44 years data are shown in Figure 6. As seen, 
prevailing directions are from the northeast along the Balearic 
Sea. This result was previously observed by SOTILLO et al. 
(2006) where a high wind area was identified along the 
Western Mediterranean from the Gulf of Lions to Northern 
Algeria and Tunisia. Wind speeds for a 100-year return period 
shows a maximum located in the Gulf of Lions with levels of 
winds up to 30m/s. In the eastern part, differences in wave 
directions are obtained as a result of the different storm track 
pattern over this area. As seen, maximum significant wave 
heights are reached in the Balearic Channel as was obtained 
from the GPD-P distribution.  

From the analysis we can conclude that the GPD-P 
distribution provides a good estimation for wave climate 
analysis. The analysis performed provided the spatial 
variability of the 50-year return period significant wave height. 
The shadow effect of the islands and the angular spreading of 

Figure 5. Spatial distribution of  Hs50 

Figure 4. Spatial distribution of (a) shape parameter � and (b) statistical significance of the shape parameter %� 



 

Journal of Coastal Research, Special Issue 50, 2007 

 Extreme wave climate analysis: spatial variability 333

the storms produce a reduction in the magnitude of the higher 
return levels. 

Results also show a spatial variability of the tail of the 
extreme value distribution: in the western area a bounded tail 
(Weibull) is detected. This can be associated to a homogeneous 
distribution in the intensity of the extreme events. On the other 
hand, along the Spanish littoral, the extreme waves tend to be 
heavy tail distributed (Fréchet). This aspect can be related on 
the two main storms that affected this area in December, 1981 
and November, 2001. This last storm was driven by heavy 
Mistral winds (up to 40 m/s) with a large associated fetch, 
going from the Liguria Sea to the Balearic channel. HIPOCAS 
nodes located in the area, show maximum significant wave 
heights over 12 metres at deep waters.  

The use of data from the HIPOCAS re-analysis provides a 
powerful tool for the estimation of the extreme events for a risk 
analysis in the western Mediterranean Sea.  
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Influence of the NAO on the northwestern 
Mediterranean wave climate
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SUMMARY: This study examines teleconnections between the North Atlantic Oscillation (NAO) and the wave climate 
of the northwestern Mediterranean Sea (NWM), defined by the monthly mean significant wave height (SWH) and the 95th 
percentile significant wave height (95th percentile SWH), in the period ranging from 1958 to 2001. The data analyzed comes 
from the multidecadal hindcast over Europe carried out during the HIPOCAS project. In order to avoid fictitious cross-corre-
lations, data were prewhitened by fitting a p-order autoregressive model. To split the temporal and spatial variability, an EOF 
encoding technique was applied to residuals before searching for teleconnections. We found the northwestern Mediterranean 
wave climate to be influenced by the North Atlantic Oscillation (NAO) with an instantaneous response. When the NAO is 
in its positive phase, positive anomalies in the SWH and the 95th percentile SWH appear in the area between the Balearic 
Islands, the Gulf of Lions and the Catalonian coast.

Keywords: teleconnections, wave climate, NAO, EOF, Mediterranean Sea, variability. 

RESUMEN: Influencia de la nao en el clima marítimo del Mediterráneo noroccidental. – El presente trabajo es-
tudia las teleconexiones entre la Oscilación del Atlántico Norte (NAO) y el clima marítimo en el Mediterráneo noroccidental, 
definido por la media mensual de la altura significante (SWH) y la media mensual de la altura significante correspondiente 
al percentil 95 (percentil 95 SWH), en el período comprendido entre 1958 y 2001. Los datos analizados corresponden al 
retroanálisis de 44 años de datos atmosféricos, dentro del marco del proyecto HIPOCAS. Estos datos han sido codificados en 
forma de EOFs para obtener la variabilidad espacio-temporal asociada a la NAO. Los datos utilizados han sido previamente 
blanqueados para evitar correlaciones ficticias entre las series, mediante el ajuste a un modelo autorregresivo de orden p. 
Los resultados muestran como el clima marítimo del Mediterráneo noroccidental está influenciado a escala mensual por 
las distintas fases de la NAO. Cuando la NAO está en su fase positiva, podemos observar anomalías positivas en la altura 
significante media mensual, así como en la altura de ola correspondiente al percentil 95, estas anomalías aparecen en la zona 
comprendida entre las Islas Baleares, el Golfo de León y la costa catalana.

Palabras clave: teleconexiones, clima marítimo, NAO, EOF, variabilidad, mar Mediterráneo. 
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INTRODUCTION

Teleconnections are interactions between widely 
separated parts of the ocean and the atmosphere oc-
curring at different time scales. These interactions 
lead to recurring and persistent modes of low-fre-
quency variability in large-scale patterns of atmos-
pheric pressure and ocean circulation anomalies 

(Vignudelli et al., 1999; Orfila et al., 2005). These 
anomalies in the large-scale circulation are manifest-
ed in surface waves and drive some of the variability 
of the wave climate, which has consequences for the 
operation and safety of shipping, offshore activi-
ties, and coastal development, among other things 
(Kushnir et al., 1997). Therefore, it is important to 
search for and recognize teleconnections in order to 
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predict and characterize the wave climate variability 
over time.

A fraction of the interannual variability in the 
climate in Europe is associated with a single pattern 
of pressure anomalies in the north eastern Atlantic 
area, known as the North Atlantic Oscillation (NAO) 
(Hurrell, 1995). The NAO has long been identified 
as a major factor in climate variability and oceanic 
variability in many areas of the northern hemisphere 
(e.g. Rogers, 1997; Rodwell et al., 1999; Vignudelli 
et al., 1999; Hurrell et al., 2001; Lionello and Sanna, 
2005; Lionello and Galati, 2008). It can be described 
as an irregular oscillatory transfer of mass between 
two main centres of action, the Icelandic Low and 
the Azores High, that modify the paths of the storms 
crossing the North Atlantic from the east coast of 
America to Europe (Woolf et al., 2002). 

Wave climate analysis requires a large amount 
of data to ensure statistical significance (Cañellas 
et al., 2007). Traditionally, these data have been 
collected using scalar and directional wave buoys 
moored at specific locations, which provide high 
temporal resolution records. In the last decade, satel-
lites have been used to overcome the spatial lack of 
data (Krogstad and Barstow, 1999) but the problem 
of having a large amount of spatial and temporal 
wave records is still unresolved. Queffeulou (2005, 
2007) used altimeter data to analyze the wave height 
variability over the Mediterranean Sea. However, al-
timeter data have a shortcoming: they are temporally 
inhomogeneous and has a coarse spatial resolution 
in areas like the western Mediterranean, marked by a 
complex orography. Alternatively, wave generation 
models are another option to avoid the usual lack of 
data in ocean and atmospheric studies. Models are 
initialized with real conditions and the deviation due 
to the nonlinearity of the governing equations is cor-
rected by data assimilation. Numerical models can 
now be implemented in very fine grids. Although, 
hindcasted model data usually underestimate the 
actual sea wave height (SWH) when compared with 
buoy observations, satellite data and simulations 
forced by higher resolution wind fields, they provide 
a reliable representation of the real space and time 
variability (Lionello and Sanna, 2005). Therefore, 
these hindcast models have become a powerful tool 
not only for engineering and predicting scales but 
for carrying out climate studies involving large tem-
poral periods.

The Mediterranean Sea is well known to be one 
of the most active cyclogenetic areas in the world. 

The orography of the surrounding area with the 
Pyrenees in the western part and the Alps in the 
north-eastern part are natural barriers controlling the 
generation and track patterns of cyclones over the 
western Mediterranean area. In this area, the climate 
is mainly conditioned by severe atmospheric forcing 
during the winter season, when the polar front jet 
is more likely to influence Mediterranean cyclogen-
esis and weather (Trigo et al., 2002a). Most of the 
strong winds observed in the Mediterranean belong 
to the category of local winds and are originated as 
down slope flows by air-flow/mountain interaction, 
or are due to channelling effects (Buzzi et al., 2005). 
The northwestern Mediterranean area is forced by 
northerly and north-westerly winds during most of 
the year, while less intense cyclogenetic activity is 
observed during the rest of the year (Trigo et al., 
2002b; Cañellas et al., 2007).

This study explores the influence of the monthly 
NAO index as a general descriptor of the pressure 
field variability in North Atlantic areas, on the 
monthly average SWH fields in the northwestern 
Mediterranean Sea, and the 95th percentile signifi-
cant wave height, in the period from 1958 to 2001. 

44 years of hourly wave data with 0.125º spa-
tial resolution obtained from the HIPOCAS project 
(Ratsimandresy et al., 2008) in the northwestern 
Mediterranean Sea (Fig. 1) were analyzed. The un-
derlying assumption is that the wave climate for the 
northwestern Mediterranean area is influenced by 
large-scale atmospheric patterns of variability, like 
the NAO phenomenon, originated in the adjacent 
Atlantic Ocean. The article is structured as follows: 
Section 2 describes the data and methodology em-
ployed in the study. Results obtained from the EOF 
analysis are shown in Section 3. Section 4 discusses 
and concludes the work.

MATERIALS AND METHODS

Wave data is part of the HIPOCAS Project (Hind-
cast of Dynamic Processes of the Ocean and Coastal 
Areas of Europe) (Soares et al., 2008). This database 
consists in a high resolution (spatial and temporal), 
long-term hindcasted dataset that covers the period 
from 1958 to 2001 on an hourly basis. It provides 44 
years of wave data over a homogeneous grid. The 
HIPOCAS dataset was produced by means of dy-
namical downscaling from the NCEP/NCAR global 
reanalysis (Kalnay et al., 1996) using the regional 
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atmospheric model REMO (Jacob and Podzun, 
1997). Hourly wind fields from REMO were used 
as the forcing for the third generation wave model 
WAM (see Sotillo et al., 2006, for more details). In 
the present paper, we use 2021 HIPOCAS nodes in 
an area between 40ºN-44ºN and 0º-6ºE (Fig. 1), with 
a spatial resolution of 1/8º. 

In the western Mediterranean Sea, SWH data 
from the HIPOCAS database were extensively cali-
brated using altimeter and buoy data. The calibration 
was achieved through the EOF decomposition of the 
spatial modes and their temporal amplitudes, which 
were then transformed using a non-linear parameter-
ization to fit the satellite and buoy data adequately 
(for more details please see, Cavaleri et al., 2005; 
Tomas et al., 2008).

Monthly NAO index data were provided by the 
Climate Analysis Section, NCAR (Hurrell, 1995). 
The NAO index used in this study has been calcu-
lated as the difference in the normalized pressure be-
tween Ponta Delgada in the Azores and Stykkishol-
mur in Reykjavik (Iceland). The wave parameters 
chosen for the correlation with the NAO index are 
the monthly mean significant wave height (SWH) 
and the 95th percentile of the SWH.

The monthly mean and standard deviation for 
the SWH were obtained by fitting hourly time se-
ries to a log-normal probability distribution of the 
entire HIPOCAS database (Jaspers, 1956). There is 
no theoretical basis for selecting the initial unknown 

probability distribution function to represent the 
observed data. Some other probability distributions 
are also valid for this purpose: the most common 
is the bi-parametric Weibull distribution and the 
Log-Normal distribution. These two distributions 
are good enough to describe the mean behaviour 
of the SWH time series. However, we did not use 
the whole record to compute the mean and standard 
deviation to avoid a possible “contamination” in 
the SWH statistics due to the influence of extremal 
maxima/minima. Then, fitted data correspond only 
to the SWH between the 5 and 95th percentiles of the 
cumulative distribution function in order to exclude 
SWH that correspond to the extremal range of prob-
ability. As a result, the mean and standard deviation 
for each month at each node were obtained from this 
probability distribution. Moreover, the 95th percen-
tile SWH (which corresponds to those wave heights 
that are only surpassed during 5% of each year) was 
obtained using the same theoretical probability func-
tion. With this parameter, only the highest SWH are 
retained, and are a good indicator for the most ex-
treme long term SWH episodes.

Once hourly data are aggregated into the monthly 
statistical parameters, data are encoded with Em-
pirical Orthogonal Functions (EOFs) to identify 
the preferred modes of variability (Preisendorfer, 
1988). EOF decomposition of the temporal vari-
ance describes these spatial patterns with the highest 
contribution to time variability. However, if the EOF 
decomposition of the spatial variance is carried out, 
spatial patterns with the strongest spatial gradients 
will be obtained (Álvarez, 2003). In this study, we 
have focused on spatial variance EOF modes since 
we are interested in the possible influence of the 
NAO on the variability of the spatial patterns of the 
wave climate. Time series from the temporal ampli-
tudes associated with these EOFs are used to cross 
correlate with the monthly NAO index.

Cross-correlation functions strongly depend on 
the structure of the original time series through auto-
correlation, which implies that nonzero values of the 
cross-correlation function do not necessarily repre-
sent a relationship between two time series if they 
are auto-correlated (Katz, 1988). In order to avoid 
possible artificial cross correlations, a prewhitening 
of each time series was carried out. Prewhitening fits 
a p-order autoregressive model (AR (p)) of the form

 x(t) = a1x(t – 1) + … + apx(t–p)+Φ(t) (1)

Fig. 1. – Geographic location of the study area.
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to the original time series, which is sufficient to 
reduce the residuals {Φ(t)} to white noise. The or-
der of the autoregressive is selected by the Akaike 
Information Criterion (Akaike, 1974). The Akaike 
Information Criterion (AIC) determines the model 
order “p” by minimizing a theoretical information 
function given by,

 AIC(p) = Nln(σ2
x(p))+2p (2)

where N is the number of samples and σ2
x is the es-

timated variance of the white driving noise and the 
term 2p in Equation (2) is a ‘‘penalty’’ for the use 
of extra AR coefficients that do not substantially re-
duce the prediction error (Konyaev, 1990). Once the 
value of the filter order “p” is obtained by minimiz-
ing Equation (2) the residuals obtained after fitting 
the AR (p) process in Eq. (1) are not autocorrelated 
time series.

RESULTS

Spatial Variance EOF modes for monthly mean 
SWH

The first two EOFs account for 91.03% of the 
total variance (Fig. 2) and are related to the spatial 
patterns with the highest contribution to the spatial 
variance of the significant wave height fields.

For the first EOF, which accounts for 82.79% of 
the total variance (Fig. 3A), the resulting EOF de-
composition shows a strong spatial gradient in the 
west-east direction, with a maximum anomaly lo-
cated on the east boundary. Conversely, the second 
spatial EOF mode, which accounts for 8.25% of the 
total variance, (Fig. 3B), shows no spatial gradients. 
This pattern displays an isostatic response of the 
whole area, modulated throughout the year by the 
temporal amplitude time series.

The order applied for the prewhitening attending 
the AIC is p = 2 for the NAO index and 12 for the 
temporal amplitudes of both EOFs. The spatial mean 
time series, computed for each of the 528 months 
(not prewhitened), is shown in Figure 4A. Maximum 
values are reached during the autumn-winter months. 
For the monthly mean SWH, the autocorrelation 
function (not shown) is negatively autocorrelated at 
time lag τ = 6, which indicates strong seasonality. 

For the first EOF, the temporal amplitude 
presents an annual cycle that is highly influenced 

by seasonality (Fig. 4B, C): the autumn-winter 
months have the highest positive amplitudes (Fig. 
4B), while spring-summer months have less intense 
significant wave height fields in the whole area 
analyzed.
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Fig. 2. – Variance explained by the first six EOFs for the monthly 
SWH. The grey dotted line corresponds to the 0.95 cumulative ex-
plained variance. Only EOFs with explained variance above this line 

were selected for the analysis.

Fig. 3. – A, first spatial variance EOF mode for the monthly mean 
SWH; B, second spatial variance EOF mode for the monthly mean 

SWH.
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Cross-correlation between first temporal ampli-
tude time series and the NAO index provides, as 
expected, no significant correlation at the 95% level 
of confidence. The power density spectrum (not 
shown) for this amplitude was calculated showing 
a dominant peak at twelve months, which indicates 
that this mode explains the variability introduced by 
the annual cycle. 

However, a significant correlation was found (at 
the 95% confidence bounds) between the NAO index 
and the amplitude of the second EOF. The Maximum 
correlation is at time lag τ = 0 (Fig. 5), implying an 
instantaneous response at monthly time scales.

When the time amplitude is at its maximum posi-
tive values, the response of this second EOF mode 
can contribute up to 0.20 m to the mean SWH in the 
area between the Balearic Islands, the Gulf of Lions 
and the Catalonian coast.

Spatial Variance EOF modes for the 95th 
percentile monthly mean SWH

The first four EOF modes were retained for the 
95th percentile SWH. These modes explain 92.38% 
of the total variance (Fig. 6).

Like in the monthly mean SWH results, the 
95th percentile SWH variability is mainly re-

produced by the first mode, which accounts for 
72.54% of the total variance. The spatial pattern 
for this mode (Fig. 7A) shows a longitudinal gra-
dient. For negative amplitudes we can observe 
negative anomalies along the coast and positive 
anomalies between the Balearic Islands and the 
Gulf of Lions. The second EOF mode accounts for 
10.87% of the total variance and its spatial pat-
tern displays the same isostatic response as seen 
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in the monthly mean SWH results (Fig. 7B). The 
third EOF mode accounts for 5.10% of the total 
variance and its spatial pattern displays a maxi-
mum negative anomaly on the east boundary (Fig. 
7C). The location and orientation of this pattern 
reflects the fetch associated with SW winds. The 
fourth EOF mode accounts for 3.87% of the total 
variance and its spatial pattern displays a maxi-

mum anomaly between the continental shelf and 
the Balearic Islands (Fig. 7D). 

Prewhitening was applied to the 95th percentile 
time amplitude time series. The filtering order “p” is 
again 12 for the four temporal amplitudes analyzed.

The spatial mean time series for the 95th percentile 
SWH is shown in Figure 8A. Maximum values are 
reached during the autumn-winter months. Similari-
ties were found between the monthly mean SWH and 
the 95th percentile SWH, not only in the spatial mean 
time evolution, but also in the two first EOF modes. 
The autocorrelation function (not shown) anti-cor-
relates the mean at lag 6, which indicates negative 
correlations when values for the summer and winter 
months are compared. The two wave parameters 
(monthly mean SWH and the 95th percentile SWH) 
show identical time evolutions, with maximum and 
minimum values at the same time lags. However, 
the main differences between them are found in their 
intensity, between their spatial patterns as well as in 
the variance explained by each mode.

There is also strong seasonality in the first tempo-
ral amplitude, which shows maximum values during 
winter, and minimum values during summer. Cross-
correlation between the first temporal amplitude for 
the 95th percentile SWH (Fig. 8B) and the NAO in-
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Fig. 7. – A, first spatial variance EOF mode for the 95th percentile SWH; B, second spatial variance EOF mode for the 95th percentile SWH; C, 
third spatial variance EOF mode for the 95th percentile SWH; and D, fourth spatial variance EOF mode for the 95th percentile SWH.
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dex provides, as expected, no significant correlation 
at the 95% level of confidence (not shown).

However, significant correlations are found in 
the 2nd, 3rd and 4th temporal amplitudes. The 2nd 
EOF amplitude (Fig. 8C) is correlated with the NAO 
index at time lag τ = 0, (Fig. 9A). The maximum 
anomaly reaches 0.60 m in the whole area when the 
amplitude is at its maximum.

The time amplitude for the 3rd mode (Fig. 8D) is 
also correlated with the NAO index at time lag τ = 
0 (Fig. 9B). The contribution of this mode indicates 
that when the NAO index is in its positive phase, a 
negative spatial anomaly appears in the eastern area, 
which indicates less intense extreme SWH fields. 
When the time amplitude is at its maximum values 
the maximum anomaly reaches 0.60 m in the area 
corresponding to a fetch from the island of Corsica 
to the Gulf of Lions.

Finally, the fourth EOF temporal amplitude (Fig. 
8E), like previous amplitudes analyzed, shows a sig-
nificant correlation with the NAO index at time lag τ 
= 0 (Fig. 9C). The basic difference with other ampli-
tudes is its intensity. This amplitude has a value close 
to zero during the entire record, which indicates that, 

for most of the time, this mode might not contribute 
to the reconstructed field. However, the maximum 
amplitude obtained falls into this mode (December 
1980) and contributes to the spatial field with 2.50 
m in the 95th percentile SWH. This anomaly is con-
strained to the area between the Catalonian coast and 
the Balearic Islands.

DISCUSSION

This study shows that the NAO phenomenon 
contributes to the spatial variability found in the 
northwestern Mediterranean. When the NAO is in its 
positive phase there is a reinforcement of the north-
erly cold and dry air masses from the arctic regions, 
which generates more severe weather conditions over 
the northwestern Mediterranean Sea (Hurrell, 1995; 
Hurrel et al., 2001). However, the negative phase of 
the NAO exhibits a weakening of the westerlies over 
the entrire North Atlantic into Europe. 

The results obtained in this study were computed 
with one of the several indicators of NAO activity. 
Other useful indexes are also available in the NCAR 
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database. One of them is the DJFM (December to 
March) NAO index. When this DJFM NAO index 
was correlated with the December to March aggre-
gated SWH, it returned higher values because it is 
in this period of the year when the NAO signature 
is much more noticeable. However, in the Decem-
ber to March aggregation the loss of information is 

evident, masking other important key controlling at-
mospheric patterns, such the intrannual atmospheric/
oceanographic cycle and the monthly evolution of 
the studied wave climate parameters.

The northwestern Mediterranean climatology has 
high cyclogenetic activity during the autumn-winter 
months associated with severe weather conditions 
that drive intense winds from the northeast and 
northwest (Campins et al., 2000; Picornell et al. 
2001; Trigo et al. 2002b). However, in summer the 
wind pattern changes, and the direction and intensity 
is more variable. This is in agreement with the results 
obtained for the first temporal amplitudes in the two 
analyzed fields (monthly mean SWH and 95th per-
centile SWH), with maximum amplitudes located in 
the winter months. This pattern was already observed 
and characterized by Lionello and Sanna (2005) as 
the annual cycle for the monthly mean SWH. 

The first mode explains around 70 to 80% of the 
total variance for both fields. The analysis of the 
spatial decomposition of monthly SWH statistical 
parameters, power spectral densities, autocorrela-
tions and cross-correlations implies that the first 
modes explain only the variability introduced by 
the summer-winter intrannual cycle. We could not 
detect any influence of the NAO phenomena in the 
first mode, which explains most of the intrannual 
variability. 

A correlation between NAO and the second 
EOF amplitude was found for the spatial variance in 
monthly mean SWH; Lionello and Sanna (2005) had 
already observed a significant correlation between the 
second EOF amplitude for the monthly mean SWH 
and the NAO index. However, the second, third and 
fourth EOF amplitudes for the 95th percentile SWH 
are also significantly correlated. The response of these 
modes to the NAO was found to be instantaneous at a 
monthly time scale for both wave parameters. 

The two second EOF modes for the monthly 
mean SWH and the 95th percentile SWH show clear 
similarities, which reflect an isostatic response of the 
whole area modulated throughout the data records 
by the time amplitude. The anomalies for both 
modes, in the monthly mean SWH and 95th percen-
tile monthly mean SWH, contribute with 0.20 m and 
0.60 m respectively.

For the 95th percentile SWH two different patterns 
are shown for the third and fourth modes. The third 
mode displays a dipole shaped pattern with a maxi-
mum anomaly on the east boundary. The location and 
orientation of this pattern reflects the fetch associated 
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with the intense south-west winds originating in the 
island of Corsica and propagated to the Gulf of Li-
ons, which are most common during the wintertime 
(Fig. 10A). This negative anomaly in the eastern 
area during the positive phase of the NAO reduces 
the monthly mean SWH values by up to 0.60 m. The 
fourth EOF for the 95th percentile SWH mode also 
displays a dipole shaped pattern with maximum val-
ues for the anomaly between the Spanish continental 
shelf and the Balearic Islands. The location and orien-
tation of this pattern reflects the fetch associated with 
the intense winds from the north-east, which are often 
associated with the most severe sea storms recorded 
in the western Mediterranean. These storms usually 
cause coastal damage and large economic loss in loca-
tions like Mallorca and Valencia. 

In December 1980 (as well as November 2001, 
not shown) a severe storm was recorded in the area 
between Catalonia and the Balearic Islands, see for 
instance the amplitude in the 4th EOF for the 95th 
SWH percentile (see Fig. 8E). In this event, wind 
waves originated in the vicinity of the Gulf of Genoa 
with a south-west propagation direction (Fig. 10B). 
The observed fetch has the same spatial pattern as 
the fourth EOF mode. This mode suggests that the 
variability corresponding to these extreme events is 
reflected in this spatial pattern. 

The correlation of long term wave climate pa-
rameters with the NAO phenomena indicates that 
some of the variability of wave height is associated 
with the NAO in the northwestern Mediterranean 
Sea. However, a strong seasonal signal was found 

Fig. 10. – A, snapshot from the HIPOCAS database (12/01/2001), which shows the SWH field associated with the south-west winds generated 
near the island of Corsica and propagated towards the Gulf of Lions. B, snapshot from the HIPOCAS database (12/28/1980), which shows 
the fetch associated with the severe north-east winds, generated in the Gulf of Genoa and propagated towards the Catalonian coast, Valencia 

coast and the Balearic Islands.
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in both parameters, monthly mean SWH and the 
95th percentile monthly mean SWH, as suggested by 
previous studies of the cyclogenetic activity of the 
Mediterranean This fact has already been noted by 
Lionello and Sanna (2005).

The two analyzed parameters provided good re-
sults for the analysis; however, we found that the 95th 
percentile SWH provides more dynamic information 
(patterns of variability in higher order EOFs) than 
the monthly mean SWH. 
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a b s t r a c t

This study explores the suitability of a soft computing technique to predict (forecast and hindcast)

significant wave heights in some areas of the Mediterranean Sea. Using a 44-year database of

meteorological and oceanographic records we train a genetic algorithm, to reconstruct a 44-year time

series of significant wave height at different coastal points of the Balearic Islands (Western

Mediterranean). The correlation obtained between the numerical model data and the algorithm output

is 0:80rr2r0:97. The equations obtained by the genetic algorithm are then used to predict significant

wave heights measured at several buoys. We make use of the equation from the node closest to the

buoy using as input wind data from the meteorological station at each buoy. We obtained that SWH at

each buoy can be predicted with a 1-h ahead forecast time using only wind data from the previous 12h

with a correlation of 0:87rr2r0:91.

& 2010 Elsevier Ltd. All rights reserved.

1. Introduction

Prediction of ocean surface waves is an important issue for some
of the most relevant human activities in the coastal zone. Beach
nourishment, port design and operability, dispersion and diffusion of
pollutants are some examples that require a precise knowledge of
predicted significant wave height (SWH) fields as well as their
extreme values (Sverdrup and Munk, 1947). SWH is an important
oceanographic parameter that is required to define a sea state or
estimate the wave climate in an area. Traditionally, prediction of
ocean surface waves requires the use of numerical models which
integrates the fluid governing equations. These models have become
a powerful tool not only for engineering or prediction works but also
for climate studies involving large temporal periods. However, one
of the major drawbacks of the numerical models is the large
computational resources required for integrating the primitive
equations over fine grids or large areas.

An alternative to prediction based on first physical principles is
the use of past observations to predict the evolution of a dynamical
system. Takens (1981) provided the theoretical background to build
prediction models from past observations of chaotic time series.
Specifically, Taken’s theorem states that given a deterministic time
series of observations fxig ¼ fxði � tÞ i¼ 1 . . .Mg, where t is the
sampling time, there exists a map Pð�Þ satisfying,

xm ¼ Pðxm�1; xm�2; . . . ; xm�dÞ; ð1Þ

being d the embedding dimension.

For instance, Alvarez (2003) used genetic algorithms (GA) to
forecast the space–time variability of the Sea Surface Temperature in
the Alboran Sea (Western Mediterranean); Basu et al. (2005)
predicted significant wave heights in an area of the Arabian Sea,
using different time series of surface wind speeds and SWH from
three different oceanographic buoys as input for a GA; Gaur and Deo
(2008) used an alternative soft computing tool known as genetic
programming (GP, Koza, 1992) to explore the usefulness of this
method for real-timewave forecasting in a limited area of the Gulf of
Mexico, also this method is actually used by Guven (2009) for time
series modelling of daily flow rate at a river in US; Ustoorikar and
Deo (2008) compared two different empirical prediction methods
(GP and artificial neural networks (ANN)) to fill up gaps in wave data
from four wave rider buoys maintained by the US National Data
Buoy Center in the Gulf of Mexico. The ANN method was also used
by Arena and Puca (2004) to perform a reconstruction of SWH
records from two correlated buoys from the NOAA in California.

GA are one of the most extended techniques used for empirical
prediction. They are based on the evolutionary genetic laws, e.g.
reproduction, crossover and mutation where Darwinian theories
of natural selection and survival are used to approximate a map
that best describes a physical chaotic system.

In this work we apply a multivariable GA to a set of buoy and
numerical model wave data to predict directly from past values of
wind module and wind direction the SWH in the coastal areas of
the Balearic Sea (Western Mediterranean Sea). Moreover, this
study explores the possibility to forecast SWH in coastal areas
using a GA trained with wind at 10m from a meteorological
model and SWH from a numerical wave model.

Our results demonstrate the possibility not only to reproduce
a 44-year time-series from a numerical database, but to
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also predict SWH directly from wind buoy observations, using
the equations obtained previously by training an evolutionary
algorithm.

2. Data and methods

Wave and wind data used to train the algorithm are part of the
HIPOCAS Project (Hindcast of Dynamic Processes of the Ocean and
Coastal Areas of Europe) (Soares, 2008). This database consists on
a high resolution, spatial and temporal, long-term hindcasted data
set covering on an hourly basis a period ranging from 1958 to
2001 providing 44-years of wave data over an homogeneous grid.
HIPOCAS dataset was produced by means of dynamical
downscaling from the NCEP/NCAR global re-analysis using the
regional atmospheric model REMO (Kalnay et al., 1996; Jacob and
Podzun, 1997). Hourly wind fields from the REMO were used as
the forcing for a third generation wave model WAM, see Sotillo
et al. (2005), for more details. SWH data used in this work are the
output of the WAM model implemented in a 0.1251 resolution
mesh over the Western Mediterranean Sea. A total of 49 coastal
nodes were analyzed, covering an area between 381N–40.51N and
11E–4.51E, see Fig. 1.

For each HIPOCAS node, the equation that best describes the
dynamics of the SWH is obtained by means of a GA (Alvarez et al.,
2001), which is trained using hourly mean wind module (U),
hourly mean wind direction (y) and SWH data from the HIPOCAS
database.

The algorithm for predicting the state variable {xi} considers
an initial population of randomly generated equations Pjð� � �Þ
derived from random combinations of explanatory variables
V
!

i ¼ V
!ði � tÞ; i¼ 1 � � �M, randomly chosen constants and the four

basic operators ðþ ;�;�;CÞ. For a m- step ahead prediction with
embedding dimension d, the fitness of the j-candidate equation
map Pjð�Þ is computed as

D2
j ¼

XM
m ¼ mþd

xm�Pj V
!

m�m; . . . ; V
!

m�m�dþ1

� �#2
2
4 ð2Þ

where xm and V
!

m denote the value of the explained variable and
the vector of explanatory variables, respectively, at time tm ¼mt.

The fitness to the data, D2
j , establishes the strength of each

individual in the selection process. Specifically, the strength index
for the j-equation string is expressed as

F2j ¼ 1� D2
jPM

m ¼ mþdðxm�xÞ2
ð3Þ

where x is the mean value of the training data. Fj can be
interpreted as the percentage of the training set’s total variance
explained by the j-equation string and so, for a given individual,
the higher this quantity, the better the data are represented by the
corresponding equation.

This population of potential solutions is next subject to an
evolutionary process, by which those individuals that best fit the
data are selected from the initial population. This process is
carried out as follows. First, part of the time series is selected as
the training set, i.e. the set of data that will be used in computing
the best approximation to the map Pð�Þ in, Eq. (1).

By examining the fitness of Pjð�Þ the strongest individuals are
then selected to exchange parts of the character strings between
them (reproduction and crossover), while the individuals less
fitted to the data are discarded. Finally, a small percentage of
elements in the equation strings are mutated at random, except
for the top ranked equation strings in order to avoid loosing their
information. As a result of this process a new set of equations is
obtained. The evolutionary steps are repeated with a new
generation and finished after a number of generations determined
by the user. Afterwards, a validation is carried out using the data
not included in the training set to test the goodness of the
candidate equation for reproducing the deterministic signal.

A total of 49 coastal nodes from the HIPOCAS database have
been used as the input for the training and validation of the GA.
For this particular case the use of GA in a vectorial configuration
made possible the inclusion of the wind module and the mean
direction as input variables, because usually the evolution of a
chaotic natural system is not restricted to the influence of only
one observed variable, but a nonlinear interaction among several
variables is quite common.

To check that SWH is driven by local meteorological conditions
we have performed a multivariate regression analysis of the SWH
time series of HIPOCAS against wind parameters (intensity U and

Fig. 1. Geographic location of the study area. Black dots correspond to the HIPOCAS coastal nodes and triangles to the oceanographic buoys, MH (Mahon), DR (Dragonera)

and CB (Cabrera).
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Please cite this article as: Cañellas, B., et al., Wave height prediction in the Western Mediterranean using genetic algorithms. Ocean
Engineering (2010), doi:10.1016/j.oceaneng.2010.02.006



ARTICLE IN PRESS

direction y). In the present case the multivariable GA in its
vectorial form can be expressed as

SWHm ¼ P V
!

m�m; . . . ; V
!

m�m�dþ1

� �
ð4Þ

SWHm being the significant wave height at time tm and

V
!

m ¼ ðUm; cosym; sinymÞ ð5Þ

is the vector of explanatory variables at time tm.
Moreover we have used data from three deep ocean buoys in

order to demonstrate the capability of the algorithm to retrieve a
nonlinear equation that can mimic not only the non-linear
interactions between meteorological and oceanographic variables
from a numerical model database, but also capable of generating a
valid equation for real-time forecasting at offshore stations, using
the same exact equation as in the nearest HIPOCAS node.

After the training and validation process, the best ranked
equations at three coastal nodes (numbered nodes in Fig. 1) were
used at the closest three available deep water buoys to test the
ability of these equations to forecast SWH data directly from the
buoy wind observations.

3. Results

As a first approximation to the problem of finding a predictive
equation that would provide the future evolution of the SWH, a
multiple regression analysis of SWH at time tm was performed
using as input the information at time tm�1 contained in the
meteorological series of the HIPOCAS database. The mean
correlation coefficient over all the HIPOCAS nodes is 0.88 with a
standard deviation of 0.02, which implies that most of the total
variance in the HIPOCAS SWH time series can be explained by the
local meteorologic conditions—wind intensity and direction—at
the previous time.

Hence we applied the GA in a vectorial configuration to train
the algorithm with a multivariate set of time series containing
only the module of the wind U and the wind direction y. The GA
algorithm requires a large number of parameters to be configured
when the underlying dynamical system is unknown. In our case,
this configuration required a large trial and error process. Finally
the selected parameters were d=12 for the embedding dimension
and t¼ 1 for the time lag. The number of individuals in each
population has been set to 120 and the number of iterations to
10000.

For the training process the selected total number of points of
the time series was 3000 including a validation set fixed at 1000
data points. These parameters were the most efficient ones in
terms of the quality of the output and the CPU time needed to
reach the desired performance, which was the achievement of
optimum fitness strength F2Z0:9.

3.1. Prediction of HIPOCAS data

The cross-correlation coefficient for the 49 HIPOCAS coastal
nodes (r2) calculated using the 44-year time series from the
numerical model and the 44-year predicted SWH from the GA is
shown in Fig. 2. As seen, the GA is able to reproduce the dynamical
behaviour of the hourly SWH time series, with a cross-correlation
coefficient that remains between values of 0.70 and 0.97 with a
mean correlation calculated over all the nodes of r2=0.90. At this
point, we want to remark that less than 1% of the total data were
used in the learning process of the GA.

To provide a detailed view of the performance of the GA, SWH
at three selected coastal nodes (HIPOCAS 1320, HIPOCAS 1432
and HIPOCAS 1611, see Fig. 1) are compared with the SWH
predicted by the GA. Fig. 3 (top left, middle left and bottom left)
shows the performance of the GA output displaying one month
of data (12/08/1968–01/27/1969) with a 1-h ahead prediction for
the nodes 1320, 1432 and 1611. It can be seen the good

Fig. 2. Linear correlation (r2) obtained at the 49 HIPOCAS coastal nodes, between the genetic algorithm output and the numerical model data. Dashed line corresponds to

the mean correlation calculated over the nodes r2=0.90. Filled dots correspond to the HIPOCAS nodes presented in the Results section, which are the closest to the available

buoys.
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agreement between the numerical model SWH and the GA
predicted SWH. The best ranked equations provided by the GA
for these locations are, respectively,

x0ðtÞ ¼ 0:12x1ðt�10Þ 0:22x1ðt�1Þ2
2:11þx3ðt�12Þx3ðt�5Þþx3ðt�2Þx3ðt�5Þ ð6Þ

x0ðtÞ ¼ 0:14 x1ðt�1Þþx1ðt�7Þ� 7:79x3ðt�10Þx3ðt�4Þ
2:59þ0:15x1ðt�2Þx3ðt�1Þx3ðt�4Þ

� �
ð7Þ

x0ðtÞ ¼
x1ðt�2Þ

8:09�0:18x3ðt�1Þ�x2ðt�6Þ�0:18x1ðt�10Þ�0:18x2ðt�12Þ
ð8Þ

being t the time instant, x0 the SWH, x1 the wind module, x2 the
cosinus of the wind direction and x3 the sinus of the wind
direction.

In order to evaluate the errors reported by the GA with the 1-h
ahead prediction, scatter diagrams of the SWH from the numerical
model database, plotted against the SWH obtained through the
nonlinear equation of the GA, are shown in Fig. 3 (top right,
middle right and bottom right) for the three nodes. These scatter
diagrams provide information about the behaviour of each
equation used at the different coastal nodes. It can be seen how
in these particular HIPOCAS nodes a general underestimation of
the SWH from the numerical model database exist. The larger
underestimation arises in the range of SWH between 2 and 5m,
but in general we can see how the errors are equally distributed
along the ideal fit of slope k=1, except for the largest SWH that
present stronger deviations.

The absolute error in SWH estimation related to wind intensity
U and direction y, computed as the difference between SWH from
the database and predicted SWH from the GA, is shown in Fig. 4.
The error (in meters) plotted against the wind module U for
HIPOCAS nodes 1320 is displayed in Fig. 4 (top left). We can
observe how the dispersion of the error is larger as U increases. In
this case the error shows a rotation around U=5ms�1. An
underestimation error is observed for wind module values under
U=5ms�1, but for wind module values larger than U=5ms�1 the
nonlinear equation overestimates SWH from the numerical model
database.

The error plot for HIPOCAS node 1432 is shown in Fig. 4
(middle left). This plot shows the same behaviour in the error
dispersion for wind speeds over 4ms�1. In this case the equation
obtained is also overestimating SWH at high wind speeds over
U=4ms�1.

The same error behaviour as in the node 1320 and 1432 is also
observed for the HIPOCAS node 1611 (Fig. 4, bottom left), with
SWH observations underestimated for wind module values under
U=4ms�1 and overestimated SWH values when U44ms�1.

As seen, wind module plays an important role in the predicted
SWH and its error. The error by underestimation is generally
produced by wind speeds Uo5ms�1. On the contrary the error
due to the overestimation of the numerical model database values
generally arises from wind speeds larger than U45ms�1. The
dispersion in error increases in both directions as the wind
module UZ6ms�1.

The evaluation of the error dispersion related to the wind
direction also seems to be important. To show how the error is
also dependant on the wind direction y, Fig. 4 (top right, middle

Fig. 3. Left panels: hourly time series comparison, between the genetic algorithm predicted SWH and the HIPOCAS nodes SWH (1320, 1432 and 1611). Black triangles

represent the GA predicted SWH, grey asterisks correspond to the HIPOCAS database SWH. Right panels: scatter diagrams comparing GA SWH and the HIPOCAS SWH data,

unit diagonal corresponds to a perfect fit.
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right and bottom right), shows the error in SWH estimation
against the wind direction y. We can observe how the error is
equally distributed along the whole range of directions at each
node. Also it is noticeable a range of directions where the
percentage slightly increases. The errors arise from directions
ranging between 30–1001, 150–2001 and 200–3501, where the
observed error is given by the overestimation of the numerical
model database, except for the middle-right plot (node 1432) in
the 250–3001 where it is shown a slight underestimation of the
numerical model SWH.

Finally, a forecasting skill test was also performed for the
HIPOCAS node 1320 to asses the goodness of the method for long-
term prediction. This test considered different threshold values in
Eq. (2) by modifying the m- step parameter, hereby allowing for
m- hours ahead predictions. The values used in Eq. (2) for the
m parameter were 3, 6, 9 and 12 (h).

The obtained correlation coefficients (r2) between the predic-
tion and the original HIPOCAS time series were: 0.88, 0.87, 0.77
and 0.58, respectively. Obviously, the 1-h ahead prediction fits the
data with a higher degree of correlation (r2 = 0.94), but it is worth
remarking that high values (r240:80) are still obtained even for a
6-h ahead prediction.

3.2. Prediction of buoy data

In order to test the ability of the obtained equations to predict
real wave data, three deep water buoys providing real time wave
and wind parameters have been used. Two of these buoys are part
of the real time observing system from Ente Publico de Puertos del
Estado (EPPE), known as the Spanish deep ocean buoy network
(REDEXT), while the third one belongs to the Mediterranean
Institute for Advanced Studies (IMEDEA). These three oceano-
graphic buoys were the only available real data in the studied area
and the selected HIPOCAS nodes in Fig. 1 are the closest nodes to
the buoys.

Two of these buoys, Mahon Buoy (MH) (39.731N–4.421E) and
Dragonera Buoy (DR) (39.551N–2.101E), belong to the REDEXT
network and contain 3 and 10-year of data, respectively. The data
consist on hourly meteorological and oceanographic parameters

such as wind module and direction, SWH, wave period and wave
direction. Cabrera Buoy (CB) is another deep water meteorological
and oceanographic buoy located between Mallorca and the
Cabrera Island (39.221N–2.961E). This buoy belongs to IMEDEA
and contains only a year of oceanographic data covering 2008.

The performance of the GA obtained at the REDEXT buoys is
shown in Fig. 5. The time period chosen for the reconstruction of
the buoy data is constrained to one month for the MH buoy, one
week for the DR buoy and 4 months for the CB buoy, in order to
avoid the large gaps found in the time series. To test the strength
of the GA under extreme maximum and minimumwind and wave
conditions, we also selected a time period in the series where the
wave climate conditions presented a high deviation from the
mean SWH values to include different wave climate conditions
with wave heights ranging from 0.30 to 4.0m, and wind speeds
ranging from 0.7 to 15ms�1.

The prediction time series at the MH buoy was obtained using
a month of wind data from the buoy and with the same nonlinear
equation found through the analysis of the HIPOCAS node 1320.
As shown in Fig. 5 (top left) the hourly forecast represents an
accurate reproduction of the original time series. The correlation
obtained after analyzing a month of data is r2=0.89.

The results for the DR and CB buoys are shown in Fig. 5 (middle
left and bottom left). DR buoy and CB buoy were predicted using
the equations obtained at the HIPOCAS nodes 1432 and 1611,
respectively. The correlation obtained at these buoys was r2=0.91
for the DR buoy and r2=0.87 for the Cabrera buoy. After the
reconstruction of the three buoys the mean correlation obtained
was r2=0.89.

To determine the behaviour of the error from the forecasted
SWH, three scatter diagrams are shown in Fig. 5 (top, middle and
bottom right). These scatter plots are generated using the entire
record available at each buoy. As in the numerical model database
prediction we can observe how the error arises principally from
the underestimation of buoy data. The range of data where the
algorithm provides less accurate predictions is located between
3:0rSWHr6:0 meters for the MH buoy. On the contrary scatter
diagrams for the DR buoy (Fig. 5, middle left) and the CB buoy
(bottom left) present a well balanced error with equal deviations
at both sides of the ideal fit k=1. Generally we observed how the

Fig. 4. Left panels: contour plot of the absolute error between HIPOCAS database SWH and predicted SWH at the selected HIPOCAS nodes against the wind intensity U,

contour lines indicate the percentage of the population with the indicated error. Right panels: idem but compared against the mean wind direction y .
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large errors associated to SWH prediction are due to a slight
delays in the prediction causing a large dispersion in the scatter
diagrams results.

4. Conclusions

In this work we have used a genetic algorithm to reconstruct
the dynamical model of HIPOCAS SWH in 49 deep water locations.
The training process was designed to forecast SWH using the
wind intensity and wind direction at each location. GA has been
trained using a small amount of the total available data (385000
hourly data). After this process the equation that describes the
evolution of the SWH at each point was obtained (e.g. the
equation that mimics the dynamical system). The equation is then
used to reproduce the rest of the time series.

We find that the mean 1-h ahead forecast skill for the
49 locations is above 0:70rr2r0:97 for the whole 44-year
period. In addition, the forecasting skill test performed at node
HIPOCAS 1320 indicates that the GA in the present configuration
can provide satisfactory predictions up to 6-h ahead. This good
agreement between the SWH obtained by the dynamical equation
and the corresponding SWH from the database is not surprisingly
since both wind data (the forcing) and SWH (the response)
were used in the GA learning process. To test the validity of the
obtained equations, we have used three locations with wave
records from deep water buoys. Applying the corresponding
equation obtained with the HIPOCAS database to the measured
wind at the buoy and comparing with the measured SWH we get
a forecasting skill 0:87rr2r0:91.

The good performance of the presented approach suggests that
both, numerical models and GA, can be combined to increase
forecasting skills. Although the GA approach—as other predictive
approaches based on statistical fitting of time series such as
neural networks or genetic programming—may not provide
insight on the physical connection between wind and wave
response, they can quickly convey us with reliable information at
low computational cost for operational purposes.
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Abstract

Morphodynamic classification of beaches has achieved widespread acceptance in both geological and geomorphological
literature. In this sense, the present work classifies twelve Mediterranean low energetic beaches according to the dimensionless fall
parameter (Ω) parameter in the Island of Mallorca. Propagation of 44 yr of wave data as well as a detailed sediment study allows to
provide probabilities for morphodynamical beach state on an annual and seasonal basis. Consequently, beaches in Mallorca fall
between three major categories which are (a) truly reflective, (b) reflective skewed to intermediate and (c) intermediate beaches.
The Mallorcan beach position in the morphodynamical scheme is close related to the physiographical and geological framework.
Comparison of observed values with those obtained in the analysis leads that for gross beach classification there is agreement
between predicted and real state. However on a seasonal classification, mainly during summer, there is no agreement between the
predicted state and the real one. As the model does not incorporate the role of summer sea breezes, beach reflective states are
highlighted. Real beach configurations correspond to more energetic wave dynamic conditions and to intermediate state scenarios.
© 2007 Elsevier B.V. All rights reserved.

Keywords: beach morphology; beach morphodynamics

1. Introduction

The dynamical study of beaches, has adopted the
model of a system moving towards a state of dynamic
equilibrium under steady forcing conditions (Woo-
droffe, 2003). According to Wright and Thom (1977),
beach morphology relates the mutual adjustment
between topography and fluid dynamics. The morpho-
logical makeup of beach systems is not accidental

because the arrangement and association of forms occur
in an organized contextual space and time (Sonu and
van Beek, 1971; Sonu and James, 1973; Lipman and
Holman, 2000). Since the classification derived by
Wright and Short (1983), obtained from the analysis of
the evolution during 6 yr in a number of Australian
study sites, beach systems are comprehended in terms of
three-dimensional morphodynamic models that include
quantitative parameters (wave breaking height, sedi-
ment fall velocity, wave period and beach slope) and
boundary conditions for definable form-processes
association (e.g. presence or absence of bars as well as
its type). This has led to the classification of beaches
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into three main categories relating the beach state
observations with the physical forcing (Short, 1999):
dissipative, intermediate (from the intermediate–dissi-
pative domain to the intermediate–reflective domain)
and reflective modes. This classification is quantified
by means of a dimensionless fall velocity parameter
(abbreviated to DFVP below), which is defined as:

X ¼ Hb

wsT
ð1Þ

where Hb is the wave breaking height, T is the wave
period and ws is the sediment fall velocity. The DFVP
was first proposed by Gouraly (1968) and rewritten by
Dean (1973). Values of Ω less than one are associated
with reflective states, values between 1 and 6 to inter-
mediate states and values grater than 6 related to dissi-
pative states (Short, 1999).

The DFVP can be seen as a predictive equation that
indicates which beach type will occur under certain
ranges of waves and grain size parameters assuming that
the beach will fully respond to governing parameters
which may take days (e.g. associated with storm
periods), or to about a year (e.g. modifications of sedi-
ment size and type by nourishment projects) (Benedet
et al., 2004). Nevertheless, it is not clear whether the
DFVP based solely on wave characteristics and sediment
size, should really be termed a morphodynamic para-
meter or just as a dynamic one.

In this way limitations in applying the Wright and
Short approach are recognized particularly for intermedi-
ate phases prediction. Wright et al. (1987) found only a
36% of agreement between observed and predicted beach
states. DFVP fall velocity parameter is useful in
discriminating between extreme beach states, but it does
not characterize adequately intermediate situations.

Fig. 1. Geographic location of the study area (a). Position of the HIPOCAS wave data (squares) and beaches studied (circles) (b).
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Ranansinghe et al. (2004), justify this fact because there is
a lack of accuracy of beach state models and the degree of
subjectivity involved in their identification, but most of
the temporal variability in DFVP are related to fluctua-
tions in breaking wave height (Anthony, 1998). Further,
restrictions on the applicability of this model relates with
the considerations of tidal range effects. Despite the
additional parameters that incorporate tide-induced mi-
gration of hydrodynamic processes across beach profile
(Masselink and Short, 1993), the prediction fails in both
the higher extreme of energetic parameters at the
megatidal beaches (Levoy et al., 2000; Masselink and
Hegge, 1995) and in the lower ones, when it concerns to
sheltered microtidal beaches (Masselink and Pattiaratchi,
2001;Goodfellow and Stephenson, 2005). In addition, the
effect of sea breezes on beach morphology is not
considered and appears as a distortion in the DFVP
prediction (Masselink and Pattiaratchi, 1998). Sanderson
and Eliot (1999) pointed out that, beach state models are
not always practical if complications such as the presence
of nearshore reefs exist. Geological factors, as underlying
geology (bedrock, accommodation space, inheritance,

etc.) and nature and source of beach materials (grain
shape, packing, composition, etc.) are factors explaining
possible discrepancies between predicted and observed
beach states (Jackson et al., 2005; Smith and Cheung,
2002). The Wright and Short model rely largely on
dynamic factors, which may be appropriate in wave-
dominated linear coasts ofAustralia but further research is
necessary for sheltered beaches because is very difficult to
include them in the previous classification (Klein and de
Menezes, 2001). Anthony (1998), argues that for a full
validation of the DFVP it has to be tested against a wide
range of natural environments particularly, within lower
energy beach systems with a long time response.

Themain goals of this paper are (a) to elucidate a beach
morphodynamic sequence and classification for micro-
tidal, low-energy, carbonate sand beaches with headlands
and bay geomorphology; and (b) to address the utility of
Wright and Short model in this type of environments.

2. Study area

The island of Mallorca, the largest of the group called
as Balearics, is located in the western Mediterranean Sea.
These islands are the eastern emergent part of the Balearic
Promontory; a thickened continental crustal unit forming
the NE continuation of the Alpine Betic thrust and fold
belt build during Middle Miocene (Gelabert et al., 1992).

Beaches represent 10% of the coasts and are closely
related to the basins disposition although they appear
sometimes as pocket beaches spread along the cliffs
coasts of the island. Mallorca beaches are composed by
medium to fine sand with large percentage (more than
70%) of bioclastic sediments most of which derive from
organisms associated with the endemic reef-building
seagrass Posidonia oceanica (Fornós and Ahr, 1997).
P. oceanica is the dominant seagrass in the Mediterranean
Sea, where it covers about 50,000 km2 (Bethoux and
Cópin-Motegut, 1986) of coastal sandy and occasionally
rocky, areas from less than 1 m to about 40mwater depth.
The climate is typical from the Mediterranean Sea with
hot dry summers and mild wet winters. The annual mean

Fig. 2. Agreement between sediment fall velocity computed by
empirical methods and predictive Gibb's equation incorporating
empirical sand density.

Fig. 3. Standard deviation (circles) and mean (squares) from the log-normal distribution of Hb at the beach (only shown one point).
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temperature is approximately 17 °Cwith meanwinter and
summer temperatures around 10° and 25 °C respectively.
The mean annual precipitation is about 500 mm and is
mostly concentrated in autumn.

The Western Mediterranean presents a temperate,
oligotrophic, clear sea environment. Wave heights rarely
exceed 8 mwith typical wavelength less than 50m. These
values are considerably reduced nearshore where the
maximum height is about 4 m and usually recorded when
winds between 6–8 Beaufort scale blow. The prevailing
winds during the year are mainly from the north-west and
are weak or moderate, sometimes rising to gale force
during winter. During autumn–winter, the south-western
direction is also important, with variable fetches. Tides
are almost negligible in the Mediterranean with a spring
tidal range of less than 0.25 m, although changes in
atmospheric pressure and wind stress can account for a
considerable portion of sea level fluctuations. These

physical settings conform coastal areas in the Balearic
Islands as low-energy systems where significant morpho-
logical changes are restricted to severe weather episodes
or long moderate events when wave related processes
enhance sediment dynamics controlled by wave-storm
events (Basterretxea et al., 2004).

3. Data and methods

3.1. Sediment characterization

A total of 122 sand samples were collected at 12 sandy
beaches (Fig. 1). Sampleswere taken at several cross-shore
elevations in transects perpendicular to the shore at
locations with different morphological features (e.g.
beach face, surf domain, troughs or bars). Samples were
rinsed with fresh water, dried 24 h in the oven at 95 °C and
divided into sub-samples for sieving and settling analysis.

Table 1
Physiography frame and sediment textural and compositional properties for each study sites

Code # samples Mean
(μm)

Sorting Skewness Kurtosis Type of sediment Lithoclasts
(%)

Bioclasts
(%)

Physiography frame

Ma1 7 574.740 1.568 −0.107 0.976 Coarse sand 10.29 89.71 Enclosed
Ma2 10 355.950 1.584 0.083 1.133 Medium sands 0.88 99.13 Enclosed
Ma3 15 241.484 0.744 −0.116 1.018 Medium/fine sands 1.53 98.47 Semi-enclosed
Ma4 4 454.025 1.557 0.029 0.948 Medium sands 0.76 99.24 Enclosed and sheltered
Ma5 15 215.780 1.619 0.118 1.197 Fine sands 1.64 98.35 Semi-enclosed
Ma6 4 374.375 1.814 0.040 0.966 Medium/fine sands 1.31 98.69 Enclosed and sheltered
Ma7 20 196.984 1.614 0.090 1.029 Fine–very fine sands 4.32 95.68 Semi-enclosed
Ma8 12 242.592 1.648 0.193 0.965 Fine sands 4.47 95.53 Enclosed
Ma9 8 207.225 1.677 0.118 1.228 Fine sands 11.76 88.24 Semi-enclosed
Ma10 8 298.225 1.803 0.196 1.073 Medium–fine sands 28.06 71.94 Enclosed and sheltered
Ma11 4 481.650 1.546 0.112 0.748 Medium sands 3.57 96.43 Enclosed
Ma12 15 247.50 1.66 0.15 0.88 Fine sands 1.70 98.30 Semi-enclosed

Table 2
Waves and sediment parameters for the Wright and Short Ω calculations

Code Study site Summer
(April–September)

Winter
(October–March)

Hb

(m)
Tp
(s)

Hb

(m)
Tp
(s)

D50

(μm)
ws

(cm/s)
ρ
(g/cm3)

Ma1 Cala Mesquida 0.93 4.73 0.81 4.36 600.590 20.47 2.87
Ma2 Cala Agulla 0.27 4.48 0.54 4.84 346.000 11.80 2.78
Ma3 Cala Millor 0.21 4.72 0.42 7.03 272.307 8.75 2.79
Ma4 Estany d'en Mas 0.60 4.84 1.00 5.33 450.425 15.60 2.78
Ma5 Es Trenc 0.18 4.00 0.75 4.12 207.840 6.78 2.67
Ma6 Cala Pi 0.24 4.36 0.48 5.93 352.925 12.21 2.87
Ma7 S'Arenal 0.27 3.75 0.90 4.12 199.737 6.18 2.78
Ma8 Magalluf 0.33 3.75 0.39 3.75 231.858 7.74 2.81
Ma9 Sant Elm 1.00 4.12 1.09 4.36 200.813 6.53 2.81
Ma10 Platja d'en Repic 0.15 4.36 0.18 4.48 271.888 9.11 2.68
Ma11 Cala Molins 0.54 4.00 0.57 4.24 465.125 16.14 2.88
Ma12 Es Comú de Muro 0.12 4.48 0.57 5.69 239.475 8.06 2.74
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Dry sieve analysis was performed using a series of
sieves ranging in mesh size from 0.063 mm to 4.76 mm.
Grain size distributions were determined using the
GRADISTAT© package (Blott and Pye, 2001).

For each fraction a textural analysis was performed.
Using a binocular microscope, 100 grain counts of loose
particles distributed on a microscope slide were made for
each settling fraction giving a total of 700 counts per sieved
sub-sample. Fourteen component classes were identified
(foraminifera, gastropods, bivalves, rock fragments, inde-
terminate grains, etc.). The percentage weight of compo-
nents of individual fractions were summed and expressed
as a percentage of the total sub-sample (Kench, 1997).

The density of sand samples were measured from the
volumetric displacement of 75 g of dry sand in a grad-
uated cylinder containing 50 ml of water at 20 °C (Smith
and Cheung, 2003). The mean settling velocity (ws) of
some samples were determined using a settling tower, 2 m
long and with internal diameter of 0.11 m with a differ-
ential pressure sensor (Giró and Maldonado, 1985). The
correlation between sieve size and mean settling velocity
was calculated and used to estimate the mean settling
velocity for those samples that were not assessed in the
settling tower. We have found a good agreement with the
sediment velocity values predicted by Gibbs equation
(Gibbs et al., 1971) although using D50 sieve size and
empirical sand density rather than quartz (Fig. 2).

3.2. Nearshore wave propagation

To characterize wave climate at the beach, 44 yr of
hourly data where analyzed. This database is part of the
HIPOCAS project (Soares et al., 2002) where a wave
hindcast of the Mediterranean Sea was carried out in a
high resolution mesh for the period between 1958 and
2001. To cover all beaches, ten grid points located at deep

waters where chosen according the orientation and prox-
imity of the study areas (see Fig. 1). However, as waves
propagate from deep to shallow water they undergo some
changes in their spatial energy (i.e. diffraction, refraction,
shoaling, etc.) that have to properly be modeled to obtain
the wave climate in the near shore region.

Since propagation of the 385,000 HIPOCAS data is
unreliable, selected combinations of the long term proba-
bility distribution of significant wave height (0.5bH-

sb5m) andwave period (3bTpb12 s)were propagated to
the beaches using a mild slope parabolic model
(OLUCA). The model solves in a discretized finite
difference domain the mild slope equation,

A
2A
Ay2

þ 2ik0 þ 1
ccg

Accg
Ax

� �
AA
Ax

þ 1
ccg

Accg
Ay

AA
Ay

þ x2

g
� k20 þ

ik0
ccg

Accg
Ax

� �
A ¼ 0 ð2Þ

where A is the wave amplitude (i.e. η=Aeik0x), k0 is a
characteristic wave number, ω the frequency, cg the
group velocity and c the wave celerity. For each beach a
mesh of 15×15 m resolution was obtained by inter-
polation from the IHM nautical charts.

To obtain a criterion for the wave height at the breaking
point, from the HIPOCAS data-set, we compute the wave
height that did not exceed more than 12 hours per year
(Hs12) and then propagated to each beach. From this study,
we found that the breaking depth at all study sites is
around 5 m. Consequently, the wave height at this depth
was chosen as the breaking wave height (Hb) in Eq. (1).

3.3. Nearshore wave climate

At the beach, a bivariate empirical histogram was
built with the wave breaking heights Hb and their corre-
sponding periods Tp. This joint distribution contains
information about the annual rate of occurrence of a
concrete sea state for a given value of Hb and Tp.

Fig. 4. Seasonal sediment size distribution at Cala Millor (Ma3).

Table 3
ANOVA test evaluating Cala Millor (Ma3) seasonal sediment size
distributions variability

Source Sum of
squares

df Mean
square

F-ratio Significant

Between season samples 0.077 3 0.025 0.073 0.974
Whiting season samples 42.996 121 0.355
Total 43.074 124

The statistics conclude that there is not a significant difference between
mean beach size seasonal distributions.
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Trends between summer and winter were modeled
using a log-normal probability distribution function. This
function is characterized by the so-called location param-
eterμ⁎ and the scale parameterσ⁎ as (Castillo et al., 2005),

f Hbjl⁎; r⁎ð Þ ¼ 1

Hbr⁎
ffiffiffiffiffiffi
2p

p exp
� ln Hbð Þ � l⁎ð Þ2

2r⁎2

 !

ð3Þ
From the estimated log-normal parameters μ⁎ and σ⁎,

we calculated the mean and the standard deviation as,

l ¼ exp l⁎þ r⁎2

2

� �
ð4Þ

r ¼ exp 2l⁎þ r⁎2
� �

exp r⁎2
� �� 1

� �� �1=2 ð5Þ
As shown in Fig. 3, the evolution of the estimated mean

and standard deviation leads to the conclusion that to an-

alyze correctly the beach state, seasonality has to be taken
in to account. In this sense, two periods were proposed, the
summer covering from April to September and the winter
wave climate period from October to March. For each
beach the combined (Hb, Tp) empirical bivariate histogram
for the summer and winter periods was obtained from the
relative wave frequencies. The wave breaking criterion
chosen has been Hs12. This criterion allows to propagate
99.86% of the entire wave climate. At the breaking point
the density spectra was reconstructed using the entire
propagated data and therefore it can be seen as a modal
state value if the interval higher probability is considered.

4. Results

4.1. Sediment characteristics

The analyzed beaches consist of medium to fine
sands moderately to poorly sorted. Binocular microscopic

Fig. 5. Probabilities of occurrence of beach states for enclosed and sheltered beaches of Estany d'en Mas (Ma4), Cala Pi (Ma6), Platja d'en Repic
(Ma10) and Cala Molins (Ma11). Stars indicate the modal state.
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examination shows that the sediments are composed by a
mixture of siliciclastic and biogenic materials mainly
composed of foraminifera and shell fragments of gastro-
pods, bivalves which sums around the 94.50% of the bulk
sediment. The rest, a 5.5%, relates to quartz grains and
cliff face detached fragments (Table 1).

Sand density values range from 2.68 to 2.88 g/cm3

which are in agreement with carbonates and dolomite
mineral densities. Beaches such asMa1 orMa11 have the
biggest density values because they receive a considerable
input of carbonate rock fragments from cliffs. The lower
density values correspond to Ma5 with a very important
foraminifera bulk component, and also to Ma10 which
falls in the pre-Miocene basement domain although is
quite rich in quartz and non-carbonate grains, its density
being lower.

Settling velocities range from 20.47 cm/s to 6.53 cm/s
(Table 2). Higher velocities correspond with beach sands

rich in non-biogenic and coarse grains, and the lower
velocities with the biogenic components. Despite the
sand density being similar between the different samples,
there are differences between them according to the
settling velocity. This fact can be explained by the shape
and the settling pattern of biogenic grains (Paphitis et al.,
2002; Smith and Cheung, 2003).

Sediment size variation for DFVP calculations are
poorly understood because beach mean sediment size
and mean size distribution is known to be a conservative
property (Fig. 4). Mean grain size and settling veloc-
ities may also vary little over time on beaches with
mature sediment suites, e.g. constant water temperature
and salinity, lack of fluvial sediment contributions, etc.
(Anthony, 1998). Historical surveys carried in Ma 3
(Cala Millor), highlighted that if different samples are
mixed there is not a significant variation between seasonal
sampling in terms of mean size (Table 3). Nevertheless

Fig. 6. Probabilities of occurrence of beach states for enclosed beaches of Cala Mesquinda (Ma1), Cala Agulla (Ma2), Cala Millor (Ma3) and
Magalluf (Ma8). Stars indicate the modal state.
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beach sediment size distribution from summer is slightly
coarser and less classified than winter size distribution
(Fig. 4).

4.2. Nearshore waves

A seasonal energetic displacement is observed for
both, propagated wave heights and peak period, due to
the existence of different behaviors throughout a climatic
year. The winter energetic displacement is represented
by an increment in the rate of occurrence of higher crest
periods and higher significant wave heights. This effect
is accentuated at north oriented beaches, which are more
affected by the energetic north swells. A propitious
period for this situation is during fall and winter, when
severe storm affect thewestern balearic basin. Results for
the different beaches are shown in Table 2, where wave

heights and wave periods correspond to the intervals
with the maximum frequency in the bivariate histogram
for each beach.

4.3. Morphodynamic classification

The morphodynamic state for the studied beaches has
been predicted according to the model by Wright and
Short (1983) where beach grain size and wave statistics
were combined to calculate the Ω parameter in annual
and seasonal basis. According to wave energy and
sediment properties, beaches in Mallorca tend to fall in
an intermediate state. Roughly, three groups of beaches
can be separated according to their modal conditions.
The first one corresponds to truly reflective beaches
which are enclosed beaches or sheltered beaches. Ma4,
Ma6, Ma10 and Ma11 which have a 75% of probability

Fig. 7. Probabilities of occurrence of beach states for enclosed beaches of Es Trenc (Ma5), s'Arenal (Ma7), Sant Elm (Ma9) and Es Comú de Muro
(Ma12). Stars indicate the modal state.
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to fail below an Ω value of 1 (Fig. 5). The second group
of beaches present modal conditions in the intermediate
states although skewed to reflective positions. Beaches
as Ma1, Ma2, Ma3 and Ma8 are good examples of this
behavior. Probabilities to be in a Ω value of 2 and lower
than 1, are between 60 and 80% of modal states (Fig. 6).
This type of configuration relates with ridge–runnel and
incipient transverse bars beach configuration. The rest
of the beaches belong to intermediate states. Probabil-
ities for each predictive state are sparse although Ω
values between 3 and 4 achieve near the 30% of
probability, nearest Ω intervals have probabilities larger
than 10% (Fig. 7). This kind of beaches corresponds
with semi-enclosed beaches, usually backed by a field of
coastal dunes (Ma5, Ma7, Ma9 and Ma12). During
fieldwork longshore, crescentic and transverse bars have
been observed, and some of them were just emerged as a
berm in the subaerial beach (Fig. 8). Distribution
probabilities allow to asses the dynamic behavior of
each beach according wave climate seasonality. Thus,
from Figs. 5, 6 and 7 we can check that as in winter the
probability for a morphodynamic state are higher than in
summer. For instance, in the in Ma5, Ma7 and Ma12
during winter the probability and distribution for mor-
phodynamic state is skewed towards reflective stages.
Conversely, the same beaches are towards a dissipative
position of the spectrum during summer. Another group
of beaches do not present significant differences
between winter and summer distributions, although the
weights of the more dissipative stages are higher in

winter than in summer. This can be clearly observed
for enclosed beaches as Ma1, Ma2, Ma3 and Ma4, and
even for very sheltered beaches as Ma6, Ma11 o Ma11
(Figs. 5 and 6).

5. Discussion

The environmental setting of nearshore and foreshore
in the study sites differs from many parameters de-
scribed for low-energy beaches according to Jackson
et al. (2002). Significant wave heights are greater than
0.21 m and the mild winds, corresponding to the sea
breezes regime during summer, reach values of 5 m/s
and occasionally can increase up to 10 m/s (Ramis et al.,
1990). From late summer to early winter, storm episodes
are frequent with more intensive winds blowing with a
SE or NE component, and waves can achieve significant
heights of 2.5 m. Nevertheless environmental setting
also differs from high energy and open ocean beaches
despite the presence of the diagnostic morphodynamic
characteristics such as nearshore bar–rip morphology,
cusps and steps (Lipman and Holman, 2000; Masselink
and Hegge, 1995).

Recent studies maintain the poor application of high-
energy models in predicting two-dimensional morphol-
ogy in low-energy environments (Masselink and Pattiar-
atchi, 2001; Jackson et al., 2005; Eliot et al., 2006).
However, in the case of Ma3, Ma8, Ma11 and Ma12
empirical studies involving beach profile monitoring
bathymetries and sedimentological analysis have found

Fig. 8. Fieldwork observations of diagnostic beach features during summer season when Wright and Short's model predict reflective states. At left, a
bar joined to the subaerial beach during night at Es Trenc (Ma5). Children are playing just on top. At right cusp at horns at s'Arenal (Ma7).

243L. Gómez-Pujol et al. / Marine Geology 242 (2007) 235–246



an optimal agreement between the Short and Wright
model prediction and beach configuration. Thus, Ma3 is
a beach with a set of crescentic bars which during
summer evolve to a transverse bar until the bar joins the
beachface (Fig. 9). The Short and Wright prediction for
Ma3 is a combination of ridge–runnel and reflective
states, although with considerable presence of transverse
bar to the subaerial beach. Ma8 is a beach characterized
by a small variability according to the protection that
exerts the Posidonia oceanica meadows, but reflective
and ridge–runnel stages are quite common and cusps on
the emerged beach are a conspicuous form. This configu-
ration ties with the prediction where reflective and ridge–
runnel morphodynamical states have similar maximum
probabilities of occurrence. All of that, points out that, in
the absence of empirical profile and bathymetry-based
studies, Wright and Short's model, is a useful parameter
for gross classifications of Mediterranean beaches. How-
ever, when predictions are assessed from a seasonal point
of view according to wave seasonality,Ω predictions tend
to fail, mainly, in semi-enclosed beaches.

Predictions give a reflective configuration for summer
season, nevertheless field observations inMa3,Ma5,Ma7
and Ma12, points up that the beach profile slope is
smoother (slopes between 0.018 and 0.027). Diagnostic
features, as transverse and rhythmic bar corresponding to
more dynamic states, are also present (Fig. 8). The reason

for this situation is that the Wright and Short model does
not incorporate sea breeze effects on beach morphody-
namics which seems to drive beach dynamics during the
relative mild summer wave conditions. The sea breezes
induce changes in the incidents wave field that may affect
beach morphology and the associated processes, inducing
longshore transport and overlaying series of daily mini-
storm cycles characterized by erosion in the afternoon and
beach accretion occurring the rest of the day (Masselink,
1996; Masselink and Pattiaratchi, 1998).

To check this hypothesis in 2004 during the summer
sea breeze and winter conditions, a field survey was
carried out inCalaMillor (Ma3). In this study, awave gage
measured wave height at 5 m depth simultaneously with
the data provided at deep water by the WAMmodel at the
same HIPOCAS point used for the analysis. This data,
once propagated to the beach, were in 83% of cases 44%
smaller than the wave height measured by the wave gage.
Conversely, during winter, differences between wave
heights propagated from the numerical model and the
measured ones are only up to 20%. This leads to the
conclusion that local sea breeze which is not included in
the deep water wave model has to be taken into account to
properly characterizemorphodynamicMallorcan beaches.

Major differences between beaches seem to be related
to geological factors. The geological and physiographic
framework controls the spectrum and the angle of incident

Fig. 9. Cala Millor (Ma3) aerial photography. Note the configuration of transverse bars along the coastline as well as rips and cusps. Dark areas
correspond to Posidonia oceanica meadows.
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waves; in fact enclosed beaches present less dynamic
states than semi-enclosed beaches.

6. Conclusions

The morphodynamic model of Wright and Short has
been used to classify beach morphology on Mediterra-
nean low-energy beaches using 44 yr of wave data
propagated to the wave breaking depth as well as detailed
sediment analysis for each beach. Results relate to the
probabilities for modal morphological state in annual
and seasonal basis. The Ω parameter leads to separate
Mallorcan beaches in three major groups according to the
geological framework configuration. Thus modal reflec-
tive beaches relates to enclosed and sheltered beaches (a),
reflective beaches lightly skewed to intermediate states
are common in enclosed beaches exposed to main wave
energetic directions (b), and intermediate beaches are
hosted in semi-enclosed localities. Other works pointed
out the discrepancies between predicted and observed
beach states under various conditions. The analyses pre-
sented are in agreement for a gross annual classification as
well as for winter predictions, when waves have large
peak periods and bigger significant wave height. How-
ever, Ω fails in summer predictions because it does not
incorporate the effect of summer sea breezes which
exert an important influence in beach behavior when
the action of sea waves is negligible. For this reason
reflective stages are over represented with respect to
the more dynamic features observed on the beaches,
including transverse bars, cusps and rips. The Wright
and Short model rely largely on dynamic factors, but it
just introduces averaged wave statistics and sediment
size. Our observations show that, for Mediterranean
beaches, further research is required in order to asso-
ciate the summer sea breezes and associated hydrody-
namics to elucidate the controls on beach morphology
classification (Figs. 5 and 6).
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Abstract

It is widely accepted that light availability sets the lower
limit of seagrass bathymetric distribution, while the upper
limit depends on the level of disturbance by currents and
waves. The establishment of light requirements for sea-
grass growth has been a major focus of research in
marine ecology, and different quantitative models provide
predictions for seagrass lower depth limits. In contrast,
the influence of energy levels on the establishment,
growth, and maintenance of seagrasses has received
less attention, and to date there are no quantitative mod-
els predicting the evolution of seagrasses as a function
of hydrodynamics at a large scale level. Hence, it is not
possible to predict either the upper depth limit of the dis-
tribution of seagrasses or the effects that different energy
regimes will have on these limits. The aim of this work is
to provide a comprehensible methodology for obtaining
quantitative knowledge and predictive capacity for esti-
mating the upper depth limit of seagrasses as a response
to wave energy dissipated on the seafloor. The method-
ology has been applied using wave data from 1958 to
2001 in order to obtain the mean wave climate in deep
water seaward from an open sandy beach in the Balearic
Islands, western Mediterranean Sea where the seagrass
Posidonia oceanica forms an extensive meadow. Mean
wave conditions were propagated to the shore using a
two-dimensional parabolic model over the detailed
bathymetry. The resulting hydrodynamics were correlated
with bottom type and the distribution of P. oceanica.
Results showed a predicted near-bottom orbital velocity
of between 38 and 42 cm s-1 as a determinant of the
upper depth limit of P. oceanica. This work shows the
importance of interdisciplinary effort in ecological mod-
eling and, in particular, the need for hydrodynamical
studies to elucidate the distribution of seagrasses in
shallow depths. Moreover, the use of predictive models
would permit evaluation of the effects of coastal activities
(construction of ports, artificial reefs, beach nutrient-
input, dredging) on benthic ecosystems.

Keywords: near-bottom orbital velocity; parabolic
model; Posidonia oceanica upper depth limit; seagrass
distribution; wave energy.

Introduction

Seagrasses are marine flowering plants that cover large
areas in shallow coastal waters; the meadows they form
are among the most biologically diverse and productive
components of coastal systems. Posidonia oceanica (L.)
Delile, an endemic seagrass species of the Mediterra-
nean Sea, grows between the depths of 0.5 and 45 m
(Procaccini et al. 2003) and covers an estimated surface
area between 2.5 and 5 million ha, approximately 1–2%
of the 0–50 m depth zone (Pasqualini et al. 1998).

The study of light requirements for seagrass growth
has been a major focus of research in marine ecology,
and different quantitative models provide predictions of
the seagrass lower depth limits (Dennison and Alberte
1985, Dennison 1987, Duarte 1991, Kenworthy and Fon-
seca 1996, Koch and Beer 1996, Greve and Krause-Jen-
sen 2005). Seagrasses can thrive up to depths where the
irradiance at the top of the leaf canopy is above 11% of
surface irradiance (Duarte 1991), or where the number
of hours with values of irradiance above photosynthetic
saturation is )6–8 h (Dennison and Alberte 1985). The
upper depth limit of distribution of seagrasses has been
related to their tolerance of desiccation at low tide (Koch
and Beer 1996) and to ice scour (Robertson and Mann
1984). In seas with low tidal range and no ice formation,
such as the Mediterranean Sea, the upper depth limit of
seagrasses is determined mainly by their tolerance of
wave energy (Koch et al. 2006). However, quantitative
estimates of the wave energy that sets the upper depth
limit of seagrasses are still scarce to date.

Studies in flumes have evaluated the influence of sea-
grass on unidirectional water flow (Fonseca et al. 1982,
Gambi et al. 1990, Folkard 2005), sediment stabilization
(Fonseca and Fisher 1986), and wave attenuation (Fon-
seca and Cahalan 1992). Field measurements and
experiments have also been performed to study water
flow in seagrass meadows (Fonseca 1986, Worcester
1995, Koch and Gust 1999) and evaluate their effect on
particle resuspension (Terrados and Duarte 2000, Gacia
and Duarte 2001). However, few studies have analyzed
the effects of local hydrodynamics on seagrasses.

Storms can resuspend sediments and uproot sea-
grasses, whereas sediment deposition can bury them
and cause mortality (Williams 1988, Preen et al. 1995,
Duarte et al. 1997, Bell et al. 1999). Conceptual models
have been proposed to explain differences in shape, bot-
tom relief, and cover of seagrass meadows (Fonseca et
al. 1983, Fonseca and Kenworthy 1987) or the depth dis-
tribution of intertidal seagrass (van Katwijk et al. 2000) as
a function of wave energy and/or current velocity. Local
hydrodynamics (indirectly estimated from the weight loss
of clod cards) have been related to depth and seagrass
presence and have been used to identify the habitat
requirements of South Australian seagrass species
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Figure 1 Schematic diagram of the approach presented.
HIPOCAS, hindcast of dynamic processes of the ocean and
coastal areas of Europe.

(Shepherd and Womersley 1981). Keddy (1984) devel-
oped a relative wave exposure index (REI) in order to
quantify the degree of wave exposure by using wind
speed, direction, and fetch measurements. REI values
have been correlated to different attributes of seagrass
meadows, such as the content of silt-clay and organic
matter of the sediment, seagrass cover, shoot density
(Fonseca and Bell 1998, Fonseca et al. 2002, Krause-
Jensen et al. 2003, Frederiksen et al. 2004), and biomass
(Hovel et al. 2002). Shallow seagrass populations tend to
be more spatially fragmented in wave-exposed environ-
ments than in wave-sheltered environments (Fonseca
and Bell 1998, Frederiksen et al. 2004), and temporal
changes in seagrass cover are also greater at the most
wave-exposed sites (Frederiksen et al. 2004). Plaster
clod cards and REI provide only semi-quantitative idio-
syncratic estimates of current and/or wave energy and,
therefore, comparison between studies is difficult. Addi-
tionally, REI estimates do not consider the influence of
depth on wave damping (but see van Katwijk and Her-
mus 2000). Direct quantitative measurements of the
energy of waves and currents impinging on seagrasses
are necessary to elucidate their effects on them, to iden-
tify their habitat requirements, to predict their spatial dis-
tribution and their response to both natural (i.e., storms,
hurricanes, etc.) and anthropogenic (i.e., dredging and
beach eutrophication, coastal development, etc.)
disturbances.

The main goal of this study was to develop a meth-
odology to estimate the wave energy impinging on sea-
grass meadows (Figure 1) and to obtain a quantitative
and testable relationship between wave energy and the
upper depth limit of the Mediterranean seagrass Posi-
donia oceanica. Wave energy estimation was obtained by
analyzing 44 years of wave data. We consider long-term
historical wave data, rather than present-day wave meas-
urements, are more appropriate to link wave energy to
the presence of P. oceanica, given the low rates of veg-
etative growth and space occupancy in this seagrass
species (Marbà and Duarte 1998). Aerial color photo-
graphs and bathymetric data were also used for an accu-
rate mapping of the meadow and to delimit the upper

depth boundary of P. oceanica. We provide a testable
estimate of the near-bottom current velocity that could
set a threshold for the presence of P. oceanica and,
therefore, determine the upper depth limit of this
seagrass.

Materials and methods

Study areas and regional settings

This work was carried out in Cala Millor, located on the
northeast coast of Majorca Island (Figure 2A,B). The
beach is in an open bay with an area of ca. 14 km2. Near
the coast to 8 m depth, there is a regular slope indented
with sand bars near the shore (Figure 2C); these bars
migrate from offshore to onshore between periods of
gentle wave conditions. At depths from 6 m to 35 m, the
seabed is covered by a meadow of Posidonia oceanica.
This area was chosen for this study because of the avail-
ability of data from previous studies. The tidal regime is
microtidal, with a spring range of less than 0.25 m
(Gómez-Pujol et al. 2007). The bay is located on the east
coast of the island of Majorca and it is therefore exposed
to incoming wind and waves from NE to ESE directions.
According to the criteria of Wright and Short (1983), Cala
Millor is an intermediate barred sandy beach formed by
biogenic sediments with median grain values ranging
between 0.28 and 0.38 mm at the beach front (L. Gómez-
Pujol and A. Orfila, unpublished data).

HIPOCAS database (1958–2001) and deep water
wave characterization

Wave data used are part of the Hindcast of Dynamic
Processes of the Ocean and Coastal Areas of Europe
(HIPOCAS) project. This database consists of a high
resolution, spatial and temporal, long-term hindcast
dataset (Soares et al. 2002, Ratsimandresy et al. 2008).
The HIPOCAS data were collected hourly for the period
1958 to 2001, providing 44 years of wave data with a
0.1258 spatial resolution; this is the most complete wave
data base currently available for the Mediterranean Sea.
These hindcast models have become powerful tools, not
only for engineering or predictive purposes, but also for
long-term climate studies (Cañellas et al. 2007). These
data were produced by the Spanish Harbor Authority by
dynamical downscaling from the National Center for
Environmental Prediction (NCEP) and the National Center
for Atmospheric Research (NCAR) global reanalysis using
the regional atmospheric model REMO. We used the data
from HIPOCAS node 1433 (see Figure 2B) located 10 km
offshore at 50 m depth, which is the closest HIPOCAS
node to Cala Millor. The long-term distribution of signifi-
cant wave height and wave direction at this node (Figure
3) shows that the most energetic waves usually come
from N–NNE. These wave directions are also the most
frequent during the 44-year dataset.

Data contained in the HIPOCAS node consist of a set
of sea states (one per hour) defined by their significant
wave height, spectral peak period, and direction. An esti-
mation of the long-term distribution of the mean signifi-
cant wave height (Hm) and its standard deviation was
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Figure 2 (A) Location of Majorca in the Mediterranean Sea. (B) Location of the study area of Cala Millor in Majorca. The asterisk (*)
indicates HIPOCAS node 1433. (C) Bathymetry of Cala Millor with isobaths (in meters).

Figure 3 Directional wave histogram for HIPOCAS node 1433
(50 km from Cala Millor).

carried out making use of the lognormal probability dis-
tribution (Castillo et al. 2005). The long-term probability
distribution identifies the most probable sea state for the
44-year period. Before estimation of this wave regime,
data were pre-selected taking into account their incom-
ing directions. Only sea states directed towards the
beach were included in the analysis. Mean wave climate
for Hipocas node 1433 provides an Hm value of
1.53"0.96 ("1 SD) m, a peak period of 7.3 s, and a
direction of 11.258. This mean (most probable) wave cli-

mate was propagated to the shore using a parabolic
model.

Shallow-water wave conditions

As water waves propagate from the region where they
are generated to the coast, both wave amplitude and
wavelength are modified. The surf zone is a highly
dynamic area where energy from waves is partially dis-
sipated through turbulence in the boundary layer and
transformed into short and long waves, mean sea level
variations, and currents (Dean and Dalrymple 2002). In
the present work, waves were propagated using a gentle
slope parabolic model (OLUCA-MC), which includes
refraction-diffraction effects as well as energy losses due
to wave breaking (Kirby and Dalrymple 1983, GIOC
2003). Detailed bathymetry obtained with echo-sounding
was used to generate the numerical mesh. The model
solves continuity and momentum equations assuming a
smooth bottom (e.g., variations of the bottom negligible
within a wave length) and converting the hyperbolic sys-
tem to a parabolic system (e.g., with wave propagation
in one direction).

Two grids were generated: the external grid (122=81
nodes), which covers the deeper area with 75 m resolu-
tion between nodes, and the internal grid (140=311
nodes), which covers the shallow area with 15 m reso-
lution. The model output provides the wave field (signif-
icant wave height and direction of the mean flux energy)
in the whole grid.
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Maximum near-bottom orbital amplitudes (Ab) were
calculated following the linear wave theory:

Hs
A s (1)b 2sinh 2pDylŽ .

where D is the water depth and l is the wave length
calculated iteratively as:

2 B ET g 2pDp C Fls tanh (2)
D G2p l

where Tp is the peak period and g is the acceleration of
gravity. The maximum near-bottom orbital velocity (Ub) is:

U s2pA yT (3)b b p

Bottom typology and bathymetry

Remote sensing of the seabed from air or space is com-
monly used for mapping seagrass habitats over a wide
range of spatial scales (McKenzie et al. 2001). Satellite
spectral images from Ikonos are suitable for the detection
and mapping of the upper depth limit of seagrass distri-
bution in shallow clear waters (Fornes et al. 2006). Aerial
color photographs have been used in some studies to
describe temporal changes in the distribution of sea-
grasses (Hine et al. 1987), to evaluate the effect of wave
exposure (Frederiksen et al. 2004), and the influence of
anthropogenic activities (Leriche et al. 2006). We used
aerial photographs for mapping the area covered by
Posidonia oceanica, dead P. oceanica rhizome, rocks, and
sand up to 11 m depth. Aerial color photographs were
taken in August of 2002 with a resolution of 0.4 m. Poly-
gons were drawn around the different areas with Arc/GIS
software (Arc/Info and Arc/Map v9.0, ESRI) and classified
by bottom types. In those areas where bottom recogni-
tion was not possible from the aerial photographs, field
surveys were carried out to identify the typology of the
substratum (some areas tend to accumulate seagrass
leaves which can lead to false interpretation of aerial
images). Image classification was validated with bathy-
metric filtered echo-soundings and field observations.

During 2005, an acoustic survey was carried out to
determine the bathymetry of the inner mesh and to test
the classification of the seagrass coverage from the aerial
photographs. Acoustic mapping of Posidonia oceanica
was performed with a ship-mounted Biosonics DE-4000
echo sounder (BioSonics, Inc., Seattle, USA) equipped
with a 200 KHz transducer. The draught of the boat
allowed sampling up to depths of approximately 0.5 m.
Inshore-offshore echo-sounding transects were sampled
perpendicularly to the bathymetric gradient, with a sep-
aration of 50 m between transects. Acoustic pulse rate
was set to 25 s-1 and the sampling speed was set to 3
knots, which allowed for a horizontal resolution of 1 m
(Orfila et al. 2005). Bottom typology was estimated as the
most probable after echogram examination using the first
to second bottom echo ratio technique (Orlowski 1984,
Chivers et al. 1990). The resulting echo sounding points
were filtered, averaged (1 output equals 20 pings) and

clustered into three groups (P. oceanica meadows,
sandy, and hard bottoms) taking into consideration cali-
brations performed for previously classified bottoms.
Hard bottoms include rocks, P. oceanica rhizome mats,
and zones with poor seagrass coverage (Figure 4). After-
wards, this map was verified by direct observation at ran-
dom points, also distinguishing those bottom types that
the algorithm was not able to identify (i.e., dead rhizome
and rocks). The map of bottom typology in Figure 4 rep-
resents the final classification (aerial photograph verified
with echo-sounding and direct SCUBA observations).

Bathymetric data were interpolated using the kriging
technique to create 1-m scale depth contours that were
overlaid with bottom typology. Similarly, maximum near-
bottom orbital velocity data were interpolated to create
5-cm s-1 scale Ub contours that were overlaid with bot-
tom typology. Percent coverage of rocks, sand, dead rhi-
zomes of Posidonia oceanica, and P. oceanica were
calculated for each depth and near-bottom orbital velo-
city interval. A total of 400 points were randomly selected
throughout the study area, and the corresponding bot-
tom type and near-bottom orbital velocity interval were
used to calculate the average near-bottom orbital velo-
city for each bottom type. Additionally, 400 points along
the upper limit of the P. oceanica meadow were randomly
selected and the corresponding near-bottom orbital
velocities were used to estimate an average along that
edge. Differences in near-bottom orbital velocity between
each bottom type and the upper limit of P. oceanica were
evaluated using Kruskal-Wallis non-parametric analysis
of variance (due to heterogeneity of data variance).

Results

The study site has a total area of 121.44 ha wherein sand
and Posidonia oceanica meadow are the most abundant
substrata. Shallow bottoms in Cala Millor (depths
between 0 and 6 m) are mostly sandy, with some patches
of rock, particularly in the center and south parts of the
beach (Table 1). The upper depth limit of P. oceanica is
located between 5 and 6 m and the meadow continues
down to 30–35 m depth (acoustic survey data not
shown). The limit between seagrass and sand is irregular
and has several areas of hard substratum between 4 and
7 m that correspond to dead rhizomes of P. oceanica
partly covered by sand and algae, which can be indica-
tive of meadow regression (Figure 4). P. oceanica reaches
the highest percentage cover at depths greater than 8 m,
and no stands are found in depths shallower than 4 m.
Most of the rocky bottom is in the shallowest water,
between 0 and 2 m. Two large sand fingers cross the
seagrass meadow at the center of the study area; these
may have resulted from sand transport from the exposed
beach after storm events.

Mean wave conditions propagated over the beach
resulted in wave heights between 0.2 and 0.4 m, with
significant wave breaking in the shallow sandy area
(between 0.5 and 1 m) (Figure 5A) and near-bottom orbit-
al velocities up to 110 cm s-1. The highest velocities
occurred in the shallow sandy part of the beach (between
1 and 3 m) (Figure 5B).
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Figure 4 Bottom typology off Cala Millor (Majorca, western
Mediterranean Sea). P., Posidonia.

Table 1 Percent cover of bottom type at different depths.

Depth (m) Posidonia Sand Rock Dead Posidonia
oceanica oceanica

1–2 0 96.63 3.24 0.13
2–3 0 97.73 1.75 0.52
3–4 0 97.31 0 2.69
4–5 0.46 83.36 0 16.17
5–6 11.55 51.03 0 37.42
6–7 42.34 25.27 0 32.39
7–8 73.87 21.10 0 5.03
8–9 83.82 14.64 0 1.54
9–10 94.40 5.59 0 0
10–11 97.98 2.02 0 0
Total area (m2) 565,349.42 528,241.5 25,192.7 95,632.92

Total area of coverage of each bottom type is presented in the last row.

Sandy areas are associated with high values of near-
bottom orbital velocities, while Posidonia oceanica is
associated with lower velocities (Figure 6). P. oceanica is

not present in areas with velocities higher than 38–42 cm
s-1. This velocity interval might be considered a first esti-
mate of the threshold near-bottom orbital velocity that
allows the P. oceanica to occur in Cala Millor.

Variance of near-bottom orbital velocity was higher in
sand, rock, and dead Posidonia oceanica than in the P.
oceanica meadow (Figure 7). Kruskal-Wallis non-para-
metric analysis of variance detected significant differenc-
es in the average near-bottom orbital velocity between
bottom types wH (4, ns800)s310.34, p-0.001x, and post
hoc multiple comparisons of mean ranks showed that
velocities were lower in P. oceanica stands and at the P.
oceanica upper limit than in rock, sand, and dead P.
oceanica (Figure 7).

Discussion

In this study, we present a methodology to estimate the
wave energy that determines the upper depth limit of
Posidonia oceanica. Our data show that an increase in
wave energy is related to a decrease of P. oceanica cov-
er, and that above a threshold level of wave energy sea-
grass is not present. It is important to emphasize that the
evidence provided in this study is correlative and applies
to our study site only. Other locations, with different sed-
iment characteristics and wave climates might provide
different threshold values. Additional sources of distur-
bance (both natural and anthropogenic) will also intro-
duce variability in the threshold estimates. The
near-bottom orbital velocities are computed from numer-
ical model predictions and real velocities within the
meadow could be lower due to wave attenuation by the
seagrass meadow and wave-current interactions. How-
ever, the predicted velocities where P. oceanica is not
present provide an estimate of the threshold velocities
that would impede the persistence of this seagrass
species.

The usefulness of this methodology is that it provides
quantitative estimates of wave energy that sets the upper
depth limit of Posidonia oceanica and, therefore, these
can be compared to those obtained in other locations.

We obtained an estimate of the threshold value of near-
bottom orbital velocity that allows the long-term persist-
ence of Posidonia oceanica (38–42 cm s-1). It has been
suggested that Zostera marina L. can tolerate unidirec-
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Figure 5 (A) Distribution of wave heights (m) at the beach derived from mean wave conditions (11.258, Hms1.53 m, Tps7.30 s).
(B) Distribution of near-bottom orbital velocities (Ub, m s-1) at the beach and cover of the Posidonia oceanica meadow (gray) and
dead rhizomes (dark gray).

Figure 6 Percent coverage of the different bottom types in each of the near-bottom orbital velocity (Ub) intervals established in Cala
Millor (Majorca, Western Mediterranean Sea). P., Posidonia.

tional current velocities up to 120–150 cm s-1 and that
the meadows formed by this species become spatially
fragmented at tidal current velocities of 53 cm s-1 (Fon-
seca et al. 1983). Shallow mixed meadows of Z. marina
and Halodule wrightii Asch. seem to remain spatially frag-
mented at tidal current speeds above 25 cm s-1 (Fonseca
and Bell 1998). Experimental transplantations of Z. mari-
na along depth gradients in intertidal zones indicate that
this species cannot persist at sites where the maximum

bottom orbital velocity during the tidal cycle reaches
53–63 cm s-1. Furthermore, this species can survive
when exposed to waves for less than 60% of the time
and maximum orbital velocity is less than 40 cm s-1 (van
Katwijk and Harmus 2000). Hence, our estimate of the
threshold value of near-bottom orbital velocity that allows
the persistence of P. oceanica is within the range of val-
ues of current velocity proposed for other seagrass
species.
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Figure 7 Mean near-bottom orbital velocity above each bottom type in Cala Millor (Majorca, Western Mediterranean Sea).
Different capital letters indicate significant differences between bottom types (post hoc multiple pairwise comparison of mean ranks,
p-0.05). Error bars show 95% confidence intervals. N values indicate the number of points selected randomly in each bottom type.
Differences in N values between bottom types are driven by the differences in percentage covers of each bottom type in the study
area. P., Posidonia.

Frederiksen et al. (2004) used aerial photographs to
follow changes in the distribution of Zostera marina from
1954 to 1999 and showed that seagrass landscapes can
change extensively over long periods of time, especially
in the more wave-exposed areas. Comparison of aerial
photographs taken in 1956 and 2004 indicates that the
upper depth limit of Posidonia oceanica in Cala Millor has
regressed in the south part of the beach (IMEDEA
2005), which is a sector of the beach well exposed to
the most energetic waves (those from the N–NNE). We
do not rule out, however, that other processes may deter-
mine the upper depth limit of P. oceanica. This seagrass
species is able to grow in certain locations, usually shel-
tered, almost to sea level (Ribera et al. 1997), which sug-
gests that neither photo-inhibition nor temperature
fluctuations associated with shallow depths are impor-
tant in setting the upper depth limit. Except for the des-
iccation effects associated with exposure to air at low
tides (negligible in the Mediterranean Sea), the consen-
sus is that the upper depth limit of seagrasses is set by
the energy of currents and waves (Koch et al. 2006).
Wave breaking might have a role in establishing the
upper limit, but the position at which waves break will
change depending on wave height, wave period, and
presence of submerged sandbars. In addition, the effect
of waves of certain energy may depend on the amount
of time the plants are exposed to different levels of wave
energy. Average wave conditions have been used to esti-
mate the average field of near-bottom orbital velocities,
but other wave statistics could be used, such as extreme
events (De Falco et al. 2008), and elaborate a prediction
of those velocities that allow the long-term persistence
of P. oceanica. We used 44 years of data, as this would
be an adequate period of time over which to average the
effects of waves on the slow-growing P. oceanica (Marbà
and Duarte 1998).

We note that sediment density and grain size charac-
teristics have not been considered in this study. These

granulometric characteristics may play an important role
in determining the location of seagrasses, because wave
energy will move and resuspend the sediment, which
might bury or erode a seagrass meadow. Differences in
sediment characteristics between locations will then con-
tribute to the variability of the estimate of the threshold
wave energy that sets the upper depth limit of Posidonia
oceanica.

We conclude that the methodology presented here is
a useful tool to estimate wave energy on the bottom and
to identify the level that sets the upper depth limit of
Posidonia oceanica meadows. Our approach provides
testable estimates of the threshold level of wave energy
that allows this species to persist and indicates a
research program to validate them. This study also high-
lights the importance of interdisciplinary and multidisci-
plinary research in ecological modeling and, in particular,
the need for hydrodynamical studies to elucidate the dis-
tribution of seagrasses at shallow depths.
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