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ResumenEn este trabajo se profundiza en el onoimiento y desarrollo de las metodologías yherramientas neesarias para diseñar, veri�ar y optimizar sistemas osteros y portuariosmediante ténias probabilistas y álulo de riesgos.Para ello se trabaja en dos frentes: por un lado se desarrollan metodologías desimulaión de series temporales multivariadas para las variables de estado que arater-izan a los prinipales agentes forzantes de los sistemas osteros y portuarios; por otrose desarrolla una metodología de veri�aión y optimizaión on base en riesgo de lasáreas navegables de un puerto, la ual se aplia en un aso de estudio para optimizar laprofundidad de dragado de los anales de navegaión del Puerto de la Bahía de Cádiz.El proeso de simulaión de series temporales requiere onoer la distribuión marginalde las variables aleatorias, su dependenia temporal y la interdependenia entre lasdistintas variables. Todo esto debe representarse adeuadamente mediante modelosparamétrios que permitan simulaiones e�ientes y on apaidad de innovaión. Ademásestos modelos deben ontemplar que los valores observados provienen de distintas pobla-iones, de modo de representar adeuadamente tanto el omportamiento medio omo elextremal, y los ilos de variaión estaionales y plurianual de las variables.En primer lugar se explora el uso de distribuiones mixtas para modelar la distribu-ión marginal de variables geofísias, onsistentes en una distribuión entral trunada,representativa del régimen entral o el grueso de los datos, y de dos distribuiones Paretogeneralizadas para los regímenes de máximos y mínimos, representativas de las olassuperior e inferior, respetivamente. Los umbrales que de�nen los límites entre estosregímenes y el régimen entral son parámetros del modelo y se alulan junto on losrestantes parámetros del mismo mediante máxima verosimilitud.El modelo se aplia a uatro series de datos hidrológios: dos de audal mediodiario, orrespondientes a los ríos Támesis (Reino Unido) y Guadalfeo (España), y dosde preipitaión diaria, orrespondientes a Fort Collins (CO,EEUU) y Órgiva (España);y a dos series de altura de ola signi�ante: Cádiz y Barelona, España. En todos losasos se observó que los modelos mixtos mejoran el ajuste de los datos respeto alajuste obtenido on las funiones de distribuión paramétrias omúnmente usadas, yen partiular se observó que mejoran el ajuste en la ola superior.Adiionalmente, se onluye que el modelos mixto propuesto es apaz de representarorretamente todo el rango de valores de algunas variables geofísias importantes,proporionando también una herramienta automátia y objetiva para la estimaión delumbral neesario para apliar el método de pios sobre el umbral. Para la apliaión dei



iieste último se ha propuesto una metodología simple que permite inluir le inertidumbredel umbral en el álulo de la inertidumbre de los uantiles.Luego, el modelo mixto propuesto se extiende a ondiiones no estaionarias, paralo ual sus parámetros se modelan mediante series de Fourier de distintas esalas tem-porales. Esto permite inluir en el modelo tanto los ilos estaionales de esala anualomo los ilos plurianual, araterístios de las variables geofísias.En segundo lugar se estudian distintos métodos de simulaión de series temporalesuni- y multivariadas. Los métodos más populares para la simulaión de series tem-porales de variables atmosférias y oeanográ�as están basados en el uso de modelosautorregresivos, previa transformaión de las variables para haerlas estaionarias ynormalizadas. En general, uando se utilizan estos modelos, la atenión está entradaen la apaidad de los mismos para reproduir la autoorrelaión, y orrelaión ruzadauando orresponde, de las series originales.Se propone un modelo de simulaión de series temporales univariadas basado en:(i) el modelo mixto no estaionario analizado anteriormente, y (ii) el uso de opulaspara modelar la dependenia temporal de la variable. El modelo propuesto se evaluóomparando las series originales on las simuladas en términos de su autoorrelaión,los regímenes medios y máximos (anuales y pios sobre el umbral), y los regímenes depersistenias por enima de distintos umbrales. También se ompararon los resultadoson los obtenidos on modelos autorregresivos de media móvil, onluyéndose que elmodelo propuesto proporiona mejores resultados que estos últimos.Luego se estudia el uso de modelos autorregresivos vetoriales (VAR), y modelosVAR on ambio de régimen, para simular series temporales de altura, direión yperíodo de ola, y veloidad y direión de viento. Para normalizar las series y haerlasestaionarias se ajusta una funión de distribuión mixta no estaionaria a ada una delas variable. Luego se ajustan los tres modelos VAR (uno estándar y dos on ambiode régimen) a las series normalizadas estaionarias, y �nalmente se simulan nuevasseries temporales multivariadas. Se realiza un análisis en profundidad de las seriestemporales simuladas, omparando sus araterístias on las de las series originales.Se enuentra que los modelos VAR logran apturar las araterístias prinipales de lasseries originales, pero fallan en reproduir algunos de los regímenes de persistenia, yno son apaes de reproduir todas las araterístias de las distribuiones marginalesbivariadas. Por otro lado, aunque los modelos VAR on ambio de régimen mejoranalgunos aspetos de las simulaiones, produen resultados inesperados en uanto a laautoorrelaión de las series simuladas.Por último, se presenta el desarrollo y la apliaión de un modelo de simulaiónpara la veri�aión y el diseño del alado y el anho de las áreas navegables de unpuerto, atendiendo los modos de fallo toque de fondo y salidas de márgenes, y la paradaoperativa del anal.Utilizando omo forzante las series temporales simuladas on la metodología antesdesrita, el modelo simula los tránsitos de entrada y salida del puerto, y en ada tránsitoalula los tiempos de espera y la probabilidad de que el baro toque fondo. Losresultados de las simulaiones se usan para alular el riesgo en la vida útil del anal,así omo el desempeño del mismo en uanto a tiempos de espera y operatividad.



iiiEl modelo propuesto se aplia en un aso de estudio para la optimizaión del aladodel anal de aeso de la futura terminal de ontenedores del Puerto de la Bahía deCádiz, España.
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AbstratThis work deepens the knowledge and the development of methodologies and tools todesign, verify and optimize oastal and port systems by probabilisti tehniques andrisk alulation.To ahieve this it works on two fronts: �rstly develops simulation methodologies formultivariate time series of the state variables that haraterize the predominant foringagents of oasts and ports, seondly it develops a methodology for the veri�ation andrisk-based optimization of the navigable areas of a port, whih is applied in a ase studyto optimize the depth of the entrane hannel of the Port of the Bay of Cadiz.The time series simulation proess has to take into aount the marginal distributionof the variables, their time dependene, and the interdependene between the di�erentvariables. All this must be adequately represented by parametri models that allowe�ient simulations, and that are apable of innovation. Furthermore, these modelsmust onsider that the observed values ome from di�erent populations, in order toadequately represent both the entral and the extreme behavior, and the seasonal andpluriannual yles of the variables.First it is explored the use of a mixture model for determining the marginal dis-tribution of geophysial variables, onsisting of a trunated entral distribution that isrepresentative of the entral or main-mass regime, and of two generalized Pareto dis-tributions for the maximum and minimum regimes, representatives of the upper andlower tails respetively. The thresholds de�ning the limits between these regimes andthe entral regime are parameters of the model and are alulated together with theremaining parameters by maximum likelihood.The model was applied to four hydrologial data series: two of mean daily �ow, theThames at Kingston (United Kingdom) and the Guadalfeo River at Orgiva (Spain),and two of daily preipitation, Fort Collins (CO, USA) and Orgiva (Spain); and to twosigni�ant wave height data series: Cádiz and Barelona, Spain. For all ases, it wasobserved that the mixture model improved the �t of the data series with respet to the�t obtained with ommonly used parametri distributions and, in partiular, provideda good �t for the upper tail.Moreover, it an be onluded that the proposed mixture model is able to aom-modate the entire range of values of some signi�ant geophysial variables, yielding anautomati and objetive identi�ation of the threshold required for the appliation ofthe peaks over threshold method. For this purpose, a simple methodology has beendevised for inluding threshold unertainties in quantile alulations.v



vi Then, the proposed mixture model is extended to non-stationary onditions, forwhih the parameters are modeled using Fourier series of di�erent sales. This allowsthe model to inlude both the annual sale seasonal yles as well as pluriannual ylesharateristi of geophysial variables.Seondly, an study on univariate and multivariate time series simulation methodolo-gies is performed. The most popular methods of simulating time series of atmospheriand oeanographi variables are based on the use of autoregressive models and thetransformation of variables to make them normal and stationary. Generally, when thesemodels are used, attention is entred on their apaity to represent the autoorrelationof the series.A simulation model is proposed for univariate series that is based on the following:(i) the non-stationary parametri mixture model previously analyzed, and (ii) the use ofopulas to model the time dependeny of the variable. The model has been evaluated byomparing the original series and the simulated series in terms of the autoorrelationfuntion, the entral, the annual maxima and peaks-over-threshold regimes, and thepersistenes regime. It has also been ompared to an ARMA model and found to yieldmore satisfatory results.Afterwards, the use of vetor autorregresive (VAR) and Regime Swithing VARmodels for the simulation of wave height, period and diretion, and wind speed anddiretion, is studied. In order to normalize and stationarize the series, non-stationarymixture uni-variate distributions are �tted to the above �ve variables. Then the threedi�erent VAR models (standard model and two regime swithing models) are �tted andnew time series are simulated. An in depth analysis of the long term simulations isperformed, in order to study its ability to reprodue the behavior of the original series.It is found that VAR models are able to apture main features of the original series,but they fail in reproduing some of the persistene regimes and some aspets of thebi-variate distributions. On the other hand, although Regime Swithing VAR modelsimprove some aspets of the simulations, they produe some unexpeted behavior inthe orrelation of the simulated series.Finally, it is presented the development and the implementation of a simulationmodel for veri�ation and design of the depth and width of the navigable areas of aport, that takes into aount the failure modes of the ships in transit as well as theoperational stoppage of the hannel.Using as input the time series simulated with the previously desribed methodolo-gies, the model simulate entrane and exit transits in the port, and for eah transitit alulates waiting time, and the probability of the ship touhing the bottom. Theoutputs of the simulation are used to alulate the total risk in the useful life of thehannel, as well as its performane in regards with waiting times and operability.The proposed model is applied to a ase study for the optimization of the depth ofthe entrane hannel of the new ontainer terminal of the Port of the Bay of Cádiz.
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IntroduiónMotivaiónPuertos y ostas son sistemas omplejos, en los que las aiones de los agentes limátios,tanto oeánios omo atmosférios, son predominantes. Estos sistemas por tanto estánsujetos a variabilidad de diversas esalas temporales y espaiales, así omo a un altogrado de inertidumbre, ambas araterístias inherentes de las variables geofísias.En un ontexto de demanda reiente sobre los reursos de la osta �agua, suelo yenergía�, de ontraión de la inversión por parte de los organismos públios y privadosy de reientes restriiones ambientales, proyetistas y gestores neesitan metodologíasy herramientas que les permitan optimizar el diseño y la explotaión de los sistemasosteros y portuarios desde el punto de vista eonómio, soial y ambiental, asegurandoque los mismos umplirán a lo largo de su vida útil on los requisitos de seguridad,operatividad y onservaión del medio ambiente y el patrimonio histório y ulturalque impone la normativa vigente. Para esto, proyetistas y gestores deben ser apaesde aotar la inertidumbre propia de estos sistemas, teniendo en uenta las distintasesalas de variabilidad temporal y espaial araterístias de los mismos, así omo lastendenias que a mediano plazo impone el ambio global.Los métodos de veri�aión y diseño probabilistas, onoidos omo métodos de NivelII y III, así omo los métodos basados en el álulo del riesgo y/o el bene�io, danun maro teório de trabajo para realizar esta tarea. Sin embargo la apliaión delos mismos no siempre es inmediata, ya que se requiere onoer, entender, modelary predeir el omportamiento de: (a) los agentes externos que ejeren aiones sobreel sistema, en partiular los agentes limátios, y (b) la respuesta de ada uno de losomponentes del sistema y del sistema en su onjunto frente a estas aiones.Respeto a los agentes limátios, y en partiular los marinos y atmosférios, abedeir que en la última déada se han realizado esfuerzos importantes en la generaiónde bases de datos de larga duraión y alta densidad espaial. Por lo tanto, los desafíosque enfrenta hoy la investigaión ientí�a en el área de la ingeniería de ostas nose re�eren tanto a la obtenión de nueva informaión sino al diseño de metodologíasy herramientas para el abal aprovehamiento de la existente. Una de las líneas deinvestigaión abiertas y en la que esta tesis profundiza es el modelado y simulaiónde series temporales multivariadas no estaionarias de variables geofísias. Disponer deestas metodologías es una ondiión neesaria para poder apliar métodos de veri�aióny optmizaión de Nivel III basados en simulaiones de Monte Carlo, en donde la alidad1



2 INTRODUCCIÓNde las series simuladas determina la alidad de los resultados obtenidos. Por lo tantouna mejora en los métodos de simulaión de series temporales implia una mejora enlos proesos de diseño y optimizaión de los sistemas osteros y portuarios.En lo que se re�ere a los sistemas, existe un mayor onoimiento de la respuesta deada uno de sus omponentes por separado del que existe de la respuesta del sistemaen su onjunto. La respuesta de los omponentes tiene en general una parte aleatoria,inherente a ada omponente, y por lo tanto la misma está dada en términos de prob-abilidad. A su vez estas respuestas están dispersas en el tiempo y en el espaio. Cómointegrar la respuesta de los omponentes individuales de forma orreta desde un puntode vista teório, tanto físio omo matemátio, y a la vez funional, de forma tal quepermita el álulo del riesgo y de la inertidumbre, es una línea de investigaión abierta.Uno de los sistemas que estudia la ingeniería portuaria es el ompuesto por las áreasde navegaión y maniobras de un puerto. A la omplejidad onsustanial de todos lossistemas portuarios, este suma la partiularidad que el elemento sujeto a fallo �el buque�está en movimiento dentro del sistema. En este sentido, el desarrollo de un maro teóriopara la veri�aión y optimizaión de anales de navegaión mediante ténias proba-bilistas, que sea oherente on la metodología de trabajo de las Reomendaiones paraObras Marítimas de Puertos del Estado, en partiular on la ROM 0.0�Proedimientogeneral y bases de álulo en el proyeto de obras marítimas y portuarias, es un prob-lema aún no resuelto en la ingeniería portuaria, uya resoluión puede tener importantesreperusiones eonómias y ambientales.ObjetivosEl objetivo de este trabajo es profundizar en el onoimiento y desarrollo de las metodologíasy herramientas neesarias para diseñar, veri�ar y optimizar sistemas osteros y portu-arios mediante ténias probabilistas y álulo de riesgos.Para ello se plantean dos objetivos generales. Por un lado desarrollar metodologíasde simulaión de series temporales multivariadas de las variables de estado que arater-izan a los prinipales agentes forzantes de los sistemas osteros y portuarios. Por otrolado desarrollar, e implementar para un aso de estudio, una metodología de veri�aióny optimizaión de anales de navegaión.El primer objetivo es por tanto investigar metodologías de simulaión de seriestemporales de variables geofísias, partiularmente variables de estado oeanográ�asy atmosférias omo ser la altura de ola signi�ante y la veloidad de viento media a
10m. Estas metodologías deben permitir generar nuevas series aleatorias que tenganlas mismas araterístias que las series originales. En términos generales se busaque las series simuladas ompartan on las originales sus distribuiones de probabilidadmarginales, tanto univariadas omo bivariadas, su estrutura de dependenia temporaly los ilos de variaión intra-anual �estaiones� y pluri-anual, y que reproduzan lavariabilidad interanual araterístia de los sistemas naturales.El segundo objetivo de esta tesis es de�nir, e implementar para un aso de estudio,una metodología de veri�aión y optimizaión mediante ténias de Nivel III y álulo



3de riesgo de un sistema formado por las áreas navegables de un puerto. Para esto esneesario utilizar la metodología de simulaión de series temporales disutida anterior-mente, ya que estas series son el prinipal forzante del sistema. Sin embargo para laveri�aión del mismo también es neesario de�nir un maro teório y una metodologíade trabajo que permitan alular la respuesta del sistema frente a estos forzantes yexpresar esta respuesta en términos probabilistas y de riesgos.El aso de estudio seleionado para apliar las metodologías desarrolladas es laampliaión del puerto de la Bahía de Cádiz, España.Objetivos espeí�osLa onseuión de los objetivos generales de esta tesis se logra una vez alanzados lossiguientes objetivos espeí�os.
• Desarrollar funiones de distribuión de probabilidad que modelen adeuadamentetodo el rango de valores de las variables aleatorias geofísias, e implementarmetodologías de estimaión de los parámetros de las mismas.
• Implementar una metodología para inluir en las funiones desarrolladas las varia-iones temporales de distintas esalas, araterístias de las variables geofísias.
• Investigar modelos de dependenia temporal (auto-orrelaión) para simular nuevasseries temporales univariadas.
• Investigar modelos de dependenia temporal (auto-orrelaión) y dependenia en-tre variables (orrelaión ruzada) para simular series temporales multivariadas.
• De�nir formalmente una metodología basada en simulaiones de Monte Carlo parael álulo del riesgo y el desempeño de las areas navegables de un puerto.
• Implementar esta metodología en una herramienta informátia y apliarla para laoptimizaión de la profundidad de dragado del anal de navegaión y el área demaniobras del puerto de la Bahía de Cádiz.Organizaión de la tesisLa tesis se ompone de 5 apítulos en los que se abordan los objetivos espeí�os plantea-dos en la seión anterior. Cada uno de estos apítulos orresponde a un artíulo que hasido publiado o se enuentra en proeso de publiaión. Estos artíulos se reprodueníntegramente tal ual fueron enviados a publiaión exepto por algunos ambios en elformatoLos siguientes apítulos reproduen el amino transitado para resolver de formanovedosa un problema araterístio de la ingeniería portuaria, a saber: la optimizaiónde la profundidad de los anales de navegaión. Partiendo de una serie de datos sealanza un proedimiento de simulaión de series temporales multivariadas. Luego se



4 INTRODUCCIÓNde�ne una metodología de trabajo que, utilizando las series simuladas, alula el riesgoen la vida útil de las áreas nevegables de un puerto.Capítulo 1: A uni�ed statistial model for hydrologial variables inluding theseletion of threshold for the POT method1.Se analiza el uso de modelos de distribuión mixtos para modelar todo el rangode valores de una variable geofísia. Éste es el primer paso para lograr un proesode simulaión aleatoria de series temporales que onserven las mismas araterístias,desde el punto de vista estadístio, que las series originales.El modelo y la metodología de trabajo propuestos se aplian a uatro series depreipitaión y audales de diversas araterístias.Capítulo 2: Uni�ed distribution models for met-oean variables: appliation toseries of signi�ant wave height2.En este apítulo se extiende el uso de los modelos propuestos en el apítulo 1 paraseries de altura de ola signi�ante. A su vez se propone una distribuión de probabilidadalternativa a la propuesta en el apítulo 1, la ual, en iertas ondiiones, presenta unmejor ajuste de los datos.Los modelos propuestos se aplian a dos series de alturas de ola signi�ante prove-nientes de retroanálisis, una orrespondiente a la osta andaluza, en el Golfo de Cádiz,y otra orrespondiente a la osta atalana, en el Mar Mediterráneo.Capítulo 3: Non-stationary wave height limate modeling and simulation3.Partiendo del modelo de distribuión mixto presentado en los apítulos 1 y 2, seproede a extender el mismo a ondiiones no estaionarias. Luego, utilizando estemodelo para la normalizaión de la serie de datos, se propone una metodología desimulaión de series temporales basada en el uso de opulas.La metodología propuesta se aplia a la serie alturas de ola signi�antes del Golfo deCádiz, y se ompara su desempeño on el obtenido on otros modelos disponibles en labibliografía �modelos AR y ARMA�, onluyéndose que las series temporales simuladason el modelo propuesto reproduen mejor el omportamiento de las series originalesque las series simuladas on los otros modelos.Capítulo 4: On the use of Vetor Autoregressive (VAR) and Regime SwithingVAR models for the simulation of sea and wind state parameters4.Se extiende el uso de distribuiones mixtas no estaionarias, inluyendo el modelopropuesto en los apítulos 1 y 2, para modelar la distribuión de probabilidad de ino1En revisión en Water Resoure Researh.2En revisión en Coastal Engineering.3Solari, S., & Losada, M. A. (2011). Non-stationary wave height limate modeling and simulation.Journal of Geophysial Researh, 116(C09032), 1-18. doi:10.1029/2011JC007101.4Aeptado para su publiaión en CENTEC Anniversary Book, editado por el Prof. Guedes Soaresdel Instituto Superior Ténio de Lisboa.



5variables aleatorias: altura de ola signi�ante, período de pio y direión media deloleaje y veloidad y direión de viento.Normalizadas las ino variables mediante los modelos anteriores, se investiga eluso de tres modelos autorregresivos vetoriales (VAR), a saber: modelo VAR estándar,modelo VAR autoexitante on ambio de régimen y modelo VAR on ambio de régimensegún adena de Markov.Los tres modelos analizados se utilizan para simular nuevas series temporales multi-variadas no estaionarias y se ompara el desempeño de los mismos en base a la similitudexistente entre las series originales y las series simuladas.Capítulo 5: Diseño de la profundidad de un anal de navegaión on base en riesgoy uso y explotaión5.En este apítulo se desarrolla una metodología de trabajo para alular el riesgoy el desempeño a lo largo de la vida útil de los anales de navegaión y las áreas demaniobra de un puerto. La metodología desarrollada se basa en ténias de simulaiónde Monte Carlo, para lo uál se utilizan los modelos desarrollados en los apítulos 1 a4. La metodología propuesta da un maro teório de trabajo apliable a ualquierpuerto. El mismo es apliado en un aso de estudio en el Puerto de la Bahía de Cádiz,para de�nir la profundidad de dragado de los anales de navegaión que minimiza elriesgo en la vida útil de los mismos.Por último se inluye un apítulo de Conlusiones en el ual se hae un resumende las onlusiones alanzadas en ada uno de los apítulos anteriores y se presentan lasonlusiones globales que se desprenden de esta tesis, a la vez que se señalan las líneasde trabajo que quedan abiertas.

5A ser enviado al Journal of Waterway, Port, Coastal, and Oean Engineering. Resultados parialespubliados en:Solari, Moñino, Baquerizo & Losada (2010) Simulation Model for Harbor Veri�ation and Managment.In J. MKee Smith & P. Lynett (Eds.), Proeedings of 32nd Conferene on Coastal Engineering, Shang-hai, China, 2010. Coastal Engineering Researh Counil, ASCE.http://journals.tdl.org/ICCE/artile/view/1294



6 INTRODUCCIÓN



Chapter 1A uni�ed statistial model forhydrologial variables inluding theseletion of threshold for the POTmethod
1.1 AbstratThis paper explores the use of a mixture model (LNGPD) for determining the marginaldistribution of hydrologial variables, onsisting of a trunated entral distribution thatis representative of the entral or main-mass regime, whih for the ases studied isa log normal distribution (LN), and of two generalized Pareto distributions (GPD)for the maximum and minimum regimes, representatives of the upper and lower tailsrespetively. The thresholds de�ning the limits between these regimes and the entralregime are parameters of the model and are alulated together with the remainingparameters by maximum likelihood (ML). The model was applied to four hydrologialdata series: two of mean daily �ow, the Thames at Kingston (United Kingdom) and theGuadalfeo River at Orgiva (Spain), and two of daily preipitation, Fort Collins (CO,USA) and Orgiva (Spain). For all four ases, it was observed that the LNGPD mixturemodel improved the �t of the data series with respet to the �t obtained with the LNand, in partiular, provided a good �t for the upper tail. When the �t of the parametersfor the minimum regime gives a threshold value lower than the minimum value of theseries, the GPD of the minima did not improve the �t of the lower tail. Moreover, it anbe onluded that the LNGPD mixture model is able to aommodate the entire rangeof values of some signi�ant hydrologial variables, yielding an automati and objetiveidenti�ation of the threshold required for the appliation of the peaks over threshold(POT) method. For this purpose, a simple methodology has been devised for inludingthreshold unertainties in quantile alulations.7



8 CHAPTER 11.2 IntrodutionIn the last several years, the development and use of mixture distribution models hasinreased due to their �exibility (Evin et al., 2011), in that they allow the user to modelseries of data from di�erent populations. These models have been used with suessfor various geophysial appliations, e.g., statistial downsaling of preipitation (Vraand Naveau, 2007), simulating extreme rainfall events (Furrer and Katz , 2008), �owanalysis (Evin et al., 2011) and time series simulations of sea state parameters (Solariand Losada, 2011).In general, the mixture models used have been omposed of a entral distributionand one (or two) distribution(s) of the tail(s). For these models, either the transition(threshold) values between the entral and tail distributions are left unde�ned (e.g., Vraand Naveau, 2007; Hundeha et al., 2009, use dynami models imposing the thresholdequal to zero), or these are de�ned a priori using a di�erent method from that used toestimate the other parameters of the model (Furrer and Katz , 2008). Reently, Car-reau et al. (2009) expressed threshold values as a funtion of the other parameters ofthe model. Therefore, it should be investigated whether it is possible to inlude thedetermination of threshold values in the estimation method used for the distributionparameters. If so, it seems reasonable to explore whether the threshold value of theupper tail is a good hoie as the estimate of the threshold value required to applythe peaks over threshold (POT) method. This would provide another way to estimatethreshold values that is omplementary to that desribed in Coles (2001), whih unfor-tunately annot be automated and requires user intervention in the proess. The aimof this paper is to analyze the potential for applying a mixture model to parametriallymodel the entire range of values of hydrologial variables and use the values of the upperthresholds that are obtained to de�ne the series of peaks in the POT method.As an alternative to previously used models, we propose the use of a mixture modelthat is omposed of a trunated entral distribution, representative of the entral regime,and two generalized Pareto distributions (GPD) for the upper and lower tails, repre-senting the maximum and minimum regimes, respetively. The transition thresholdsbetween the three distributions are parameters of the model and are alulated bymaximum likelihood (ML) simultaneously with the other parameters in the model.This paper is organized as follows:In Setion 4.3, the bakground, di�erent models and methodologies that have beenused are presented, and their advantages and disadvantages are disussed. In Setion1.4, an alternative mixture model and a working methodology are introdued to solvethe main problems identi�ed in the previous setion. In Setion 1.5, the results fromapplying the model to four data sets are presented, analyzing its apaity to �t the entireranges of the values of the variables, partiularly in the tails, and the potential for the useof the upper threshold when applying the POT method. Partiular attention is paid tothe following: (a) the pratial aspets of applying the method and (b) the relationshipbetween the physial harateristis of the system from whih the variables originatedand the results obtained with the model; in partiular, with respet to obtaining or notobtaining heavy tails for the maxima regime (Vra and Naveau, 2007). Finally, Setion



1.3. BACKGROUND 91.6 summarizes the onlusions, and in the appendies, spei� aspets onerning theestimation methodology of the model parameters are disussed.1.3 Bakground1.3.1 Central regimeWhen modeling the bulk of the data for hydrologi variables suh as stream �ow and pre-ipitation, it is ommon pratie to use biparametri distributions suh as the gamma,log-normal (LN) or biparametri Weibull for minima (WB) distributions (Chow , 1988).Usually, these models provide a good �t with the data in the entral area around themean and the mode, but not at the tails (see, e.g., Furrer and Katz , 2008).There is no theoretial justi�ation for hoosing one spei� model for the distri-bution of hydrologial variables. However, given the amount of data reorded for theentral regime, empirial distribution funtions usually provide a su�iently good es-timate of the main-mass of the data. Therefore, adequate parametri modeling is notessential for modeling the entral regime.1.3.2 Extreme limateParametri modeling for extreme onditions is required when attempting to infer un-reorded onditions from available data.Extreme value theory states that aording to ertain hypotheses, the distributionof the maxima or minima of an independent and identially distributed (i.i.d.) seriesof n elements tends to have one of the three forms of the generalized extreme valuedistribution (GEVD). Aording to these hypotheses, the distribution of the valuesthat exeed a given threshold of a series of i.i.d. data tends to have a generalized Paretodistribution (GPD) when the threshold tends towards the upper bound of the variable(see, e.g., Coles, 2001; Castillo et al., 2005; Kottegoda and Rosso, 2008).The umulative distribution funtion (CDF) for the GEVD of maxima is given by
FGEV D(x) ={

exp
{
− [1 + ξ(x− µ)/ψ]−1/ξ

}
ξ 6= 0

exp {− exp {1 + ξ(x− µ)/ψ}} ξ = 0
(1.1)where 1 + ξ(x− µ)/ψ > 0; −∞ < µ < ∞ is the loation parameter, ψ > 0 is the saleparameter and ξ is the shape parameter. When ξ = 0, the GEVD redues to a Gumbeldistribution, and the variable is unbounded.The CDF for the GPD of the values that exeed a threshold is given by

FGPD(x) ={
1− [1 + ξ(x− u)/σu]

−1/ξ ξ 6= 0

1− exp {−(x− u)/σu} ξ = 0
(1.2)



10 CHAPTER 1where u is the position parameter, suh that x > u, ξ is the shape parameter and σu > 0is the sale parameter. When ξ = 0, the GPD redues to an exponential distribution.If ξ > 0, the distribution has no upper limit, whereas it has an upper bound of u−σu/ξif ξ < 0.Both distributions share the same shape parameter, ξ, while the sale parametersare related by
σu = ψ + ξ(u− µ) (1.3)These results establish the theoretial foundation for the two most widely aeptedmethods for modeling the extremes of several geophysial variables: the annual maxima(AM) method and the POT method. When the entire time series of data is available,the use of the AM method is assoiated with a signi�ant loss of information onerningextreme events. The POT method, on the other hand, uses the data more e�iently byonsidering more than one sample per year. In this sense, the POT method is preferredover the AM method when an entire time series is available.1.3.3 The POT methodGiven a series of i.i.d. data, the values that exeed a su�iently high threshold follow aGPD (Pikands, 1975). However, when these values show a tendeny to form lusters(i.e., for storm events), as is the ase for several geophysial variables, there are twoways of dealing with this problem: (i) by delustering the data and (ii) by aountingfor the dependene of the series. The �rst framework is the most widely adopted (Coles,2001) and inludes the POT method. In ontrast, the seond framework may requirethe use of more sophistiated statistial models and will not be disussed here.The POT method is onsidered to be the delustering method most ommonly usedby hydrologists and oastal engineers. Referenes to it an be found in Davison andSmith (1990), although, as pointed out by Coles (2001), the general idea is muh older.Given a ertain threshold, the exeedane values that are separated by less than a givenminimum time span are assumed to form a luster. Eah luster is assumed to be gen-erated by the same extreme event. For every luster de�ned in this way, the maximumreorded value is taken. This leads to the onstrution of a POT series of independentobservations. It is lear that the appliation of the POT method requires a previouslyde�ned threshold as well as a minimum time between threshold exeedane events thatensures the independene of the POT series. The study of alternative delusteringmethods is beyond the sope of this paper. Suh information an be found in Ferroand Segers (2003) and referenes therein. This paper only deals with the appliationof the most ommon POT delustering method and provides an alternative model forthreshold seletion and unertainty quanti�ation. The minimum time between extremeevents is assumed to be a given parameter; therefore, no analysis is performed for it.



1.3. BACKGROUND 111.3.4 Threshold identi�ationA threshold is an essential parameter for the GPD to be used, whether or not thePOT method is used. The threshold is, in fat, a distribution parameter (the positionparameter of the GPD), and the threshold an be estimated one a data series is de�ned.However, the problem is that a pre-de�ned threshold is required for a data series. Thisimplies that threshold estimation is not straightforward, and generally, this estimationannot be aomplished with the same methods used for estimating the rest of theparameters of a GPD.Despite the importane of the threshold in the analysis of extreme events, the ex-isting methods for threshold identi�ation are based totally or partially on subjetivejudgment. Moreover, most methods do not aount for any unertainty in the thresholdestimation. As a onsequene, the on�dene bounds of extreme values do not inludethe unertainty assoiated with the threshold.Two ommon ways of hoosing a threshold are based on expert judgment. One way isto selet a �xed quantile orresponding to a su�iently high non-exeedane probability,usually 95%, 99% or 99.5% (see, e.g., Lueño et al. (2006) or Smith (1987)). The otherway is to impose a minimum on the mean number of lusters per year. Neither of thesemethods allows for the estimation of the unertainty assoiated with the threshold.Thus, a sensitivity analysis is frequently performed.There are other methods that provide some guidane for threshold identi�ationand limit the subjetivity of its seletion: the graphial method (GM) and the optimalbias-robust estimation (OBRE) method. The GM is based on the stability of the GPDparameters. The OBRE method is based on the proedure used for parameter estima-tion. These methods are disussed below. Reently, Thompson et al. (2009) proposeda new method that is also based on the stability of the GPD parameters. This methodwill not be disussed in this work.Graphial method (GM)The graphial method is based on the stability of the shape and sale parameters of aGPD (see Coles, 2001). Provided that all of the exeedane values of the threshold u0follow a GPD with parameters ξ and σu0 , the exeedane values of any other threshold u,suh that u > u0, must follow a GPD with parameters ξ and σu that satisfy σu = σu0 +
ξ(u−u0). Then, the expetation of exeedane, given by E(X−u|X > u) = σu/(1+ξ),must be a linear funtion of u for all u > u0.Consequently, there are two ways of applying the GM. The simplest is to onstrutthe mean residual life plot (MRLP). Given a series of thresholds, the MRLP is the lousof points given by

{(
u,

1

nu

nu∑

i=1

(xi − u)

)
: u < xmax

} (1.4)For u > u0, being u0 the threshold at whih the GPD is a good approximation ofthe data, the MRLP should be approximately linear with u. The other option is to



12 CHAPTER 1estimate ξ and σ for several thresholds and plot (u, ξu) and (u, σu − ξuu). In this ase,the plots should be onstant for u > u0.A major advantage of the GM is that its implementation is straightforward and itredues the subjetivity assoiated with threshold seletion. However, the GM has a re-maining subjetive omponent that requires human judgment and annot be automated,and it is unable to provide the unertainty of the threshold estimation.The OBRE methodDupuis (1998) proposed performing parameter estimation and seleting the thresholdby introduing the optimal bias-robust estimator (OBRE), whih is an M-estimator(see Zea Bermudez and Kotz , 2010a). This method attributes weights (equal to or lessthan one) to the observations used in parameter estimations. Observations with a verylow weight do not �t the GPD model. Dupuis (1998) suggests using this weight as aguide for threshold seletion and inreasing the threshold until the weight assigned tothe observation is su�iently lose to one. The OBRE method also does not providethe unertainty of the threshold estimation. A disadvantage of this method is thata pratiing engineer is required to deide on the weight, a variable with whih theengineer may not be familiar.1.3.5 Mixture modelsMixture models, suh as the one used in this work, inorporate both the entral andextreme populations into a single model, and thresholds are inluded as parameters.Di�erent versions of this approah have been reently used by Frigessi et al. (2002) formodeling the Danish Fire Loss Data Set, by Vaz de Melo Mendes and Freitas Lopes(2004) for eonomi and environmental indies, by Behrens et al. (2004) for eonomiindies, by Tanredi et al. (2006) for daily maximum �ow rates, by Vra and Naveau(2007), Furrer and Katz (2008) and Hundeha et al. (2009) for preipitation and byCai et al. (2007, 2008) for signi�ant wave heights. Some authors refer to the mixturemodels omposed of trunated distributions that do not overlap as hybrid models, whilein this paper, we use the term mixture model indisriminately.Frigessi et al. (2002) proposed a dynamially weighted mixture model omposed bya GPD and another light-tailed distribution and applied it to the Danish Fire Loss DataSet. This model was used by Vra and Naveau (2007) and Hundeha et al. (2009) formodeling preipitation data sets while imposing zero as the threshold of the GPD.Vaz de Melo Mendes and Freitas Lopes (2004) proposed a mixture model that isomposed of a normal distribution for the entral regime and two GPDs for the minimaand maxima regimes, orresponding to the upper and lower tails, respetively. Thelimits between the entral distribution and the tails are de�ned by the upper and lowerthresholds, whih are model parameters. For parameter estimations, sets of thresholdsare seleted. For eah threshold, the normal distribution parameters are estimated byusing the ML method, and the GPD parameters are estimated by using L-momentsstatistis. Then, the likelihood funtion is alulated using the obtained parameters.



1.4. MODEL DESCRIPTION 13Model parameters are spei�ed suh as those for whih the likelihood funtion is max-imized. The appliation of the model requires the normalization of the data. Thismodel has been applied to the Mexio index series and to a storm surge series inludedin Coles (2001). In the latter ase, the thresholds that were obtained were in onur-rene with those obtained with the GM. This methodology does not inlude a proedurefor estimating threshold unertainties.Behrens et al. (2004) used a mixture model omposed of a gamma distribution forthe entral regime and a GPD for the maxima regime. This model was applied to theNasdaq 100 index series. Parameters are estimated by means of Bayesian tehniqueswith Markov hain Monte Carlo methods. For this methodology, the parameter dis-tribution is obtained beforehand. Therefore, the unertainty of the parameters an beestimated.Tanredi et al. (2006) proposed a mixture model omposed of a series of uniformdistributions for the entral regime and a GPD for the maxima regime. Parameters andtheir unertainties, inluding thresholds, are estimated by means of Bayesian tehniqueswith Markov hain Monte Carlo methods. This approah was applied to the RiverNidd �ow data set. The resulting threshold was similar to that obtained by Davisonand Smith (1990) with the GM. This model is �exible beause it uses series of uniformdistributions, but its implementation may be di�ult.Cai et al. (2007) used a mixture model omposed of a biparametri Weibull distri-bution for the minima and entral regimes and a GPD for the maxima regime. Caiet al. (2008) used a ombination of an empirial distribution for the minima and entralregimes and a GPD for the maxima regime. However, ontinuity was not assured in theprobability density funtions (PDF) of these models, and no information was given inregards to their threshold alulations.Furrer and Katz (2008) used a mixture model omposed of a trunated gammadistribution for the entral regime and a GPD for the upper tail or maxima regime,similar to that used by Behrens et al. (2004). The threshold that de�nes the limitbetween the entral and tail distributions is de�ned a priori. To ensure ontinuity inthe PDF, they �rst alulated the parameters of the GPD using only the data greaterthan the threshold, and they then adjusted the sale parameter of the GPD to ensure
fgamma(u) = fGPD(u), where u is the threshold.1.4 Model desriptionWith the exeption of the mixture models, all the methods reviewed analyze the entraland maxima regimes separately. More spei�ally, the study of the entral regimeis based on all available observations, and the study of the maxima regime is basedon a subsample of data representative of the extreme onditions. In line with Vaz deMelo Mendes and Freitas Lopes (2004); Behrens et al. (2004); Tanredi et al. (2006); Caiet al. (2007); Furrer and Katz (2008), here, the use of a parametri mixture model thatis valid for the entire range of values of the variable is proposed. It also di�erentiates thethree populations: (i) a entral regime for the bulk of the data; (ii) a minima regime



14 CHAPTER 1for the lower tail and (iii) a maxima regime for the upper tail. The thresholds thatde�ne the limits between these three populations are parameters of the model and arethus estimated in the same way as the other parameters. The model proposed is thatof (3.1), where Fc is the distribution funtion assumed for the entral regime, Fm is thedistribution funtion for the minima regime and FM is the distribution funtion for themaxima regime.
f(x) =





fm(x)Fc(u1) x < u1

fc(x) u1 ≤ x ≤ u2

fM (x) (1− Fc(u2)) x > u2

(1.5a)
F (x) = (1.5b)



Fm(x)Fc(u1) x < u1

Fc(x) u1 ≤ x ≤ u2

Fc(u2) + FM (x) (1− Fc(u2)) x > u2This model does not onsider the time dependeny of the data. It is a model forthe marginal distribution of the random variable and, as suh, annot be diretly usedto alulate the quantiles of high-return periods, unless the series is i.i.d. The mainadvantage of the model is that it alulates the thresholds that indiates the limitbetween the minima, entral and maxima regimes, as well as their unertainties. Oneadvantage of this model is that this is done automatially and objetively. For theentral regime, an LN distribution is used:
fc(x) =

1

xσLN
√
2π

exp

{
− [ln(x)− µLN ]2

2σ2LN

} (1.6)where µLN and σLN > 0 are position and sale parameters, respetively. Similarly,a gamma, WB or any other distribution ould be used. Both of these, or any otherdistribution funtion, are equally valid for the proedure desribed in the followingparagraphs. The minima and maxima GPDs are used for desribing the minima andmaxima regimes:
fm(x|x < u1) =

1

σ1

(
1− ξ1

σ1
(x− u1)

)− 1
ξ1

−1 (1.7)
fM (x|x > u2) =

1

σ2

(
1 +

ξ2
σ2

(x− u2)

)− 1
ξ2

−1 (1.8)where u1 and u2 are the upper and lower thresholds of the entral regime; σ and ξ(ξ1 6= 0 and ξ2 6= 0) are the sale and shape parameters, respetively, suh that σ > 0and −∞ < ξ < ∞. The ase of ξ = 0, in whih the GPD redues to an exponentialdistribution with the parameter σ > 0, is not onsidered in this analysis. Moreover, forthe minima GPD, u1+σ1/ξ1 ≤ x ≤ u1 if ξ1 < 0, and x ≤ u1 if ξ1 > 0. Conversely, for the



1.4. MODEL DESCRIPTION 15maxima GPD, u2 ≤ x ≤ u2−σ2/ξ2 if ξ2 < 0, and x ≥ u2 if ξ2 > 0. The model proposed(3.1) has eight parameters, whih are estimated using the ML method. Aordingly,the negative log-likelihood funtion (NLLF) is minimized. The log-likelihood funtion(LLF) l(x|θ) is given by:
l(x|θ) = N1 [ln (Fc(u1))− ln (σ1)]

−
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1
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)∑
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1− ξ1
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)

−Nc ln
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√
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)
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∑
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+N2 [ln (1− Fc(u2))− ln (σ2)]

−
(

1

ξ2
+ 1

)∑

N2

ln

(
1 +

σ2
ξ2

(x− u2)

) (1.9)where θ is the vetor of parameters to be estimated; N1 is the number of data reordssuh that x < u1; Nc is the number of data reords suh that u1 ≤ x ≤ u2 and N2 isnumber of data reords suh that x > u2.1.4.1 Continuity and physial boundsModel (3.1) as well as the models proposed by Vaz de Melo Mendes and Freitas Lopes(2004), Behrens et al. (2004), Tanredi et al. (2006) and Cai et al. (2007) have disonti-nuities in the PDF at the threshold values. However, experiene does not indiate thatsuh disontinuities exist for geophysial variables. Aordingly, ontinuity is imposedon the PDF of the model. Continuity in (3.1) allows for the expression of the saleparameters of their GPDs as a funtion of the orresponding loation parameters. Thenumber of parameters of the mixture distribution is thus redued in two. As the vari-ables studied in the following setion (mean daily �ow and daily preipitation) mustbe positive, the ondition x ≥ 0 is imposed on the model. This permits the expressionof the sale parameter of the minima GPD as a funtion of the shape and position(threshold) parameters: σ1 = −ξ1u1.Using both onditions, the following relationships are obtained:
ξ1 = − Fc(u1)

u1fc(u1)
; σ2 =

1− Fc(u2)

fc(u2)
(1.10)As a result, the number of parameters of the model is redued to �ve (u1, u2, µLN ,

σLN , ξ2). This simpli�es the model, and as previously spei�ed physial informationhas been used, its unertainty is also redued.



16 CHAPTER 11.4.2 Parameter estimationThere are several methods that estimate the distribution parameters based on the ob-served data. One of the most ommonly applied, given its �exibility and properties, isthe ML method (see Coles, 2001, hap. 2). This is the method used for this researh.For an in-depth disussion of methods for GPD parameter estimation, see Zea Bermudezand Kotz (2010b,a). A disussion of the methods used to minimize the NLLF and thepreautions that should be taken in this proess an be found in the appendies.1.4.3 Con�dene intervalsThe on�dene intervals of the parameters are estimated by using the ovariane matrix
Ĉov(θ̂). This is alulated as the inverse of the information matrix, whih is obtainednumerially. The diagonal elements of the ovariane matrix represent the varianeof the parameters. When a normal distribution is assumed, these varianes an beused to obtain the on�dene intervals of the model parameters at the (1 − α) level:
θj ∈ (θ̂j ± zα/2σ̂θ̂j) for j = 1, . . . , 5 (see Coles, 2001; Castillo et al., 2005).Quantile on�dene intervals are alulated using the delta method. Given thequantile xP , orresponding to the non-exeedane probability P , the gradient of xP isnumerially obtained as ∇θixP = ∂xP /∂θi. The variane of the quantile is estimatedby σ̂2x̂P

= ∇T
θ xP Ĉov(θ̂)∇θxP . Then, assuming a normal distribution, the on�denelimits at the (1− α) level are: xP ∈ (x̂P ± zα/2σ̂x̂P

).The expression for xP is:
xP (P ) =





xm(P ) P < Fc(u1)

xc(P ) Fc(u1) ≤ P ≤ Fc(u2)

xM (P ) P > Fc(u2)

(1.11)where
xm(P ) = u1

(
P

Fc(u1)

) Fc(u1)
u1fc(u1)

xc(P ) = exp
[
µLN + σLN

√
2erf−1(2P − 1)

]

xM (P ) = u2

−1− Fc(u2)

ξ2fc(u2)

[
1−

(
1− Fc(u2)

1− P

)ξ2
]1.4.4 Estimations of extreme events using the proposed modelWhen series are i.i.d., the quantiles for any return period an be obtained diretly fromthe model (3.1). However, geophysial variables are rarely i.i.d. beause most of thetime, high values tend to group together to form lusters (due to storm events in the



1.4. MODEL DESCRIPTION 17ase of daily �ow and preipitation data). The quantiles for high-return periods fornon i.i.d. series an be estimated using the POT method. This setion explains theappliation of the POT method using the threshold obtained from the model (3.1).Assuming that the minimum time between threshold exeedane events that assuresthe independene of POT observations is a known parameter, the POT method an beapplied by using the upper threshold obtained with the model (3.1). In this way, ani.i.d. POT series is obtained. A GPD model an be �t to this series by using the MLmethod, and the ovariane matrix Ĉovξσ an be obtained for the model parameters
ξ and σ. When applying the POT method, the mean number of lusters (storms) peryears ν is also obtained. Estimates of ν, its variane and its ovariane relative to ξand σ an be determined assuming that storm ourrenes is a Poisson proess andinluding the parameter ν in the likelihood funtion (see, e.g., Méndez et al., 2006, eq.5).

L(ν, ξ, σ) =
(νT )Ne−νT

N !

N∏

i=1

fGPD(xi − u|ξ, σ) (1.12)However, the same results an be obtained by estimating ν as ν = N/T , where
N is the number of observed lusters and T is the number of reorded years, and byestimating the variane of ν by alulating the variane of the distribution as σ̂2ν =
σ̂2Poisson/N = ν/T = ν2/N . From (1.12), it an be dedued that ∂l/∂ν∂λ = ∂l/∂ν∂κ =
0. It an thus be onluded that the ovarianes for (ξ, ν) and (σ, ν) are zero. Then,the ovariane matrix for (ν, ξ, σ) an be expressed as

Ĉov(ν, ξ, σ) =



σ̂2ν 0 0

0 Ĉovξσ(1, 1) Ĉovξσ(1, 2)

0 Ĉovξσ(2, 1) Ĉovξσ(2, 2)


 (1.13)Based on the above expression, in order to inlude the unertainty assoiated withthe threshold (whih is another model parameter) in the alulation of quantiles of ahigh-return period, the ovariane matrix an be approximated as follows:

Ĉov(θ̂) =




σ̂2u 0 0 0
0 σ̂2ν 0 0

0 0 Ĉovξσ(1, 1) Ĉovξσ(1, 2)

0 0 Ĉovξσ(2, 1) Ĉovξσ(2, 2)


 (1.14)where σ̂2u is obtained from the model (3.1) and it is assumed that the ovarianes inreferene to u are all zero. It should be highlighted that aording to the hypothesis ofa Poisson distribution for ν, the lower the upper threshold is, the higher is the possiblenumber of lusters per year and, onsequently, the higher is the variane estimated for

ν. This variane an only be redued by inreasing the number of years measured.Using the GPD adjusted for the POT data series and the ovariane matrix (2.8),the quantiles for high-return periods (Tr) are estimated by
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xTr = u+

σ

ξ

(
(Trν)

ξ − 1
) (1.15)with the following on�dene intervals for the (1− α) level

xTr ∈ (x̂Tr ± zα/2σ̂x̂Tr
) (1.16)where σ̂2x̂Tr

= ∇T
θ xTr Ĉov(θ̂)∇θxTr , being

∇T
θ xTr =

[
∂xTr

∂u
,
∂xTr

∂ν
,
∂xTr

∂ξ
,
∂xTr

∂σ

]

=
[
1,
σ

ν
(Trν)

ξ,
σ

ξ2
(1− (Trν)

ξ)

+
σ

ξ
(Trν)

ξ ln(Trν),
1

ξ
((Trν)

ξ − 1)
] (1.17)1.5 AppliationFor this setion, model (3.1) (hereafter alled LNGPD) was used to model four setsof data. For eah ase, the results obtained by applying the model and by omparingthe upper threshold u2 obtained from the model with that obtained by using the GM(in partiular using the MRLP) were analyzed. In addition, we examined the resultsobtained by using the u2 threshold for the POT method.A daily preipitation data series from Fort Collins, USA, a mean daily �ow data setfrom the Thames in Kingston, UK and daily preipitation and mean daily �ow data setsfrom Orgiva, Spain were used. These data series were seleted to enompass di�erentsituations:

• The Fort Collins and the Thames River at Kingston data series are of very longduration, while the data series of �ows in Orgiva is of short duration.
• For the preipitation series (Fort Collins and Orgiva), as for the �ow series inOrgiva, there is no physial basis to justify imposing an upper bound on thevariables, and therefore, it is expeted that the distributions of the maximumvalues of these (both from the entire series as well as the peaks over the threshold)are heavy-tailed distributions. The Thames River, on the other hand, is regulatedto avoid �ooding, and for this series, the existene of an upper limit for themaximum values of the variable is justi�ed, exept in exeptional ases in whihthe �ood ontrol system has been exeeded.1.5.1 Daily preipitation at Fort CollinsThe daily preipitation series at the station in Fort Collins, CO, obtained from theColorado Climate Center (http : //ccc.atmos.colostate.edu/dly−form.html) was ana-lyzed. This same data set has been used previously in the work of Katz et al. (2002)and Furrer and Katz (2008).



1.5. APPLICATION 19Table 1.1: Parameters of the LNGPD model �tted to the Fort Collins non-zero daily preipitation data,imposing u1 = 0.
u2 µLN σLN ξ2
9.8 0.68 1.39 0.196
0.15 0.22× 10−3 0.12 × 10−3 0.81× 10−3
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Data
LNGPD
LNFigure 1.1: Empirial (gray), �tted LN (red) and �tted LNGPD (green) CDFs graphed on a log-normalprobability sale. Fort Collins non-zero daily preipitation (mm) data.The series used overs the period from 1900 to 2010. Of the 40543 available data,only 9036 orrespond to non-zero data, equivalent to 22.3% of the total data.First, the WB, LN and gamma distributions were adjusted to the non-zero data.From these, the distribution with the best �t with respet to the values of the likelihoodfuntion and the powers of the χ2 and Kolmogorov-Smirnov tests (both were rejetedfor the three distributions tested) was seleted. The best �t distribution aording tothese riteria is the LN; however, the visual evaluation of the LN �t indiates that ithas a poor �t in the tails (see Figure 1.1).To improve the �t, the LNGPD mixture model was used, estimating the parametersby using ML method. First, a value for the u1 parameter that is less than the minimumvalue of the non-zero data (u1 < min(x) = 0.1mm) was obtained. Therefore, theparameters are again estimated with u1 = 0, thus disarding the GPD of the minimums.The estimated parameters and their varianes are listed in Table 1.1.Figure 1.1 shows the empirial umulative distribution funtion (CDF) of the non-zero data and those obtained with the LN and LNGPD models. The LNGPD model�ts the data better than the LN, partiularly in the upper tail. This is also seen in theQ-Q plot that is presented in Figure 1.2.The u2 upper threshold obtained by adjusting the LNGPD model was 9.8mm, witha on�dene interval of 90% (9.2mm, 10.5mm). Expressed in inhes, the threshold is

0.39 in, whih is almost equal to the threshold used by Katz et al. (2002) for the POT
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Ref. LineFigure 1.2: QQ plot. Fitted LN (red dots) and �tted LNGPD (green dots) models. Fort Collinsnon-zero daily preipitation (mm) data.method (0.40 in).The MRLP (�gure 1.3) shows that there are two trends (indiated as A and B) thatorrespond to the u2 ≃ 10mm threshold (equivalent to that obtained by adjusting theLNGPD model ) and the u2 ≃ 40mm threshold. These trends slope upwards, indiatingthat the GPD shape parameter adjusted with the two thresholds must be positive.To verify this, a GPD distribution was adjusted to the data greater than 40mm. Theshape parameter obtained was 0.114, with a on�dene interval of 90% (−0.10, 0.33),while that obtained with the LNGPD model was 0.196, with a on�dene interval of

90% (0.15, 0.24). Although the shape parameter obtained with the 40mm thresholdhas the same sign as that obtained with the 9.8mm threshold (both orrespond to adistribution with a heavy tail), the on�dene interval of the �rst is onsiderably broaderthan that of the seond and does not exlude the possibility that the shape parameteran take on negative values, orresponding to a light tail.Next, the feasibility of using the upper threshold u2 obtained by adjusting theLNGPD model for the POT method was studied. To di�erentiate the analysis of thePOT data from that of the entire dataset, the threshold used to onstrut the POTseries is alled u, and the shape parameter of the GPD of the maxima adjusted usingthe POT series is alled ξ.Figure 1.4 presents the MRLP of the POT data. As with all non-zero data, thereare two parallel trends, for whih there are two possible thresholds for applying thePOT method: u ≃ 10mm and u ≃ 40mm.In priniple, based only on the MRLP, one would tend to selet the higher threshold(40mm); nevertheless, with this seletion, less than one storm was obtained eah year(on average), with whih the use of the POT method instead of the AM method is notjusti�ed. In order to ahieve a number of annual storms greater than one, the thresholdobtained by adjusting the LNGPD to all of the data was seleted (9.8mm).It is interesting to ompare the behavior of the ξ parameters of the GPD adjusted
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Data
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LNFigure 1.6: Empirial (gray), �tted LN (red) and �tted LNGPD (green) CDFs graphed on a log-normalprobability sale. Thames at Kingston mean daily �ow (m3/s).Table 1.2: Parameters of the LNGPD model and their varianes �tted to the Thames at Kingstonmean daily �ow data.

u1 u2 µLN σLN ξ2
7.2 124.5 3.71 1.07 −0.092

0.014 1.8 2.5× 10−5 1.4× 10−5 4.4× 10−5As with the data series from Fort Collins, WB, LN and gamma distributions were�tted and evaluated, �nding that the LN distribution provided the best �t, althoughit is a poor �t in the tails. Then, the LNGPD mixture model was used, leading to asigni�ant improvement in the �t with respet to that obtained with the LN model (see�gure 1.6). Table 1.2 lists the estimated values and the varianes of the parameters ofthe LNGPD model.Figure 1.7 shows the MRLP of the series. The threshold of the GPD maxima that isidenti�ed by the MRLP is about 300m3/s. On the other hand, the upper threshold u2of the LNGPD model is 124m3/s, with a 90% on�dene interval of (122, 127). Thesethresholds orrespond to the two di�erent trends indiated in the MRLP (�gure 1.7):the A trend orresponds to the 124m3/s threshold and is assoiated with a light tail,while the B trend orresponds to the 300m3/s threshold and is assoiated with a heavytail. Although Katz et al. (2002) point out that, in general, hydrologial variables haveheavy tails, it is possible that this is not true in a basin subjet to a �ood ontrol systemsuh as this one. Figure 1.6 indiates that the LNGPD (that in this ase has a lightupper tail) provides a satisfatory �t to the data of the upper tail.Assuming that this is a losely regulated river, for whih the level of regulation hasvaried over time, an analysis on the extremes of the �ow series is not reommended forengineering appliations (it would be interesting to determine if the over-dispersion ofthe distribution of extreme �oods identi�ed by Eastoe and Tawn (2010) has its origins in
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6997Figure 1.7: Mean Residual Life Plot for the Thames at Kingston mean daily �ow (m3/s).the inhomogeneities of the series that result from the time varying �ood ontrol system;this, however, is outside of the objetives of this work). Despite this, we proeeded tostudy the behavior of the POT series beause it is instrutive to explore the apabilitiesof the LNGPD model, and it omplements the analysis on whether the upper tail ofthis series is heavy or not.Figure 1.8 presents the MRLP of the POT series. Aording to this MRLP, theupper threshold appropriate for applying the POT method is u = 230m3/s, higherthan that obtained from the LNGPD mixture model, u = u2 = 124m3/s. It is alsolear from the graph that the adjusted GPD with threshold u = 230m3/s will have aheavy tail, while the adjusted GPD with u = 124m3/s will have a light tail.A GPD was adjusted to eah of the POT series built with the two identi�ed thresh-olds (124m3/s and 230m3/s). Figure 1.9 shows the 90% on�dene intervals for thequantiles that were obtained with these GPDs as well as the respetive POT series.The �t obtained using the 124m3/s threshold is good, even for the exeptional valuesof the mean daily �ow: for high-return periods, the GPD traks the data trend well,and only the data for the �oods of 1894 and 1947 fall outside of the on�dene interval.In ontrast, the on�dene interval of the GPD adjusted with the 230m3/s thresholdinludes the values that orrespond to the �oods of 1894 and 1947. Interestingly, thelower limits of the on�dene interval oinide for both thresholds.To omplement the analysis above, we studied the behavior of the MRLP and theGPD when the two years of exeptional �oods (1894 and 1947) were removed from thedata series, under the assumption that these �oods are not from the same populationas the rest of the data beause they orrespond to situations where the �ood ontrolsystem failed in its funtion. Figure 1.10 shows the MRLP obtained using all of thedata and that obtained when removing these two years. The MRLP obtained for all ofthe years is inluded within the 95% on�dene interval of the MRLP obtained when
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Figure 1.8: Mean Residual Life Plot for the Thames at Kingston mean daily �ow (m3/s) POT series.
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1947.1.5.3 Orgiva stream�ow and preipitation seriesLastly, we analyzed two shorter duration data sets orresponding to a Mediterraneanbasin loated on the Iberian Peninsula. Daily preipitation and mean daily �ow dataseries from Orgiva, Spain (oordinates 36◦ 54′N , 3◦ 25′W ) were used. A desription ofthe harateristis of this basin an be found in Herrero et al. (2009), Millares et al.(2009) and Mans et al. (2011).(a) PreipitationA series of 16948 data points of daily preipitation from 1961 − 2008, albeit withsome timeframes where data were missing, were used.Rainfall in Orgiva has a bimodal distribution (see �gure 1.11), with a �rst peak or-responding to very low-intensity daily preipitation values (0.1mm). An approximationfor this type of distribution proposed by Carreau et al. (2009) onsists of using a "Hy-brid Pareto" mixture model, omposed of several Normal-Pareto mixture distributions
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LNFigure 1.12: Empirial (gray), �tted LN (red) and �tted LNGPD (green) CDFs on a log-normal prob-ability sale. Órgiva daily preipitation (mm/day).similar to model (3.1). However, here, we attempted to demonstrate the ability of theLNGPD mixture model to explore and model this series of hydrologial variables whileavoiding the use of more ompliated model suh as that presented by Carreau et al.(2009). As a result, reords below 0.3mm/day were disarded for this analysis.Among the WB, LN and gamma distributions adjusted to the data greater than

0.3mm/day, the LN distribution provides the best �t. Nevertheless, this distributiondoes not have a good �t in the upper tail for values greater than 30mm/day (see�gure 1.12). Therefore, the LNGPD distribution was adjusted to obtain a signi�antimprovement in �t (see �gures 1.12 and 1.13). The parameters of the adjusted LNGPDdistribution are presented in Table 1.3. The estimated value of the upper threshold is
u2 = 11.6mm/day, while that obtained using the MRLP (not shown) is approximately
10mm/day.The results from using a threshold of u = u2 = 11.6mm/day to apply the POTmethod were analyzed. Figure 1.14 shows the MRLP for the POT series, from whih athreshold of u = 26mm/day was seleted. The shape parameter for the GPD obtainedby using u = 26mm/day is 0.2, while that obtained by using u = u2 = 11.6mm/day is
0.09. Both are positive, i.e., with heavy tails. However, the use of the lower threshold
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u2 µLN σLN ξ2
11.57 1.58 1.32 0.18
0.58 0.028 0.023 0.041yields a larger number of events, whih again, as in the previous ases, redues theunertainty in the extrapolation when high-return period values are alulated (see�gure 1.15).(b) Stream�owFor the mean daily stream�ow data series, 5546 data points were used, orrespondingto the period from 1991-2009, with several periods of missing data. In total, there wereabout 15 years of data.There are two �ow populations in the Orgiva basin: one from snowmelt and theother from surfae runo�. However, the two populations overlap, generally following aLN distribution, although this distribution �ts the tails poorly (see Figure 1.16).By adjusting the LNGPD model to the data, the lower threshold is determined tobe zero. The parameter values of the LNGPD model estimated by ML are listed inTable 1.4. Figures 1.16 and 1.17 present the CDF and QQ graphs. The �t obtainedwith the LNGPD model is signi�antly improved ompared to that obtained with theLN distribution. As with the preipitation data, the upper threshold obtained with theLNGPD model roughly oinides with the one that would be seleted from the MRLP(see Figure1.18).As for applying the POT method, the MRLP (�gure 1.19) indiates that the valueof the threshold appropriate for applying the GPD distribution to the POT series isabout 20m3/s, resulting in a light tail. However, this is hardly onsistent with thepreipitation data, for whih both the MRLP as well as the LNGPD model yieldedthresholds that resulted in heavy tails. On the other hand, the MRLP of the POT data
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Figure 1.14: MRLP of the daily preipitation POT series for Órgiva.
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Figure 1.15: Órgiva mean daily �ow (m3/s) POT series (dots) and 90% on�dene intervals (CIs) ofthe GPDs �tted using u = u2 = 11.6mm/day (gray lines) and u = 26mm/day (red lines) thresholds.Table 1.4: Parameters of the LNGPD model �tted to the Orgiva mean daily stream�ow (m3/s) datawhen imposing u1 = 0 and their standard deviations.
u2 µLN σLN ξ2
7.94 0.591 1.124 0.075
0.38 0.015 0.011 0.036
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Figure 1.18: MRLP for Órgiva mean daily stream�ow (m3/s) data series.indiates that the threshold of u = u2 = 7.94m3/s obtained using the LNGPD modelis also valid given that the A trend (�gure 1.19) remains within the on�dene intervalsof the MRLP. With this threshold, a GPD with a heavy tail is obtained, onsistent withthat observed in the preipitation series.In summary, when applying the LNGPD model to the series of daily preipitationand mean daily stream�ow data reorded in Orgiva, one �nds that it provides a good�t for the full range of values of both variables, exept for values less than 0.3, mm/dayin the preipitation series, and that in both ases a suitable upper threshold to applythe POT method an be identi�ed.1.6 ConlusionsThis paper explored the use of a mixture model (LNGPD) for the marginal distributionof hydrologial variables. This distribution omprises a trunated entral distributionthat is representative of the entral regime, whih was the LN distribution for the asesanalyzed, and two GPDs for the upper and lower tails, to represent the maxima andminima regimes respetively.The LNGPD model is able to work over the entire range of values of some signi�anthydrologial variables, suh as preipitation and stream�ow, regarding the data reordsas oming from three di�erent populations. The thresholds are model parameters andare estimated by ML. Consequently, the threshold alulation is automati and obje-tive, does not require the prede�nition of any parameter, and yields the minima, entraland maxima regimes of the hydrologial variables by determining the thresholds u1 and
u2, whih indiate the transition points between regimes.A signi�ant advantage of this model and methodology over existing ones is thatthe alulated u2 is a onvenient threshold value that is required for the alulation
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Figure 1.19: MRLP of the mean daily stream�ow POT series in Órgiva.of high-return period quantiles by applying the POT method. For this purpose, asimple methodology has been devised for inluding threshold unertainties in quantilealulations.The same onlusions apply to the minima regime. However, when the u1 thresholdvalue is less than the lowest value in the series, inluding the GPD of the minima doesnot improve the �t of the lower tail.The proposed mixture model was tested against four series of hydrologial data: twoof mean daily �ow, the Thames at Kingston (UK) and the Guadalfeo River at Orgiva(Spain), and two of daily preipitation, Fort Collins (CO, USA) and Orgiva (Spain). Inall ases, the LNGPD mixture model improved the �t of the data series relative to the�t obtained with the LN distribution; in partiular, it provided a good �t in the uppertail.In the four ases studied, the u2 thresholds obtained from the LNGPD models weresuitable to apply the POT method. Therefore, when using the u2 threshold value for�iting the GPD to the POT series, a heavy-tailed GPD was obtained for the preipita-tion series and for the �ow series from Orgiva, as expeted, and a light tail was obtainedfor the �ow series for the Thames River at Kingston.In all four ases, a u2 value was obtained that was less than the threshold valueobtained by using the MRLP. From this, we onlude that the two signi�ant relevantdi�erenes are as follows:(a) The on�dene intervals of the quantiles of high-return periods alulated by apply-ing u2 are tighter than those obtained by using the thresholds given by MRLPs.(b) u2 threshold of the LNGPD model results in more than one peak per year. On theother hand, in some of the analyzed ases, the threshold obtained by the MRLPresults in less than one peak per year.
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Figure 1.20: Log-likelihood funtion (LLF) as a funtion of the u1 and u2 thresholds for the Fort Collinsdata series.In addition, it was determined that inluding the unertainty of the threshold in thealulation of the on�dene intervals of the high-return period quantiles does not havea signi�ant impat on these on�dene intervals. The only observable e�et is a smallbroadening of the on�dene intervals for low return periods.1.A Appendixes1.A.1 Uniqueness of the solutionThe proposed LNGPD model has 5 parameters. This is a greater number of parametersthan that whih is ommonly estimated by means of ML during the appliation of aparametri model (e.g., log-normal and gamma distributions have 2 parameters, andthe generalized extreme value distribution has 3 parameters).Here, the parameter-�tting method is analyzed to �nd whether it e�etively maxi-mizes the likelihood funtion or not. This is done as follows:(a) a set of u1 and u2 thresholds (u1 < u2) that overs the entire range of values thatthe variable assumes is de�ned.(b) for eah pair of values (u1, u2), the other 3 parameters (µLN , σLN , ξ2) of the modelare estimated by ML.() the iso-probability urves are built in the u1 − u2 plane, and the(u1, u2) point ofML is identi�ed.Figures 1.20 and 1.21 present the iso-probability urves for the Fort Collins and theThames at Kingston data series, respetively. Note that both surfaes have a uniquemaximum that orresponds to the values of the thresholds identi�ed in setion 1.5.
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Figure 1.21: Log-likelihood funtion (LLF) as a funtion of the u1 and u2 thresholds for the Thamesat Kingston data series.1.A.2 Optimization methodThe NLLF is minimized using the BFGS method (quasi-Newton method, see e.g. No-edal and Wright (2006) hap. 6) implemented in the MATLAB r optimization toolbox.Commonly measured or hindast data are trunated with a given preision. Thisprodues data that lusters at spei� values. It was observed that this led to relativeminimums and maximums in (1.9), whih may lead to problems when using optimiza-tion algorithms for minimizing the NLLF. There are two alternatives for solving thisproblem. The �rst is the appliation of more omplex optimization proedures (e.g.,global optimization proedures). The seond is the uniform distribution of data in theorresponding intervals. However, the seond solution is preferable for two reasons: (a)it is easier to implement and (b) beause on�dene intervals depend on the urvatureof the LLF at the optimum point through the information matrix, it is more realistito use uniformly distributed data, as explained below.Figure 1.22 shows the LLF for the Fort Collins daily preipitation series. The LLFwas estimated for u1 = 0 and for u2 varying between 9mm and 11.5mm. The originalvalues of the variable were trunated with a preision of 0.1 in. Figure 1.23 shows theLLF for the Thames at Kingston data as a funtion of u1 (left) and u2 (right), obtainedwith the original data (top) and with the distributed data (bottom). As shown, theuse of distributed data results in an important smoothing of the likelihood funtion.This avoids the singular values observed when using the original data. Furthermore,it is lear that the values obtained when using the original data produe a �titiousurvature that may in�uene the alulation of the on�dene intervals.
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Chapter 2Uni�ed distribution models formet-oean variables: appliation toseries of signi�ant wave height.
2.1 AbstratThe design of maritime works requires statistial models for several met-oean vari-ables, suh as signi�ant wave height HS, that adequately represent the probability ofourrene and the unertainty for the entire range of values of the variables. In gen-eral, the mean limate of HS is modeled empirially or by log-normal or two-parameterWeibull distributions using all available data. Extremal limate studies are ondutedseparately, usually by means of the peaks-over-threshold (POT) method. The meth-ods used to de�ne the threshold tend to be subjetive and generally do not allow foralulation of the assoiated unertainty.This paper proposes a mixture model for the marginal distribution of HS that in-ludes thresholds between the entral regime and minimum and maximum regimes asparameters of the model. The parameters of the model are estimated by maximumlikelihood, for whih spei� reommendations are given. The distribution is able toparametrially model the mean limate of the variable. For alulating extreme values,a simple methodology is desribed that aounts for the unertainty stemming from theestimation of the threshold.The implementation of this model using two HS series shows that it provides abetter �t for the data than that obtained with parametri distributions suh as log-normal or Weibull. Furthermore, this model automatially and objetively determinesthe threshold neessary to apply the POT method and the unertainty assoiated withthe threshold. 39



40 CHAPTER 22.2 IntrodutionToday, a probabilisti design method is often used to quantify the failure probabilityand servie performane of strutures, as well as their unertainty. Design standardsand reommendations require designers to analyze the performane of strutures froma global perspetive, alulating not only their reliability but also their servieabilityand operationality during their entire useful life. This is ahieved through the use ofultimate limit states (ULS), servieability limit states (SLS) and operational limit states(OLS) (e.g.: Losada, 2002). These states over the entire range of limate onditions:minima or alms, entral or normal and maximum or severe onditions (entral ondi-tions are the range of values the variable normally takes and are those of relatively highprobability, i.e., the bulk of the data or the mean limate). Examples of suh onditionsare provided in the performane-based designs disussed by Takahashi et al. (2001) foraisson breakwaters and by Sato et al. (2001) for beahes.Within this ontext, it is neessary to have probability models for met-oean vari-ables that quantify as aurately as possible their frequeny of ourrene and theirunertainty. Suh models would preferably over the entire range of values of the vari-ables and would thus model both the entral distribution and the tails. This aspetis partiularly important when the system response depends not only on storm ondi-tions (maximum regime) but also on entral and alm onditions (entral and minimumregimes, respetively), as in the ase of beahes.The met-oean variables that are of greatest interest in oastal engineering are wave,wind and water level. In this study, attention is foused on signi�ant wave height (HSor Hm0). However, the proedure followed as well as the onlusions derived are equallyvalid if the analysis is applied to any of the other variables.Coastal engineers should be able to answer the following questions when analyzinga series of HS:(a) What is the marginal distribution of the variable? Is it possible to obtain a good�t with a parametri funtion?(b) After whih value is the variable in the extreme regime? In this ase, what is thedistribution followed by the variable?() What are the values of the high-return period quantiles, and what is their uner-tainty?Figure 2.1 shows the steps onventionally followed to respond to these questions. Thestudy of the entral regime (i.e., the bulk of the data) is di�erentiated from that of themaximum and minimum regimes. For the entral regime, either ertain standard distri-butions are tested or an empirial distribution is used. These approximations neessarilylimit the validity of the results to the entral regime beause standard distributions donot usually provide a good �t for the tails (Ohi, 1998), whereas extrapolation is notpossible with an empirial distribution. The study of maximum regimes only enters



2.2. INTRODUCTION 41on the alulation of high-return period (Tr) quantiles. For this purpose, the peaks-over-threshold (POT) method is now ommonly used instead of the annual maximummethod (Goda, 2000; Coles, 2001; Thompson et al., 2009; Mazas and Hamm, 2011). Thede�nition of the threshold, whih is a neessary part of this method, is usually doneby a graphial proess or is based on good pratie rules. However, these approaheshave the drawbak of being subjetive. As an alternative, a semi-automati methodhas reently been proposed (see Thompson et al., 2009). High-return period quantilesare alulated on the basis of these estimated thresholds; nevertheless, the alulationof on�dene intervals generally does not take into aount threshold unertainty.This paper proposes a new proedure, whih is graphially represented in �gure2.2. The �rst step is to build a mixture distribution that provides a good �t for theentire range of variable values and thus is valid for the entral regime as well as forthe maximum and minimum regimes. This mixture distribution inludes the thresholdsbetween regimes as parameters of the model. For this reason, their estimation is obje-tive. Finally, the unertainty in the estimation of thresholds is used in the alulationof on�dene intervals of high-return period quantiles.

Figure 2.1: Flow hart of the proedure generally followed for the study of a random met-oean variable(e.g., signi�ant wave height HS). In the �gure, Tr denotes the return period and POT indiates peaksover threshold.The artile is organized as follows. In setion 2.3, the proposed mixture distributionmodels are introdued. The use of the proposed model as a tool for threshold identi�a-tion for the alulation of extreme values is explained in setion 2.4, along with existingmethodologies for hoosing the threshold. Setion 2.5 revisits the methodology for thealulation of high-return period quantiles and proposes a methodology to inlude thethreshold unertainty in the alulation of the on�dene intervals. Setion 3.4 is de-voted to the appliation of the proposed model. The wave limate data used throughoutthis work are desribed in setion 2.6.1. In setion 2.6.2, the models proposed are �t,and their performane is ompared with the ommonly used parametri distributions.Setion 2.6.3 analyzes the alulation of extremes with the POT method, in whih thethreshold identi�ation is disussed. Setion 4.11 disusses the obtained results, and
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Figure 2.2: Flow hart of the proposed proedure, based on the use of mixture models. In the �gure,
Tr denotes the return period and POT indiates peaks over threshold.setion 2.8 summarizes the main onlusions derived from this study.2.3 Proposed modelsThe proposed model onsists of a entral distribution, representative of the bulk of thedata, and two distributions for the tails of the distribution, whih are representative ofthe minimum and maximum behavior. For the entral distribution, a log-normal dis-tribution (LN) was used, although this methodology is valid for any other distribution.Generalized Pareto distributions (GPDs) were used for the tails. The proposed modelwill heneforth be referred to as LNGPD.Two versions of the model are proposed. In the �rst, alled LNGPD(A), the transi-tion between the entral distribution and those of the tails is abrupt, and it is determinedby the values of the loation parameters of the GPDs of the tails. In the seond model,alled LNGPD(F), the transition between the distributions is smoothed through theuse of two saling funtions. Both versions are desribed below.2.3.1 LNGPD(A)The LNGPD(A) distribution is given by (3.1), where fc is the distribution funtionassumed for the entral regime, and fm and fM are the distribution funtions assumedfor the tails.

f(x) =





fm(x)Fc(u1) x < u1

fc(x) u1 ≤ x ≤ u2

fM (x) (1− Fc(u2)) x > u2

(2.1)For the distribution of the entral regime, an LN is used:
fc(x) =

1

xσLN
√
2π

exp

{
− [ln(x)− µLN ]2

2σ2LN

} (2.2)where µLN and σLN are the loation and sale parameters, respetively.



2.3. PROPOSED MODELS 43Minimum and maximum GPDs are used for the tails
fm(x|x < u1) =

1

σ1

(
1− ξ1

σ1
(x− u1)

)− 1
ξ1

−1

ξ1 6= 0 (2.3)
fM (x|x > u2) =

1

σ2

(
1 +

ξ2
σ2

(x− u2)

)− 1
ξ2

−1

ξ2 6= 0 (2.4)where u1 and u2 are the loation parameters, taken as the lower and upper thresholdsof the entral regime; σ and ξ are the sale and shape parameters, respetively, suhthat σ > 0 and −∞ < ξ < ∞. The ase with ξ = 0, for whih the GPD redues to anexponential distribution with parameter σ > 0, is exluded. Furthermore, for minimumGPD, u1 + σ1/ξ1 ≤ x ≤ u1 if ξ1 < 0 and x ≤ u1 if ξ1 > 0, whereas for maximum GPD,
u2 ≤ x ≤ u2 − σ2/ξ2 if ξ2 < 0 and x ≥ u2 if ξ2 > 0.The density funtion is assumed to be ontinuous and to always be x ≥ 0, whihleads to the following relationships between parameters:

σ1 = −ξ1u1 ξ1 = − Fc(u1)

u1fc(u1)
σ2 =

1− Fc(u2)

fc(u2)
(2.5)The LNGPD(A) model has 5 parameters (u1, u2, µLN , σLN , ξ2), whih are estimatedby maximum likelihood (see appendix for details).2.3.2 LNGPD(F)The LNGPD(F) model is given by

f(x) =





fc(x)q(x) +G(1 − q(x))fm(x) x < u1

fc(x) u1 ≤ x ≤ u2

fc(x)p(x) + E(1− p(x))fM (x) x > u2

(2.6)In this model, funtions q(x) and p(x) produe a smooth transition from the entralregime (fc) to the tails (fm and fM ). In the model, E and G are onstant values, givenby (2.7), that sale the tail models and ensure that total probability is one.
G =

∫ u1

0 (1− q(x))fc(x)dx∫ u1

0 (1− q(x))fm(x)dx
(2.7a)

E =

∫∞
u2

(1− p(x))fc(x)dx∫∞
u2

(1− p(x))fM (x)dx
(2.7b)In model (2.6), an LN distribution (2.2) is used for the entral regime fc, whereasGPDs (3.2a) and (3.2b) are used for minimum and maximum regimes (fm and fM ,



44 CHAPTER 2respetively). For p(x) and q(x), dereasing exponential funtions are used: q(x) =
exp (−A1(u1 − x)) and p(x) = exp (−A2(x− u2)). Given an observation x of the vari-able below (above) the threshold u1 (u2), funtions q(x) (p(x)) represent the probabilityof that observation oming from the entral regime fc.The use of p(x) and q(x) produes a smooth transition between the entral regimeand the tails. As a onsequene, no partiular onditions are required to ensure the on-tinuity of the probability density funtion of the LNGPD(F) distribution. Nevertheless,one again, the ondition x ≥ 0 is imposed, whih implies σ1 = −ξ1u1.The LNGPD(F) has 9 parameters (u1, u2, A1, A2, µLN , σLN , ξ1, ξ2 and σ2), whihare estimated by maximum likelihood (see appendix for details).2.4 Peak over threshold (POT) methodIn reent years, the GPD (3.2b) has been used with inreasing frequeny to model thetails of a distribution (see, e.g., Coles, 2001; Castillo et al., 2005; Holthuijsen, 2007;Thompson et al., 2009; Mazas and Hamm, 2011). The use of the GPD is justi�ed byPikands (1975) and requires the de�nition of a threshold over whih the data an beapproximated by this distributionWhen exeedanes over the threshold show a tendeny to form lusters (i.e., ex-eedanes are produed by a storm event that may last for several days, resulting inobservations of HS that are not independent), it is neessary to deluster the datato obtain a series of independent observations. The POT method is a delusteringmethodology (see e.g., Davison and Smith, 1990; Coles, 2001): given a ertain thresh-old, exeedanes that are separated by less than a given lag are assumed to be generatedby the same extreme event (i.e., the same storm); then, for every luster de�ned in thisway, the maximum reorded value is taken. A omprehensive treatment of the POTmethod and its appliation in maritime engineering an be found in Goda (2000).Prior to the appliation of the POT method, it is neessary to hoose a thresholdand a minimum time lag between threshold exeedanes that ensures the independeneof the POT series. Here, the minimum lag between storms is assumed to be a givenparameter, and thus, no analysis of it is performed. With regard to the threshold,various methodologies are available to estimate this value. A few of these methodologiesare desribed below.In this study, it is shown that parameter u2 of the LNGPD(A) model is a goodapproximation of the threshold neessary to apply the POT method; therefore providingan automatable methodology to identify this threshold (see setion 2.6.3), whih wouldbe an alternative to the methodologies disussed below.2.4.1 Graphial methodsThe Mean Residual Life Plot (MRLP) designates the graph of the series {u, 1/nu∑nu

i=1(xi−
u)}, where {xi} is the series of data suh that u < xi < xmax and nu are the number ofelements of {xi}. The MRLP should be linear above the threshold u0 from whih pointthe GPD provides a good approximation of the distribution of the data. Similarly, the



2.5. QUANTILES AND CONFIDENCE INTERVALS ESTIMATION 45estimates of ξ and σ∗ = σ − ξu, where ξ and σ are the shape and sale parameters ofthe GPD, should be onstant above this threshold. The graphial method onsists ofreating suh graphs, based on whih threshold u0 is then visually estimated (for moredetails see Coles (2001)).2.4.2 Method proposed by Thompson et al. (2009)The method proposed by Thompson et al. (2009) onsists of alulating parameter σ∗ fora series of thresholds. Above u0 after whih the GPD provides a good approximation tothe data, the series {σ∗ui
−σ∗ui−1

|ui > u0} should have a zero-mean normal distribution.After the appliation of the hi-square normality test to the series {σ∗ui
− σ∗ui−1

}, u0 isseleted as the �rst value of the series {ui} for whih the hypothesis test does not rejetthe null hypothesis (for more details see Thompson et al. (2009)).The method requires the previous de�nition of four parameters: the level of signi�-ane used for the hypothesis test and the threshold series {ui}, de�ned by a minimumthreshold, a maximum threshold and the number of intermediate thresholds. Thompsonet al. (2009) report that, in the resolution of their problem, they obtain good resultsusing a series of 100 thresholds between the quantile orresponding to 50% of the sam-ple and the minimum between the quantile orresponding to 98% and the value that isexeeded only by 100 data.2.4.3 Method proposed by Mazas and Hamm (2011)Mazas and Hamm (2011) reommend the use of the graphial method, based on thestability of the parameters ξ y σ∗, in onjuntion with an analysis of the mean number ofpeaks obtained per year. Based on their experiene, these authors reommend seletinga threshold that, meeting the stability ondition of the parameters ξ y σ∗, ranges from
2 to 5 peaks per year.2.5 Quantiles and on�dene intervals estimationAssuming that the minimum lag between threshold exeedane that ensures the inde-pendene of POT observations is a known parameter, the POT method an be appliedusing the upper threshold obtained with the LNGPD(A) model (3.1) or with any of themethods disussed previously. Thus, a POT series of independent observations is ob-tained. A GPD model (3.2b) an be �t to this series by means of maximum likelihood,and ovariane matrix Ĉovξσ an be obtained for the GPD parameters ξ and σ.By applying the POT method, the mean number of storms (lusters) per years ν isalso obtained. Under the hypothesis that storm ourrenes follow a Poisson model, themaximum likelihood estimation of ν and its varianes are: ν = N/T and σ̂2ν = ν2/N ,where N is the number of observed storms (lusters) and T is the number of reordedyears.Then, the ovariane matrix for (ν, ξ, σ) an be expressed as (Coles, 2001):
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Ĉov(ν, ξ, σ) =



σ̂2ν 0 0

0 Ĉovξσ(1, 1) Ĉovξσ(1, 2)

0 Ĉovξσ(2, 1) Ĉovξσ(2, 2)


Based on the above expression, to inlude the unertainty assoiated with the thresh-old (whih is another parameter of the GPD) in the alulation of the quantiles of ahigh-return period, it is proposed to approximate the ovariane matrix as follows:

Ĉov(θ̂) =




σ̂2u 0 0 0
0 σ̂2ν 0 0

0 0 Ĉovξσ(1, 1) Ĉovξσ(1, 2)

0 0 Ĉovξσ(2, 1) Ĉovξσ(2, 2)


 (2.8)where it is assumed that ovarianes in referene to u are all zero. In this study, σ̂2u isobtained from model (3.1).With the GPD �t to the POT data series and with ovariane matrix (2.8), thequantiles for a high-return period (TR) are estimated by

xTr = u+
σ

ξ

(
(Trν)

ξ − 1
) (2.9)with the following on�dene intervals for level (1− α):

xTr ∈ (x̂Tr ± zα/2σ̂x̂Tr
) (2.10)where σ̂2x̂Tr

= ∇T
θ xTr Ĉov(θ̂)∇θxTr , being

∇T
θ xTr =

[
δxTr

δu
,
δxTr

δν
,
δxTr

δξ
,
δxTr

δσ

]
=

[
1,
σ

ν
(Trν)

ξ,
σ

ξ2
(1− (Trν)

ξ) +
σ

ξ
(Trν)

ξ ln(Trν),
1

ξ
((Trν)

ξ − 1)

]2.6 Appliation2.6.1 Data seriesThis researh used two series of hindast spetral signi�ant wave height, provided byPuertos del Estado, Spain (www.puertos.es), one for Cádiz (36.5◦N, 6.5◦W) and one forBarelona (41.38◦N, 2.38◦E). The loations of the two points are shown in �gure 2.3.The Cádiz series omprises 13 years and 3 months of sea states with a duration of3 hours, although with some gaps in the reord (36, 496 data). The Barelona seriesomprises 14 years and 7 month of sea states with a duration of 3 hours (42, 549 data).The usual distributions for modeling the entral regime are the LN, Weibull, Gamma,et., distributions, although the one that provides the best �t for the data series in thisase is the LN, justifying the adoption of the LN for the entral regime in the LNGPD



2.6. APPLICATION 47models. Furthermore, in this study, the LN distribution was used as a referene toevaluate the performane of the models proposed.The original hindast data were trunated with a preision of 0.1m. For this reason,the data were uniformly distributed beforehand in intervals of ±0.05m. This avoidedrelative minima and maxima in the likelihood funtion and failitated the estimation ofthe parameters (see appendix).
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Figure 2.3: Loations of the Cádiz and Barelona points.2.6.2 Parametri probability distribution modelThis setion desribes how the LNGPD models were applied to the series of signi�antwave height presented in the previous setion and ompares the results to those obtainedwith an LN distribution. The estimated values of the LNGPD(A) and LNGPD(F)parameters are listed in tables 2.1 and 2.2, respetively, along with their standarddeviations.Figures 2.4 through 2.7 present the empirial probability density funtion (PDF)and umulative distribution funtion (CDF), along with the funtions obtained withthe adjusted models (LN and LNGPD).Figure 2.4 (Cádiz) shows that the LNGPD(F) distribution signi�antly improvesthe �t of the mode of the data with respet to the �t obtained with the LN distribution.In the ase of LNGPD(A), an improvement of the �t in the entral zone was observedaround the mode, but this improvement was not as notable as in the previous ase. In�gure 2.5, it an be observed that the two LNGPD distributions improve the �t in thetails with respet to the �t obtained with the LN distribution. The �t obtained withthe LNGPD(A) distribution is the one that best follows the trend of the data in theupper tail.For Barelona, it an also be observed that both LNGPD distributions signi�antlyimprove the �t of the data in the entral zone, near the mode (see �gure 2.6). In theupper tail, LN and LNGPD(A) display a similar �t (both distributions follow the trendof the data), whereas LNGPD(F) diverges from this trend (see �gure 2.7).



48 CHAPTER 2Table 2.1: LNGPD(A) parameters with their orresponding standard deviations in brakets.Loation u1 u2 µLN σLN ξ2Cádiz 0.41 3.7 −0.103 0.616 −0.113
(3.6× 10−3) (0.081) (3.2× 10−3) (2.3× 10−3) (0.028)Barelona 0.27 0.52 −0.572 0.553 0.088
(3.6× 10−3) (4.4× 10−3) (2.9× 10−3) (2.9× 10−3) (6.4× 10−3)
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Figure 2.4: Empirial (gray dots), LN (blak line), LNGPD(A) (blue line) and LNGPD(F) (red line)PDF for the Cádiz data series.2.6.3 Extreme values and on�dene intervalsThis setion analyzes the use of the upper threshold u2, whih is obtained from theLNGPD(A) distribution, in the appliation of the POT method. This requires twosteps:(a) The upper threshold neessary to apply the POT method is estimated by usingother available methodologies, namely, the following: the graphial methods pre-sented in Coles (2001) and the methods that have reently been presented byThompson et al. (2009) and by Mazas and Hamm (2011).(b) The extreme value distribution is obtained for eah of the thresholds, omparingthe quantiles of the high-return period and their on�dene intervals.In all of the ases, to de�ne the storms, a minimum time of 2 days is imposedbetween the end of an exess over the threshold and the beginning of another.En algunos asos esto resulta en que usando umbrales menores se obtenienen menospios por año que usando umbrales mayores. In some ases this results in that fewerpeaks per year are obtained using lower thresholds than using higher thresholds. An-
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Table 2.2: LNGPD(F) parameters with their orresponding standard deviations in brakets.Loation u1 u2 A1 A2 µLN σLN ξ1 ξ2 σ2Cádiz 0.91 1.54 1.00 1.19 −0.110 0.607 0.444 0.009 0.857
(9.3 × 10−3) (0.011) (0.053) (0.128) (3.6× 10−3) (3.9× 10−3) (9.5× 10−3) (3.6× 10−3) (0.02)Barelona 0.48 0.48 0.78 1.80 −0.574 0.554 0.440 −0.031 0.475

(0.0) (0.0) (0.190) (0.328) (3.4× 10−3) (4.2× 10−3) (0.032) (0.010) (0.013)
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LNFigure 2.5: Empirial (gray dots), LN (blak line), LNGPD(A) (blue line) and LNGPD(F) (red line)CDF for the Cádiz data series.other way of de�ning storms ould result in di�erent behavior, but the study of thesensitivity of the POT method to this parameter is beyond the sope of this artile.Threshold seletionThe thresholds obtained from the LNGPD(A) model are u = 3.7m for Cádiz and

u = 0.52m for Barelona (see table 2.1).Figures 2.8 and 2.9 present the MRLP and graphs ξ and σ∗ for the data seriesfor Cádiz, whereas �gures 2.10 and 2.11 present the same graphs for the data seriesfor Barelona. In the ase of Cádiz, the threshold value that is seleted is u = 3.5m(indiated in �gures 2.8 and 2.9 by a red irle). In the ase of Barelona, there aretwo possible thresholds. Limiting the analysis to the MRLP (�gure 2.10), the seletedthreshold is u = 1.9m. However, upon analyzing graphs ξ and σ∗ (�gure2.11), theseleted threshold is found to be u = 0.8m. Given that the MRLP does not disard theuse of the latter threshold, it is assumed that both thresholds are valid.Table 2.3 summarizes the result of applying the method proposed by Thompsonet al. (2009) using di�erent values of signi�ane α for the hypothesis test and a seriesof thresholds onstruted with di�erent numbers of elements N and upper thresholds
Umax. To selet the threshold, the riterion was seleted of using the value obtainedusing a signi�ane of α = 0.2 for the hi-square test and a series of N = 100 thresholdswith the upper threshold Umax orresponding to the 98% perentile, as reommendedby Thompson et al. (2009). With this riterion, u = 2.5m is obtained for for Cádiz and
u = 0.9m for Barelona.
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Figure 2.6: Empirial (gray dots), LN (blak line), LNGPD(A) (blue line) and LNGPD(F) (redline)PDF for the Barelona data series.In Cádiz (12 omplete meteorologial years), the threshold obtained with the LNGPD(A)model (u = 3.7m) results in 3.4 peaks per year, whereas the threshold seleted usingthe graphial method (u = 3.5m) results in 3.6 peaks per year, and the one identi�edby the method of Thompson et al. (2009) (u = 2.5m) results in 10.8 peaks per year.For Barelona (14 omplete meteorologial years), the threshold of 0.52m obtained withLNGPD(A) results in 21 peaks per year. The thresholds seleted through the graphialmethod (u = 0.8m and u = 1.9m) result in 37 and 12 peaks per year, respetively,whereas the threshold identi�ed by the method of Thompson et al. (2009) (u = 0.9m)results in 35 peaks per year.In the ase of Cádiz, the thresholds seleted with the graphial method and withLNGPD(A) result in a number of peaks per year that is within the range reommendedTable 2.3: Upper thresholds obtained by applying the methodology proposed by Thompson et al.(2009) using di�erent numbers of elements (N) and upper thresholds (Umax) for the de�nition of thethresholds series and di�erent signi�ane for the hi-square test (α).Loation Umax α = 0.2 α = 0.05

N = 100 N = 500 N = 100 N = 500Cádiz 98% (3.3m) 2.5 3.1 1.3 3.1
98.5% (3.6m) 2.6 3.4 2.2 3.4
99% (3.9m) 2.3 3.8 1.7 3.8
99.4% (4.4m) 0.9 4.1 0.9 4.1Barelona 98% (2.1m) 0.9 1.9 0.6 1.9
98.5% (2.2m) 1.7 2.1 1.5 2.1
99% (2.5m) 1.7 2.3 1.3 2.3
99.7% (3.2m) 0.8 3.0 0.6 3.0
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LNFigure 2.7: Empirial (gray dots), LN (blak line), LNGPD(A) (blue line) and LNGPD(F) (red line)CDF for the Barelona data series.by Mazas and Hamm (2011), whereas the threshold obtained using the method ofThompson et al. (2009) exeeds this range. In Barelona, however, all of the methodsresult in a number of peaks per year that is greater than that reommended by Mazasand Hamm (2011). In this ase, it is interesting to note the analysis of Mendozaet al. (2011), who studied storms in the Catalan Mediterranean, where 286 storms weredeteted in 21 meteorologial years, i.e., approximately 13 storms per year.High return period quantilesThis setion ompares the extreme values obtained when a GPD was �t to the POTdata series onstruted using the di�erent thresholds de�ned in the previous setion andlisted in table 2.4.The quantiles estimated for various return periods as well as their 90% on�deneintervals are shown in �gures 2.12 and 2.13 for Cádiz and Barelona, respetively. The�gures inlude the empirial quantiles obtained with the di�erent POT data series.Table 2.5 presents the values of HS from a 100-year return period obtained with thedi�erent thresholds, along with the orresponding on�dene intervals.In all of the ases, the on�dene intervals were estimated without inluding theunertainty assoiated with the determination of the threshold.The e�et of the unertainty of the thresholdIn this setion, the e�et of the unertainty of the threshold in the estimation of theon�dene intervals of the quantiles is analyzed. For this, the ovariane matrix (2.8) is



2.7. DISCUSSION 53
1 2 3 4 5

0.6

0.8

1

1.2

1.4

1.6

M
R

LP

1 2 3 4 5
10

1

10
2

u [m]

# 
P

ea
ks

Figure 2.8: MRLP (top) and number of peaks (bottom) for the Cádiz data series.Table 2.4: Upper thresholds obtained using di�erent methods.Loation Method Threshold u [m℄Cádiz LNGPD(A) 3.7Graphial Method 3.5Thompson et al. (2009) 2.5Barelona LNGPD(A) 0.52Graphial Method 0.8 and 1.9Thompson et al. (2009) 0.9used, taking the threshold (u) and variane (σ2u) obtained by adjusting the parametersof the LNGPD(A) model (parameter u2 in table 2.1).Figure 2.14 displays the 90% on�dene intervals obtained for Cádiz and Barelona.For Barelona, it an be observed that the e�et of inluding the variane of the thresh-old in the alulation of the on�dene intervals is negligible. In Cádiz, a small expan-sion of the on�dene intervals is observed, whih is limited to the low return periods(Tr < 10 years) but is negligible for pratial purposes.2.7 Disussion2.7.1 Parametri distribution LNGPD modelsBoth proposed LNGPD models ahieved a signi�antly better �t of the data than theLN distribution. However, the models inrease the number of parameters from 2 withthe LN to 5 with LNGPD(A) and to 9 with LNGPD(F). Consequently, it was neessaryto verify that the improvement of the �t was signi�ant to justify this inrease in the
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Figure 2.9: Plots of the evolution of ξ and σ∗ for di�erent thresholds. Cádiz data series.Table 2.5: 100-year return period signi�ant wave height (HS, Tr=100) obtained with the di�erentthresholds and their orresponding 90% on�dene intervals (CIs).Loation Method (u [m℄) HS, Tr=100 [m℄ (90% C.I.)Cádiz LNGPD(A) (3.7) 8.2 (7.0− 9.5)Graphial Method (3.5) 8.2 (7.0− 9.3)Thompson et al. (2009) (2.5) 15.3 (5.9− 24.7)Barelona LNGPD(A) (0.52) 10.3 (6.7− 13.8)Graphial Method (0.8) 11.7 (7.5− 15.9)Graphial Method (1.9) 12.6 (5.8− 19.5)Thompson et al. (2009) (0.9) 10.6 (7.1− 14.0)number of parameters. For that purpose, the Akaike Information Criterion and theBayesian Information Criterion (see, e.g., Mazas and Hamm, 2011) are used: AIC =
−2 log(L) + 2p and BIC = −2 log(L) + log(N)p, where L is the likelihood funtionevaluated with the estimated parameters, p is the number of parameters of the model,and N is the number of data in the sample. These indexes give a relative measurementof the quality of the �t by penalizing the inrease in the likelihood funtion, dependingon the inreased number of parameters. Insofar as the AIC and the BIC derease, theimprovement obtained by the inrease in the number of parameters is signi�ant.These indexes were alulated for the three distributions, and the results obtainedare shown in table 2.6. It has been observed that in both Cádiz and Barelona, theLNGPD models ahieve a better �t for the data than that obtained with the LN model.In the ase of Cádiz, the LNGPD(F) model was the one that provided the best results.This is probably beause by allowing a smooth transition between the entral andextreme regimes, a better representation of the natural proesses is obtained. In the
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Figure 2.10: MRLP (top) and number of peaks (bottom) for the Barelona data series.ase of Barelona, in ontrast, the model with the best �t is the LNGPD(A) model,probably beause the upper tail follows a GPD based on a relatively low threshold(0.52m), therefore allowing the entral distribution (LN) to �t around the mode, whihdoes not justify the inorporation of the 4 additional parameters that LNGPD(F) haswith respet to LNGPD(A).Table 2.6: Akaike information Criterion (AIC) and Bayesian Information Criterion (BIC) obtainedfor the eah model and for eah data series.Loation Index DistributionLN LNGPD(A) LNGPD(F)Cádiz AIC 61865 61574 61470BIC 61882 61616 61547Barelona AIC 31667 31206 31255BIC 31684 31249 313332.7.2 Threshold seletion and high-return period quantilesFour methods were analyzed to selet the threshold needed for applying the POTmethod, onsisting of the graphial methods disussed in Coles (2001), reently pro-posed methods by Thompson et al. (2009) and Mazas and Hamm (2011), and the use ofparameter u2 obtained by �tting LNGPD(A). The apaity of these methods to iden-tify the threshold was evaluated by adjusting a GPD distribution to the POT seriesalulated with eah threshold and by using this GPD to alulate the quantiles of thehigh-return period and its on�dene intervals.



56 CHAPTER 2
1 2 3 4

−0.2

0

0.2

0.4

0.6

ξ

1 2 3 4

−1

0

1

u [m]

σ*

Figure 2.11: Plots of the evolution of ξ and σ∗ for di�erent thresholds. Barelona data series.It an be observed that for the two data series analyzed, the threshold estimatedby the LNGPD(A) model is appropriate to apply the POT method and to alulatehigh-return period quantiles for the variable. In the ase of Barelona, it may appearthat the threshold estimated by LNGPD(A) is low (u = 0.52m); however, it should bekept in mind that these data orrespond to a sheltered loation (see �gure 2.3).The LNGPD(A) provided the upper threshold as a parameter of the model, whihmeant that it ould be used as an objetive and automati method of threshold seletion.However, one disadvantage of using the LNGPD(A) distribution is that it requires thelikelihood funtion to be rewritten, based on the entral distribution fc to be used,whereas the other methods an be programmed independently of the data.The graphial method provided a tool that allowed thresholds to be seleted that areappropriate for the appliation of the POT method, reduing the level of subjetivityin the seletion. However, beause it has some remaining subjetive omponent, themethod ould not be automatized. On applying this method to the series for Cádizand Barelona, adequate thresholds were obtained, although in the ase of Barelona,the GPD obtained with this threshold displayed wider on�dene intervals that thoseobtained with the other thresholds.The method proposed by Thompson et al. (2009) requires the previous de�nition offour parameters, and the results obtained with this method were found to be sensitiveto these parameters (see table 2.3). This limited the objetivity of the method as well asthe possibility of automating it. For Cádiz, thresholds are obtained that are in the rangeof 0.9 − 4.1m, whih inludes both the threshold seleted using the graphial method
u = 3.5m and the value of u2 = 3.7m obtained by �tting the LNGPD(A) distribution.For Barelona, the range of thresholds obtained is 0.6− 3.0m. This range inludes thetwo possible thresholds seleted with the graphial method, u = 0.8m and u = 1.9m,
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Figure 2.12: Peak over threshold series and 90% on�dene intervals for the quantiles obtained with theGPDs �t using thresholds 3.7m (blue), 3.5m (blak) and 2.5m (red). Cádiz data series. GM standsfor graphial method.and exludes the value u2 = 0.52m obtained by �tting the LNGPD(A) distribution.The method proposed by Mazas and Hamm (2011) is based on the use of the graph-ial method in ombination with advie on keeping the mean number of peaks per yearbetween 2 and 5. In Cádiz, the two thresholds that ful�ll this reommendation (thoseobtained with LNGPD(A) and the graphial method) are found to be appropriate formodeling the extreme value behavior of the variable, whereas the threshold that doesnot meet this reommendation is not appropriate (i.e., that obtained with the methodof Thompson et al. (2009), as is explained bellow). In Barelona, however, all of thethresholds obtained are suh that the number of storms per year is greater than 5. Inthis ase, therefore, the reommendation with regard to the range of storms per year isnot pratial. However, Mazas and Hamm (2011) larify that the range of 2 to 5 stormsper year is not an absolute riterion, and they reommend analyzing the sensitivity ofthe high-return period quantiles to the seletion of the threshold.With respet to the on�dene intervals of the high-return period quantiles, thoseobtained for Cádiz using the thresholds estimated with LNGPD(A) and with the graphimethod are nearly idential. However, the on�dene intervals alulated using thethreshold obtained with the method of Thompson et al. (2009) are notably larger thanthe previous ones. They also display a di�erent trend, indiating that this thresholdis not appropriate for the alulation of extremes. For Barelona, in ontrast, all ofthe thresholds used result in GPD distributions that follow the same trend, althoughsome display narrower on�dene intervals than others, with the narrowest intervalsalulated with the thresholds obtained with LNGPD(A) and the method of Thompson
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Figure 2.13: Peak over threshold series and 90% on�dene intervals for the quantiles obtained withthe GPDs �t using thresholds 0.52m (blue), 0.8m (blak), 1.9m (grey) and 0.9m (red). Barelonadata series. GM stands for graphial method.et al. (2009). Here, it should be kept in mind that the peak of HS = 10m orresponds toan exeptional situation that does not orrespond to the return period of 14 years, whihis empirially obtained (see Pone de Leon and Guedes Soares (2008), who analyze thisstorm beause it is the most severe that was deteted in the zone in a series of 44 years).Therefore, it is orret that this datum lies outside the on�dene intervals.Taking the values for of 100 years return period listed in table 2.5 as a referene,in the ase of Cádiz it an be observed that similar results are obtained with both thethreshold identi�ed through LNGPD(A) and the threshold identi�ed with the graphialmethod, whereas the value obtained with the method of Thompson et al. (2009) issigni�antly higher and has a larger on�dene interval. For Barelona, in ontrast,similar results are obtained with the thresholds identi�ed with LNGPD(A) and themethod of Thompson et al. (2009), whereas the thresholds seleted using the graphialmethod are found to have higher values with larger on�dene intervals.Finally, both in Cádiz and in Barelona, it has been observed that the e�et ofinluding the variane of the threshold in the alulation of the on�dene intervals hasa negligible e�et for pratial purposes.2.8 ConlusionsThe introdution of this artile formulated three questions that oastal engineers shouldonsider when they analyze a series of signi�ant wave heights. This study proposedand applied a model and a methodology to answer these questions with the following
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60 CHAPTER 22.A Appendixes.2.A.1 Estimation proedureTo estimate the parameters of the LNGPD distributions by maximum likelihood, thenegative log-likelihood funtion is minimized using the BFGS method (quasi-Newtonmethod, see, e.g., Noedal and Wright (2006) hap. 6) implemented in the MATLAB roptimization toolbox. Prior to the estimation of the parameters, the redistribution ofthe data was performed. This involves taking the original data, trunated with preisionof 0.1m, and distributing them uniformly in they orresponding symmetrial intervals
(X − 0.05,X + 0.05) (see Solari and Losada, 2011).For the two studied series, it was observed that the estimated parameters provideda satisfatory �t with the data and a statistially signi�ant improvement (evaluatedthrough the AIC and the BIC) with respet to the �t obtained with the LN distribution.Despite the above onsiderations, to have greater ertainty that the optimizationmethod will �nd the parameters that maximize the likelihood funtion, the iso-likelihoodurves presented in �gure 2.15 were onstruted. These urves orrespond to theLNGPD(A) model and were alulated by setting u1 and u2 and alulating the re-maining three parameters (µLN , σLN and ξ2) by maximum likelihood.From the analysis of these graphs, it is shown that the method used in both ases�nds the parameters that maximize the likelihood funtion. With regard to the pres-ene of the two relative maxima in these funtions, it is onsidered that these maximaorrespond to the lak of homogeneity of the population, probably produed by seasonaland/or diretional variations in the series. The extension of the LNGPD(A) model tonon-stationary onditions is developed in Solari and Losada (2011).AknowledgmentsThis researh was funded by the Spanish Ministry of Eduation through its postgrad-uate fellowship program FPU, grant AP2009-03235. Partial funding was also reeivedfrom the Spanish Ministry of Siene and Innovation (researh projet CTM2009-10520), the Spanish Ministry of Publi Works (projets CIT-460000-2009-21 and 53/08�FOM/3864/2008 order�) and the Andalusian Regional Government (researh projetP09-TEP-4630). The authors also aknowledge Puertos del Estado for providing thewave data reords.
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Chapter 3Non-stationary wave height limatemodeling and simulation3.1 AbstratThe most popular methods of simulating time series for wave heights and other mete-orologial and oeani variables are based on the use of autoregressive models and thetransformation of variables to make them normal and stationary. Generally, when thesemodels are used, attention is entred on their apaity to represent the autoorrelationof the series.In this artile, a simulation model is proposed that is based on the following: (i) anon-stationary parametri mixture model for the marginal distribution of the variable,that ombines a log-normal distribution for main-mass regime and generalised Paretodistributions for upper and lower tail regimes, and (ii) the use of opulas to model thetime dependeny of the variable. The model has been evaluated by omparing the orig-inal series and the simulated series in terms of the autoorrelation funtion, the mean,the annual maxima and peaks-over-threshold regimes, and the persistenes regime. Ithas also been ompared to an ARMAmodel and found to yield more satisfatory results.3.2 IntrodutionThe veri�ation of oastal and harbour strutures may require the use of Level III veri-�ation methods. These methods are usually omplex and require the use of numerialsimulation tehniques (e.g., Monte Carlo tehniques) (Losada, 2002).In oastal engineering, the main variables to be simulated are sea-state variablessuh as signi�ant wave height, wind, and sea level, whih haraterise the sea statein a time domain in whih proesses are assumed to be stationary. For this purpose,generally speaking, the duration should not exeed O(1hr). This researh fouses onthe evolutionary behaviour of the sea-state variables, i.e., on long-term analysis.From a physial point of view, the temporal evolution of sea-state variables is on-ditioned by phenomena operating on di�erent time sales.65



66 CHAPTER 3Table 3.1: Outline of the relationships of dependene.Connetion with NO YESOther Univariate MultivariatevariablesSame Without auto- With auto-variable orrelation orrelationTime Stationary Non-stationaryProesses with a time sale of O(day)-O(weeks), suh as synopti phenomena and theyles of spring and neap tides, produe dependene among the variables that originateand autoorrelation in eah variable. The learest example related to sea states is thepassage of a storm. The storm will generate wind speeds and wave heights that arelarger than average, and therefore, it is expeted that these variables will be orrelatedduring a storm. At the same time, the evolution of these variables (and others) overtime is determined by the intensity and path of the storm, so there are physial reasonsto expet that these variables will present signi�ant autoorrelation within the timesale of the storm.O(year) sale proesses, suh as seasons, produe variations in the intensity andfrequeny of the O(day)-O(week) sale phenomena and thus ause temporal variationsin sea-state variables. In the same way, O(>year) sale proesses, suh as interannualvariability, in�uene the harateristis of eah year (e.g., they reate drier or wetteryears and years with more or less wave ation) and also produe temporal variations insea-state variables.Regarding the statistial tools used in the long-term analysis of sea-state variables,it is important to note that suh studies an be univariate or multivariate, may or maynot inlude auto-orrelation, and an be stationary or non-stationary. Table 3.1 sum-marises the harateristis of a study: whether the variables are dependent on othervariables (i.e., whether they are orrelated with other variables), whether the vari-ables are self-dependent (i.e., exhibit autoorrelation or time dependene), or whetherthey are dependent on time (i.e., whether their distribution is non-stationary). Thelong-term (limate) behaviour of sea-state variables inludes suh harateristis and,onsequently, should be studied using non-stationary multivariate models that representthe time dependene (or auto-orrelation) of the variables.In �gure 3.1, various physial phenomena evolving in di�erent time sales are asso-iated with statistial models that have been used in this study to appropriately modelthe sea-state variables for these time sales.The maximum time sale that the simulation must take into aount to be appliedto engineering is the period used to verify the system. This period is generally the usefullife of the system, whih is 10-50 years, although it an be a shorter duration when theaim is to verify onstrution proesses or evaluate other short-term phenomena.With regard to the simulation of times series for signi�ant wave heights (Hs or
Hm0), there are urrently two lines of researh: one that fouses on simulating stormsand another that simulates omplete series of values.
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Figure 3.1: Physial phenomena evolving in di�erent time sales, and statistial models for the appro-priate modelling of the sea-state variables.The method most widely used to simulate storms involves developing joint or ondi-tioned distributions for the random variables of storm ourrene, intensity, and dura-tion. Based on these distributions, new time series are simulated assuming a standardshape for the storm.In general, storm ourrene is modelled using a Poisson distribution and stormintensity using a generalised Pareto distribution (GPD). It is ommon to ondition theduration of a storm to its intensity. Some examples of this type of approximation arepresented in DeMihele et al. (2007); Payo et al. (2008); Callaghan et al. (2008). Al-though stationary funtions are generally used for this purpose, non-stationary funtionsan also be employed, suh as those proposed in Lueño et al. (2006); Méndez et al.(2006, 2008); Izaguirre et al. (2010). A less frequent alternative in storm simulation isto assume that it is a Markov proess and to use a multivariate distribution of extremesto model the time dependene of the variable while the storm lasts (Coles, 2001, hap.8). This tehnique is used in Smith et al. (1997); Fawett and Walshaw (2006); Ribatetet al. (2009).Monbet et al. (2007) review simulation methods for omplete time series appliedto wind and waves. The methods urrently used an be lassi�ed as parametri andnon-parametri.The Translated Gaussian Proess (TGP) method (Walton and Borgman, 1990;Borgman and She�ner , 1991; She�ner and Borgman, 1992) is the most widely usednon-parametri method. This method uses the spetrum of the normalised variable.Aording to Monbet et al. (2007), non-parametri methods suh as those based on re-sampling (alled resampling methods) are less frequently used and are not disussed inthis artile.The most frequently used parametri methods are based on autoregressive models.Studies employing suh methods inlude Guedes Soares and Ferreira (1996); Guedes



68 CHAPTER 3Soares et al. (1996); Sotto and Guedes Soares (2000); Stefanakos (1999); Stefanakosand Athanassoulis (2001); Cai et al. (2007) for univariate series; for multivariate series,relevant studies inlude Guedes Soares and Cunha (2000); Stefanakos and Athanassoulis(2003); Stefanakos and Belibassakis (2005); Cai et al. (2008). As in the TGP, beforeautoregressive models an be used, the series must be normalised. For this purpose,non-stationary models of the mean and the standard deviation, like those proposed byAthanassoulis and Stefanakos (1995); Stefanakos (1999); Stefanakos et al. (2006), areused.The urrent methods present the following limitations:(a) Methods of normalising variables are either stationary (e.g. Cai et al., 2007, 2008)or non-stationary. However, they fous on the entre of the data distribution,generally using the non-stationary mean and standard deviation for normalisation(e.g. Guedes Soares et al., 1996; Athanassoulis and Stefanakos, 1995).(b) Parametri time dependene models are linear (e.g Guedes Soares et al., 1996),pieewise linear (e.g. Sotto and Guedes Soares, 2000), or non-linear but are limitedto the extremes (e.g. Smith et al., 1997).() Generally speaking, the simulation is only evaluated using the mean, the standarddeviation and the autoorrelation.This artile proposes a simulation method for non-stationary univariate series withtime dependene. This method involves the use of a non-stationary parametri mixturedistribution to model the univariate distribution of the variable and of opulas to modeltheir time dependene.The rest of this paper is strutured in three setions and seven annexes. In Setion4.4, the proposed model is presented together with the proedure for simulating newtime series. In Setion 3.4, the model parameters are �tted to a data series of signi�antwave heights, new series are simulated and the results obtained are disussed. Finally, inSetion 3.5, the onlusions are summarised. The derivation of the equations assoiatedwith the presented model is illustrated in the appendies at the end of the paper, alongwith a list of the abbreviations used throughout the paper (Appendix 3.A.7).3.3 MethodologyThe non-stationary model (Setion 3.3.1) inludes variations of the order of monthsto years. Beause it is a mixture distribution, it an be used to model both mediumand extreme generation proesses; i.e. this distribution is able to aurately modelmedium (or main-mass) states and extreme (or tails) states. The time dependene model(Setion 3.3.2) models proesses whose time sale is omposed of various states. Beauseit is opula-based, this model makes it possible to use various non-linear dependenestrutures that an be either symmetrial or asymmetrial.



3.3. METHODOLOGY 69This setion also desribes the method used to simulate new data series (Setion3.3.3) and the struture of the ARMAmodels (Setion 3.3.4), whih are used to omparethe results obtained with those obtained using the opula-based time-dependene model.3.3.1 Non-stationary distribution funtionS. Solari (Simulation of time series of geophysial variables; appliation to harbor en-gineering (in Spanish), dotoral thesis, University of Granada, Spain, submitted 2011)present a mixture model
f(x) =





fm(x)Fc(u1) x < u1

fc(x) u1 ≤ x ≤ u2

fM (x) (1− Fc(u2)) x > u2

(3.1)where Fc is the log-normal distribution (LN), Fm is the GPD of minima, and FM is theGPD of maxima. When ontinuity is imposed to the probability density funtion andthe lower bound of the GPD has a value of zero, the GPD distributions are
fm(x|x < u1) =

1

σ1

(
1− ξ1

σ1
(x− u1)

)− 1
ξ1

−1

ξ1 6= 0 (3.2a)
fM (x|x > u2) =

1

σ2

(
1 +

ξ2
σ2

(x− u2)

)− 1
ξ2

−1

ξ2 6= 0 (3.2b)with
σ1 = −ξ1u1 ξ1 = − Fc(u1)

u1fc(u1)
σ2 =

1− Fc(u2)

fc(u2)
(3.3)This model is similar to that proposed by Cai et al. (2007) for ARMA models withthe exeption that in (3.1), the ontinuity of the probability density funtion is assuredby the onditions presented in (3.3). Furthermore, Cai et al. (2007) do not provide amethod of threshold estimation, whereas Solari (submitted thesis, 2011) show that thethreshold an be estimated simultaneously with the other parameters.The �ve parameters of the model are (µLN , σLN , ξ2, u1, u2). To represent annualvariations or those of a shorter duration, the parameters (µLN , σLN , ξ2) are approxi-mated using a Fourier series whose main time period is the year:

θ(t) = θa0 +
N∑

k=1

(θak cos(2πkt) + θbk sin(2πkt)) (3.4)where t is the time measured in years (see e.g. Coles, 2001; Méndez et al., 2006).



70 CHAPTER 3The parameters u1 and u2 are replaed by Z1 and Z2, using Fc(u1) = Φ(Z1) and
Fc(u2) = Φ(Z2), where Φ is the standard normal distribution and Z1 and Z2 are sta-tionary parameters. However, beause the parameters µLN and σLN of the entraldistribution Fc are non-stationary, the thresholds u1 and u2 are non-stationary as well.The distribution parameters are derived using maximum likelihood estimation, min-imising the negative log-likelihood funtion (NLLF) after the redistribution of the dataSolari (submitted thesis, 2011). Redistribution involves taking the original data, trun-ated with preision 0.1m, and distributing them uniformly at symmetrial intervals
(X − 0.05,X + 0.05).The parameters are estimated by progressively inreasing the order of approximationof the Fourier series. The parameters obtained for order n (θa 0, θa 1, θb 1,. . .,θan, θb n)are the �rst approximation used to estimate those in order n+1, with zero used as the�rst approximation of the new parameters (θa n+1 , θb n+1) = (0, 0).To evaluate the signi�ane of the improvement in �t obtained when the order ofthe Fourier series is inreased, the Bayesian Information Criterion BIC = −2 log(L) +
log(Nd)p is used (see e.g. Fan and Yao, 2005) where L is the likelihood funtion, Nd isthe number of available observations, and p is the number of model parameters.Interannual variation (i.e., long-term yles of over a year) and variation due toovariables (e.g., limati indies) are inorporated in the distribution funtion in amanner similar to the way in whih seasonal variation is inorporated (see e.g. Coles,2001; Izaguirre et al., 2010). For parameter θ, a series of ovariables Ci(t), and inter-annual variation of period Tj ,

θ =θa0 +

Nk∑

k=1

(θak cos(2πkt) + θbk sin(2πkt)) +

Nj∑

j=1

(θaj cos(2πt/Tj) + θbj sin(2πt/Tj)) +

Ni∑

i=1

f(Cj(t), t)where long-term trends and other non-yli omponents are inluded as partiular asesof the funtions f(Cj(t), t) in whih there is no dependene on any ovariable.One these parameters are estimated, the aumulated probability funtion for thetime period (t, t+ T ) is alulated as
P (H ≤ H∗) =

1

T

∫ t+T

t
P (H ≤ H∗|t)dt (3.5)where P (H ≤ H∗|t) is the non-stationary LN-GPD model (3.1) (NS-LN-GPD):

P (xt|t) =





Fm(xt|t)Φ(Z1) xt < u1(t)

Fc(xt|t) u1(t) ≤ xt ≤ u2(t)

Φ(Z2) + FM (xt|t) (1− Φ(Z2)) xt > u2(t)

(3.6)Goodness-of-�t is evaluated using PP and QQ graphs onstruted by standardisingthe variable xt following the proedure desribed in Appendix 3.A.1.



3.3. METHODOLOGY 713.3.2 Temporal dependeneThe NS-LN-GPD model (3.6) an be used to transform the non-stationary series of sig-ni�ant wave heights {Hs(t)} into the uniformly distributed stationary series {P (t)} ∼
U(0, 1) using P (t) = Prob[H ≤ Hs(t) | t]. Next, opula theory is used to model thejoint distribution of k suessive states (Pt, Pt−1, ..., Pt−k+1). For an introdution toopula theory, see Joe (1997); Nelsen (2006); Salvadori et al. (2007). The use of opu-las to model Markov hains is demonstrated in Abegaz and Naik-Nimbalkar (2008a,b).Stefanakos (1999); Serinaldi and Grimaldi (2007); DeMihele et al. (2007); Nai et al.(2004); de Waal et al. (2007) apply opula theory to marine limate and other met-oeanvariables.First, the time dependene between two onseutive states is studied. The jointprobability Prob(Pt, Pt−1) is represented by opula C12 suh that

C12(u, v) = Prob[Pt ≤ u, Pt−1 ≤ v] (3.7)On this basis, the onditioned probability funtion is obtained. This funtion de�nesthe distribution of Pt given Pt−1 (or vie versa) and thus de�nes the �rst-order Markovproess:
C1|2(u, v) = Prob[Pt ≤ u |Pt−1 = v] =

∂C12

∂v
(u, v) (3.8)To de�ne a model of a higher order than 1, a opula onstrution proess is used(Joe, 1997, hap. 4.5).Given opula C1...k (whih de�nes the joint probability of k suessive states) and,onsequently, given the Markov model of order k−1, variables F1|2...k = Prob[Pt|Pt−1, . . . , Pt−k+1]and Fk+1|2...k = Prob[Pt−k|Pt−1, . . . , Pt−k+1] are onstruted. The dependene betweentwo variables is measured using Kendall's τk or Spearman's ρs statisti (see Appendix3.A.3). If this dependene is signi�ant, then there is a relationship of dependene be-tween Pt and Pt−k that annot be explained by the Markov model of order k−1. In thisase, it is neessary to onstrut a k-order Markov model. This an be aomplishedusing opula C1...k+1

C1...k+1(u1, ..., uk+1) =Prob[Pt ≤ u1, ..., Pt−k ≤ uk+1]

=

∫ u2

−∞
...

∫ uk

−∞
C1k+1(F1|2...k, Fk+1|2...k)

C2...k(dx2, ..., dxk)

(3.9)where C1k+1 is a bivariate opula �t to the variables F1|2...k and Fk+1|2...k. This proe-dure is repeated until the value of k at whih the dependene between variables F1|2...kand Fk+1|2...k is not signi�ant.The proedure desribed is used to de�ne multivariate opulas (i.e., those higherthan the seond order) based on a set of bivariate (i.e., seond-order) opulas. Appendix3.A.4 desribes how this proedure is used to onstrut opula C1234, whih de�nes athird-order Markov proess.



72 CHAPTER 3An alternative proedure that has not been implemented in this study involvesusing the autoorrelation funtion of the variable xt to set the order of the proess kas the maximum time lag for whih the autoorrelation is signi�ant. Then, the opulaonstrution method desribed above an be used to onstrut the multivariate opula
C1...k.Copulas families usedThis researh tested di�erent opula families for the data used. The families seletedwere those that had the best goodness-of-�t based on the value of their likelihoodfuntions and based on a visual evaluation. The two opula families used in this studywere an asymmetri version of the Gumbel-Hougaard family and the Fréhet family(Appendix 3.A.5). A list of opula families, their harateristis, and the di�erent waysto �t them to the data an be found in Joe (1997); Nelsen (2006); Salvadori et al.(2007); Jaworski et al. (2010). For a summary of methods and goodness-of-�t tests, seeGenest and Favre (2007) and referenes therein.3.3.3 Simulation methodologyThe simulation proess onsists of two parts. First, the time-dependene model ofopulas (3.9) is used to obtain the series of probabilities {Pt}; then, the non-stationarymodel (3.1) is used to transform the probabilities into wave heights. To simulate therealisation Pt of the Markov proess of order k − 1, one the previous realisations Pt−1to Pt−k+1 are known, ut ∼ U(0, 1) is simulated and Pt obtained, resolving the followingequation

ut =
∂C1...k

∂u2 . . . ∂uk
(Pt, . . . , Pt−k+1)

=
∂C1k

∂Fk|2...k−1

(
F1|2...k−1(Pt, . . . , Pt−k+2),

Fk|2...k−1(Pt−1, . . . , Pt−k+1)
)

(3.10)where C1k is the bivariate opula �t to F1|2...k−1 and Fk|2...k−1 to onstrut C1...kand where F1|2...k−1 and Fk|2...k−1 are alulated using the set of bivariate opulas
C1k−1, C1k−2, . . . , C12.When this proedure is used, it is not neessary to use (3.9) to perform the simula-tions beause (3.10) an be resolved using the bivariate opulas. To obtain Pt, equation(3.10) an be numerially solved using the bisetion method. The simulation proessfor a third-order Markov model is desribed in Appendix 3.A.6.3.3.4 ARMA modelsAn ARMA(p,q) model is given by
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Zt = φ1Zt−1 + . . .+ φpZt−p + εt + θ1εt−1 + . . .+ θqεt−q (3.11)where φ and θ are the oe�ients of the autoregressive omponent and of the movingaverage, respetively, and εt stands for the independent, identially distributed realisa-tions with a null mean and variane σ2ε (a normal distribution is generally assumed).The AR(p) model orresponds to the ARMA(p,0) ase.To estimate the parameters of the ARMA model, the probability series {Pt}, ob-tained using the NS-LN-GPD model (3.6), is transformed into a series {Zt} via theinverse of the standard normal distribution. One {Zt} has been obtained, the param-eters φ, θ and σ2ε an be estimated using maximum likelihood estimation.One the model (3.11) is �tted, white noise is generated with variane σ2ε , anda new series {Zt} is simulated using parameters φ and θ. After the series {Zt} hasbeen simulated, it is transformed into {Pt} using a standard normal distribution andafterwards into {Hs} using the inverse of the NS-LN-GPD model (3.6).3.4 AppliationThe researh study desribed in this artile used a series of 36, 496 data reords ofspetral signi�ant wave height from 13 years and 3 months of sea states with a durationof 3 hours (although there were some gaps in the reord). The data were obtained usingthe WAM numerial model, provided by Puertos del Estado, Spain (www.puertos.es),orresponding to WANA point number 1054046 (36.5◦N, 6.5◦W, Gulf of Cádiz, Spain).This is the same data series used by Solari (submitted thesis, 2011).3.4.1 Non-stationary seasonal distributionIn this setion, the NS-LN-GPD parameters are estimated. A non-stationary LN dis-tribution (NS-LN) is also �tted (orresponding to the NS-LN-GPD with Z1 and Z2parameters approahing in�nity) for use in testing the goodness of �t obtained usingthe NS-LN-GPD model.In the �rst instane, the parameters are only allowed to have seasonal variations (i.e.,variation of periods less than or equal to a year (3.4)); interannual variation, ovariablesand trends were not onsidered.Fourier series are evaluated (3.4) with a maximum order of approximation n between

1 and 12. The order 1 represents annual variation, 2 represents semiannual variation,and so on. For eah �t distribution, the BIC is estimated.The models are identi�ed using three digits [a b c]; a is the order of approximationof the Fourier series used for µLN , b is the order of approximation of the series used for
σLN , and c is the order of approximation of the series used for ξ2. When a maximumapproximation n is allowed, a, b, c ≤ n should hold. The total number of parameters ofthe model [a b c] is 2(a + b+ c) + 5; i.e., there are 2a+ 1 parameters to be used in theFourier series representation of µLN , 2b+ 1 parameters to be used in the Fourier series
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Figure 3.2: Minimum Bayesian Information Criterion obtained for di�erent numbers of parameters inthe NS-LN-GPD model, with maximum approximation of the fourth order (©), 6th order (△) and 9thorder (2). Table 3.2: NS-LN parameters.
µ σOrd. (k) θak θbk θak θbk0 -0.116 � 0.561 �1 0.318 0.203 0.100 -0.0162 -0.024 -0.070 0.021 -0.0193 0.010 -0.009 -0.004 -0.0084 0.051 0.001 0.008 0.014representation of σLN , 2c+1 parameters to be used in the Fourier series representationof ξ2, and the two stationary parameters Z1 and Z2.Figure 3.2 shows the value of the BIC, depending on the total number of parameterswhen maximum approximations are permitted of order n = 4, 6, 9. For eah number,only the minimum BIC model is inluded. The minimum BIC models are identi�ed foreah n�order maximum approximation. Although eah urve has a relative minimum,the minimum dereases as the maximum allowed order n inreases. This �nding impliesthat to use the BIC as a seletion riterion for the model, one must �rst de�ne themaximum allowed order of approximation n.In this study, the minimum variation period for the parameters has been limitedto 3 months. (The maximum allowed order of approximation n is limited to 4.) Theminimum BIC model in this ase is [4 2 2℄: i.e., a Fourier series of order 4 for µLNand of order 2 for σLN and ξ2. Figure 3.3 shows the annual temporal evolution ofparameters µLN , σLN and ξ2 from model NS-LN-GPD [4 2 2℄. As an be observed,the prinipal omponent is the annual period, and the other omponents provide non-negligible orretions of a lesser order. The only exeption is parameter ξ2, for whihthe semi-annual omponent is of the same order of magnitude as the annual one. The�t of the [4 2 2℄ model obtained using the NS-LN-GPD parameters is ompared withthat of the model obtained using the NS-LN (also using n = 4). Tables 3.2 and 3.3show the estimated NS-LN-GPD and NS-LN parameters, respetively.Figure 3.4 shows the quantiles orresponding to the empirial aumulated probabil-ity values and those obtained when the NS-LN and NS-LN-GPD models are used. Theempirial quantiles have been obtained using a moving window of one month. Gener-
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Table 3.3: NS-LN-GPD parameters.

µLN σLN ξ2Ord. (k) θak θbk θak θbk θak θbk0 -0.094 � 0.520 � -0.006 �1 0.322 0.199 0.097 -0.019 -0.014 0.0762 -0.019 -0.073 0.023 -0.012 -0.063 -0.0373 0.004 -0.011 - - - -4 0.045 0.004 - - - -
Z1 Z2-0.734 (23%) 1.078 (86%)
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Figure 3.4: Iso-probability quantiles for non-exeeding probability P [x|t] equal to 0.01, 0.1, 0.25 0.5,0.75, 0.9 and 0.99; empirial (grey ontinuous line), NS-LN model (red dashed line) and NS-LN-GPDmodel (blak ontinuous line).ally speaking, the quantiles alulated using the NS-LN-GPD distribution oinide withthe empirial quantiles. As ompared with the NS-LN model, the NS-LN-GPD modelexhibits superior �t at the tails.Figure 3.5 (the top graph) shows the annual CDF on log-normal paper. As anbe observed, the NS-LN-GPD model exhibits a better �t at the tails than the NS-LNmodel. Figure 3.5 (the bottom graph) shows the annual PDF. The NS-LN-GPD model�ts the mode better than the NS-LN model.Finally, Figure 3.6 shows the Q-Q and P-P graphs for the two models. These graphson�rm the goodness-of-�t obtained using the NS-LN-GPD model.3.4.2 Interannual variationsThe purpose here is to show how the proposed model an inlude the interannual vari-ations observed in the series and examine how these interannual variations a�et thesimulation of new series. The physial basis of the observed interannual variations isnot under study here. Moreover, the observed trends are assumed to be ylial so thatthe mean value of the long-term simulations is not a�eted. This also makes it easierto ompare the original and simulated series.It is not our aim to perform an in-depth analysis of the interannual variation inthe data series being used; this would mean studying ovariables of interest suh as theNAO and onsidering long-term trends and limate yles, whih require longer seriesthan the one available as well as series of ovariables (see e.g. Ruggiero et al., 2010;Izaguirre et al., 2010).
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Figure 3.6: Left: Q-Q graph of the non-stationary log normal model (a) and the non-stationary model(b). Right: P-P graph of the non-stationary log normal model (a) and the non-stationary model (b).



78 CHAPTER 3When the moving average of the data is displayed on a graph (Figure 3.7), twotrends are observed: (i) a ylial omponent with a period of approximately 5 yearsand (ii) a dereasing trend. To analyse both, the following ylial omponents areinluded in the mean:
µLN,anual = ai1 cos(2πt/5) + bi1 sin(2πt/5) (3.12)

+ai2 cos(2πt/26) + bi2 sin(2πt/26)This is an ad ho model for long-term trends that assumes that the downward trend inthe 13 years of data is part of a 26-year pattern of ylial variation.These four parameters and the other parameters of the model are estimated usingmaximum likelihood estimation with n = 4 as the maximum order of approximation forthe Fourier series and using the BIC to selet the model. The model obtained in thisase is [4 2 2 2℄, where the �rst three numbers refer to the order of approximation of
µLN , σLN and ξ2 and the last refers to the two interannual ylial omponents inludedin µLN (3.12).Figure 3.7 shows the moving average of the logarithm of the data obtained using amoving window of 90 days and the mean of NS-LN-GPD model [4 2 2 2℄. As an beobserved, the µLN parameter with interannual variation adequately aptures the trendin the mean of the logarithm of the data.Model [4 2 2 2℄ exhibits a goodness of �t similar to that of model [4 2 2℄ (as givenin Figures 3.5 and 3.6 and therefore not shown here).3.4.3 Time Dependeny. CopulasTo �t the time dependeny, di�erent opula families an be tested. In this study, thefamilies with the best �t are seleted based on the log-likelihood funtion (LLF) and avisual evaluation. The following paragraphs desribe the data �tting proesses, whihare onduted based on the probability series {Pt} obtained using NS-LN-GPD model[4 2 2 2℄. Figure 3.8 shows the mean and standard deviation of Pt as well as theirsmoothed values on an annual sale. As an be observed, the series may be treated asstationary.The asymmetri Gumbel-Hougaard opula (3.26) provides a good �t for the time-dependene between Pt and Pt−1. The parameters estimated for this opula are θ =
5.462, θ1 = 0.994 and θ2 = 0.969. This shows that Pt and Pt−1 are signi�antlydependent on eah other (high θ) and that the distribution is slightly asymmetrial(θ1 ≈ θ2).Figure 3.9 depits the empirial funtion C(Pt, Pt−1) and that obtained using theasymmetri Gumbel-Hougaard funtion. It is lear that the modelled and empirialiso-probability urves overlap, exept around Pt ≈ Pt−1 ≈ 0.1 − 0.4, where the datare�et a more marked dependene than that exhibited by the model. In general, the �tis good.We then estimated the dependene between Pt and Pt−2, whih was not explainedby C(Pt, Pt−1). For this purpose, the C12 opula was used to estimate F1|2 and F3|2.
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3.4. APPLICATION 81Table 3.4: Copulas parameters �tted using Pt series obtained with the NS-LN-GPD [4 2 2] (SM) andNS-LN-GPD [4 2 2 2] (IM) models.
C12 C13 C14G-H Asim. Fréhet Fréhet

θ θ1 θ2 α β α βSM 5.697 0.995 0.971 0 0.194 0.005 0IM 5.462 0.994 0.969 0 0.192 � �The dependene between F1|2 and F3|2 is signi�ant (τk = −0.133 and ρs = −0.192),and thus, the trivariate opula C123 was onstruted.To obtain the trivariate opula (3.22), the bivariate opula C13(F1|2, F3|2) was �tted.In this ase, a good �t was obtained using the Fréhet family. The parameters were�tted using (3.33) and assuming that α = 0. A good �t was obtained, although therewas some asymmetry in the data that was not aptured by the opula.The opula C123 was used to estimate F1|23 and F4|23. The dependene betweenthese variables was found to be τk = −1.4× 10−3 and ρs = −1.3× 10−4. Consequently,the variables F1|23 and F4|23 an be regarded as independent.Table 3.4 summarises the parameters of the opulas �tted using the probability series
{Pt} obtained with the NS-LN-GPD [4 2 2℄ and [4 2 2 2℄ models (i.e., the seasonal model(SM) and interannual model (IM)). For the SM, the in�uene of onsidering the C14opula was not found to be very signi�ant.3.4.4 Time dependeny. ARMA modelsHigh-order AR(p) and ARMA(p,q) models were estimated to ompare the results ob-tained. An optimal number of parameters was not seleted; rather a su�iently highnumber (p = q = 23) was used to take advantage of the apaities of these models. Wedeided to work with ARMA models beause they provided slightly better results thanthe AR models.3.4.5 SimulationA simulation was onduted of 500 years of signi�ant wave height Hs with eah ofthe models �tted to the data: (a) the SM and the dependene model based on opulas(SM-C); (b) the IM and the dependene model based on opulas (IM-C); () the SMand the ARMA(23,23) model (SM-A); and (d) the IM and the ARMA(23,23) model(IM-A).Figure 3.10 shows a �ve-year data series and another �ve-year series simulated usingthe IM-C model. The next step was to evaluate the results obtained using the di�erentmodels, di�erentiating between the medium or main-mass regime and the extreme orupper-tail regime.
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Figure 3.10: Five years of measured signi�ant wave heights (top) and simulated signi�ant wave heights (bottom).
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Figure 3.11: Aumulated probability on log-normal paper (top graph) and probability density (bottomgraph). Original (dots) and simulated (green line) data series.Table 3.5: Statistis obtained from the �rst four entral moments.Data SM-C IM-C SM-A IM-AMean 1.088 1.077 1.086 1.090 1.093Variane 0.548 0.521 0.538 0.539 0.556Skewness 2.127 2.106 2.275 2.159 2.410Kurtosis 10.006 10.468 12.290 10.846 14.326Medium or main-mass regimeThe medium regime obtained using the four simulated series are very similar. In fat,it is pratially impossible to di�erentiate between the four series in the PDF and CDFplots. Therefore, Figure 3.11 presents the results only for model SM-C. By omparingFigure 3.11 with Figure 3.5 , it is lear that the distribution of the simulated dataseries (Figure 3.11) is equal to the theoretial distribution (Figure 3.5). This �nding isbeause the simulated series is very long (500 years).Table 3.5 shows the values of the statistis derived from the �rst four moments ofthe distribution: mean, variane, skewness, and kurtosis. As an be observed, all of themodels properly represent the mean and the variane. Regarding skewness and kurtosis,the best approximations were obtained using the SM-C and SM-A models. The IM-C and IM-A models yielded overestimated �gures for kurtosis, partiularly when theARMA model was used for time dependene.Figure 3.12 shows the autoorrelation funtion (ACF) for the data and the foursimulated series. For a time lag of less than three days, the SM-C and IM-C models�t the data better than the SM-A and IM-A models. In ontrast, for longer time-lags,the SM-A and IM-A models provide a better �t. The main reason for this is that
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Figure 3.12: Autoorrelation funtion (ACF) for the four dependene models used and for a simulationrun using an ARMA(3,3) model.the ARMA model is a 23rd-order model, whereas the opula-based models orrespondto seond-order and third-order Markov models for the IM-C and SM-C, respetively.When third-order ARMA models are used (as indiated by the red dashed line referredto as IM-ARMA (3,3) in Figure 3.12), the long-term �t of the ACF is equivalent to thatobtained using opula-based models, whereas the short-term �t is roughly the same asthat obtained using a 23rd-order ARMA model.Figure 3.13 shows the PDF of the persistenes over thresholds (0.5m, 1.0m, 1.5m,
2.0m, 2.5m, 3.0m). In many ases, there are disrepanies between the persisteneregimes for the original and simulated data series. For a threshold of 0.5m, the simulatedseries show a lower than observed frequeny of persistene of short duration (6 hours);i.e., the simulations overestimate persistene over 0.5m. For thresholds greater than
2m, the simulations (partiularly those obtained using ARMA-based models) show ahigher than observed frequeny of persistene of short duration (6 hours); i.e., both theopula-based and the ARMA models underestimate persistene, but the extent of theunderestimation by the ARMA model is greater. Nevertheless, for thresholds greaterthan 1.5m, the series obtained using the opula-based models (SM-C and IM-C) show abetter �t with regard to the persistene than that obtained using the ARMA model. Inontrast, for the thresholds 0.5m and 1m, the data series simulated using the ARMAmodel exhibits a better �t with regard to the persistene than the series simulated using



3.4. APPLICATION 85the opula model.Extreme or upper-tail regimeThis study has analysed two aspets of the extreme regime: (i) annual maxima and (ii)storms and peaks over the threshold (POT regime).Annual maximaFigure 3.14 shows the annual maxima of the empirial data and of the simulatedseries for di�erent return periods. Wide dispersion an be observed for high returnperiods: e.g., for 50-year return period, the values of obtained from the simulatedseries are between 7.5m for the model SM-C and more than 10m for the model IM-A.Generally speaking, the ARMA model has overestimated the annual maxima, whereasthe data obtained via the opula-based model are underestimates. Nevertheless, theseries simulated using the IM-C model appropriately �t the empirial regime of annualmaxima.Additionally, the e�et of inluding interannual variations (via the IM-C and IM-Amodels) was to inrease the value of Hs for a given return period. This �nding ourredindependent of the time-dependene model used.Storms and peaks over threshold (POT)This study foused on the mean number of storms per year, their distributionthroughout an average year, their duration, and the maximum signi�ant wave heightreahed during the storm (i.e., the POT regime). Storms were identi�ed following Solari(submitted thesis, 2011); the value of the threshold was u = 3.58m, and the minimumtime between the storms was Tmin = 2 days; this minimum time assured that the peaksame from di�erent storms or independent events. The mean number of storms peryear based on these data was ν = 3.08. The mean numbers of storms based on thesimulated series were νSM−C = 3.15, νIM−C = 3.46, νSM−A = 6.16, and νIM−A = 6.66.Figure 3.15 shows the variation in parameter ν throughout the year. The valueswere obtained by dividing the year into 24 subsets of 1/2 month eah1, alulating themean number of storms in eah subset, and multiplying them by 24 so that the unitused would be the number of storms per year. The integral of the urve in the yearis the mean number of storms per year. The results obtained via the SM-C and IM-Cmodels are within the on�dene limits obtained from the original data. In ontrast,the results obtained using the SM-A and IM-A models inlude a signi�antly greaternumber of storms than was atually reorded, partiularly in the winter.Figure 3.16 re�ets the distribution of storm durations (i.e., persistene exeedingthe threshold u). The results obtained via the SM-C and IM-C models were found toprovide a slightly better �t of the data than the SM-A and IM-A models, although thefour models tended to overestimate the frequeny of short durations (approx. 5 hours),and underestimate frequeny of long durations (approx. 30 hours).1This two-week time sale orresponds to the variation between spring and neap tides. Even thoughthis was not previously onsidered, it is another of the variation sales of the system, fored in thisase by astronomial phenomena. One might ask if these variations have any e�et on the ourreneor intensity of the storms.
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Figure 3.13: Persistene over thresholds 0.5, 1, 1.5, 2, 2.5 and 3m.
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3.5. CONCLUSIONS 89was a muh larger mean number of storms per year than was atually reorded. Thedata from these models also underestimate the duration of the storms. In ontrast,the results derived using the opula-based models appropriately �t the reorded dataregarding the mean number of storms per year, their distribution throughout the yearand their duration.Based on these �ndings, opula-based models an be deemed more suitable for usethan are ARMA-based models given the frequeny and persistene of the storms, whihare important parameters to onsider when studying systems suh as beahes or ports.Even though the opula-based model yielded simulated series with harateristis thatare very similar to those of the original series, there are ertain di�erenes between theseries with regard to the POT regime.The e�et of interannual variability is espeially evident in the values for the uppertail even though it was only inluded in the parameters for the mean of the distribution.This is one of the advantages of using an integral model that overs the entire rangeof values of the variable. Performing a more in-depth analysis of interannual variationby taking into aount the e�et of ovariables ould improve the results obtained.Furthermore, it would provide more information regarding the long-term behaviour ofthe variable.3.5 ConlusionsThis artile has desribed a non-stationary univariate model for the long-term distribu-tion of sea-state variables that is valid for the entire range of values of the variable. Themodel inludes seasonal variation using a Fourier-series approximation of the parametersand an also take into aount limate yles, trends, and ovariables.The results of this study indiate that this non-stationary model an be used totransform the original non-stationary variable (Hs(t) in this artile) into a stationaryone P (t) = Prob[Hs < Hs(t)|t]. Using this variable (P (t)), it is possible to study thetime dependene or autoorrelation of the original variable (Hs). For this purpose, inthis researh, a opula-based model was developed based on the assumption that theproess being examined was a Markov proess.The appliation of the models to a data series for hindast signi�ant wave heightindiated that the simulations obtained via the opula-based time-dependene modelwere better than those obtained using an ARMA model. However, some related on-siderations require further study. The long-term autoorrelation data generated by theopula-based models (with time-lags larger than 3 days) is inferior to that obtainedusing the high-order ARMA models. The possibility of improving these results by usingother families of opulas should be investigated. It will also be neessary to more rigor-ously study how inluding long-period variation and ovariables in the non-stationarymodel in�uenes the simulated series.This study has shown that from an engineering viewpoint, it is not appropriate toevaluate simulation methods exlusively in terms of the ACF of the simulated series.A good ACF �t does not ensure that the model will behave suitably in representing



90 CHAPTER 3persistene regimes, storm regimes and annual maxima.3.A Appendixes3.A.1 Data standardizationTo build the PP and QQ plots of the NS-LN-GPD model, the standardized variable Zeis used.
Ze =





Z1− Zmin H(t) < u1(t)

ZLN u1(t) ≤ H(t) ≤ u2(t)

Z2 + Zmax H(t) > u2(t)

(3.13)where Z1 and Z2 are the parameters of the model; u1 and u2 are the thresholds alulatedwith the model; and ZLN , Zmin and Zmax are alulated as
ZLN =

log(H(t))− µLN (t)

σLN (t)
(3.14)

Zmin =
1

ξ1(t)
log

(
1− ξ1(t)

σ1(t)
(H(t)− u1(t))

) (3.15)
Zmax =

1

ξ2(t)
log

(
1 +

ξ2(t)

σ2(t)
(H(t)− u2(t))

) (3.16)This takes into aount that when H(t) has a log-normal distribution, ZLN has a stan-dard normal distribution; and when H(t) has a GPD distribution of minima (maxima),
Zmin (Zmax) has a unit-parameter exponential distribution.After alulating the standardized variable Ze this variable was used to alulateempirial probability Pe. The modeled values of Zm quantiles and of probability Pmwere alulated from Ze and Pe as

Zm(Pe) =





Z1 + log(Pe/Φ(Z1)) Pe < Φ(Z1)

Φ−1(Pe) Φ(Z1) ≤ Pe ≤ Φ(Z2)

Z2 − log(1− Pe−Φ(Z2)
1−Φ(Z2)

) Pe > Φ(Z2)

(3.17)
Pm(Ze) =



Φ(Z1) exp(Ze − Z1) Ze < Z1

Φ(Ze) Z1 ≤ Ze ≤ Z2

Φ(Z2) + (1− Φ(Z2))(1− exp(Z2 − Ze)) Ze > Z2

(3.18)Finally, graph QQ was built with (Ze, Zm) and graph PP was built with (Pe, Pm).



3.A. APPENDIXES 913.A.2 Copula de�nitionA opula is a funtion C : [0, 1] × [0, 1] → [0, 1] suh that for all u, v ∈ [0, 1] , it holdsthat C(u, 0) = 0, C(u, 1) = u, C(0, v) = 0 and C(1, v) = v; and for all u1 ≤ u2, v1 ≤
v2 ∈ [0, 1] it holds that

C(u2, v2)− C(u2, v1)− C(u1, v2) + C(u1, v1) ≥ 0The use of opulas to de�ne multivariate distribution funtions is based on theSklar's theorem: when FXY is a two-dimensional distribution funtion with marginaldistribution funtions FX y FY , there is then a opula C suh that FXY = Prob[X ≤
x, Y ≤ y] = C(FX(x), FY (y)).3.A.3 Measures of assoiationFor a bivariate series (x, y). , the most widely used measurements of assoiation areKendall's τk and Spearman's ρs (Salvadori et al., 2007). A sample version of theseparameters are

τk =
c− d

c+ d
(3.19)

ρs = 1− 6
∑n

i=1(Ri − Si)
2

n3 − n
(3.20)where c (d) are the number of onordant (disordant) pairs (xi, yi) (xj , yj),de�ned as

(xi − xj)(yi − yj) < 0 (> 0); Ri = Rank(xi); Si = Rank(yi); n is the sample size.3.A.4 Copula-based seond-order and third-order Markov ModelsVariables F1|2 and F3|2 are alulated using the bivariate opula C12 that de�nes the�rst-order Markov proess:
F1|2(u, v) = Prob[Pt ≤ u |Pt−1 = v] =

∂C12

∂v
(u, v) (3.21a)

F3|2(v,w) = Prob[Pt−2 ≤ w |Pt−1 = v] =
∂C23

∂v
(v,w) (3.21b)Where it is assumed that the time-dependene struture is stationary, and thus C12 ≡

C23.If these variables are dependent on eah other (a dependene measured with τk or
ρs), a trivariate opula C123 is then built that ontemplates this dependene and whihde�nes the seond-order Markov proess

C123(u, v, w) = Prob[Pt ≤ u, Pt+1 ≤ v, Pt+2 ≤ w]Where marginal distributions C12 and C23 are given by the opula C12 ≡ C23, andwhere marginal C13 represents the dependene of Pt and Pt−2 that is not explained by
C12. A opula of this type an be found in (Joe, 1997, hap. 4.5)
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C123(u, v, w) =

∫ v

−∞
C13(F1|2(u, x), F3|2(x,w))F2(dx) (3.22)Where C13 is �t based on the sample of F1|2 and F3|2.Similarly, F1|23 and F4|23 are alulated using C123

F1|23(u, v, w) =Prob[Pt ≤ u |Pt−1 = v, Pt−2 = w]

=
∂2C123

∂v∂w

/
∂2C23

∂v∂w

=
∂C13

∂F3|2
(F1|2(u, v), F3|2(v,w))

(3.23a)
F4|23(v,w, y) =Prob[Pt−3 ≤ y |Pt−1 = v, Pt−2 = w]

=
∂2C123

∂u∂v

/
∂2C12

∂u∂v

=
∂C24

∂F2|3
(F2|3(v,w), F4|3(w, y))

(3.23b)Where C12 ≡ C23 ≡ C34 and C123 ≡ C234.If the dependene between F1|23 and F4|23, measured with Kendall's τk or Spearman's
ρs, is signi�ant, there is a signi�ant degree of dependene between Pt and Pt−3 that isnot explained by C123, and opula C1234 is built, whih de�nes the fourth-order Markovproess

C1234(u, v, w, y) =Prob[Pt ≤ u, Pt+1 ≤ v, Pt+2 ≤ w,Pt+3 ≤ y]

=

∫ w

−∞

∫ v

−∞
C14(F1|23(u, x1, x2), F4|23(x1, x2, y))

C23(dx1, dx2)

(3.24)Where opula C14 is �t, based on the sample of variables F1|23 and F4|23.The distribution of Pt onditioned to Pt−1 = v, Pt−2 = w and Pt−3 = y is thenobtained by deriving (3.24)
C1|234(u, v, w, y) =Prob[Pt ≤ u |Pt−1 = v, Pt−2 = w,Pt−3 = y]

=
∂3C1234

∂v∂w∂y

/
∂3C234

∂v∂w∂y

=
∂C14

∂F4|23
(F1|23(u, v, w), F4|23(v,w, y))

(3.25)



3.A. APPENDIXES 933.A.5 Copulas familiesThe Gumbel-Hougaard family is the same as the logisti family used in the multivariatetheory of extremes (see e.g. Coles, 2001, hap. 8 or Salvadori et al., 2007, app. C).This study used an asymmetri version of this family (see e.g.: Ribatet et al., 2009).
C12(u, v) = Prob[x ≤ u, y ≤ v] = exp {−V (u, v)} (3.26)with

V (u, v) = (1− θ1)û+ (1− θ2)v̂ +
[
(θ1û)

θ + (θ2v̂)
θ
]1/θ (3.27)where û = − log(u) and v̂ = − log(v), θ ≥ 1, 0 ≤ θ1, θ2 ≤ 1.The onditioned distributions are given by

C1|2(u, v) =Prob[x ≤ u | y = v] =
∂C

∂v
(u, v)

=
C(u, v)

v

[
1− θ2 + θ2

(
1 +

(θ1û)
θ

(θ2v̂)θ

) 1
θ
−1
] (3.28)

C2|1(u, v) =Prob[y ≤ v |x = u] =
∂C

∂u
(u, v)

=
C(u, v)

u

[
1− θ1 + θ1

(
1 +

(θ2v̂)
θ

(θ1û)θ

) 1
θ
−1
] (3.29)whereas the density is

c12(u, v) = Prob[x = u, y = v] =
∂2C12

∂u∂v
(u, v)

=
C(u, v)

uv

{[
C1|2(u, v)

] [
C2|1(u, v)

]
+

θ1θ2(θ − 1)
(
(θ1û)

θ + (θ2v̂)
θ
) 1

θ
−2

(θ1θ2ûv̂)
θ−1

}
(3.30)The parameters of this opula are estimated by means of maximum likelihood using(3.30).The Fréhet opula family is given by

C12(u, v) = αM2(u, v) + (1− α− β)Π2(u, v) + βW2(u, v) (3.31)where M2(u, v) = min(u, v)is the Fréhet-Hoe�ding upper bound; Π2(u, v) = uv is theindependent opula; and W2(u, v) = max(u + v − 1, 0) is the Fréhet-Hoe�ding lowerbound. The following relations are used to �t the parameters of the Fréhet family(Salvadori et al., 2007)
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τK(α, β) =

(α− β)(α+ β + 2)

3
(3.32)

ρS(α, β) = α− β (3.33)3.A.6 Simulation proedure of the third-order Markov proessFor the third-order Markov proess., the simulation proedure is:(i) At t = 1, u1 ∼ U(0, 1) is simulated, and P1 = u1 is taken.(ii) For t = 2, u2 ∼ U(0, 1) is simulated, and P2 is alulated onditioned to P1, solvingthe following equation
u2 = C2|1(P1, P2) (3.34)(iii) For t = 3, u3 ∼ U(0, 1) is simulated, and P3 is alulated onditioned to P1 and

P2, solving the following equation
u3 = C3|1

(
C1|2(P1, P2), C3|2(P2, P3)

) (3.35)(iv) for t ≥ 4, ut ∼ U(0, 1) is simulated, and Pt is alulated onditioned to Pt−1, Pt−2and Pt−3, solving the following equation
ut =C4|1

(
C1|23

(
C1|2(Pt−3, Pt−2), C3|2(Pt−2, Pt−1)

)
,

C4|23

(
C2|3(Pt−2, Pt−1), C4|3(Pt−1, Pt)

)) (3.36)(v) One the series {Pt}is simulated, the series {Ht} is onstruted, using the inverseof the NS-LN-GPD (3.6).In steps (ii) to (iv), the expressions of the onditioned opulas are analytiallyresolved, whereas equations (3.34), (3.35) and (3.36) are numerially solved with thebisetion method.3.A.7 List of abbreviationsTable 3.6 lists the abbreviations used throughout the artile.
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Chapter 4On the use of Vetor Autoregressive(VAR) and Regime Swithing VARmodels for the simulation of sea andwind state parameters4.1 AbstratThe simulation of long (several years) time series of multivariate wave and wind stateparameters has many appliations in oastal and oean engineering, inluding oastalmorphology, transportation and energy exploitation studies, amongst others.In this work the use of vetor autorregresive (VAR) and Regime Swithing VARmodels for the simulation of wave height, period and diretion, and wind speed anddiretion, is studied.In order to normalize and stationarize the series, non-stationary mixture uni-variatedistributions are �tted to the above �ve variables. Then three di�erent VAR models(one standard model and two regime swithing models) are �tted and new time seriesare simulated. Finally, an in depth analysis of the long term simulations is performed,in order to study its ability to reprodue the behavior of the original series.It is found that VAR models are able to apture main features of the original series,but they fail in reproduing some of the persistene regimes and some aspets of thebi-variate distributions. On the other hand, although Regime Swithing VAR modelsimprove some aspets of the simulations, they produe some unexpeted behavior inthe orrelation of the simulated series.4.2 IntrodutionSimulation of time series of wave and wind parameters has many appliations. Some ofthem are the design and management of harbors and waterways, the study of oastal99



100 CHAPTER 4morphology and the design of shore protetion strutures, the design, onstrution andoperation of o�-shore strutures, et. Guedes Soares and Cunha (2000); Stefanakos andBelobassakis (2005).This work fouses on the study of a methodology for the simulation of new timeseries of the variables that de�nes the sea and wind states on deep waters, i.e.: spetralsigni�ant wave height Hm0, peak period Tp, mean wave diretion θM , wind speed VWand wind diretion θW .For the appliation and veri�ation of the methodology a hindasted time series isused. It orresponds to 13 years of 3 hours states, taken at the Gulf of Cádiz (36.5◦N,6.5◦W), Spain.First, the �ve variables are normalized and stationarized. For this non-stationaryparametri marginal distributions funtions of the variables are used. Then, for mod-eling time dependene and interdependene of the normalized variables, the use ofthree Vetor Autoregressive (VAR) models is studied: a standard VAR model, andtwo Regime Swithing VAR models, the Self Exiting Threshold VAR model (TVAR)and the Markov Swithing VAR model (MSVAR).The objetive is to study the ability of the di�erent VAR models to reprodue thebehavior of the original time series when they are used for long term simulations (severalyears). For this, simulated time series are ompared with original ones in terms of itsmarginal distributions, its auto- and ross- orrelation funtions, and its persisteneregimes over di�erent thresholds.The rest of the doument is organized as follows. Setion 4.3 presents a brief revisionof previous work on the use of autoregressive models for the simulation of multivariatemet-oean variables. In setions 4.4 to 4.6 the methodology used for the simulationis introdued as well as the struture of the di�erent models used. Estimation of theparameters of the models for the study ase is dealt with in setions 4.7 to 4.9. Oneparameters are estimated new time series are simulated. The omparison of the newseries with the original ones is done at setion 4.10. Finally, a disussion of the resultsis done at setion 4.11, while main onlusions of this work are summarized at setion4.12.For the sake of readability of this doument, many of the graphial results thatpartially justify the onlusions, as well as some details of the models used, are skipped.4.3 BakgroundThis works fous on the multivariate simulation of time series of met-oean variablesby means of autoregressive models.The use of univariate autoregressive (AR) models for the simulation of signi�antwave height was presented in Guedes Soares and Ferreira (1996) and Guedes Soareset al. (1996). In Sotto and Guedes Soares (2000) the analysis is extended to the use ofunivariate self exiting threshold autoregressive (TAR) models. More reently Cai et al.(2007) analyze the use of AR models for the simulation of time series of environmentalvariables.



4.4. METHODOLOGY 101With regards to multivariate simulation, Guedes Soares and Cunha (2000) use bi-variate autoregressive models for the simulation of wave height and peak period timeseries. Stefanakos and Belobassakis (2005) use a vetor autoregressive moving averagemodel to the simulation of wave height, peak period and wind speed, while Cai et al.(2008) use a bivariate AR model for the study of wave heights and storm surges.Main di�erenes of this work with previous ones are: (a) the analysis of TVAR andMSVARmodels for 5-variate met-oean variables, (b) the method used for normalizationof the variables, and () the in depth analysis performed on the simulated series. Inour work this analysis omprises several aspets not usually overed in previous works:probability distribution of the persistene regimes, marginal bivariate distributions ofthe normalized as well as of the original variables, and the ability of the model toreprodue the variability atually observed on the limati variables (i.e. some years aremore severe than others). This in depth analysis gives a better idea of the appliabilityand the limitation of the VAR models for met-oean variables simulation than thatobtained by only omparing autoorrelations and �rst moments of the original andsimulated distributions.4.4 MethodologyThe proposed methodology omprises three steps:(a) Non-stationary distributions funtions and normalization of the variables. Foreah one of the variables under study a non-stationary distribution funtion is �tted
Vi(t) ∼ Fi(Vi|t). Using this funtion, variables are normalized by means of

Zi(t) = Φ−1 (Fi (Vi (t) |t)) (4.1)where Φ(x) is the standard normal univariate distribution. Non-stationary funtionsused in this work are introdued in setion 4.5, the �tting of the funtions to the datais presented on setion 4.7, and the analysis of the normalized variables is shown insetion 4.8.(b) Vetor Autoregressive Models (VAR). These models are used to explain thetime dependene and the inter-dependene of the normalized variables. First a order pVAR linear model is �tted (VAR(p)). Then, two di�erent regime swithing versions are�tted: a Self Exiting Threshold VAR model (TVAR(KR, p)), and a Markov SwithingVAR model (MSVAR(KR, p)), where KR is the number of regimes of the models. Thestruture of the di�erent models is introdued in setion 4.6, while the estimation of itsparameters is shown in setion 4.9.() Simulation. The simulation of new time series omprises two steps. First, oneof the VAR models is used for the simulation of a new time series of the normalizedvariables{Zi}. Then normalized variables are transformed to the original ones by meansof the non-stationery distributions Vi = F−1
i (Φ (Zi) |t). The simulated time seriesobtained with the di�erent models are analyzed on setion 4.10.



102 CHAPTER 44.5 Probability distributionsHere the univariate marginal distribution funtions used for normalization of the vari-ables are desribed.Variables under study are Hm0, Tp, θM , VW and θW . Four di�erent stationaryand non-stationary distribution funtions are used for the normalization of these �vevariables. These distributions are shown next. The parameters of these distributionsare estimated through maximum likelihood.4.5.1 C-GPD ModelThe distribution used for Hm0 and VW is the same that was used by Solari and Losada(2011). This distribution onsists of a mixture of a trunated entral distributionfuntion for the entral part, and two generalized Pareto distributions (GPD) for thetails. The distribution is
f(x) =





fm(x)Fc(u1) x < u1

fc(x) u1 ≤ x ≤ u2

fM (x) (1− Fc(u2)) x > u2

(4.2)where fc is the density funtion seleted for the entral part, fm is the lower tail GPDand fM is the upper tail GPD; u1 and u2 are lower and upper thresholds where theentral distribution is trunated; Fc(u1) and 1−Fc(u2) are sale onstants for the lowerand upper GPD respetively.For the density funtion (4.2) to be ontinuous and to have lower bound equal tozero, the following relations must be ful�lled Solari and Losada (2011a,b)
σ1 = −ξ1u1 ξ1 = − Fc(u1)

u1fc(u1)
σ2 =

1− Fc(u2)

fc(u2)For modeling wave heights Hm0 a Log-Normal (LN) distribution is taken for theentral funtion fc, and the resulting model is alled LN-GPD. For wind speeds VWentral distribution fc is taken to be a biparametri Weibull distribution (WB), and theresulting model is alled WB-GPD.LN distribution has position parameter µLN and sale parameter σLN > 0; the WBdistribution has sale parameter αWB > 0 and shape parameter βWB > 0; the minimumGPD fm has shape parameter ξ1, sale parameter σ1 ≥ 0 and position parameter u1;the maximum GPD fM has shape parameter ξ2, sale parameter σ2 ≥ 0 and positionparameter u2.In order to simplify the analysis the position parameters of both GPD, u1 and u2,are replaed by Z1 and Z2, where ui = F−1
c (Φ(Zi)), being Φ the univariate standardnormal distribution (Solari and Losada, 2011, see). Then Z1 and Z2 are assumed tobe onstants, while the remaining parameters are time varying.



4.6. VECTOR AUTOREGRESSIVE MODELS 103Parameters of the LN-GPD distribution are (µLN , σLN , ξ2, Z1, Z2), while those ofthe WB-GPD distribution are (αLN , βLN , ξ2, Z1, Z2). Parameters µLN , σLN , αWB,
βWB and ξ2 are time varying, and are expressed as Fourier series

θ = θa0 +

Nk∑

k=1

(θak cos(2πkt) + θbk sin(2πkt)) (4.3)where t is on annual sale, and as a onsequene only variations of periods less or equalto one year are taken into aount (seasonal variations).4.5.2 Bi Log-Normal ModelFor the peak period Tp a mixture model omposed by two LN distributions is de�ned.The model is
f(x) = αfLN1(x) + (1− α)fLN2(x) (4.4)The parameters of the distribution are (µ1, σ1, µ2, σ2, α), with σ1, σ2 > 0 and

0 ≤ α ≤ 1. All parameters are time varying and are expressed as Fourier series using(4.3).4.5.3 Tetra Trunated Normal ModelFor both mean wave diretion θM and wind diretion θW a mixture of four stationarynormal distributions, trunated at 0◦ and 360◦, is used
f(x) =

4∑

i=1

αifN i(x) [FN i(360) − FN i(0)]
−1 (4.5)where fN and FN are the probability density funtion (PDF) and the umulative distri-bution funtion (CDF) of the normal distribution, and ∑4

i=1 αi = 1. The distributionhas position parameters µNi and sale parameters σNi > 0, with i = 1, 2, 3, 4, andproportion parameters αi with i = 1, 2, 3, being α4 =
∑3

i=1 αi.Cirular distributions for the diretion variables will not be onsidered in this phase.4.6 Vetor Autoregressive modelsAutoregressive models give the value of the urrent observation as a linear funtion ofpast observations and a white noise. Vetor Autoregressive models are an extension ofautoregressive models for multivariate data. Here, three di�erent models are onsidered.First, the lassial Vetor Autoregressive model of �nite order p (VAR(p)). Seondly tworegime swithing non-linear models onstruted using the lassial one: the Self ExitingThreshold Vetor Autoregressive model of KR regimes and order p (TVAR(KR, p)),and the Markov Swithing Vetor Autoregressive model of KR regimes and order p(MSVAR(KR, p)). These two model are based on the de�nition of di�erent regimes.



104 CHAPTER 4For eah regime a VAR(p) model is used, and as a onsequene these two models arepieewise linear.For a desription of vetor autoregressive models the reader is referred to Lütkepohl(2005).4.6.1 VAR(p) modelThe Vetor Autoregressive model of order p is given by (Lütkepohl, 2005, see e.g.).
yt = ν +

p∑

i=1

Aiyt−i + ut (4.6)where yt = (y1t, . . . , yKt)
′ is a vetor of dimensions (K × 1), being K the number ofvariables; eah Ai is a matrix of autoregressive oe�ients, of dimensions (K × K);

ν = (ν1, . . . , νK)′ is a vetor of dimension (K × 1) that allows for a non zero mean
E(yt); and ut = (u1t, . . . , uKt)

′ is a K−dimensional white noise, also alled innovationproess or error, that must ful�ll E(ut) = 0, E(utu
′
t) = Σu and E(utu

′
s) = 0 for s 6= t.In this work the parameters of the VAR(p) model are estimated through LeastSquare (see Lütkepohl, 2005, Ch. 3). For this the model is expressed on matrix notationas Y = BZ + U , where Y = (y1, . . . , yT ), B = (ν,A1, . . . , Ap), Zt = [1, yt, . . . , yt−p+1]

′,
Z = (Z0, Z1, . . . , ZT−1) and U = (u1, . . . , uT ), being T the number of observations avail-able for estimation. Then, autoregressive parameters are estimated as B̂ = Y Z−1(ZZ ′)−1;while the ovariane matrix Σu of the withe noise ut is estimated through the errors
Û = Y − B̂Z as Σ̂u = Û Û ′/(T −Kp+ 1).For de�ning the order p of the model that should be used it is possible to usethe Bayesian Information Criteria BIC = −2LLF + log(T )Np, where LLF is the loglikelihood funtion and Np is the number of parameters of the model. Proedure is asfollows: �rst model parameters are estimated for a series of orders p; then, LLF and
BIC are estimated for eah one of the models and the one with the lower BIC is seletedas the �optimum� model.Assuming that the white noise follows a multivariate normal distribution of zeromean and ovariane Σ̂u, the LLF is

LLF =
T∑

t=1

log
(
fMVN (ût|0, Σ̂u)

)where fMVN (ût|0, Σ̂u) is the density funtion of the multivariate normal distribution.4.6.2 TVAR(KR, p) modelThreshold VAR models assume that there exists more than one possible regime for thesystem, and that at eah time t the regime is de�ned by the value taken by the variable
z at time t− d, where d is the delay. When z is one of the variables of the regression,the model is alled Self Exiting. This last ase is the one studied here.The struture of the TVAR(KR, p) model is
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yt = ν(j) +

p∑

i=1

A
(j)
i yt−i + u

(j)
t if rj−1 < zt−d ≤ rj (4.7)where the set rj are the thresholds that de�nes the di�erent regimes.One that the number of regimes KR, the set of thresholds rj , the delay d, andthe variable z used to identify the regimes are all de�ned, it is possible to estimate theautoregressive parameter and the ovariane matrix of eah regime in the same way itwas done for the VAR model, using the Least Square method.Here BIC is used for estimation of z, d, rj . To alulate the BIC of the TVAR model:(a) the LLF is estimated using a multivariate normal distribution for eah regime, and(b) the number of parameters Np inludes the parameters of all regimes.Then, given the number of regimes KR, for eah one of the possible variables za set of thresholds rj and a set of delays d are de�ned. Then, BIC is estimated foreah possible model, and the one with the lower BIC is seleted. This is repeated withdi�erent number of regimes, and again the one with the lower BIC is taken as the�optimum� model. This proedure is similar to that used by Tsay (1998), but in thisase BIC is used for seleting the model, while Tsay used the mean square error.4.6.3 MSVAR(KR, p) modelIn the Markov Swithing VAR model it is assumed the existene of an unobservedvariable st that determines the regime at eah time steps, and that this variables followsa disrete Markov proess. Again, for eah regime j a VAR model is de�ned. Then, theMSVAR(KR, p) is de�ned as

yt = ν(j) +

p∑

i=1

A
(j)
i yt−i + u

(j)
t if st = j (4.8)where the unobserved variable st follows a Markov proess with transition matrix Ps,whih has to be estimated on basis of the observed variables yt.There are two possible approahes for parameter estimation of MSVAR models: theuse of maximum likelihood method, through a EM algorithm (see e.g. Hamilton (1990)),or the use of Bayesian estimation proedure, through the use of Markov Chain MonteCarlo (MCMC) methods (see e.g. Albert and Chib (1993); Harris (1999)). In this workthe later approah is used.Again, the BIC is used for the seletion of number of regimes KR and of the order

p of the model. However in this ase the likelihood funtion of the joint distribution ofthe observed and unobserved variables is used for the alulation of the BIC, and as aonsequene the BIC obtained here an not be ompared with those obtained for theVAR and TVAR models. The joint likelihood funtion is
f(Yn, s1, . . . , sn, λ) = f(Yn|Sn, λ)P (s1)

n∏

t=2

P (st|st−1) (4.9)



106 CHAPTER 4where
f(Yn|Sn, λ) = f(Yr|Sr, λ)

n∏

t=r+1

f(yt|Yt−1, st, λ) (4.10)with f(Yr|Sr, λ) being the likelihood of the �rst r observations and f(yt|Yt−1, st, λ) isthe likelihood of the remaining observations onditional to the regimes and the previousobservations, P (s1) is the marginal probability of the regimes and P (st|st−1) is thetransition probability from st−1 to st.It should be noted that the estimation of the absolute likelihood of the observedvariables would require the integration of (4.9) on all the possible realizations of st.4.7 Distributions �ttingThe parameters of the marginal distributions of the �ve variables are obtained throughmaximum likelihood. For the non-stationary distributions di�erent models are �tted,varying the order of approximation of the Fourier series between 0 and 4. For eahmodel the BIC is estimated, and the one with the lower BIC is seleted. The proedureis similar to that used in Solari and Losada (2011).Models give a very good �tting for the �ve variables under study. Figures 4.1and 4.2 show the model obtained for Hm0. In �gure 4.1 the annual mean probabilitydensity funtion (PDF) and umulative distribution funtion (CDF) are presented. It isnotied that the model �ts very well the data, exept for the mode of the model, whih isapproximately 0.1m smaller than the empirial mode. To verify that the model is ableto apture the seasonal behavior of the variable, non-stationary empirial and modeledquantiles are plotted in �gure 4.2, where agreement between both is notieable.A similar analysis (not shown here) is performed for the other four variables withsimilar results.4.8 Normalized data seriesBy means of (4.1), and using the marginal distributions �tted in the previous setion,the data series are normalized, obtaining the normalized variables ZH , ZT , ZθM , ZV ,and ZθW .First what an be notied is that the normalization proedure is atually apable ofproduing standard normal distributions. Figure 4.3 shows the CDF of the normalizedvariables on normal probability paper. It is observed that they follow a standard normaldistribution expet for probabilities lower than 0.1% or higher than 99.9%.Figure 4.4 shows the time series of the normalized variable ZH . It is notied that,although there are no seasonal variations in the normalized time series (middle andbottom panels show the variable and the moving average of the mean and the standarddeviation in annual sale), there are some important inter-annual variations that the
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Figure 4.1: Annual probability density funtions PDF (top) and umulative distribution funtion CDF(bottom) for Hm0.transformation is not able to ope with. For example, the �rst two years of the seriesshow higher values than the others (top panel).A omplete analysis of the time series of the �ve normalized variables was alsoperformed. Stationarity of the mean, the standard deviation and the auto- and ross-orrelation were studied using the methodology desribed in van Gelder et al. (2007).In general terms no seasonal variations are observed in the mean and the standarddeviation of the variables ZH , ZT are ZV , i.e. they an be assumed weakly stationary.However, some seasonal variations are observed in the time series of ZθM and ZθW .These variations are not onsidered signi�ant and are overlooked. However, they ouldbe avoided by using a non-stationary version of the tetra trunated normal model (4.5).With regards to orrelations, it is notied that autoorrelations of variables ZH and
ZT show seasonality, while rossorrelations (ZH , ZT ), (ZH , ZV ) and (ZT , ZV ) showsome non-stationary behavior but no lear seasonal pattern an be reognized.It is onluded that the marginal non-stationary distributions an be used for thetransformation of the original non-stationary variables into standard normal weakly sta-tionary variables. However, there is non-stationarity remaining in the time dependenestruture of the normalized variables that may justify the use of time varying modelswhen modeling the time-dependene struture of the normalized variables.
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Figure 4.3: CDF of the normalized variables in normal probability paper.
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Time [year]Figure 4.4: Time series of the normalized variable ZH (top), normalized variable on annual sale(middle), and 90 days moving average of the mean and the standard deviation (bottom).4.9 Autoregressive models parameters estimation4.9.1 VAR modelThe parameters of the VAR(p) model are estimated through the least square methoddesribed on setion 4.6, for order p between 1 and 8. For eah model the BIC isalulated, and the lower BIC is obtained with p = 7.4.9.2 TVAR modelFirst a two regimes model (KR = 2) is �tted using several di�erent variables z forde�ning the regimes: wave height Hm0, normalized wave height ZH , peak period Tp,normalized period ZT , wind speed VW , normalized wind speed ZV , wave steepness
Hm0/T

2
p and pseudo normalized wave steepness ZH/ZT .Aording to the BIC the best �t model is obtained when z is wind speed VW ,although good �ts are also obtained when taking z as the normalized wind speed or thewave height. In all the three ases optimum delay d is 1 and optimum order p is 7.After that a three regime (KR = 3) model is �tted, but in this ase only signi�antwave height Hm0, wind speed VW and normalized wind speed ZV are evaluated asregime de�ning variables z. Again best �t, evaluated through BIC, is obtained when

z = VW with delay d = 1 and order p = 7.BIC of the three regimes model TVAR(3, 7) is smaller than the BIC of the two



110 CHAPTER 4regimes model TVAR(2, 7), whih in turn is smaller than the BIC of the standardmodel VAR(7). Therefore model TVAR(3, 7) is seleted, with z = VW and (r1, r2) =
(3.8m/s, 7.1m7s).Results obtained indiate that the time dependene struture of the variables de-pends on the intensity of the wind. Three di�erent strutures are identi�ed: onefor soft winds, with VW < 3.8m/s (Beaufort under 4), other for relatively strongwinds VW > 7.1m/s (Beaufort over 5), and a last one for intermediate winds speeds
3.8m/s < VW < 7.1m/s (Beaufort between 4 and 5).It was notied that for every studied TVAR model the optimum order p was 7 andthe optimum delay d was 1, exept when the pseudo-steepness was used for z, for whihoptimum delay d was 3.4.9.3 MSVAR modelMSVAR models with two and three regimes are studied. In both ases order p varyingbetween 1 and 8 is evaluated and BIC is estimated using (4.9). The model with theminimum BIC is MSVAR(3, 7).In the MSVAR model the vetor ν(j) gives an idea of the physial meaning of eahregime. Table 4.1 presents the three ν(j) vetors obtained for the MSVAR(3, 7). It is seenthat regime one orresponds to wave heights lower than the mean, with peak periodsover the mean and wind speeds lower than the mean, all of them harateristis of swellonditions. Regime three on the other hand orresponds to wave heights and windspeeds higher than the mean, and peak period lower than the mean, all harateristisof sea onditions. Regime two an be seen as an intermediate regime, with average waveheights and periods, and moderate to high wind speeds.Table 4.1: ν vetor for the three regimes of the model MSVAR(3, 7).Reg. ZH ZT ZθM ZV ZθW1 -0.105 0.102 0.215 -0.282 -0.0782 0.023 0.038 -0.091 0.188 0.0533 0.308 -0.842 -0.694 0.228 0.0064.9.4 Residuals analysisA usual way to evaluate the quality of the autoregressive models is to study the residuals.In this work residuals where supposed to follow a normal distribution in order to estimatethe LLF of the autoregressive models.Figure 4.5 shows the residuals of of ZH obtained with the VAR(7) model. It isnotie that residuals do not show signi�ant autoorrelation (middle panel), and that
80% of them follows a normal distribution (lower panel). The lower and upper 10% ofthe residuals also tend to follow a normal distributions, but with higher variane. Thisis onsidered to be a onsequene of the non-stationarity observed on the variane ofthe residual (upper panel).
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Figure 4.5: Error ÛH obtained with VAR(7) model (top), autoorrelation of ÛH (middle), CDF of ÛHin normal probability paper (bottom).



112 CHAPTER 4Also an analysis on the stationarity and independene of all the remaining residualswas performed. It was observed that residuals show some non-stationarity. This is o-herent with the non-stationarity observed in the dependene struture of the normalizedvariables.However, from the point of view of this work, i.e. the long term simulation ofnew series for engineering appliations, it is onsidered that the best way of evaluatingadequay of the models is by studying the new simulated time series. This is ondutedin the next setion.4.10 SimulationThree time series of the normalized variables, of 500 years eah, are simulated using thethree autoregressive models �tted in previous setion. Then, these series are transformedto the original variables by means of the marginal distributions.Next, the simulated series are ompared with the original ones in terms of itsmarginal distributions (uni- and bi-variate) and its interannual variability, of its persis-tene regimes and of its auto- and ross-orrelations.4.10.1 Univariate Marginal Distributions and Interannual variabilityFerreira and Guedes Soares (2002) pointed out that probability models for sea stateparameters should be able to reprodue the interannual variability that is harateristiof environmental variables. This variability is evident when one ompares the PDF ofdi�erent measured years.Here, it is veri�ed that the simulated series share the same mean annual PDF asthe original series, and that they also reprodue most of the interannual variabilityregistered on the original time series.In �gure 4.6 the annual PDF of eah of the 500 years simulated with the VAR(7)model are presented, along with the PDF of the 13 measured years and its mean annualPDF. Results obtained for the other variables, as well that those obtained with modelsTVAR(3, 7) and MSVAR(3, 7), have the same behavior as those presented here.First, it is notied that the simulated series are able to reprodue the mean annualPDF of the measured series. On the other hand, the simulations show a signi�antvariation in the annual PDF. The annual PDF of the simulated series produe a loudaround the annual mean PDF of the measured data that inludes most of the measuredannual PDF. However, there are at least two years of measured data whose PDF annot be reprodue by the simulated series. Those two years orrespond to the �rst twoyears of the measured series, for whih severer weather was observed, i.e. higher waveheights and wind speed and lower peak period.4.10.2 Bivariate DistributionsIt is important that the simulated series reprodue not only the marginal bivariate distri-butions of the measured data but also its marginal multivariate distributions, sine the
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114 CHAPTER 4latter ontain information about the joint ourrene of values of the variables. Amongthe multivariate distributions, bivariate distributions are the the easiest to evaluategraphially and are the most familiar for the oastal engineer, therefore here the abilityof the simulated series to reprodue the original bivariate distributions is analyzed.The 10 possible bivariate distributions were analyzed. Here only the two mostommonly used bivariate distributions are inluded. Figures 4.7 and 4.8 show bivariatedistributions of (Hm0,Tp) and (Hm0,VW ) respetively, for both the original and thenormalized variables.It was observed that data series simulated with VAR(7) model reprodue well thosebivariate distributions of the normalized variables whose behavior is similar to that of amultivariate normal distribution, i.e. with only one mode and with onstant dependenestruture for the whole range of values of the variables. When the bivariate distributionshows multimodality or its dependene struture depends on the value of the variables,as is the ase of (ZH ,ZT ) and (ZH ,ZV ) respetively, the model is unable to apture thisbehavior.Model TVAR(3, 7) has a better performane apturing the varying dependene stru-ture of the (ZH ,ZV ) distribution, but it is unable to reprodue the bimodality of the(ZH ,ZT ) distribution. MSVAR(3, 7) on the other hand is apable of reproduing thebimodality of the (ZH ,ZT ) distribution and also improves the results obtained with theTVAR(3, 7) in the (ZH ,ZV ) distribution.However, the improvement obtained with the regime swithing models in the rep-resentation of the bivariate distribution of the normalized variables, does not translateinto a signi�ant improvement in the representation of the bivariate distributions of theoriginal variables. It is observed that the bivariate distributions obtained with the threeautoregressive models are very similar. All of them reprodue the main features of thebivariate distribution of the measured data, but still all of them fail in reproduing somedetails of the distributions, as an be the inrease on the dependene between Hm0 and
Tp for storm onditions (high wave height and low periods).4.10.3 Persistene regimesPersistene regimes over di�erent thresholds are useful for the estimation of the op-erationality of navigation hannels, for the planning of marine operations, or for theestimation of the availability of renewable energy resoures as wind and waves. There-fore, it is important that the simulation is as aurate as possible on the representationof the persistene regimes of the variables.Persistene regimes of the three simulated series are very similar. In general termsit is observed that persistene regimes are well reprodued by the simulated series forthresholds lose to the mean of the variables. As the threshold inreases the di�erenebetween the persistene regimes of the measured and the simulated series inreasestoo. The general trend is to produe shorter persistenes than those observed in themeasured data.As an example of this, �gure 4.9 shows persistene regimes of Hm0 and VW overthresholds orresponding to nonexeedane probabilities 0.5 and 0.9.
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VW , while the measured data shows negative ross-orrelation (with higher winds seaondition is observed, while with lower winds swell prevails).4.11 DisussionThe proposed univariate marginal distribution funtions provide a good �t to the mea-sured data series, and gives a valid alternative to the methods used by other authorsCunha and Guedes Soares (1999); Stefanakos and Belobassakis (2005) for the normal-
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Figure 4.10: Auto- and ross orrelation funtions of the original (top) and normalized (bottom)variables. Lags expressed in hours. Blue irles: measured data; ontinuos line: VAR model simulatedseries; dashed line: TVAR model simulated series; dotted line: MSVAR model simulated series.



4.12. CONCLUSIONS 119ization and stationarization of the data series. However, the proposed method has twolimitations. First, it does not aount for interannual variations and trends on theseries. Seondly, it is unable to produe fully non-stationary series.First mentioned limitation an easily be overome by allowing the parameters of thedistributions to have di�erent time variation struture. Without bakground modi�a-tions of the proposed models, just by inluding additional fators on equation (4.3), theparameters an be allowed to vary with periods greater than one year (e.g.: multi yearyli variations), to have nonperiodi dependene on time (e.g.: to have trends), andeven to be a funtion of ovariables (e.g.: limati indexes).On the other hand, the seond mentioned limitation does not have a straightforwardsolution. The detailed study done about the stationarity of the normalized time seriesshows that these an only be onsidered weakly non-stationary, and that they have timevarying dependene struture. This last aspet an not be taken into aount with theproposed normalization proedure. In order to ope with it, it would be neessary touse time varying models for modeling the dependene struture (e.g. time varying VARmodels).It was found that, when using the VAR model for modeling the time dependenestruture of the series, most of its behavior an be explained. New simulated seriesobtained with the �tted VAR model reprodue satisfatorily the auto- and rossorre-lation struture of the original series, as well as its univariate marginal distributions,and to some extend its interannual variability and its persistene regimes.Studied regime swithing models (TVAR and MSAR) were found more able in repro-duing the behavior of the bivariate marginal distributions of the normalized variables.Partiulary the MSVAR is able to apture both bimodal and dependene varying bi-variate distributions. This however does not translate into a signi�ant improvementof agreement between the measured and the simulated bivariate distributions of theoriginal variables.4.12 ConlusionsIn summary, a methodology based on the use of non-stationary distributions and au-toregressive models was introdued, whih an be used for the simulation of long-termseries of 5-variate met-oean variables.Through an in depth analysis of the simulated series main limitations of the simula-tion proedure, when used for engineering appliations, were identi�ed. Amongst themis the inability of the models to reprodue the observed persistene regimes for highthresholds of the variables.It has been shown that the use of regime swithing models do not neessarily produebetter simulated series, although �tting errors are redued, and better agreement isahieved between the measured and simulated bivariate distributions of the normalizedvariables. Given the unexpeted behavior of the orrelations observed in the seriessimulated with the regime swithing models, its use in our ase study is disouraged.At least two possible work lines were identi�ed and disussed in previous setions
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Chapter 5Diseño de la profundidad de unanal de navegaión on base enriesgo y uso y explotaión5.1 ResumenSe presenta el desarrollo y la apliaión de un modelo de simulaión para el diseñodel alado y el anho de un anal de navegaión, atendiendo los modos de fallo toquede fondo y salidas de márgenes, y la parada operativa del anal. El modelo simula lostránsitos de entrada y salida del puerto, y en ada tránsito alula los tiempos de esperay la probabilidad de que el baro toque fondo. Los resultados de las simulaiones seusan para alular el riesgo en la vida útil del anal, así omo el desempeño del mismoen uanto a tiempos de espera y operatividad. El modelo se aplia para la optimizaióndel alado del anal de aeso de la futura terminal de ontenedores del Puerto de laBahía de Cádiz, España.5.2 IntroduiónEl diseño de un anal de navegaión implia de�nir su traza, alado, anho y polítiade uso, teniendo en uenta los prinipales modos de fallo que ondiionan la seguridady el serviio del anal, así omo el dragado iniial. Los prinipales modos de fallo enun anal están asoiados a los buques: toque de fondo y salida de márgenes duranteel tránsito. Cuando el oleaje es el agente predominante, los movimientos vertiales delbuque durante el tránsito determinan la seguridad y el serviio de los anales.Enontrar un diseño óptimo del anal tal que minimie los ostos onjuntos de dra-gado iniial, esperas por paradas operativas y pérdidas por toque de fondo durante eltránsito es un ejeriio omplejo, en el ual se debe trabajar on diversos agentes limáti-os, de distintas esalas temporales y espaiales, teniendo en uenta que la posiión delos buques dentro del puerto varía on el tiempo.123



124 CHAPTER 5El diseño en base a riesgo -de�nido omo el produto de la probabilidad de ourreniade un sueso y la valoraión eonómia de sus onseuenias- o on base en bene�ios,proporiona una alternativa viable para realizar esta optimizaión. Tanto el riesgo omoel bene�io permiten resumir los diversos ostos involurados, de modo de seleionarla alternativa de diseño que presenta el menor osto global en la vida útil del anal, i.e.se seleiona la alternativa de menor riesgo (o de mayor bene�io).A su vez, el diseño de las obras marítimas debe umplir on estándares prede�nidosen uanto a seguridad y serviio. Cuando su impato eonómio, soial y ambientales alto, las mismas deben veri�arse mediante ténias de Nivel III (Losada, 2002),i.e. se deben realizar prediiones del desempeño de la obra a lo largo de su vida útil.En general estas veri�aiones -o prediiones- no pueden haerse de forma direta ydebe reurrirse a ténias numérias, omo la simulaión o integraión de Monte Carlo(Losada, 2002; Reeve, 2009).En este trabajo se aborda el diseño en base a riesgo del alado y la polítia de usode un anal de navegaión, mediante ténias de simulaión de Monte Carlo, alulandoel desempeño de la obra en su vida útil. Se propone una metodología general y seimplementa para un aso de estudio en el Puerto de la Bahía de Cádiz.El artíulo se estrutura en 6 seiones. En la seión 2 se resumen los anteedentesrelativos a simulaión y álulo de riesgo en anales de navegaión. La seión 3 presentauna desripión general de la metodología. La seión 4 desribe los prinipales módulosde álulo que omponen el modelo. En la seión 5 se desribe la implementaión yapliaión del modelo para un aso de estudio. Por último en la seión 6 se resumenlas onlusiones del trabajo.5.3 AnteedentesLas aproximaiones existentes estudian la seguridad y el serviio de los anales de formadesaoplada, y en general no utilizan una aproximaión basada en riesgos o bene�iospara optimizar su diseño.Shabayek and Yeung (2000), Shabayek and Yeung (2001) y Ng and Wong (2006)usan modelos de simulaión para estudiar la apaidad de las áreas de navegaión ylos muelles de las terminales portuarias desde un punto de vista de la investigaión deoperaiones. La seguridad se tiene en uenta en forma de polítias prede�nidas parael uso del sistema. Pahakis and Kiremidjian (2003) plantean una metodología generalpara realizar este tipo de estudios.Spener et al. (1990), Briggs et al. (2003) y Quy et al. (2008) estudian la seguridaddurante el tránsito, entrando la atenión en el modo de fallo por toque de fondo.Spener et al. (1990) desribe métodos para evaluar la probabilidad de toque de fondodebido a movimientos vertiales del buque induidos por el oleaje. Quy et al. (2008)diseñan en base a riesgo el alado del anal de navegaión de una terminal granelera.A su vez, existen algunas herramientas diseñadas para failitar el álulo de laprobabilidad de fallo por toque de fondo y la operatividad de los anales (e.g. CADETy HARBORSIM, del uerpo de ingenieros del U.S. Army), pero siempre trabajando de



5.4. METODOLOGÍA 125forma desaoplada.5.4 MetodologíaEn este trabajo se onstruye un modelo para el álulo de la seguridad y el serviioen un anal de navegaión mediante simulaión de Monte Carlo. El modelo alula laprobabilidad de fallo, la operatividad y el riesgo en la vida útil del anal, así omo lostiempos de espera de los buques.Los omponentes del modelo se resumen en el esquema de la �gura 5.1. Previo a laapliaión del modelo es neesario realizar estudios de agente y de ostos, y de�nir unaalternativa de proyeto en términos de su geometría y su polítia de uso y explotaión. Elmodelo onsta de tres módulos: simulaión de agentes, álulo de respuesta del sistema,y álulo de riesgos y/o bene�io. En funión de los resultados obtenidos puede serneesario modi�ar la alternativa de diseño, o profundizar en el estudio de agentes oostos para reduir la inertidumbre en la respuesta del sistema.

Figure 5.1: Esquema del modelo y su integraión en el proeso de diseño.La �gura 5.2 muestra el esquema interno de trabajo del modelo, basado en simulaiónde Monte Carlo (ver e.g. Losada (2009)). El proedimiento onsiste en realizar variosexperimentos para obtener la distribuión de las variables aleatorias de interés. Eneste aso el experimento es la vida útil del sistema y las variables aleatorias son laprobabilidad de fallo, la operatividad, el riesgo (o el bene�io), y el valor esperablede los índies de desempeño, todos medidos en la vida útil (i.e. ada variable es unestadístio del experimento). Por lo tanto el modelo onjuga un aspeto de investigaiónde operaiones (álulo de tiempos de espera) y un aspeto de álulo de probabilidadde fallo mediante euaiones de estado.El módulo de simulaión de agentes genera M series de agentes uya duraión esigual a la vida útil del sistema (N años). En ada año se sueden una serie de ilos desoliitaión, que en este aso orresponden a los tránsitos por el anal. Cada tránsitoes dividido en estados.



126 CHAPTER 5El módulo de respuesta del sistema alula: (a) las variables instantáneas en adaestado (probabilidad de fallo en el estado, et.), y (b) las variables agregadas en la vidaútil (probabilidad de fallo en la vida útil PF,V U , et.).El módulo de Riesgo/Bene�ios alula la distribuión de las variables aleatorias deinterés a partir de los resultados de los M experimentos, i.e. alula la distribuión de
PF,V U , et.

Figure 5.2: Esquema interno de trabajo del modelo (modi�ado de [10℄).La �gura 5.3 presenta el �ujo de los buques dentro del puerto omo un esquemade olas y servidores. Existen dos onjuntos de olas �rst-in-�rst-out (ada ola orre-sponde a un nivel de prioridad). Un onjunto orresponde a la espera de entrada y otroa la espera de salida. Los serviios a los buques se prestan en el anal y en el muelle.Durante el serviio en el anal se alula la probabilidad de fallo por toque de fondo,siguiendo el proedimiento que se desribe más adelante. La operatividad del anal es laque determina el serviio del sistema, ya que la alidad del serviio se mide en términode los tiempos de espera de entrada y salida.El núleo del modelo es el álulo de la probabilidad de fallo por toque fondo duranteel tránsito. El esquema de álulo seguido es el presentado en Losada et al. (2010), y sebasa en dos oneptos: el tramo y el estado, los uales se de�nen a ontinuaión5.4.1 De�niión de los tramos de analEl anal de aeso se divide en tramos en los que el nivel de las aiones es uniforme.Esta ondiión puede expresarse también en términos de los agentes. Así, para los fallosdel baro en tránsito, en ada tramo deben ser uniformes la altura y la direión deloleaje, la intensidad y la direión de la orriente, la veloidad y la direión del viento,el nivel de mar, y la veloidad y la direión del buque.
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Figure 5.3: Esquema de �ujo de los baros dentro del modelo.5.4.2 De�niión del estado limátioEl estado es el período de tiempo durante el ual el nivel de las aiones sobre el buquees estaionario o estadístiamente estaionario. De forma análoga a los tramos, esto sede�ne en término de los agentes.Cada agente tiene un tiempo araterístio, o duraión del estado, en el ual seasume estaionario o estadístiamente estaionario. Para los agentes oleaje y vientoel estado dura entre una y tres horas. La amplitud de la marea es onstante en unaesala diurna o semidiurna; dependiendo de esta amplitud, el nivel de mar se onsideraestaionario en una esala de orden O(min) u O(horas).La esala de tiempo que se utiliza en el modelo para de�nir el estado limátio es lamenor de las esalas de tiempo de los distintos agentes.5.4.3 De�niión del estado de tránsitoEl estado de tránsito es la unidad de tiempo en la que se realiza el álulo de la prob-abilidad de fallo. Durante un estado de tránsito el baro se mueve en un tramo deondiiones uniformes y todos los agentes y aiones son estaionarios o estadístia-mente estaionarios.La duraión de un estado de tránsito TTrnsito es el tiempo mínimo neesario paraque ourra uno de los dos suesos posibles: (a) uno de los agentes ambia de estado
△ TEstado , o (b) el baro ambia de tramo △ TTramos

TTrnsito = min{△ TEstado,△ TTramos}5.4.4 Cálulo de la probabilidad de falloLa probabilidad de fallo durante un estado de tránsito PF,E se alula utilizando unaeuaión de estado, la ual depende del modo de fallo.



128 CHAPTER 5La probabilidad de fallo en una tránsito ompleto PF,T se alula omo el omple-mento de la probabilidad de no fallo en el tránsito (5.1), siendo NE el número de estadosde tránsito que omponen un tránsito ompleto.
PF,T = 1−ΠNE

E=1 (1− PF,E) (5.1)La probabilidad de fallo en la vida útil PF,V U se alula omo el omplemento dela probabilidad de no fallo en la vida útil (5.2), en donde NT es el número de tránsitosque ourren en la vida útil del anal.
PF,V U = 1−ΠNT

T=1 (1− PF,T ) (5.2)Los estados de tránsito que omponen un tránsito no son independientes entre sí, asíomo los tránsitos no son independientes unos de otros. Las euaiones (5.1) y (5.2) sonválidas siempre que el modelo de simulaión ontemple las dependenias entre estadosy entre tránsitos.Los estados de tránsito que omponen un tránsito dado tienen dependenia tempo-ral heredada de la dependenia temporal de los agentes limátios. Por otro lado, laseuenia de tránsitos depende de las olas de espera, del estado operativo del anal yde los tiempos de serviio; las olas de espera están parialmente determinadas por elnivel de oupaión de los muelles, las llamadas a puerto y los tránsitos anteriores. Estosaspetos se disuten en la seión 5.5.5.5 Desripión e implementaión del modeloSiguiendo la metodología de trabajo planteada en la seión 5.4, se programa un modelode simulaión para diseñar el alado del anal de navegaión del Puerto de la Bahía deCádiz.En esta seión se desribe el aso de estudio, los prinipales aspetos teórios delmodelo y su implementaión.5.5.1 Ampliaión del puerto de la Bahía de CádizEl puerto de la Bahía de Cádiz está ubiado en el Golfo de Cádiz, al sur de España, sobreel Oéano Atlántio. En el mismo se proyeta la onstruión de una nueva terminal deontenedores, para lo ual es neesario profundizar el anal de navegaión atual (ver�gura 5.4).Se programa el modelo on el objetivo de de�nir el nuevo alado del anal de aesoy la zona de maniobras, de forma tal que minimie el riesgo en la vida útil de la obra.En funión de los estudios preliminares de agentes limátios y de maniobras debuque se de�nen uatro tramos en el anal de aeso (ver �gura 5.5): tramo 1 exteriorreto, tramos 2 en urva, tramo 3 interior reto y tramo 4 área de maniobras.
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Figure 5.4: Loalizaión del Puerto de la Bahía de Cádiz, de la futura terminal de ontenedores y delanal de aeso a la misma.5.5.2 Respuesta del sistemaEl módulo de respuesta del sistema (�gura 5.1) es el núleo de álulo del modelo. Estemódulo reibe omo entrada los valores de los agentes limátios en aguas profundas ylas llamadas a puerto de los buques. Dentro del módulo se alula el estado operativodel anal, la probabilidad de fallo en ada estado y en ada tránsito, y se mantiene unregistro de los buques en espera y del nivel de oupaión de los muelles.A ontinuaión se desriben algunos aspetos espeí�os de la implementaión deeste módulo.Propagaión de oleajeSe onstruye una base de datos de propagaiones de oleaje, ompuesta por la propa-gaión de 500 estados de mar desde aguas profundas hasta el anal. Dadas unas ondi-iones de oleaje exteriores, se interpola entre las propagaiones de la base de datos y seobtiene el oleaje en ada tramo del anal.Para onstruir la base de datos se utiliza Olua-SP. Éste es un modelo de propagaiónde oleaje espetral basado en la versión parabólia de la euaión de pendiente suave,inluido en la herramienta SMC (Gonzalez et al., 2007). Olua-SP está basado en elmodelo REF/DIF-S (Kirby and Özkan, 1994).Niveles y orrientesEl nivel del agua se asume uniforme en el dominio, e igual al nivel exterior aluladosumando marea astronómia y meteorológia.Para el álulo de las orrientes se proede en tres pasos:
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Figure 5.5: Esquema de tramos de anal de aeso (tramos 1 a 3) y del área de maniobras (tramo 4).(a) Usando datos batimétrios atuales y tres semanas de orrientes medidas en trespuntos del dominio, se alibra un modelo hidrodinámio bidimensional, integradoen vertial.(b) Se simulan tres meses de orrientes usando los oe�ientes alibrados en (a) y lanueva batimetría propuesta.() Se usan los tres meses de datos de orrientes para identi�ar (alibrar y veri�ar)modelos tipo aja negra de Hammerstein-Wiener.Una vez alibrados, los modelos tipo aja negra alulan la veloidad de orrienteen los distintos tramos del anal en funión de la serie temporal de nivel de mar.Tiempos de serviioSe asume que los tiempos de serviio son funión de la antidad de meranía a ar-gar/desargar y del rendimiento de las grúas. La antidad de meranía a argar/desargares una variable del baro y se simula en onjunto on los agentes de uso y explotaión(ver seión 5.5.3). El rendimiento de las grúas es una variable del sistema que se simuladentro del módulo de respuesta del sistema.En España el rendimiento de las grúas osila entre 18 y 30 ontenedores por hora(Llora, 2009). Se asume una distribuión uniforme entre los límites anteriores para elrendimiento de ada grúa, y una asignaión de tres grúas por baro. Para ada barose alula el rendimiento simulando de forma aleatoria el rendimiento de ada grúa.Estudios detallados de los tiempos de serviio pueden realizarse mediante ténias desimulaión (ver e.g. Sgouridis et al. (2003) y Saone and Siri (2009), en donde se aplianmodelos de simulaión para estudiar el desempeño de las playas de ontenedores y lostiempos de serviio).



5.5. DESCRIPCIÓN E IMPLEMENTACIÓN DEL MODELO 131Condiiones de operatividad preliminaresSe realiza un estudio en planta, mediante un modelo de piloto automátio, para de�niren qué ondiiones limátias (viento, oleaje y orrientes) y on qué número de remol-adores, el baro es apaz de realizar los tránsitos de entrada y salida sin salirse de losmárgenes del anal. La respuesta del modelo de piloto automátio es determinista ypor lo tanto el análisis en planta es determinista, i.e. dadas unas ondiiones limátiassolo hay una respuesta posible: el baro se sale de márgenes o no.Se simula un total de 18.000 tránsitos de entrada y otros tantos de salida, ubriendoun amplio rango de ondiiones limátias: 50 estados de mar, on direión entre NWy SW, tomada ada 22.5◦, altura de ola igual a 2, 4 y 6m, y período igual a 7, 9, 11 y
13 s; 9 estados de orriente, inluyendo ondiiones extremas de llenante y vaiante; 40estados de viento, ubriendo todo el espetro de direiones disretizado ada 45◦, onveloidades entre 6 y 22m/s tomadas ada 4m/s. Estas simulaiones se repiten ondistinto número (entre 3 y 5) y on�guraión de remoladores.A partir de este análisis en planta se de�nen las ondiiones limátias para las ualesno es posible realizar el tránsito. Estas ondiiones maran los límites preliminares deoperatividad del anal y se inluyen en el modelo omo polítia de uso del anal.Respeto al uso del modelo de piloto automátio aben dos alaraiones: (1) seestá aotando la ourrenia del modo de fallo salida de márgenes, i.e. en el modelo noexiste este fallo una vez de�nidas las ondiiones de no operatividad; (2) de inluir lasomponentes aleatorias en el modelo de piloto automátio (fatores humanos, respuestaaleatoria de buque), el anho del anal podría diseñarse en base a riesgo del mismomodo que se proede a diseñar el alado.Probabilidad de fallo por toque de fondoPara alular la probabilidad de toque de fondo en un estado de tránsito PF,E seasume que la amplitud de los movimientos vertiales del baro sigue una distribuión deRayleigh y que ada osilaión es independiente de las demás (ver Puertos del Estado(1999) y Newland (2005)). Luego, la probabilidad de toque de fondo en el estado es

PE = 1−
(
1− exp

{
− a2

2m0

})TE
2π

√
m2
m0 (5.3)en donde TE es la duraión del estado de tránsito; a es el espaio bajo quilladisponible para las osilaiones del buque debidas al oleaje, una vez restados todoslos demás efetos (ver abajo); m0 y m2 son los momentos de orden ero y orden dosdel espetro de osilaiones vertiales del buque; y √m2/m0 es el período medio deosilaión del buque.El álulo de se hae según Puertos del Estado (1999), e inluye los siguientes fa-tores: el alado del baro; fatores relaionados on el nivel de aguas, i.e. marea me-teorológia y astronómia; fatores relaionados on la profundidad del anal y las im-preisiones de la batimetría; fatores relaionados on el baro, i.e. trimado dinámio,esora por viento, esora por orrientes, márgenes de maniobrabilidad.



132 CHAPTER 5El álulo de todos estos fatores también puede haerse utilizando otras reomen-daiones, omo ser Briggs (2006), sin que ello afete el proedimiento general de álulodel modelo.El espetro de los movimientos vertiales del baro depende de: la forma del aso,su distribuión de masa, la veloidad y la direión del baro, así omo del oleaje, lasorrientes y el nivel de aguas. Todos estos aspetos pueden tenerse en uenta modelandonumériamente el omportamiento del baro (ver e.g. Spener et al. (1990), Briggs et al.(2003) y Journée (2001)), o bien puede haerse uso de expresiones simpli�adas Puertosdel Estado (1999). Aquí se han utilizado ambas aproximaiones.Por un lado se aluló la funión de transferenia del oleaje a los movimientosvertiales totales en proa/popa usando el modelo numério WASIM de DNV DNV(2006) en su versión lineal. Se modeló una geometría simpli�ada (prisma on alado,manga y eslora del buque de diseño), on distintos alados del anal (14, 16 y 18m) y ondistintas veloidades relativas (de 0 a 3,5m/s ada 0,5m/s). Luego, usando espetrosTMA unidireionales (ver e.g. Massel (1996)) de altura de ola unitaria, se onstruyeuna base de datos de momentos m0 y m2. Esta base de datos se inluye en el modeloy, dadas las ondiiones en un estado de tránsito, se interpolan los momentos m0 y m2.Finalmente los momentos se esalan on la altura de ola en el tramo.Por otro lado se ha inluido en el modelo el método simpli�ado de Puertos delEstado (1999), el ual da la amplitud signi�ante del movimiento vertial del buque.Esta amplitud signi�ante es equivalente a 2
√
m0 . Este método no proporiona elperíodo medio de osilaión del buque TB . Para mantenerse del lado de la seguridad

TB se toma igual al período pio del oleaje TP . Una alternativa es usar el períodoaraterístio del buque (ver e.g. Vossers (1962)).5.5.3 Generaión de series aleatoriasEl módulo de generaión de series aleatorias simula nuevas series de agentes limátios yde uso y explotaión. Estas series entran al módulo de álulo de respuesta del sistema.Agentes de uso y explotaiónLos agentes de uso y explotaión del modelo son los buques que llegan a puerto. Parade�nir este agente se debe de�nir: (a) serie de llamadas a puerto, (b) tipo de buque(dimensiones, apaidad de maniobra, et.), () serviios requeridos dentro del puerto.Las series de llamadas a puerto pueden determinarse a partir de datos del puertosi el sistema en estudio es un sistema preexistente (Pahakis and Kiremidjian, 2003),o pueden estimarse en funión de la demanda esperada por parte del promotor de laobra.En el modelo se tiene en uenta un únio tipo de buque, i.e. el buque de diseño.Éste es un portaontenedores de 300m de eslora entre perpendiulares, 42m de mangay 12.5m de alado. El proedimiento de análisis sin embargo puede ampliarse a una�ota onformada por diversos tipos de buque sin mayores di�ultades teórias.



5.5. DESCRIPCIÓN E IMPLEMENTACIÓN DEL MODELO 133Según diversos autores (ver Pahakis and Kiremidjian (2003), Shabayek and Yeung(2002) y Noritake and Kimura (1990)) la distribuión de la variable aleatoria tiempoentre llamadas a puerto sigue una distribuión exponenial. En este aso, omo nose dispone de datos espeí�os el tiempo entre llamadas a puerto se modela on unadistribuión exponenial uyo parámetro está dado por la demanda esperada por elpromotor1: un baro por día.La antidad de meranía a argar/desargar en ada buque, medida en TEUs, semodela on dos distribuión uniformes entre 450 y 750 TEUs (i.e.: se simulan dos valores
U(450, 750) y se suman, obteniéndose el volumen total de TEUs a argar y desargar).El tiempo de arga/desarga de ada baro se alula en funión de la antidadde TEUs a argar/desargar y de los rendimientos de las grúas (ver seión 5.5.2),simulados para ada una de las grúas que atienden a ada baro.Agentes limátiosLos agentes limátios que intervienen son oleaje, viento, niveles y orrientes.El oleaje y el viento se simulan de forma aleatoria. Los niveles tienen una ompo-nente determinista (marea astronómia) y una aleatoria. Esta última se relaiona onla altura de ola signi�ante mediante una regresión no lineal, obtenida espeí�amentepara el Golfo de Cádiz (Grupo de Puertos y Costas, 2008). Las orrientes se modelan deforma determinista en funión de la variaión de nivel de mar total (ver seión 4.2.2).Simulaión de oleaje y vientoEl proedimiento utilizado para la simulaión de series de oleaje (altura de olasigni�ante, período de pio espetral y direión media) y viento (veloidad y direiónmedia) onsiste en (Solari and van Gelder , 2011):i Ajustar modelos no estaionarios mixtos univariados a ada una de las variables.ii Des-estaionalizar y normalizar ada una de las variables usando los modelos ante-riores.iii Ajustar un modelo autorregresivo vetorial (VAR) a las variables normalizadas queexplique su interdependenia y su evoluión temporal.iv Simular nuevas series de las variables normalizadas usando el modelo VAR, y luegousar los modelos univariados para obtener los valores de las variables originales.Las funiones de distribuión que se usan en la simulaión son: (a) Una distribuiónmixta de funión entral biparamétria (Log-Normal para la altura de ola signi�ante yWeibull de mínimos biparamétria) junto on dos Pareto generalizadas, una de mínimospara la ola inferior y una de máximos para la ola superior (5.4) (ver Solari and Losada1Es onveniente señalar que estos agentes también pueden estar sujetos a variaiones temporalesimportantes en el plazo de la V.U. de la obra (Losada, 2002). La determinaión de estas variaionesrequiere un análisis de la evoluión eonómia, entre otros fatores (ver e.g. van Dosser et al. (2010) yShabayek and Yeung (2001)). Esto no se tiene en uenta en este trabajo.



134 CHAPTER 5(2011b), Solari and Losada (2011), Solari and Losada (2011b) y Solari and Losada(2011a)).
f(x) =





fm(x)Fc(u1) x < u1

fc(x) u1 ≤ x ≤ u2

fM (x) (1− Fc(u2)) x > u2

(5.4)(b) Una distribuión mixta ompuesta de dos Log-Normal no estaionarias para elperíodo de pio espetral (5.5).
f(x) = αfLN1(x) + (1− α)fLN2(x) (5.5)() Una distribuión mixta estaionaria ompuesta de uatro distribuiones Normalpara las direiones (5.6).

f(x) =

4∑

i=1

αifNi [FNi(360) − FNi(0)]
−1 (5.6)Las distribuiones (5.4) y (5.5) son no estaionarias. La no estaionareidad se modelaa través de los parámetros de las distribuiones, los uales se representan mediante seriesde Fourier (5.7), uyo período varía entre un año y tres meses.

θ(t) = θa0 +

N∑

k=1

(θak cos(2πkt) + θbk sin(2πkt)) (5.7)Las �guras 5.6 y 5.7 presentan el ajuste de los modelos no estaionarios para laaltura de ola signi�ante, el período de pio espetral y la veloidad de viento.La �gura 5.8 presenta las distribuiones onjuntas altura de ola signi�ante-períodoy altura de ola signi�ante-veloidad de viento media. La �gura 5.9 presenta las per-sistenias de la altura de ola y del viento por sobre distintos umbrales. La �gura 5.10muestra las autoorrelaiones y las orrelaiones ruzadas de las series original y simu-lada.En general se observa que las series simuladas presentan las mismas araterístiasque las originales.Simulaión de la marea meteorológiaLa marea meteorológia MM en el Golfo de Cádiz se aproximada mediante unadistribuión normal, on media µ y desviaión estándar σ, ambas funiones uadrátiasde la altura de ola signi�ante en aguas profundas Grupo de Puertos y Costas (2008).
MM ∼ N (µ(Hm0), σ(Hm0))5.5.4 Cálulo del riesgoEl riesgo es la probabilidad de ourrenia de un sueso por las onseuenias del mismouanti�adas en términos monetarios.
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Figure 5.6: Histogramas relativos y PDF anual obtenida a partir de las distribuiones no estaionariaspara Hm0, Tp y Vv.El modelo estudia la ourrenia de dos suesos posibles: toque de fondo y esperapara uso del anal. Las onseuenias adversas de estos dos suesos pueden ser diversas.La onseuenia de la espera se tradue en un osto por hora de espera. Cualquierotra onseuenia adversa derivada de la espera se onsidera remota y no se anal-iza. Dado que el objetivo es diseñar el alado del anal, solamente se onsideran lasonseuenias eonómias de las esperas produidas por alado insu�iente, y no lasproduidas por otras ausas: limitantes impuestas para evitar la salida de márgenes,imposibilidad de los prátios de aeder al baro, no disponibilidad de muelles.Las onseuenia del toque de fondo son más omplejas de analizar, y abaran desde

Figure 5.7: Cuantiles empírios (gris) y modelados (negro) pata Hm0 (izq.), Tp (entro) y Vv (der.).Los uantiles orresponden a 1, 5, 20, 25, 50, 75, 90, 99 y 99,9% (el uantíl de 1% no se inluye en Vv).
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Figure 5.8: Distribuión bivariada Hm0-Tp (arriba) y Hm0-Vv (abajo). Datos originales (izq.) y datossimulados (der.).
Figure 5.9: PDF de persistenia de oleaje sobre 0.9m (izq.) y viento sobre 5.4m/s (der.). Datosoriginales (írulos grises) y simulados (línea negra).las asi despreiables (e.g. el aso no neesita reparaión) hasta las más severas (elbuque naufraga en el anal). Estas se disuten en la seión 5.5.4 de valoraión deonseuenias.Proedimiento generalEl proedimiento general para el álulo del riesgo asoiado al toque de fondo debetener en uenta que: (a) las onseuenias en ada tramo y en ada estado puedenser diferentes, tener diferente valoraión, y tener diferente probabilidad ondiionada altoque de fondo; (b) la probabilidad de las onseuenias está ondiionada no solo ala ourrenia del fallo, sino también al tramo y al estado de tránsito; () la valoraiónde las onseuenia totales del tránsito es una funión no lineal de las onseuenias enada tramo.Para alular el riesgo en este aso se debe inluir dentro del modelo el siguienteesquema de álulo (�gura 5.11). Para ada estado de tránsito, se alula la probabilidadde fallo PF,E; se genera un número aleatorio uE ∼ U(0, 1) y si uE ≤ PF,E entones
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Figure 5.10: Autoorrelaión y orrelaión ruzada de las series originales (azul) y de las series simuladas(negro).existe fallo (i.e. toque de fondo). Si existe fallo entones se alula la probabilidadde las distintas onseuenias, ondiionadas al estado y a la ourrenia del fallo, ysu valoraión eonómia Cj , i.e.: P (Cj |E ∩ fallo), on ∑j P (Cj |E ∩ fallo) = 1. Sedetermina qué onseuenia ourre generando un nuevo número aleatorio uC ∼ U(0, 1).Este proeso se repite para todos los estados que omponen al tránsito. El tránsitopuede �nalizar bien porque el buque llega a destino o bien porque las onseuenias deun fallo impiden que ontinúe. Una vez �nalizado el tránsito se tienen las onseueniasourridas en ada estado {C1, . . . , CNE
}, y se alula la onseuenia total del tránsito

CT . La onseuenia total no tiene porqué ser lineal respeto a las onseuenias enada estado. Las funiones más simples serían CT =
∑NE

E=1 o CT = max{C1, . . . , CNE
}.En la simulaión de una vida útil este esquema se repite para ada tránsito simu-lado, y el valor del riesgo asoiado al toque de fondo se estima omo la suma de lasonseuenias de ada tránsito, el osto de las esperas, y la inversión iniial

CV U =

NT∑

T=1

(CT + EEsp,TCEsp) + CIni (5.8)Al realizarM simulaiones de la vida útil se estima el riesgo esperado omo E[CV U ] =
M−1

∑M
V U=1CV U .La apliaión de este esquema requiere disponer de un volumen importante de infor-maión respeto a la probabilidad de ourrenia de distintas onseuenias bajo distintasondiiones, así omo respeto a su valoraión eonómia. Esto podría inluir mode-los de daños del aso, et. A ontinuaión se disuten las hipótesis tomadas parasimpli�ar este proedimiento.
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Figure 5.11: Esquema de álulo para el riesgo en ada estado y en ada tránsito.Proedimiento simpli�adoEl proedimiento simpli�ado parte de las siguientes hipótesis: (a) la probabilidad defallo en ada estado de tránsito que ompone un tránsito es independiente de los demásestados del tránsito; (b) las posibles onseuenias, su probabilidad ondiionada altoque de fondo, y su valoraión son las mismas para todos los tramos y para todos losestados; () el valor de las onseuenias de un tránsito es igual al de las onseueniasde mayor valor ourridas durante el tránsito.Bajo estas hipótesis el proedimiento de álulo del riesgo en ada tránsito se reduea lo siguiente. Primero se estima un valor esperado de las onseuenias válido paratodos los estados de tránsito en todos los tramos
E[C] =

∑

j

CjP (Cj |fallo) (5.9)Luego se alula la probabilidad de fallo en ada tránsito PF,T , y se alula el riesgopor toque de fondo en el tránsito omo
RT = PF,TE[C] (5.10)Conoiendo el riesgo en ada tránsito, el riesgo total en la vida útil se alulasumando los riesgos por toque de fondo, los ostos asoiados a la espera y la inver-sión iniial
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RV U =

NT∑

T=1

(RT + TEsp,TCEsp) + CIni (5.11)Si bien 5.8 y 5.11 tienen la misma estrutura, ambas son oneptualmente diferentes.5.8 alula para ada tránsito un osto simulado, mientras que 5.11 alula para adatránsito un osto esperado.Es importante resaltar que el riesgo en la vida útil no puede estimarse diretamentea partir de la probabilidad de fallo en la vida útil ∑RT 6= PF,V UE[C], ya que en unavida útil puede ourrir más de un fallo por toque de fondo y por tanto E[C] no es elvalor esperado de las onseuenias en la vida útil.Una vez realizadas M simulaiones de la vida útil del sistema se alula el riesgoesperable ¯RV U (media del riesgo alulado en los M experimentos), y el límite deon�anza de 90% para RV U , alulado omo el uantil empírio de RV U orrespondienteal 90%.Valoraión de las onseueniasDar un valor monetario a las onseuenias del fallo es un requisito básio para obtenerun álulo de riesgo. En este trabajo se utilizan la valoraión de las onseuenias re-alizada en Abdelouarit (2010); sin embargo se reomienda profundizar en la valoraióneonómia de las onseuenias realizando un estudio espeí�o para ada aso de es-tudio.Al tiempo de espera se le asigna un valor eonómio estimado de 10.000�/6hrs.Solo se tienen en uenta las esperas produidas por la no operatividad del anal omoonseuenias de un alado insu�iente. A las esperas produidas por otras ausas seles asigna osto nulo.Para el toque de fondo Abdelouarit (2010) de�ne ino esenarios de onseuenias,ada uno on un rango de ostos asoiados. Aquí se alula el osto esperable de adaesenario asumiendo que la probabilidad de dihos ostos, ondiionada al esenario, esuniforme en el rango de valores de�nido en Abdelouarit (2010). Los ino esenariosson:
C1: El baro toa fondo on poo o ningún daño. Las onseuenias son inspeióndel aso y pequeñas reparaiones. E[C1] = 1mill. Euros.
C2: El baro toa fondo on daño al aso. Las onseuenias son inspeión yreparaión del aso, posible pérdida de arga y afetaiones a otros tránsitos. E[C2] =

11mill. Euros.
C3: El baro enalla pero puede desenallarse on marea alta. Las onseuenias soninspeión del aso y pequeñas reparaiones, y posibles afetaiones a otros tránsitos.

E[C3] = 1mill. Euros.
C4: El baro enalla y neesita resate. Las onseuenias son inspeión del asoy pequeñas reparaiones, y afetaión de las operaiones en el puerto. E[C4] = 5mill.Euros.
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C5: El baro enalla y naufraga. Las onseuenias son la pérdida total del baro yla arga, y afetaiones severas a las operaiones en el puerto. E[C5] = 50mill. Euros.La probabilidades absolutas asignadas a estos esenarios por Van de Kaa (1984)(itado en Abdelouarit (2010)) se listan en la tabla 5.1 (olumna 2). Usando estasprobabilidades se alula la probabilidad de ada esenario ondiionada a la ourreniadel fallo por toque de fondo (tabla 5.1 olumna 3). Con estas últimas se estima el ostoesperable de las onseuenias del fallo por toque de fondo usando (5.9), obteniéndose

4.35 mill. Euros. Conseuenias P (Cj) (Abdelouarit , 2010) P (Cj |fallo)

C1 5× 10−4 0.3267
C2 5× 10−4 0.3267
C3 5× 10−4 0.3267
C4 5× 10−5 1.96 × 10−2

C5 5× 10−7 1.63 × 10−4Table 5.1: Probabilidad de los esenarios de onseuenias del fallo por toque de fondo.Inversión iniialPara el álulo de la inversión iniial se alula el volumen a dragar en funión del nuevoalado, asumiendo que el anal originalmente tiene un alado de 13m, on un área deaproximadamente 1.850.000m2. El preio de dragado se asume 3Euros/m3.5.5.5 Metodología de simulaiónPara tener una muestra representativa de las variables de interés se deben simular Mvidas útiles de la obra (ver �gura 5.2), siendo M un número de orden O(103) (Losada,2002; Kottegoda and Rosso, 2008), lo que implia simular O(104) años meteorológios.Teniendo en uenta que el modelo planteado en este trabajo no tiene dependeniainteranual (la simulaión de agentes limátios no inluye tendenias ni ilos inter-anuales; la simulaión de agentes de uso y explotaión es estaionaria), se opta poraelerar el proeso de simulaión mediante el uso de ténias bootstrap Kottegoda andRosso (2008). Se proede de la siguiente forma: (i) se simulan M∗ años meteorológi-os, (ii) se onstruyen M ombinaiones distintas de N años ada una, siendo N lavida útil de la obra, (iii) se alulan las variables objetivo para ada una de estas Mombinaiones.5.6 ApliaiónLa metodología y el modelo desritos se aplian para diseñar el alado del anal deaeso del puerto de la Bahía de Cádiz minimizando el riesgo en la vida útil del mismo.



5.6. APLICACIÓN 1415.6.1 Criterios generales de proyetoLos riterios generales de proyeto para el anal de aeso y la zona de maniobrasse estableen siguiendo la metodología ROM 0.0 (Losada, 2002; Grupo de Puertos yCostas, 2008). Los mismos se listan en la tabla 5.2.El alado de diseño debe ser tal que minimie el riesgo en la vida útil de la obra (25años) umpliendo on los riterios generales de proyeto de la tabla 2.Criterio ValorVida Útil 25 añosMáxima Prob. de fallo en la VU 0.1Pperatividad mínima 0.95Table 5.2: Criterios generales de proyeto.5.6.2 Polítia de uso del analLa polítia de uso del anal se establee para limitar la probabilidad de fallo por toquede fondo y salida de márgenes del anal.Las ondiiones en que el buque sale de márgenes del anal se estableieron en laseión 5.5.2 de forma determinista. Para dihas ondiiones el anal se onsidera nooperativo.En Solari et al. (2010) se aplió una versión preliminar del modelo desrito, obtenién-dose una polítia de uso tentativa para limitar la probabilidad de fallo por toque defondo. La polítia de uso obtenida es
Op =





1 siHm0 ≥ HumbyNM ≥ α(Hm0 −Humb)

1 siHm0 < Humb

0 otros asos (5.12)donde Op = 1 india que el anal está operativo.5.6.3 ProedimientoSe simula el omportamiento del sistema para alados de entre 14 y 14.5m, on polítiasde uso del anal estableidas usando los resultados de las seión 5.5.2 y (5.12), on α = 1y Humb entre 1.4 y 2.8m.Para ada ombinaión de alado y Humb se simulan 1000 años. Con estos 1000 añosse onstruyen, de forma aleatoria, 1000 vidas útiles de 25 años ada una (ver seión5.5.5). Para ada ombinaión de 25 años se alula la probabilidad de fallo en la vidaútil, la operatividad, el riesgo y los tiempos de espera.Con la muestra de 1000 datos se alula la distribuión de probabilidad empíria deada una de las variables de interés. Para de�nir el alado óptimo se utilizan el riesgoy la probabilidad de fallo que son superados el 10% del tiempo (uantil de 90% de sus



142 CHAPTER 5orrespondientes distribuiones empírias) y la operatividad que es superada el 90% deltiempo (uantil de 10% de su distribuión empíria).5.6.4 ResultadosLa �gura 5.12 presenta las urvas de iso-riesgo (en log(Euros), orrespondientes al límitesuperior de 90%) para distintos alados y valores de Humb. En gris se señala la zona enla ual no se umple la operatividad mínima (on un 90% de erteza), y en azul se señalala zona en que la probabilidad de fallo es superior a la máxima permitida (también onun 90% de erteza).La alternativa óptima - i.e. la de riesgo mínimo -, de entre las simuladas se señalaon un írulo: alado 14.1m y Humb = 1.6m. La línea punteada mara la alternativaoptima que se enuentra �jando el alado o Humb.

Figure 5.12: Curvas de iso-riesgo en funión de la profundidad del anal y del valor de Hu usado parade�nir la polítia de operaión. Area gris: operatividad en la VU menor al 95%. Area azul: Pfallo enla VU mayor a 90%.La �gura 5.13 presenta las freuenias esperables de la duraión de las esperas deentrada, junto on sus límites de on�anza. Se observa que aproximadamente el 92%de los baros que llegan a puerto no tienen que esperar para entrar.En la �gura 5.14 se analiza el número de paradas operativas del anal asoiadas ala polítia de uso (5.12), estableida para limitar la probabilidad de fallo por toque defondo. Se observa que las paradas más freuentes son de entre 2 y 3 horas de duraión,pero que existe una variabilidad importante en el número de paradas operativas poraño.
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Figure 5.13: Box-Plot de la freuenia de la duraión de las esperas de entrada.5.7 Disusión y onlusionesDurante el diseño de las áreas de navegaión se busa maximizar la seguridad y el serviiodel sistema, umpliendo on los requisitos de proyetos estableidos por la normativavigente, sin que esto implique una inversión iniial exesiva.Realizando el diseño on base en la minimizaión del riesgo total en la vida útil(inluyendo en el riesgo la inversión iniial) se obtiene un diseño óptimo teniendo enuenta los tres aspetos antes menionados: seguridad, serviio e inversión iniial.La metodología y el modelo presentados alulan el riesgo en la vida útil medianteténias de simulaión de Monte Carlo. Mediante esta aproximaión se tienen en uentala interaión existente entre la seguridad y el serviio del sistema, y se uanti�a lainertidumbre existente en el álulo de las distintas variables de interés (riesgo total,probabilidad de fallo en la vida útil, operatividad, et.).Este último aspeto es partiularmente importante uando se trabaja on sistemasomplejos omo el puerto, en donde las variables limátias son determinantes en laourrenia de los distintos modos de fallo y parada. En el aso de estudio planteadose utilizó esta metodología para el diseño del alado y la polítia de uso de las áreasnavegables del puerto de la Bahía de Cádiz. Para el diseño de estos dos elementos elprinipal modo de fallo tenido en uenta ha sido el toque de fondo.El modo de fallo salida de márgenes se analizó de modo determinista y se tuvo enuenta en la de�niión de las polítias de uso. Sin embargo la metodología propuestapermite tratar este modo de fallo de forma probabilista, y de este modo diseñar el anhodel anal on base en la minimizaión del riesgo.Como ontinuaión de este trabajo se abren varias líneas, tanto de investigaiónomo de desarrollo tenológio. La más importante de ellas es inluir en el modelode simulaión un módulo de piloto automátio que permita tratar sus parámetros deforma aleatoria. Esto permitirá inluir el error humano en los tránsitos (respeto a la
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Figure 5.14: Número de paradas operativas por año, produidas por la polítia dada en (5.12), y suduraión en horas.importania del error humano ver Faber (2003)), y apliar el diseño en base a riesgo alanho del anal. Por otro lado, para generalizar el uso de esta metodología es neesariotrabajar en la reaión de bases de datos de buques, ostos, et., y en la generaión deun entorno de trabajo que failite su apliaión por parte de las empresas proyetistas.Si bien las líneas de trabajo menionadas propiian una mejora en la funionalidaddel modelo, es importante destaar que las mismas deben ser enmaradas dentro dela metodología de trabajo desrita. El uso de esta metodología permite difereniar deforma lara las distintas esalas temporales y espaiales involuradas en los distintosmodos de fallo y parada, para luego integrarlas de forma orreta en el álulo de lasprobabilidades en la vida útil; esto es, de heho, el prinipal aporte de este trabajo.AgradeimientosEsta investigaión fue �naniada por el Ministerio de Eduaión de España, a travésdel programa FPU de beas dotorales (AP2009-03235). Parte del trabajo fue realizadodurante la estania de Sebastián Solari en la Universidad Ténia de Delft, �naniadapor la Junta de Andaluía a través de las ayudas para estanias en entros de exelenia(onvoatoria 2/2009). La investigaión ha sido parialmente �naniada a través delos proyetos de investigaión y desarrollo �Optimizaión de la Operatividad PortuariaMediante Ténias de Simulaión� (CIT-460000-2009-021) y �Gestión Integral de laSeguridad Portuaria� (P-53/08), �naniados por el Ministerio de Eduaión y Cienia,y a través del proyeto �Estudio de Alternativas para la Ampliaión de la DársenaPortuaria de Cádiz�, �naniado por la Autoridad Portuaria de la Bahía de Cádiz.Se agradee a Puertos del Estado los datos de oleaje suministrados, a la Autoridaddel Puerto de la Bahía de Cádiz por su olaboraión, y al Dr. Pieter van Gelder de
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ConlusionesConlusiones generalesA �n de profundizar en los onoimientos neesarios para la veri�aión, optimizaióny gestión de sistemas osteros y portuarios, la introduión de esta tesis plantea dosobjetivos generales: (a) investigar y desarrollar metodologías de simulaión de seriestemporales de variables geofísias, y (b) de�nir e implementar una metodología deveri�aión y optimizaión basada en ténias de Nivel III y en álulo de riesgo de unsistema formado por las áreas navegables de un puerto.En lo referente al primero de estos objetivos, se propuso una metodología genériapara la simulaión de series temporales multivariadas de variables geofísias y se aplióen la simulaión de variables oeanográ�as y atmosférias. Partiendo de las seriesde datos y siguiendo los pasos señalados en esta tesis �ajuste de distribuiones mix-tas estaionarias y no estaionarias, ajuste de modelos de dependenia temporal y dedependenia ruzada entre variables�, se está en ondiiones de simular nuevas seriesaleatorias multivariadas que onservan las prinipales araterístias estadístias de lasseries originales.La metodología propuesta presenta desarrollos novedosos en el área de la ingenieríade puertos y ostas. Entre ellos destaan la propuesta de funiones de distribuiónparamétrias mixtas, no estaionarias, apaes de representar orretamente todo elrango de valores de una variable y los ilos de variabilidad de la misma, y la propuestade una metodología de simulaión de series temporales univariadas basada en el uso deopulas.Es evidente que la apliabilidad de esta metodología no se limita al aso de estudioelegido en esta tesis �la optimizaión de los anales de navegaión�. Por el ontrariola misma tiene un amplio rango de apliaión en la veri�aión de sistemas de diversasaraterístias, omo ser la realizaión de estudios morfológios a mediano plazo, elanálisis de riesgo de inundaiones en zonas osteras, o la optimizaión de obras mediantela simulaión de su desempeño a lo largo de la vida útil, entre otras.Si el primer objetivo se enfoa en entender y modelar los forzantes predominantesen los sistema osteros y portuarios, el segundo entra la atenión en ómo modelar larespuesta del sistema frente a las aiones ejeridas por los mismos. Para esto se propusoun maro teório y una metodología de trabajo genéria que, mediante simulaiones deMonte Carlo, permite alular los distintos índies que araterizan la respuesta delsistema: probabilidad de fallo en la vida útil, operatividad media anual, et.149



150 CONCLUSIONESLa metodología desarrollada es novedosa en uanto propone una forma de trabajoque permite onjugar aspetos de seguridad y de operatividad en un mismo modelo delsistema, uando en la bibliografía estos dos aspetos suelen trabajarse disoiados. Estopermite el álulo del riesgo total en la vida útil de la obra, lo que en de�nitiva permiterealizar una veri�aión, u optimizaión en su aso, integral.Por último, las dos metodologías desarrolladas �simulaión de series temporales yálulo de riesgo en áreas navegables� se apliaron en la veri�aión y optimizaión onbase en riesgo de la profundidad de dragado de los anales de navegaión del puerto dela Bahía de Cádiz.En resumen esta tesis presenta una metodología de trabajo para la veri�aión yoptimizaión integral de sistemas osteros y portuarios en los que las aiones ejeridaspor los agentes limátios marinos y atmosférios son predominantes, haiendo espeialhinapié en los sistemas formados por las áreas navegables de los puertos.Conlusiones espeí�asLa distribuión mixta propuesta, ompuesta de una distribuión entral (trunada ono, según el aso) y de dos distribuiones Pareto generalizadas en las olas, es una her-ramienta e�az para representar la distribuión de probabilidad de una variable aleato-ria geofísia en todo su rango de valores, tanto en ondiiones estaionarias, asumiendouna distribuión media anual, omo en ondiiones no estaionarias en la que es posibleaomodar ilos limátios, tendenias y ovariables.A su vez, el modelo mixto proporiona de forma automátia el umbral superiorneesario para apliar el método de pios sobre el umbral, así omo la inertidumbre dediho umbral. Se propuso una metodología simple para inluir esta inertidumbre en laestimaión de los intervalos de on�anza de los uantiles de alto período de retorno.El modelo fue probado en seis series diferentes: dos de preipitaión diaria, dos deaudal medio diario y dos de altura de ola signi�ante. En todos los asos se obtuvo queel modelo mixto mejora el ajuste de forma signi�ativa respeto al que se obtiene onlas distribuiones paramétrias omúnmente usadas, y que el umbral superior estimadopor el modelo es adeuado para el álulo de extremos mediante el método de piossobre el umbral. Se observa que al usar el umbral identi�ado por el modelo mixto, losintervalos de on�anza de los uantiles de alto período de retorno obtenidos son másestrehos que los que se obtienen on el umbral seleionando mediante otros métodosdisponibles. También se observa que el efeto de inluir la inertidumbre del umbral enel álulo de los intervalos de on�anza es despreiable desde el punto de vista prátio,al menos para los datos analizados.Se propuso un modelo basado en el uso de opulas para modelar la dependeniatemporal de series temporales univariadas. Comparado on modelos autorregresivoséste es un modelo más versátil, dado que existen diversidad de familias de opulas quese pueden utilizar para modelar la dependenia temporal. La apliaión del modelobasado en opulas a una serie temporal de alturas de ola signi�ante resulta en quelas simulaiones obtenidas on el mismo son mejores que las obtenidas usando modelos



151autorregresivos.Para la simulaión de series temporales multivariadas se introdujo una metodologíabasada en el uso de distribuiones mixtas no estaionarias y distintos modelos autorre-gresivos vetoriales (un modelo estándar y dos modelos on ambio de régimen). Estametodología fue utilizada on una serie pentavariada ompuesta de altura de ola signif-iante, período de pio y direión media de oleaje y veloidad y direión de viento.De los resultados obtenidos se onluye que, aunque on iertas limitaiones enuanto a la representaión del régimen de persistenias, los modelos autorregresivosvetoriales son adeuados para la simulaión de series temporales multivariadas de vari-ables oeanográ�as y atmosférias. Si bien los modelos autorregresivos vetoriales onambio de régimen son apaes de reproduir estruturas de dependenia más omple-jas que las reproduidas por los modelos estándar, proporionando una mejor repre-sentaión de las distribuiones marginales bivariadas, también produen estruturas deautoorrelaión que di�eren de la de las variables originales, por lo que se reomiendapreauión a la hora de su utilizaión en proesos de diseño, veri�aión u optimizaión.El problema de la veri�aión y optimizaión de una sistema ostero o portuario seabordó primero desde el punto de vista oneptual y teório y luego desde el punto devista prátio, trabajando sobre un aso de estudio.En lo oneptual se de�nió la estrutura genéria que debe tener un modelo deveri�aión y optimizaión de sistemas portuarios, y ómo se debe apliar el mismoen los proesos de veri�aión y optimizaión del sistema. Luego, partiendo de trabajoprevios y entrando la atenión en las áreas navegables, se de�nieron los aspetos teóriosneesarios para el álulo de la probabilidad de fallo y parada del sistema medianteténias de Nivel III, así omo para el álulo del riesgo en la vida útil.La metodología desarrollada deja en evidenia que el álulo del riesgo en la vidaútil, en un sistema omplejo omo el analizado, no es una tarea inmediata. En primerlugar de no proederse on el debido rigor es fáil arribar a resultados erróneos, lo quehae que la metodología propuesta sea valiosa para futuras apliaiones prátias. Ensegundo lugar es de destaar el número y omplejidad de estudios previos neesarios paraimplementar un modelo omo el propuesto. Entre estos destaa la simulaión aleatoriade series temporales estudiada en esta tesis, sin embargo otros aspetos quedan abiertosa futuros trabajos de investigaión. Algunos de estos se disuten a ontinuaión.Líneas de trabajoFinalizada esta tesis quedan abiertas diversas líneas de trabajo, tanto de investigaiónomo de desarrollo tenológio e innovaión, las uales se listan y disuten a ontin-uaión.Simulaión de series temporalesDistribuiones irularesEn este trabajo las variables direión de viento y direión de oleaje se trataronomo si las mismas fuesen variables lineales. Sin embargo existen modelos espeí�os



152 CONCLUSIONESpara representar la probabilidad de ourrenia de variables direionales, denominadosdistribuiones irulares, el uso de los uales debe ser investigado.Modelos no estaionariosEn los modelos no estaionarios se han inluido ilos de variaión estaional y, enmenor medida, ilos de variaión plurianual. Sin embargo no se han inluido ovari-ables representativas del estado del sistema limátio, lo que limita la apaidad de losmodelos para representar la variabilidad interanual observada en las series temporalesoriginales. Se debe trabajar en inluir esto en las funiones de distribuión mixtas noestaionarias desarrolladas en esta tesis, así omo en las distribuiones irulares antesmenionadas.En uanto a los ilos de variaión sí inluidos en los modelos, los mismas fueronrepresentados mediante series de Fourier. Esta aproximaión puede requerir de un grannúmero de omponentes uando los ilos no se asemejan a funiones sinusoidales, loque reperute en un elevado número de parámetros. Es interesante por tanto busarmétodos alternativos para representar aquellos ilos que se apartan notoriamente deuna sinusoide. Un método que resulta prometedor por su alta versatilidad en relaiónal número de parámetros que utiliza es el uso de polilíneas.Simulaión multivariada basada en opulasEn el aso de series univariadas, la metodología de simulaión de series tempo-rales basada en opulas produjo mejores resultados que la basada en los modelos ARy ARMA, on la ventaja adiional que implia la existenia de diversidad de familiasde opulas entre las que seleionar la de mejor ajuste. Sin embargo, extender estametodología a series multivariadas no resulta trivial, ya que existe un gran númerode distribuiones bivariadas que se deben respetar en el proeso de onstruión de laopula multivariada.Resulta por tanto una línea de trabajo interesante el desarrollo de un método deonstruión de opulas, alternativo al aquí propuesto, que failite la apliaión de estaherramienta en la simulaión de series temporales multivariadas.Dependenia temporal no estaionariaSi bien en el apítulo 4 se utilizaron modelos estaionarios para modelar la depen-denia temporal de las variables normalizadas, hay evidenia de que ésta podría no serestaionaria, presentando al menos un ilo anual.Tener en uenta la no estaionareidad de la dependenia temporal, ya sea inves-tigando la forma de extender los modelos autorregresivos vetoriales a ondiiones noestaionarias o desarrollando nuevos modelos, podría reperutir en una mejora de losresultados obtenidos, en partiular en lo referente al régimen de persistenias y al om-portamiento extremal de las series simuladas.Herramientas de análisis y simulaión de series de datosResulta evidente que para poder simular series temporales multivariadas el proye-tista debe ajustar diversidad de modelos y deidir sobre uáles son lo que mejor ajusteproporionan en ada aso. De momento no se tiene onoimiento de una herramientaque permita realizar esta tarea de forma amigable.Si bien es posible que a la feha una herramienta de estas araterístias no fuesede partiular utilidad fuera de la aademia, dado que también es limitada la oferta de



153modelos amigables que permitan el estudio probabilista de sistemas osteros y portuarios�siendo quizás la prinipal exepión los modelos de propagaión de oleaje y de evoluiónde línea de osta de tipo una línea�, sí es esperable que resulte de interés una vezombinada on modelos de análisis de sistemas osteros o portuarios on los que elingeniero proyetista ya se enuentre familiarizado.Veri�aión y optimizaión de sistemasDesarrollo de herramientas generalesPara generalizar el uso de la metodología propuesta en el apítulo 5 es neesariotrabajar en la reaión de bases de datos de buques, ostos, et., y por sobre todo en lageneraión de un entorno de trabajo que failite su apliaión por parte de las empresasproyetistas en distintos proyetos, sin que esto implique en ada aso la programaióndel modelo a medida y desde ero.Modelos de piloto automátioEn esta tesis se utilizó un modelo de piloto automátio externo al modelo de veri�-aión y optimizaión desarrollado. Sin embargo inluir un modelo de estas araterís-tias dentro del modelo de veri�aión permitiría diseñar y optimizar on base en riesgoy de forma onjunta, tanto el anho omo el alado del anal de navegaión.Modelos de respuesta del buqueLa alidad de los resultados obtenidos podría mejorarse al mejorar el modelo uti-lizado para alular la respuesta dinámia del buque frente al oleaje, tanto durante eltránsito omo durante las operaiones de arga y desarga. Para ello existen diversaslíneas a explorar: (a) inluir en el modelo propuesto un modelo numério de álulode la respuesta del buque de base físia, (b) utilizar modelos numérios de respuestadel buque no lineales, más adeuados que los lineales en ondiiones de oleaje severo,y () utilizar modelos físios a esala reduida para veri�ar y omplementar los datosgenerados on los modelos numérios.Mantenimiento de los anales de navegaiónEn anales de navegaión ubiados en zonas de fuerte transporte de sedimientos,omo pueden ser estuarios o oastal inlets, uno de los prinipales ostos en que seinurre en la vida útil es en el mantenimiento de los mismos (i.e. dragados periódios).Para apliar el modelo propuesto en estas ondiiones es neesario inluir en el mismola evoluión morfológia del anal.



154 CONCLUSIONES



ConlusionsGeneral onlusionsIn order to deepens in the knowledge required for the veri�ation, optimization andmanagement of oastal and harbor systems, two general objetives were proposed in theintrodution of this thesis: (a) to explore and develop methodologies for the simulationof time series of geophysial variables, and (b) to de�ne and implement a methodologyfor the veri�ation and optimization of the navigable areas of a port, based on Level IIItehnis and risk analysis.With regards to the �rst objetive, a methodology was proposed for the simulationof multivariate time series that is of general appliation for geophysial variables. Thismethodology was applied to oeanographi and metheorologi variables. Starting withdata series and following the steps desribed in this thesis ��tting stationary and non-stationary mixture distributions to the data, �tting models for the time dependaneand interdependane of the variables�, one is able to simulate new random multivariatetime series that retain the statistial harateristis of the original series.The proposed methodology has several innovative aspets in the �eld of oastal andharbor engineering. Among them outstand the proposed parametri non-stationarymixture distributions, that are able to adequately represent all the range of values ofthe variables and its yles of variation, and the proposal of a methodology for thesimulation of time series that is based on the use of opulas.Clearly the appliability of this methodology is not limited to the study ase hosenfor this thesis �the optimization of navigable areas of a port�. On the ontrary, ithas a wide range of possible appliations for the veri�ation of systems with di�erentharateristis, suh as onduting mid term morphology studies, �ood risk analysis inoastal areas, or the optimizaión of maritime works by simulating its performane overits useful life, among others.While the �rst objetive is foused on understanding and modeling the predominantagents that fore oastal and harbor systems, the seond objetive is fous on how tomodel the response of the system to the ations exerted by these agents. For this,a theoretial framework and a general working methodology were proposed that, bymeans of Monte Carlo simulations, is able to estimate the indexes that haraterizethe response of the system: its failure probability over the useful life, its mean anualoperability, et.The developed methodology is innovative as it propose a framework that allows155



156 CONCLUSIONSto ombine safety and operability aspets into a single alulation proedure, when inthe literature these two aspets are worked separately. This allows to alulate theoverall risk in the entire useful life of the system, whih ultimately allows for an integralveri�ation or optimization.Lastly, the two methodologies developed �time series simulation and risk-based op-timization of navigable areas� were applied to the Port of the Bay of Cádiz, for theveri�ation and risk-based optimization of the depth of the entrane hannel.In summary this thesis presented a methodology for the integral veri�ation andoptimization of oastal and harbor systems on whih the ations exerted by the oeano-graphi and atmospheri agents are predominant, with partiular emphasis on the sys-tem formed by the navigable areas of a harbor.Spei� onlusionsThe proposed mixture distribution, omprised by a entral distribution (trunated ornot, as appropriate) and two generalized Pareto distributions for the tails, is an e�ienttool for modeling the probability distribution of a geophysial variable over its entirerange of values, both in stationary onditions, assuming a mean annual distribution, asin non-stationary onditions, where it is possible to aommodate limate yles, trendsand ovariates.In turn, the mixture model automatially provides the high threshold required toimplement the method of peaks over the threshold, as well as the unertainty of thethreshold. A simple methodology is proposed to inlude this unertainty in the estima-tion of on�dene intervals of high return period quantiles.The model was tested against six data series: two of daily preipitation, two of meandaily �ow, and two of signi�ant wave height. In all ases the proposed model improvedthe �t of the data relative to the �t obtained with ommonly used distributions, andthe upper threshold estimated by the model was adequate to apply the peaks over thethreshold method for extremes alulation. It is noted that using the threshold identi�edby the mixture model, the on�dene intervals obtained for high return period quantilesare narrower than those obtained with the threshold seleted by means of other methods.It was also observed that the e�et of inluding the unertainty of the threshold in thealulation of on�dene intervals is negligible from a pratial point of view, at leastfor the analyzed data.A model was proposed, based on the use of opulas, for modeling the time depen-dene of univariate time series. Compared to autoregressive models this is a more ver-satile methodology, sine there are various families of opula that an be used to modelthe time dependene. The appliation of the model to a data series of signi�ant waveheight indiated that the simulations obtained via the opula-based time-dependanemodel were better than those obtained using an autoregressive moving average model.For the simulation of multivariate time series a methodology was introdues, that isbased on the use of non-stationary mixture distributions and di�erent vetor autoregres-sive models (one standard model and two regime swithing models). This methodology



157was tested with a 5-variate serie omposed of signi�ant wave height, mean wave dire-tion, peak period and mean wind speed and diretion.From the obtained results it is onluded that, with some limitations on the represen-tation of persistene regimes, vetor autoregressive models are suitable for the simulationof multivariate time series of oeanographi and atmospheri variables. While regimeswithing vetor autoregressive models are able to reprodue more omplex dependenystrutures than reprodued by standard models, providing a better representation ofthe bivariate marginal distributions, they also produe autoorrelation strutures thatdi�er from that of the original variables, so it is reommended to be autious in its useduring design, veri�ation or optimization proesses.The problem of veri�ation and optimization of a oastal and harbor system was�rst addressed oneptually and theoretially, and then from the pratial point of view,working on a ase study.On a oneptual level a generi struture for the model was de�ned, as well as theway it should be applied during veri�ation and optimization proesses. Then, based onprevious works and fousing on navigable areas, a theoretial framework was de�ned,speifying how to alulate the failure probability and the operability of a system bymeans of Level III tehniques, and how to alulate the overall risk on the useful life ofthe system.The proposed methodology shows that the estimation of the overall risk on the use-ful life of a omplex system, as the one analyzed in this thesis, is not trivial. First, ifnot proeeding with due rigor, it is easy to ahieve erroneous results, whih makes theproposed methodology valuable for future pratial appliations. Seond, it is impor-tant to highlight the number and omplexity of previous studies required to implementa model like the one proposed. Among these are the methodologies for time series sim-ulation studied in this thesis, but other aspets are open to future researh. Some ofthese aspets are disussed below.Open linesFinished this thesis, there are several open lines to work in both researh, and tehno-logial development and innovation, whih are listed and disussed below.Time series simulationCirular distributionsThroughout this work diretional variables, like wind or wave diretion, were treatedas linear variables. However there exist distribution models that are spei� designedfor irular variables, whih use should be explored.Non-stationary distributionsSeasonal yles and, to a lesser extent, pluriannual yles, were inluded in the non-stationary distributions. However, no ovariates were inluded representing the stateof the global or regional limate, whih limits the ability of simulations to reproduethe interannual variability observed in the original series. It is required to explore the



158 CONCLUSIONSinlusion of these ovariates in the non-stationary mixture distributions developed inthis thesis, as well as in the irular distributions mentioned above.As to the yles that are inluded in the model, they were represented by Fourierseries. This approah may require a large number of omponents when the yles arenot similar to sinusoidal funtions, whih results in a large number of parameters. Itis interesting therefore to seek for alternative methods to represent those yles thatdeviate markedly from a sinusoid. One method, that is promising for its high versatilityin terms of the number of parameters that uses, is the use of polylines.Multivariate time series simulation based on opulasFor univariate time series, the simulation methodology based on the use of opulasprodued better results than that based on AR and ARMA models, with the additionaladvantage that implies the existene of several opulas families, among whih seletthe one with the best �t. However, to extend this methodology to multivariate timeseries is not trivial, sine there is a large number of bivariate distributions that must bepreserved in the proess of building the multivariate opula.It is therefore interesting to explore the development of a opulas onstrutionmethod, alternative to the one proposed here, that may failitate the use of opulasfor the simulation of multivariate time series.Non-stationary time dependane modelsWhile in Chapter 4 stationary models were used to model the time dependeneof the normalized variables, there is evidene that the time dependane may not bestationary, presenting at least an annual or seasonal yle.Take into aount the non stationarity of the time dependene, either by extendingthe vetor autoregressive models to non-stationary onditions or by developing newmodels, may improve the results ahieved, partiularly in regard with the persisteneregimes and the extremal behavior of the simulated series.Tools for the analysis and simulation of time seriesIt is lear that in order to simulate multivariate time series the analyst must �t avariety of models, and deide whih are the ones that gives the best in eah ase. Tothe knowledge of the author there is no tool that allows to perform this analysis withina friendly environment.While it is possible that at the moment a tool with these harateristis may not bepartiularly useful outside aademia, as there is a limited o�er of user friendly modelsthat allows the probabilisti study of oastal and harbor systems �perhaps being themain exeption the wave propagation and one-line shoreline evolution models�, it isexpeted that suh tool beomes of interest if ombined with models for oastal andharbor analysis with whih the engineer is already familiarized.Systems veri�ation and optimizationDevelopment of user-friendly tools and databasesTo generalize the use of the methodology proposed in Chapter 5 it is neessary towork in the reation of di�erent databases: of ships, osts, et., and above all in thedevelopment of a user-friendly work environment that failitate the appliation of the



159methodology in di�erent projets, without having to program the model from zero foreah one.Autopilot (fast-time) simulation modelsIn this thesis an autopilot (fast-time) model was used that is external to the proposedveri�ation and optimization model. However, the inorporation of an autopilot modelwithin the veri�ation and optimization model will allow for the risk-based veri�ationand optimization of both, width and depth of the navigable ares, at the same time.Ship response modelsThe quality of the results ould be improved by improving the model used to alu-late the dynami response of the ship to the waves, both for ships in transit and duringloading and unloading. For this there are several lines to explore: (a) to inlude withinthe proposed model, a physial based numerial model for alulating the response ofthe ship, (b) using non-linear numerial models to alulate the response of the ship,most appropriate that linear models in severe wave onditions, and () use small-salephysial models to verify and supplement the data generated by numerial models.Maintenane of navigation hannelsFor navigation hannels loated in areas of high sediment transport, suh as estuariesand oastal inlets, one of the major osts inurred during the useful life of the hannelsis on maintenane (i.e. periodi dredging). To apply the proposed model in theseenvironments it is neessary to inlude into the model the morphologial evolution ofthe hannels.


