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CHAPTER

Resumen

Con el objetivo de lograr una mayor difusion dentro de la goigiad cientifica,
esta tesis doctoral ha sido redactada en inglés. Sin embaaga cumplir los re-
quisitos impuestos por la Universidad de Cantabria, prak@erpo principal de
la tesis se adjunta un resumen de la misma en espafiol. Eressteen se intenta
sintetizar el contenido de la tesis, pero dada la naturglezaia de un resumen,
este apartado no supone una traduccion literal.

| Introduccion

El disefo de infraestructuras maritimas, costeras o easggrofundas; asi como el
analisis de cualquier proceso costero gobernado por a&jeotequiere del conoci-
miento del clima maritimo en la zona de estudio. Dependielatianalisis o el tipo
de estructura a disefiar es necesaria la disposicioegiehen extremal, el regimen
medio o ambos. Por lo tanto la existencia de datos que sihviageniero como
base con la que iniciar sus disefos se torna imprescindible

Las bases de datos de clima maritimo existentes puedemrrifarse clara-
mente en 4 tipos:

1. Registros instrumentales (boyas)



0. RESUMEN

2. Datos provenientes de &dite
3. Registros de observaciones visuales

4. Series generadas mediante modelado @uoo (rearalisis)

Dependiendo del estudio que se esté realizando, o la estiugue se esté
diseiiando, se pueden utilizar unas u otras bases de dawmisko, hay que
tener en cuenta las diferentes escalas temporales en taer@acion del clima
maritimo. Los estudios se pueden clasificar en 4 nivelesiecidn de su alcance
temporal:

1. Corto plazo estudios que requieren de predicciones del oleaje dehatee
3 dias.

2. Medio plazo disefos en los que es necesario un analisis del oleage par
periodos de hasta 6 meses.

3. Largo plazo infraestructuras para las que se precisa de la definigbelicha
maritimo con registros histéricos de larga longitt+@0 afios).

4. Muy largo plazo estudios en los que en necesario tener en cuenta las proyec-
ciones del clima maritimo bajo los diferentes escenamasatnbio climatico.

Esta tesis se centra en estudios de largo o muy largo plaza ctitizacion de
datos de reanalisis.

|.A Medidas de fiabilidad estructural

El disefio de cualquier estructura debe realizarse deralaf@ue durante la vida
atil de la misma no se superen unos estados limites predesdos. Los estados
limites pueden clasificarse segun su grado de relevancia e

1. Parada operativa. Interrupcion del uso normal de la estructura producida
generalmente por agentes atmosféricos.
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2. Servicio. Interrupcion del uso normal de la estructura por deforovees,
vibraciones o dafos superficiales.

3. Dafo. Paradas que requieran de reparaciones de importanciaizraet
colapso de la estructura.

4. Ultimo. Colapso de toda o parte de la estructura.

En funcibn de cobmo se se determine la fiabilidad de la estracse pueden
diferenciar tres tipos de disefo:

1. Disefio determinista.

El disefio determinista forma parte de los métodos a&sibasados en co-
eficientes de seguridad, que tienen en cuenta la aleatdriedias variables
de forma implicita.

e Coeficiente de seguridad global

Se basa en dividir el espaciedimensional de las variables implicadas
en dos zonas. Dicha division se hace respecto a un detetongstéado
limite. En la region segura se cumplen los condicionagéegroyecto
mientras que en la region de fallo la estructura deja de tutap fun-
ciones para las que se disefo.

La inclusion de un coeficiente de seguridage traduce en un despla-
zamiento de la curva que separa ambas regiones, de forma gaes
una zona extra de seguridad (ver Figliya

e Coeficiente de seguridad parcial

Los coeficientes de seguridad parciales surgen como etaldel coe-
ficiente de seguridad global. Se basan en la determinaeidifetentes
coeficientes de seguridad aplicables a las cargas y/o elesnda la
estructura. Estos coeficientes se dividen en coeficientesrdgacion
para las resistencias de la estructura y coeficientes deraw@do para
las cargas actuantes.
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Figure 1: Aumento de la region segura mediante la inclusion de uficieete de
seguridad

La aplicacion de coeficientes de seguridad (totales o glas)ien el disefio
de estructuras supone una primera aproximacion en laastmde la fia-
bilidad estructural. Sin embargo, su aplicacion conllexartidumbres ya
gue la determinacion de los coeficientes puede no ser gnioca valores
representativos de las variables aleatorias implicadedepuvariar.

2. Diseio parcialmente probabilista.

Los métodos de disefio parcialmente probabilista sonllaguen los que
se recurre al concepto de periodo de retorno. La definicgémperiodo de
retorno depende en gran medida de las hipotesis consadesatire las dis-
tribuciones de los sucesos. La utilizacion del periodoetierno en el disefio
de estructuras es valida siempre y cuando se tenga en guenta

e La definicion del periodo de retorno depende de la escaléedgb
utilizada.

e No se considera la posibilidad de ocurrencia de mas de umaegentro
de un mismo intervalo de tiempo. Por ello esta aproximasiia es
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valida cuando los sucesos tengan una probabilidad deesmiarmuy
baja dentro del periodo unidad.

3. Diseflo probabilista.

Los métodos explicados anteriormente son herramientgsasheutilidad en
el disefo de estructuras, ahora bien, no son capaces deterigenta que in-
cluso para un tiempo definido las variables tienen un nivéhdertidumbre
asociado. La incertidumbre asociada a la resisteRgrea cada esfuerzd
se puede representar mediante sus funciones de derfsidags. Tanto las
cargas actuantes sobre la estructura como la resistentd@andema pueden
ser variables con el tiempo debido al deterioro de los nadés;i esto implica
gue las funciones de densidad se ensanchen con el tiempoad\ien la
mayoria de casos se suponen constantes tanto las cargasasorasisten-
cias.

Al suponer constantes en el tiempo las funciones de dendeléas incerti-
dumbres asociadas a las resisten¢jg$) y a los esfuerzogs(s) es posible
determinar la funcion de densidad conjurfig (r, s). Si ambas variables
pueden considerarse independientes, la funcion de dehsahjunta puede
estimarse como el producto de ambas marginalgs(r, s) = fr(r)fs(s).
De esta forma, la probabilidad de fallo se puede estimaranéglla ecuacion

1
b= [ [astsiaras= [ [ pustisars @

Sin embargo, en la mayoria de disefios de estructuras rasdsesimplifi-
car el problema a dos variablésy S, por lo queR y S han de ser sustitui-
das por las funcionekg (1, x2, ..., x,) Y hs(x1, za, ..., z,), de manera que
la funcion de densidad conjunta resulta:

f(X) = leyXQ,---,Xn(x].? X2y eeey T @)a (2)

donde® es un vector paramétrico que define las distribuciones slgda
riables. Con ello, la probabilidad de fallo se obtiene meidia



0. RESUMEN

fpf(@):/ Ix1 X%, (X1, oy ooy 3 ©)dxydy...dxy,  (3)
g*(z1,22,...,21)<0

siendog*(x1, xe, ..., ,,) la ecuacion de estado limite, y que no es mas que la
integral de la funcion de densidad conjunta de las varsatples intervienen
en la region de fallo.

I.B Métodos con los que determinar la fiabilidad

En el ambito del disefio de infraestructuras maritimas,Recomendaciones de
Obras Martimas (R.O.M.) de Puertos del Estado proporcionaronjunto de nor-
mativas y criterios técnicos de aplicacion en las cuase$ en las que se puede
dividir la vida @til de una infraestructura maritima:

1. Fase de planificacion y disefo.

2. Fase de construccion.

3. Fase de explotacion y mantenimiento.

4. Fase de reutilizacion y desmantelamiento.

La R.O.M. se divide en diferentes capitulos, siend8@M 0.0, Procedimiento
general y bases de céalculo en el proyecto de obras masifipartuariasen el que
especificamente se definen los diferentes métodos de meiificy disefio apli-
cables en el ambito de las obras maritimas. En este dod¢arsendividen los
métodos de fiabilidad en tres niveles, Nivel I, Nivel Il y Kivll. Mediante su apli-
cacion se puede abordar un disefio capaz de garantizguadsaal, el servicioy la
explotacion de la infraestructura a lo largo de su vidl Uti

e Nivel l

Los Métodos de Nivel I son aquellos en los que la fiabilidagssena basandose
en la determinacion de coeficientes de seguridad. Existemaimas princi-
pales dentro de los métodos de Nivel I, los métodos basauloseficientes
de seguridad globales y los métodos basados en la estim@deicoeficientes
parciales para cada una de las variables involucradas.
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e Nivel Il

Los Métodos de Nivel Il y Il se basan en la estimacion dertzbpbilidad

de fallo,p;. Normalmente, la obtencion de una solucion analitickdiete-
gral que defing; no es posible. Mediante los Métodos de Nivel Il se trata
de obtener una aproximacion de la misma transformanddegjriando para
trabajar con variables gaussianas independientes. Déoesta se pueden
estimar los dos primeros momentos de la funcion de digti@ouconjunta

y con ellos ya se procede al diseiio. Esto es posible siempuoarydo las
variabes no estén correladas, cuando esto no ocurra [rEvia habra que
transformarlas en variables independient@d]j[

Los Métodos de Nivel | también son conocidos como FOSMs{Rdrder
Second Moment). Los métodos FOSM tratan de aproximar lacéoa del
estado limite mediante una recta y determinar el punto siefidicomo el
punto de dicha recta para el cual la distancia sea minimalidtancias en

la Figura2 representa el coeficiente de fiabilidad propuesto por Hagofe
Lind ([74]) para determinar si el sistema es seguro o no.

e Nivel Il

Finalmente, los Métodos de Nivel Il son aquellos que trata resolver la
ecuacion de la; mediante técnicas de integracion (analitica o nuraérente)
o mediante técnicas de simulacion. Soélo existe sohuaitalitica de la ecuacion
anterior para casos concretos, por lo que, normalmentesgee técnicas
de simulacion. Los Métodos de Nivel Il basados en estimeeggion de fallo
pueden dividirse entre méetodos FORM (First Order Religbethods) y
SORM (Second Order Reliability Methods). Por otro lado, Mistodos de
Nivel Il que consisten en la generacion sintética de k$ables implicadas
estan generalmente basados en técnicas de como la de Ganiag[117]).

Los métodos FORM son una aproximacion lineal teniendouemta la dis-
tribucion real de las variables. El proceso se lleva a catfomina similar que
en los métodos FOSM pero con la principal diferencia endaéode trans-
formar las variables al espacio normal multidimensional.eEcaso en que
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Figure 2: Representacion grafica de superficie de estado liGe¢X) = 0y su
aproximacion lineal para un caso 2-D.

las variables no sean independientes, éstas puederotraas$e mediante la
transformacion de Rosenblati{Q).

Existen casos en los que no es posible aproximar la ecudeiéstado limite

a una recta, ya sea porque dicha ecuaci 6n define una curvarooyn-
ciada o bien porque al pasar las variables al espacio noantalrvatura de
dicha curva se incrementa. En estos casos el problema poka&osarse
mediante la aplicacion defodos SORM. Estos métodos de segundo orden
se basan en la aproximacion de las ecuacion de estade hmediante fun-
ciones parabbdlicas o esféricas en el entorno del puntisé@al

[.C Objetivos

El objetivo general de esta tesis es la generacion de sg&rigticas que sirvan
como base para la aplicacion al disefio de estructuragimas dentro de los
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meétodos de disefio de Nivel Ill. Para una correcta simaracie las variables
meteo-oceanicas involucradas en el disefio de obraimeasihay que profundizar
en su comportamiento y variabilidad. Asimismo, la gestie series temporales
multivariadas de largo periodo requiere de la utilizaalendiferentes técnicas es-
tadisticas.

El objetivo general propuesto puede disgregarse en doswaiggarciales en
los que se puede resumir el contenido de esta tesis.

1. Ser capaces de generar series sintéticas multivardias principales va-
riables que definen el oleaje y las condiciones atmosteri¢zara ello se
abordan distintas técnicas que hacen posible tener ereclaandiferentes
escalas y los distintos procesos involucrados.

2. Transformar las series temporales de las variables roetmicas simula-
das en series temporales de parametros de los que depesdaimtipales
modos de fallo de las estructuras.

La consecucion de los objetivos propuestos requiere lleqon y el desar-
rollo de diferentes técnicas y algoritmos y su consecuwalidacion.

I.D Metodologia

La metodologia general para la generacion de seriestisia$’aplicables al disefio
de estructuras maritimas que se plantea esta esquetiaatizda Figura. Con los
datos historicos de oleaje y presiones atmosféricagrasaan un nimero elevado
de vidas Gtiles de las variables de las cuales dependelest.Esta simulacion
conlleva varios pasos de manera que se tengan en cuentiefasdis escalas tem-
porales y espaciales involucradas. Una vez se dispongaide smtéticas de las
variables se transfieren éstas a la estructura en formardmetios relativos a los
principales modos de fallo de cada estructura (estimai#ararga actuantes sobre
la estructura, erosion,...). Esta transferencia se hackamte una clusterizacion de
los datos simulados en grupos con caracteristicas setegjana estimacion de los
parametros relacionados con los modos de fallos de los daisterizados y una
posterior interpolacion para reconstruir series tempsrde los mismos. Con estas
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series temporales es posible analizar la integridad ¢stalde los elementos que
componen la infraestructura asi como los periodos denetde las cargas. En la
Figura3 se sefala el alcance de los objetivos parciales plantgaeamente para
la consecucion de la metodologia general.

Simulacion

Para llevar a cabo la metodologia propuesta se precisaud#izacion de di-
ferentes técnicas y algoritmos. Para simular correctéenestados de mar multi-
variados es necesario conocer las condiciones atmas$@snciadas, ya que éstas
son el princpipal forzador del oleaje. Asimismo, es natada inclusion de la
estacionalidad y el caracter autorregresivo tanto delj@leomo de las presiones
atmosféricas. Es por ello que la simulacion de estadosadesehace en tres pasos,
los cuales estan esquematizados en la Figura

1. Se simulan las presiones atmosféricas en la zona deese esta forma
se tiene en cuenta la escala espacial de influencia en e¢ @kajal esta
sometida la estructura a disefar.

2. Se simulan las condiciones medias de oleaje diario feetgeestructura. En
este paso la escala espacial se reduce a la localizaciotaalala obra.

3. Se simulan los estados de mar horarios en la infraestauddon este tercer
paso se aumenta la resolucion temporal de la simulacion.

Transferencia

Por otro lado, una vez se dispone de series sintéticas adosstle mar en la
zona de localizacion de la obra se estiman las cargas ydongaros de los que van
a depender los modos de fallo de la obra. Este proceso stzsirdr tres pasos:

1. Clasificacion de los estados de mar horarios en un nidetssminado de
patrones representativos (clusterizacion).

2. Estimacion de las cargas producidas por los patronessemtativos. Esta es-
timacion puede realizarse mediante el uso de formulasisemiempiricas,
modelado numérico o modelado fisico.

10
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Objec tive 1
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Figure 3: Esquema de la metodologia.
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Figure 4: Esquema del proceso de simulacion.

3. Reconstruccion de las series temporales de cargasameaos que hayan
sido estimados previamente mediante una técnica de atéeipn.

La metodologia expuesta se desarrolla tomando como bdas siemulaciones
las distribuciones empiricas de las variables. Esto stipoa limitacion al no tener
en cuenta el diferente comportamiento para los regimeresony extremal y al
no dejar libertad de simulacion en los extremos. Este &gecintenta solventar
con el desarrollo de una técnica de simulacion univarpeetiene en cuenta dicha
diferencia de comportamiento y es capaz de reproducir higio os eventos ex-
tremos con el regimen medio. Asimismo, la cola superi@jgsta a un modelo de
extremos de forma que en el proceso de simulacion los eveimtmlados no estén
costrefiidos a los maximos registrados histéricamente.

En este trabajo de tesis se explica en detalle cada uno dexsos expues-
tos en esta metodologia y que son necesarios para la coisede los objetivos
planteados en el apartado anterior.

La tesis esta compuesta por 7 capitulos con los que sengliafuen los obje-
tivos anteriormente especificados. El cuerpo central desia esta compuesto por
los Capitulos (2-6) que se corresponden con una serieidalasgt ya publicados o
en proceso de revision. Cada articulo ha sido modificatloregnte en cuestion de
formato para poder adaptarlo al presente documento.

La secuencia de los mismos traza el camino a seguir planszadbapartado
anterior. Los Capitulos 2 y 3, solventan el problema de faukicion multiva-

12
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riada de variables meteo-oceanicas. Para ello inicigiersndesarrolla un modelo
logistico capaz de simular sistemas multivariados agiegéCapitulo 2). A conti-
nuacion, con base en el modelo desarrollado previamente yacnica existente
en la literatura ([20)) se desarrolla un método de simulacion de Monte Carlo de
estados de mar trivariados condicionado a las condicianessééricas (Capitulo
3). Por otro lado, los Capitulos 4 y 5 presentan un moddiadd con el que esti-
mar de una forma eficaz los parametros de disefio de la egaucaritima a partir
de las series sintéticas de oleaje creadas previamenteaatio carga computacio-
nal. Este modelo se aplica a dos tipos de estructuras diéstean dique vertical
(Capitulo 4) y una turbina eolica offshore (Capitulo Binalmente, el Capitulo 6
explora la posibilidad de tratar conjuntamente los regiesanedio y extremal en
las variables de disefio. Por Ultimo, en el Capitulo 7 segen las conclusiones
obtenidas al trabajo realizado y se plantean futurasdideanvestigacion.

13
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Il Modelo logistico autorregresivo aplicado a patrones
de circulacion atmos#rica

La utilizacion de modelos logisticos autorregresivosesoun tema nuevo. Es-
tos modelos son conocidos dentro del ambito de la investigdarmacolbgica y

médica. En el capitulo 2 se profundiza en la aplicacioeste tipo de modelos al
campo de la modelizacion de patrones de circulacion dérioa o también llama-

dos tipos de tiempo. El uso de estos modelos permite la cenagidn simultanea
de procesos de diferente naturaleza, como pueden serd#@esiadad, la variabi-

lidad interanual, las tendencias de largo plazo y procesimsragresivos.

[I.LA Modelo logistico autorregresivo

Los modelos de regresion tracidionales ademas de asasguestas regidas por
distribuciones normales, no son capaces de tratar conosstategoricos, es por
eso que se recurre al uso de modelos logisticos. Asimisradiante el correcto
tratamiento de las covariables (variables predictoradj@mos modelos, es posible
la inclusion de estados previos del sistema, lo cual esalegilidad en procesos
claramente autorregresivos como la circulacion atnmiwstePara la aplicacion del
modelo a patrones de circulacion atmosférica, los cardpgsesiones son prome-
diados diariamente y clasificados segn el algoritmo defdacion K-Medias en
n.¢ grupos. Asignando arbitrariamente un valor a cada tipoetefto se obtiene la
secuencia temporal de los patrones de circulacion diarios

SeaY;; t = 1,...,n el patron de circulacion para cada instantde tal forma
gue los posibles valores deestén entre 1 y,,;; y considerandX ;; t =1,...,n
como un vector de covariables para cada instgredemodelo toma la forma:

< Prodi/t - Z.D/;f—la tey 1/t—da Xt)

=o; + X0, d Yoo ivii;
ProdYt=z‘*m_1,...,n_d,xt>) R

(4)
Vi=1,... nuli # ix,

dondec; es un término constantg, (n. x 1) y v;; (j = 1,...,d) se correspon-
den, para cada patron de circulacideon el vector asociado a las covariables y a

14
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los d estados previos considerados, respectivamente. De act@nda expresion
anterior, la probabilidad condicionada de cualquier tipdiempo se define por:

exp <ozi + X8, + 2?21 Yt—j%'j)

Nawt d 7
e (athmzm_mj)
k=1

Jj=1

Prob(Y; = i|Yi1,....Yia, Xy) =

Vi = 1,...,nwt.
5)
Como covariables de influencia en el modelo se puede coasider
e Estacionalidad en términos harmonicos
7 = B3 + B cos (wt) + B sin (wt) (6)
¢ Diferentes covariables como la variabilidad interanual
i n.
¢ =Xp%=(X1,.... X)) | | =) Xipf, (7)
C i=1
e Tendencias de largo plazo
T = BT, ®)
e Términos autorregresivos
d
AR — Z Y7, 9)
j=1

Introduciendo estas covariables en el modelo, se obtiene:

exp (WZS + 78 + 7+ 7r;4R)

Nwt !

Z exp (7T}§ +p + T+ W,fR) (10)
k=1

Prodi/t = Z.D/;f—la R i/t—da Xt) =

Vi:L...,nwt.

15
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Para poder lidiar con las diferentes escalas temporale$ miodelo: anual,
mensual y diaria; se transforman todos los parametros sckdade menor du-
racion temporal, en nuestro caso se reduce todo a la esadka d.as covariables
con escalas mayores se repiten diariamente, por ejemploovagable con escala
mensual se considera como 30 dias con el mismo valor de disfagiable.

[I.B Caso practico

Para mostrar la aplicabilidad del modelo propuesto, unaseeexplica el trata-

miento requerido para cada tipo de covariable, en el dadtse plantea y resuelve
detalladamente un ejemplo practico. Dicho ejemplo sa ttatla modelizacion y

posterior simulacion de patrones de circulacion aterosd en el Atlantico Norte.

Los pasos seguidos pueden sintetizarte en:

1. Clasificacion de las presiones atmosféricas en patrsinépticos de circu-
lacion.

Esta clasificacion se realiza mediante la técnica de KiasedEn este caso,
para facilitar la representacion grafica y su consecusmteorension, se cla-
sificaron las presiones atmosféricas diarias en 9 tipogagwo,n,,;, = 9. En

la Figura5 se muestran los 9 tipos de tiempo representativos de losacsamp
de presiones en el Atlantico Norte.

2. Definicion de las variables de influencia en el modelo.

En el caso propuesto se analizo la influencia de: i) estaidad, definida
tanto por harmonicos como por un proceso autorregresiyaededo anual,
ifjvariabilidad interanual, incluyendo las anomaliasptdesiones mensuales
calculadas respecto a su valor medio, iii) tendencias d@m lptazo y iv)
procesos autorregresivos.

En la Figura6, se muestra el ajuste del modelo teniendo en cuenta como va-
riables de influencia la estacionalidad, la variabilidadianual, la tendencia

de largo plazoy el primer orden del proceso autorregressiafo anterior al
estado actual). Mediante las barras de colores se muestradabilidad de
ocurrencia observada en el registro histérico de cada etms® patrones de

16
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Figure 5: Patrones de circulacion sindpticos obtenidos con lafidasion K-Medias.

circulacion en los que se han clasificado las presionesséémcas, mientras
gue las lineas negras representan las probabilidadesests por el modelo.
Se representan las probabilidades agregadas mensuabrentggo de un
periodo de 20 afos.

3. Una vez definidas las variables de influencia significagivael modelo, es
posible la realizacion de simulaciones de Monte Carlo terelites escena-
ros.

4. Lavalidacion de las simulaciones, y por tanto de |a iddail del modelo para
reproducir patrones de circulacion atmosférica, seraet tres aspectos: i)
correcta reproduccion de la distribucion de ocurrendegada uno de los
patrones (Figurd (a)), ii) capacidad de simulacion de las transicioneseentr
los diferentes grupos (Figui@(b)) v iii) analisis de las persistencias de cada
grupo (FiguraB).

17
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Figure 6: Ajuste del modelo logistico autorregresivo teniendo eental la estaciona-

lidad, la variabilidad interanual, la tendencia de largazply un proceso autoregresivo
de orden 1.
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Figure 7: (a) Scatter plot de las probabilidades de ocurrencia detgaalae tiempo

empiricas vs. simuladas. (b) Scatter plot de las proloktoiés de transicion entre tipos
de tiempo empiricas vs. simuladas.

18


C0_F6.eps
C0_F7.eps

Il Modelo logistico autorregresivo aplicado a patrones de circulaéin
atmosferica
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Figure 8: Distribuciobn acumulada empirica de las persistenciasada uno de los 9
tipos de tiempo: datos historicos vs. simulados.
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Il Simulacion de Monte Carlo de estados de mar tri-
variados condicionada a la circulacon atmos#rica

Una correcta caracterizacion del clima maritimo es yitath entender todos aquel-
los procesos gobernados por el oleaje, asi como para @bdigecualquier estruc-

tura costera u offshore. Alli donde la disposicion de bakedatos de largo plazo
no sea posible, la generacion de series de datos simuladoesenta como una
buena alternativa. En el Capitulo 3 se presenta una metgidgbara simular series
de estados de mar trivariados a escala horaria que searesagaenantener las
caracteristicas estadisticas de los datos historicos.

LA Metodologia

En la Figura9 se esquematiza la metodologia llevada a cabo. El procespletm
puede dividirse en tres pasos interconectados: i) sinarlade campos de pre-
siones diarias, ii) simulacion de condiciones mediasiaiaie oleaje v iii) simu-
lacion de estados de mar horarios condicionados a lasa@onds medias diarias
previamente simuladas.

Para el desarrollo de la metodologia propuesta es necelssponer de datos de
campos de presiones (SLP) y de oleaje. Los campos de presionel predictor
del oleaje en el punto objetivo, siendo este Gltimo el mtadido. Asimismo se
necesitan series temporales de las variables que van aradagas en la misma
localizacion.

El primer paso del proceso es la simulacion de los camposesgopes agre-
gados diariamente. Los campos de presiones medias didesspmpuestos en
componentes principales se simulan mediante una técaisartlacion multiva-
riada ([L2(]). Esta técnica permite tener en cuenta tanto la autdeciéen como
las correlaciones cruzadas entre variables, por eso esareck descomposicion
en componentes principales.

Los datos de oleaje se analizan con dos escalas temporsiiegadi. Por un
lado se agregan a una escala diaria para poderlos reladondos campos de
presiones simulados previamente, y por otro lado se sinmakescala horaria de
modo que no se pierde informacion.
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Figure 9: Esquema de la metodologia.

Por lo tanto, como segundo paso se simulan los datos agedat@mente.
Esta simulacion se lleva a cabo con el modelo logisticegaado en el Capitulo
2. Para ello, previamente el oleaje se clasifica segun@astimar representativos
mediante un algoritmo de clasificacion como es K-Mediasa gz el modelo se
ajusta, tomando como covariables explicativas las conmgesgrincipales de los
campos de presiones simulados en el paso anterior, esguesalizar simulaciones
de las condiciones medias diarias del oleaje.

Finalmente, como tercer paso del proceso se simulan lesblesique definen
el oleaje con una resolucion temporal horaria. Previo analscion se relacionan
las series horarias con los estados medios diarios ligtriCon esto se obtienen
distribuciones empiricas d€,, Ty # para cada tipo de condicion media diaria.
Usando dichas distribuciones empiricas se normalizamdaables. Con ello se
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posibilita la utilizacion de la misma técnica de simuacimultivariada usada en
el primer paso ([2(]). Esta técnica tiene en cuenta las autocorrelaciortentis
enH,, Ty 0y las correlaciones cruzadas entre ellas. Una vez simuladdees
variables, se desnormalizan teniendo en cuenta las seneladas de condiciones
medias diarias generadas en el paso 2.

[11.B Caso practico

En el capitulo 3 se explica detalladamente la metodologipuesta anteriormente
mediante su aplicacion a un caso practico. La localaradgl caso practico se sitla
en un punto frente al dique de Langosteira, en el puerto deocaffa. Para ello se
utilizan datos prodecentes de reanalisis tanto para tessie oleaje, ]9 y [136],
como para los campos de presioné&§).[

Simulacién de campos de presiones diarias

Los campos de presiones medios diarios, descompuestosgioientes prin-
cipales (14 componentes principales que representan @h83% de la varianza),
son simulados mediante la técnica de simulacion muitdarpropuesta pof.pd.
Para ello, se normalizan las componentes principales yqaata una de ellas se
ajusta un modelo de autoregresion y media movil, ARMAyanado. Se estudia la
posible correlacion cruzada existente entre los residangados de estos modelos,
tanto simultaneamente como con distintos desfases asteeties. Con las corre-
laciones existentes entre residuos se determina la ma&nadanza-covarianza,
G. A continuacion se generan residuos aleatorios, los sueds correlacionarlos
mediante la matriz+, son los que se introducen en la simulacién de cada una de
las componentes principales.

En la FiguralO se muestra la comparacion entre las distribuciones deaprob
lidad empiricas y simuladas para cada una de las compa@ireipales

Simulacion de condiciones medias diarias de oleaje

Para la simulacion de condiciones medias diarias de qleajseries histbricas
de H,, T'y 6 son promediadas a escala diaria y agrupadas en 16 grupoanteedi
K-medias (Figurall); con esto se obtiene la secuencia temporal de patrones de
oleaje medio diario. Esa secuencia temporal se modeliz&lomodelo logistico
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Figure 10: Distribuciones de probabilidad de cada PC: i) datos higiér(barras
grises) y ii) datos simulados (lineas negras).

explicado en el capitulo anterior y teniendo en cuenta coovariables las com-
ponentes principales histéricas de los campos de presioBe la Figural2 se
muestran las probabilidades de ocurrencia de los 16 grupotedje agregados a
un aflo medio, en la parte superior se presentan los datos¢es mientras que en
la parte inferior los ajustados con el modelo.

Una vez el modelo esta ajustado se pueden realizar simmoesde diferentes
secuencias de condiciones medias diarias de oleaje. Rasasgsiulaciones se
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Figure 11: Clasificacion de las condiciones medias diarias de oleg@diante K-
medias.
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Figure 12: Grafico de diagnostico del ajuste del modelo.

toman como covariables las componentes principales sitasiken el paso anterior.

Simulacion de estados de mar horarios condicionados a las condiciane
medias diarias

Finalmente, se simulan los estados de mar horarios condidgs al oleaje me-
dio diario. Se relacionan la serie temporal de condiciomesldaje diario con las
series horarias de las 3 variables. Con esto se obtieneistebutiones empiricas
de las tres variables para cada uno de los 16 grupos de comecimedias dia-
rias. Segln estas distribuciones empiricas se normakzatres variables y una
vez normalizadas se ajusta un ARMA para cada una de ellasstig®aa los re-
siduos, se correlacionan y se determina la matriz de varsacavarianzas;. A
continuacion, con residuos generados aleatoriamenteteparmente correlados
conG, se simulan series de las tres variables a través de los ARUAstados. Fi-
nalmente las variables simuladas se desnormalizan ten@nduenta la secuencia
simulada en el paso 2 de condiciones medias diarias de gléagedistribuciones
empiricas.

Las Figurasl3-15 representan la comparacion entre los resultados simalado
y las series historicas. En la Figut® se muestran las comparaciones entre las
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[ Historical —— Simulated

Figure 13: Distribuciones de probabilidad d&,, 7, y 0,, : i) datos historicos (barras
grises) y ii) datos simulados (lineas negras).

distribuciones de probabilidad, mientras que en la Figdrae comparan las dis-
tribuciones conjuntas. Finalmente, para comprobar seasssimuladas cumplen
la estacionalidad inherente en el oleaje, la Figlbanuestra cada una de las tres
variables agregada en un ailo. Como se puede ver en las tressfitps series
simuladas se corresponden con las series originales, loalicda la metodologia
propuesta.
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Figure 14: Comparacion entre las distribuciones conjuntas hisaéry simuladas.
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Figure 15: Comparacion entre la estacionalidad de las series tuaty simuladas.
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IV Metodologia para transferir variables meteo-océ@nicas
a parametros de dis@o de estructuras

El diseflo de cualquier obra maritima, costera u offshecgiiere del calculo de
las cargas a las que se supone va a estar sometida la obréediurasda til. El
disend clasico se hace basado en un estado de mar de,diseficin embargo la
combinacion simultanea de diferentes parametros ppiexkicir otras situaciones
criticas que pueden poner en riesgo la estabilidad de & &bs técnicas de mayor
resolucion, basadas en simulacion de escenarios mediamdelos numéricos o
modelado fisico son muy costosas y requieren mucho tiempo.

En los Capitulos 4 y 5 se presenta una metodologia hibodda que trans-
formar las series temporales de las variables meteo-mesaen series temporales
de los parametros de los que va a depender el disefio. Déoasta se pueden
obtener series temporales de los cargas y/o parametagsohdos con los modos
de fallo de la estructura. Se presentan dos casos de aphicaci dique vertical y
una turbina eolica.

IV.A Metodologia

La metodologia propuesta combina dos técnicas estafistonocidas. Primero
con ayuda de una algoritmo de clasificacion de maximardibgid (MDA), se
determinan los casos representativos de las variablesa d3arconjunto de ca-
SOS respresentativos se estiman las cargas, ya sea por cegidionulaciones se-
miempiricas, modelado numérico o modelado fisico. Y @dmo, mediante una
técnica de interpolacion basada en funciones radialBE)Rse obtienen las series
temporales de las cargas o parametros que hayan sido éstima

El algoritmo de clasificacion MDA, comparado con otros algoos existentes
como pueden ser K-Medias o mapas autoorganizativos (SGM) (mico capaz de
seleccionar casos que se encuentran en los contornos deie@spiltidimensional
de los datos. En la Figurk6 se muestra una comparacion entre las tres técnicas
mencionadas.

Por su parte, la interpolacion que se realiza tras la estimale los parametros
se lleva a cabo mediante RBF. Esta técnica consiste eniag@ogl valor de los
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Figure 16: Comparacion de los algoritmos K-medias (KMA), mapas auto—
organizativos (SOM) y maxima disimilitud (MDA).

parametros mediante una suma ponderada de funcionebreadia simétricas lo-
calizadas en los puntos de los cuales se dispone de datd@mjpios puntos en
los que se encuentran las RBF son los puntos que se han sektipreviamente
mediante el MDA.

IV.B Caso practico 1. Digue vertical.

En el capitulo 4 se presenta la metodologia explicadaianteente aplicada al caso
de un dique vertical. En el mismo se consideran estados deefiardos por su
altura de olafd,, periodo de picd), direccion media del oleajé,, y nivel medio
del mar,Z,,. Se utilizaron datos provenientes de las bases de rear{flizq) con
una cobertura temporal de 60 afos horarios.

En funcion de las variables mencionadas se estiman laagartps que esta
sometido el dique segln el método de Goda-TakahaSH, ([L57]) y la erosion
frente al mismo segUr8[].

Para poder validar los resultados obtenidos con la metg@opropuesta por un
lado se estimaron las cargas y la erosion solo de los estmlmar seleccionados
mediante MDA, y por otro se estimaron también para la senepieta. De esta
forma se pudo hacer una comparacion directa entre logadssl histéricos y los
obtenidos tras la interpolacion con RBF.

En la Figural7 se puede ver la evolucion del error cometido en la comp@maci
directa entre el percentil déb% de F}, y F, en funcion del nUmero de estados
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Figure 17: Evolucion del error del percentil deéb% de F}, y F;, variando el nUmero
de casos seleccionados.

seleccionados con MDAy con los que a posteriori se recoytsteuserie con RBF.

Finalmente, en la Figurh8 se muestra los resultados obtenidos de la compa-
racion de erosion calculada empiricamente para toderiea temporal y la erosion
estimada aplicando la metodologia propuesta, para 502000y 500 casos selec-
cionados con MDA.

IV.C Caso practico 2. Turbina edlica.

En el capitulo 5 se presenta una extension del caso qoéatiterior aplicando la
metodologia propuesta al caso de una turbina eblica. IBel@a las cargas en el
mastil de la turbina relacionadas con agentes ambientaés ello se consideran
las siguientes variables meteo-oceanicas: altura deigiifisante, H,, periodo
medio, 7;,,, direccion del oleajefy ... magnitud y direccion del vientd|_;,.,

Y Owing, Magnitud y direccion de las corrientes de matéa . Y Oriqa, Y Nivel
medio del marSW L. Los datos han sido extraidos de bases de datos de ré&analis
([19],[111],[6]) con una cobertura temporal de 20 afios y resolucion tzorar
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Figure 18: Erosion calculada empiricamente vs estimada segin fedolegia pro-
puesta con 50, 100, 200 y 500 casos seleccionados.

Para estimar las cargas sobre el mastil de la turbina ssadplnormativa IEC
61400-3 f1].

Al igual que en el caso practico anterior, se han estimaslacdagas paralela-
mente para toda la serie y s6lo a los casos seleccionaddsAly posteriormente
se interpola con RBF. Con esto es posible realizar una cauipar directa de los
resultados obtenidos con la metodologia.

En la Figural9 se muestra la comparacion de los resultados obtenidos para
el calculo deF, (componenteX) y F, (componentey’) por los dos métodos,
empiricamente y mediante el uso de la metodologia prépues

Con la disposicion de series temporales de las cargas sbimastil de la tur-
bina eolica es posible analizar los esfuerzos a los quesamwetida la misma desde
diferentes puntos de vista. En la Fig@@se representan las rosas probabilisticas
de los esfuerzos producidos por los diferentes agentes (@énto y corriente) en
comparacion con el esfuerzo total en todo el periodo dend8.aVlientras que en
la Figura21 se muestran los esfuerzos totales en tres aios consecutivo
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Figure 19: Scatter plot de las series temporales (calculada empieicte vs. recons-
truida con RBF) dd+, (componenteX) y F, (component&”) considerando 75, 200,

500y 1000 casos.
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Figure 20: Rosas probabilisticas de los diferentes esfuerzos @seatriba izquierda,
olas— centro arriba y corrientes—arriba derecha) y el tatsjo).
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Figure 21: Rosas probabilisticas del esfuerzo total, 1999 (izqa)erd000 (centro)
and 2001 (derecha).
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V Teécnica de simuladgdn conjunta del regimen medio
y extremal

En los capitulos anteriores, se han tomado las distrinesiempiricas como base
tanto para las simulaciones como para las interpolacidést® supone una limi-
tacion en los valores maximos que se pueden reproducipgastan costreiidos
a los maximos registrados historicamente. Ademas, rmpostamiento de los va-
lores extremos no es el mismo que el del regimen medio, Ibicymosibilita el
ajustar las distribuciones empiricas a distribucione®cmlas. Para solventar esta
limitacion, el capitulo 6 propone una técnica de simidlacon la que es posible
tener en cuenta simultaneamente tanto el régimen medio ebextremal, mante-
niendo la dependencia temporal del proceso estocastico.

V.A Relacion entre el regimen medio y el Egimen extremal. Re-
presentacbn grafica

En esta seccion se presenta una forma til de represemtgi@fica en la que se
muestran ambos regimenes simultaneamente.

Supongamos un proceso estocastico cuya frecuencia de ocurrencia sea
f = 1/T, (dondeT, es su frecuencia de muestreo: horario, 3 horario...) y su
distribucion de régimen medio €87 (z). Si simulamos muestras devalores
del proceso estaocastiéq y calculamos sus maximog,,,; se rige segun una dis-
tribucion 'V (x). El método para representar graficamente ambos regaséne
multaneamente se basa en re—escalar el régimen extfeanalello inicialmente se
calcula el periodo de retorno equivalente para el regimedion7 "7 = #PT@)
Con esto ya es posible representar graficamente el régineelin. Para repre-
sentar en la misma escala el régimen extremal se calcularsadp de retorno,
TEV = m y se re—escala teniendo en cuenta el tamafio de la muestra,
TEV = n . TPV, De esta forma ya se puede represefifaf frente ax.

La Figura22 muestra dos ejemplos de la representacion grafica prizpues
la parte superior se muestra un ejemplo en el que la varigbke corresponde
con una distribucion Normal(0,1), mientras que en la pafierior se corresponde

con una distribucibn Gammai 5, = 10). En ambos casos se simulan 1000
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afnos de datos horarios y se considera que el regimen exttest@ asociado a los
maximos anuales, por lo que= 8766. La linea gris oscura representa el régimen
medio (""", x) mientras que los puntos negros representan los maximmzsesn
Finalmente la linea gris clara represent&\(, 2 4%X).

V.B Simulacion simultanea del gimen medio y el Egimen ex-
tremal

Para poder realizar simulaciones que simultaneameng@artean cuenta ambos
regimenes y mantengan la autocorrelacion del procesoastico hay que reali-
zar diferentes pasos. Primero hay que determinar hastpunué se supone el
régimen medio y a partir de ahi se considera el regimeremd. Para ello se de-
termina el valor de: para el cual la distancia ent&’” y 7"V es minima. En la
grafica23se representa las PDFs y CDFs de ambos regimenes y contesrida
el umbral entre ambos.

s 1 n 2
Mlngnlze (1 — () —1_ FEV(x)) : (11)

Una vez se ha determinado el punto a partir del cual se usa oo tegimen,
hay que re—escalar los valores que estan por encima de ésaluEse re—escalado
se realiza considerando que la ditribucion extremalretd@ionada con el maximo
den elementos del regimen medio; y que hay una zona de solapalesalistri-
buciones (Fi23): los valores que alun pertenciendo al régimen extreratidngoor
debajo del umbral considerado se suponen pertenenciémézgraen medio. Por
tanto, la forma de re—escalar los valores pertenecienté&gmhen extremal es la

siguiente:
. FPT*1 (UPT) if UPT < pﬁg (.Z' < xlim) (12)
T FEV (uEV) if o« >plT (2> 2y),
dondeu”V, es la probabilidad re—escalada y es igual a:
u™ — iy
u™Y = pi, + 1_713%(1 — Diim)- (13)

lim

34



V Técnica de simuladbn conjunta del regimen medio y extremal

Standard Normal distributed stochastic process
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Figure 22: Representacion grafica del regimen medio y extremalisétjlalicion nor-
mal y b) distribucion gamma.
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Figure 23: Representacion grafica del proceso de simulacion.

Determinadas las transformaciones que hay que realizaspaular simultaneamente
ambos regimenes, falta tener en cuenta la autocorraldeigproceso. Para ello se
utilizara un modelo ARMA. Este modelo ARMA se ajusta a laesémporal del
proceso estocastico, de esta forma se tendra en cuenitosozelacion.

Por lo tanto, el proceso completo de simulacion puede s@aese en los si-
guientes puntos:

1. Utilizando el registro histérico se ajustan los regieemedio y extremal.
2. Se normaliza el registro historico.

3. Con el registro historico normalizado, se ajusta un nrBMA y se obtie-
nen los residuos. Estos residuos no estan correladossrsigna distribucion
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normal.

4. Se simulan errores independientes segin una normal die g varianza
la misma que se obtenga con los residuos historicos.

5. Con los residuos simulados y el ARMA ajustado, se hacerlalacion.

6. Los valores simulados hasta entonces estan normatizabdesnormalizar-
los se utiliza la transformacion explicadakh

V.C Caso Piractico. Andlisis de las condiciones ambientales para
el disdio de turbinas éblicas offshore.

En el capitulo 6 se, una vez se ha presentado la técnicaragasion conjunta
del regimen medio y extremal, se aflade un ejemplo de aicgractica. Di-
cho ejemplo es el analisis de las condiciones ambientale$ @isefio de turbinas
eolicas offshore, en concreto la determinacion de losorons H, — V' para un
periodo de retorno de 50 afoH (Altura de ola significante y-Velocidad del
viento a 10 m sobre el nivel del mar). Los datos han sido eldeade bases de
datos de reaalisis con una cobertura temporal de 60 afiagd®

Una vez clasificadas las alturas de ola segln el valor dddaidad del viento
asociada, se ajustan las distribuciones resultantes. Hgusa24 se muestran los
histogramas y las funciones de densidad ajustadas paraicadte los 27 grupos
en los que se han dividido ambas variables. En la misma figuraugstran también
los ajustes en la cola de cada una de las distribuciones gudase han dividido
los datos originales.

Una vez se ha aplicado la técnica de simulacion conjuntagrabos regimenes
se pueden obtener las envolventegfle- V' para un periodo de retorno de 50 afios.
Para poder aplicar dicha técnica es preciso transfornsavdeaables al espacio
normal mediante la transformacion de Rosenblatt, de raanes se conviertan en
variables independientes. El resultado de la aplicacédidha técnica asicomo
las envolventes resultantes se muestran en la FRfura
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Figure 24: Histogramas y funciones de densidad ajustadad deondicionada &’.
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Figure 25: Envolventes de periodo de retorno 50 afios.
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VI Conclusiones

VI.A Resumen de Aportaciones

En este apartado se hace un resumen de las contribucioneayde ralevancia
presentadas en esta tesis:

1. Se ha presentado un modelo logistico autorregresiveekonal es posible
modelizar las condiciones atmosféricas en téerminos ttemas sindpticos de
circulacion. El caracter nominal del modelo permite tearecuenta procesos
autoregresivos asi como otras covariables para teneresriacprocesos de
distinta naturaleza, como son la estacionalidad, la véidald interanual y
las tendencias de largo plazo.

2. Se hadesarrollado una metodologia para la simulag@@&sthdos de mar ho-
rarios trivariados. Para ello se ha hecho uso del modelstiogpresentado
previamente y de una técnica de simulacion multivariadgstente en la lite-
ratura. Esta metodologia tiene en cuenta procesos demliéematuraleza con
distintas escalas temporales y espaciales y permite gesggias temporales
de largo periodo de estados de mar horarios.

3. Se ha mostrado la posibilidad de utilizacion de un mgtdtrido que com-
bina dos algoritmos estadisticos para estimar los paramde calculo en
el disefio de estructuras costeras reduciendo el tiemppuwtacional. Este
método se ha aplicado a dos tipologias distintas de ¢stasc

4. Por (ltimo se ha desarrollado una metodologia de stitwleque permite
utilizar los regimenes medio y extremal de una variable.eBta forma se
facilitan los disefios de aquellas estructuras en las gbesinegimenes son
de interés.

VI.B Conclusiones

Tras revisar las aportaciones hechas dentro del trabajeesigse llega a las si-
guientes conclusiones:
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1. Una correcta simulacion de las variables implicadad disefo de estructu-
ras maritimas requiere del conocimiento de los procesos fofzamientos
del oleaje al que va a estar sometida la misma. Es por eso cestudio del
clima maritimo conlleva el estudio de las condiciones afiéricas asociadas
al mismo, es decir, conocer el comportamiento de los vigntas presiones
en la zona de influencia del punto de estudio.

2. Ademas de tener en cuenta la escala espacial del prazes®gcesario el
conocimiento y la inclusion de las diferentes escalas teales de las cuales
depende el oleaje. Es obvio que el oleaje es un proceso ealatl@stado
actual depende de estados previos (proceso autoregresivembargo hay
otras variaciones de mayor periodo que también han derddateen cuenta
como son la estacionalidad, la variabilidad interanualsoténdencias de
largo plazo.

3. El uso de técnicas estadisiticas permite una gestiémeficiente de bases
de datos de largo periodo, de forma que su tratamiento y ilmasbn de
parametros a partir de ellas sea mas manejable y eficaz pEsnitiria una
seleccibn objetiva en los casos a modelar numéricamesridaboratorio de
forma que luego los resultados obtenidos se puedan exdrapara el resto
de estados de mar de la base de datos.

4. Ladisposicion de bases de datos de largo periodo has#riga simulacion
tomando como referencia las distribuciones empiricagsl@driables. Sin
embargo para una correcta caracterizacion del regimeeansal es necesa-
ria una correcta modelizacion de los eventos extremos aderaajue en la
simulacion los eventos extremos no estén limitados atreghistorico de la
base de datos.

Sobre el modelo logstico autorregresivo

e El modelo permite tener en cuenta estados previos del sistem

e La naturaleza nominal del modelo realza el sentido fisiedad clasifica-
ciones de tipos de tiempo.
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e Es posible considerar simultaneamente la influencia dar@bles de dis-
tinta naturaleza.

e Los patrones atmosfericos sindpticos estan definidadiante una clasifi-
cacion realizada con K-medias, una técnica apropiada lpattefinicion de
tipos de tiempo.

Sobre la metodoloda para generar estados de mar trivariados

La combinacion de diferentes técnicas estadisticas pasible la conside-
racion de diferentes escalas de tiempo y espacio.

El procedimiento desarrollado permite reproducir estalgamar trivariados,
considerando la correlacion entre las variables.

Las series temporales horarias simuladas estan condaasra las condi-
ciones medias dominantes, facilitando la relacion eststentre el oleaje en
un punto y las condiciones atmosféricas reinantes.

Las condiciones medias se clasifican mediante K-mediasa tEshica de
clasificacibn genera grupos con similares caractegstntre ellos, lo cual
resulta conveniente a la hora de definir patrones sinéptico

Sobre el procedimiento para transferir estados de mar en paametros de
diseéio

e La gestibn de series temporales multivariadas de largmg®rse puede

realizar de una forma eficiente mediante el uso combinadé@atgchs es-
tadisticas.

e Con el algoritmo MDA es posible seleccionar estados de npaesentativos.

A diferencia de otras técnicas de clusterizacion estmdaogincluye en los
estados seleccionados estados extremos.

e La posterior interpolacion mediante RBF posibilita la ge&cion de series

de largo periodo de parametros de disefo de estructunasmass.
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e Para la estimacion de los parametros de disefio se hareadopformula-
ciones semiempiricas, pero la metodologia es de singlae&ion en el caso
de utilizar modelos numéricos o modelado fisico.

Sobre la tcnica de simuladbn simultanea para regmenes medio y extre-
mal

e Se ha presentado una nueva forma de representacion graédacilita el
entendimiento de la relacion entre ambas distribuciones.

e El método de simulacion propuesto tiene en cuenta same#timente ambos
regimenes y mantiene la dependencia temporal de los mismos

e Al simular ambos regimenes a la vez se evita la decisioresmie régimen
es necesario para cada aplicacion.

VI.C Futuras Lineas de Investigad@n

Una vez se ha planteado el trabajo y las aportaciones delanjsse han expuesto
las conlusiones a las que se ha llegado tras su realizag@antean las siguientes
lineas para futuras investigaciones.

Respecto al desarrollo de modelos logisticos con los gabzan las condi-
ciones atmosféricas u oceanicas:

e Determinacion del niUmero 6ptimo de patrones sinoptman los que des-
cribir los procesos atmosféricos y/o las dinamicas naatirEn la literatura
existen discrepancias entre autores en relacion conneéraioptimo de ti-
pos de tiempo a tener en cuenta. Hay que profundizar solaeesst para
establecer un criterio objetivo con el que determinar el@io de patrones a
considerar.

e Comparacion entre los diferentes escenarios de camhidtitio. Mediante
el uso del modelo logistico se pueden simular los difereateenarios de
cambio climatico propuestos y asi comparar las tendsmgia se obtengan.

En relacion con la simulacion de estados de mar basadp@nde tiempo:
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e Lainclusion de regimenes extremales en la técnica delagidn propuesta.
Todo el trabajo mostrado en relacion a la simulacion waliada se ha hecho
con base en las distribuciones empiricas obtenidas ded@gnos historicos.
Es por ello que el siguiente paso es la inclusion en la mégdola posi-
bilidad de simular eventos extremos. Esta extension a tadotgia actual
no es trivial, ya que requiere un estudio detallado de togds entre ambos
regimenes y un analisis de las correlaciones existentes ks diferentes
variables.

e Habilitar la metodologia para afladir mas variables.ddejendo de la estruc-
tura a diseiar o el proceso costero a aestudiar, puedecesan® el disponer
de unas u otras variables. Para conseguir adaptar el mé&ttwkd es preciso
analizar las correlaciones entre variables y la propiacautelacion que pre-
senten las variables. Ademas, la adicion de otras cdasaue expliquen
los procesos a parte de las tendencias, la variabilidachimiel o la estacio-
nalidad pueden ser necesarias.

e Generalizacion del método propuesto. Previo a las madifimes menciona-
das seria necesario una generalizacion de la técnidgendiasion propuesta.
Su aplicabilidad en diferentes localizaciones donde losgsos involucra-
dos sean diferentes tiene que ser probada.

e Simulacion de eventos extremos basada en patrones ica®aEn la litera-
tura existen métodos con los que generar series sirga@tea&ventos extre-
mos ([75]) que también distinguen entre ambos regimenes. Sdgeesante
en el ambito del disefio maritimo el ser capaces de comégae técnicas de
simulacion con los métodos basados en patrones de @i@nlpropuestos
en esta tesis. De esta forma, la influencia de diferenteshlas con distintas
escalas temporales y espaciales podrian ser tenidasmiacue

En relacion a la transferencia de estados de mar a padsmdisefio:

e Aplicacion de la combinacion MDA-RBF al disefio de ensayle labo-
ratorio. La metodologia propuesta ha sido aplicada a ftaomnes semi
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empiricas, pero su aplicacion a la hora de crear planesashye en labora-
torio seria de gran utilidad. Para realizarlo, habria ipadizar un analisis
con el que se pueda determinar el nUmero minimo de ensagatizar en el
laboratorio y la repetitibilidad alcanzable en el mismo.

e Determinacion de las debilidades del proceso. Es necasaa mayor pro-
fundizacion para determinar qué parte de la metodologideva una mayor
incertidumbre asociada: el nUmero de casos extridos| @bg@itmo MDA
o la técnica de interpolacion. Una vez se haya determigaéagparte es la
mas débil del proceso se podria estimar la incertiduraboeiada a un cierto
namero de casos.

En el area de la simulacion simultanea de los regimemremy extremal:

e Inclusion del extremal index. La inclusion de un indieetdansicion entre
ambos regimenes debe ser estudiada con mayor detalle. nigtdalologia
propuesta aqui no se ha considerado este hecho, de fornia maesicion
entre ambos regimenes puede producir resultados no gsqmsa periodos
de retorno bajos.
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CHAPTER

Introduction

1 Introduction

Wave climate characterization is vital to understand wanreen coastal processes
and to design coastal and offshore structures. In eachmwese or extreme condi-
tions, or even both may be needed. The availability of datanfwhich to start the
design process is therefore essential.

Existent wave climate databases can be divided into foegoaies: instrumen-
tal records (buoys), satellite data, visual data and timesgenerated by nume-
rical models (reanalysis). Each presents advantages aadwdintages. Buoy re-
cords, despite being high quality data and being able tadedifferent variables,
are local measurements, and their density is limited and pnaye insufficient.
Visual observations are inevitably conditioned by the satyity of the observer,
and the zones where data of this kind are available are a¢estrio the main ma-
ritime waterways. On the other hand, in recent decades narilites have been
developed which are able to provide wave data with a highamnsity, but have
a temporal density which is restricted by the frequency efdthitellite overpass. Fi-
nally, thanks to advances in computational fields and imgmgents in calculation
times, numerical models have been developed which are @agkenterate historical
met-ocean time series. These are known as reanalysis dasatahindcast. These
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data are very useful because of their high spatial denstytfair continuity over
time. However, before they can be used they need to be ced.etd correct them,
the other kinds of data (buoys, satellite) become crucial.

Depending on the study or design to be developed, one typatafot another,
or combinations, may be used. Moreover, the different temlpgrales must be
taken into account to properly characterize the wave cematith reference to
these temporal scales, studies may be classified into fpesty

1. Short term Studies requiring forecasts of 3 days or less.

2. Middle term Designs for which an analysis of the wave climate for pesiod
of up to 6 months is needed.

3. Long term Infrastructures for which the design requires the useg kerm
historic data £20 years)

4. Very long term Studies that require considering wave climate projestion
under different climate change scenarios.

Even when wave data in the study area is available, oftennits turation
is inadequate. In these cases, simulation techniques magdzeto allow for a
probabilistic—design. For applications using these desigthods, wave climates
must be accurately generated using synthetic methods hievathis, the different
temporal and spatial scales involved must be taken intowstcé-or the temporal
scales, the autoregressive nature of the wave climate,asiith seasonality must
be considered. As regards the spatial scales, the desigedbtbe aware of the
structure’s location as well as the atmospheric and ocganoicesses which are
characteristic of the area. Because of this, in wave clirsiatgies special attention
is usually paid to atmospheric conditions, since they ageptincipal determinant
of the wave generating force.

There are different reliability measurements and methedd to estimate these
atmospheric forces. The next section examines the diffesdiability measure-
ments existent, and the basic concepts associated with éattowing the me-
thods, the various levels of design applied to maritimecstmes are explained.
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2 Structural reliability measurements

The design of any structure must be done so as to ensure tfiaq ita service life
predeterminedimit statesare not exceeded. By service life is meant the period of
time during which the structure must maintain acceptalietgaunctionality and
aspect conditions without requiring any rehabilitatioregiion. The limit state
refers to the threshold above which the structure is not tbéecomplish any of
the functions for which it was designed.(J6]). Limit states can be classified into:

1. Operational stopAny interruption of normal use resulting from atmospheric
agents.

2. Servicelnterruption of normal use due to deformations, vibrationsuper-
ficial damages.

3. Damage.Shutdown which requires important repairs to prevent thiagse
of the structure.

4. Ultimate. Partial or total collapse of the structure

Regarding the reliability measurement, the design can éssified into three
different types:

1. Deterministic design.
2. Partially probabilistic design.

3. Probabilistic design.

2.1 Deterministic design

Deterministic design belongs to classical methods, baseshfety factors that im-
plicitly consider variable randomness.

e Global safety factor

This consists of dividing the-dimensional space of the involved variables
into two areas. This division corresponds to a specifiedtlstate. In the
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X, (Loads S)

C
g(xy, xp)=1
//
FAILURE REGION
g(x1, xz)<1
SAFE REGION
g(xy, xp)>1
X
C (Resistance R)

Figure 1.1: Scheme showing the safe and failure regions and the linté stguation
for a bidimensional example.

safe region, project conditions are achieved, while in thieife region the
structure no longer ensures the functions for which it wasghed.

In Figurel.1the red line shows the locus where the safe region equals the
failure region. In order to increase the safe region, a gdéetor is applied,

as in Figurel.2 Let us consider the safe regiongis= {g(x1,x2) > 1} and

the failure region a$’ = {g(x1, z2) < 1}, andhg(x1, z2) andhp(xy, z2) as

the magnitudes that correspond to safety and failure réspic Thus, the

red line would be the one that ensuigs, z2) = 1. To guarantee that the
limit state is not surpassed a safety factor is added:

hR(iﬂl,xQ)

—F>0 1.1
hg(xq, x2) 1)

9" (x1,22) =

The addition of a safety factadr, results in a displacement of the curve that
divides both regions, thereby gaining an extra region cétyaf
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X, (Loads S)

g(xy, xp)=1

N\

ADDED SAFE REGION

FAILURE REGION ncreasing

danger

SAFE REGION

g(X 1 XZ):F

X,
(Resistance R)

<

C N Increasing danger

Figure 1.2: Increase of the safety region by adding a safety factor.

e Partial safety factor

Partial safety factors arise from the evolution of the gldadety factor. Ba-
sed on the estimation of different safety factors applieablthe load and/or
elements that conform the structure, these coefficientdiaieed into reduc-
tion factors for the resistances, and magnification fadtmrthe loads.

The application of safety factors (globally or partiallyfided) in structure de-
sign can be seen as a first approach in structural reliabgiiynation. Nevertheless,
its application involves uncertainties because the faaetermination may not be
unique, and the representative values of the random vasgabay vary.

2.2 Partially probabilistic design

In order to reduce the temporal uncertainties related tamtueirrence of natural
phenomena, the concept ofeturn periodis utilized. The return period of a pro-
cess is the mean time between two statistically indeperssntential events.
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T = E(X) (1.2)

where E(X) stands for the expected value &f The definition of the return
period depends on the events distributions. If it is assuthatthe time between
events,X, is a random variable with a geometric distribution, thelyadaility of the
time between two events will be:

PIX =z]=p(1-p)=Yr=12,.. (1.3)

So, the expected value &f, and consequently the return period, is:

[ee) - p 1
EX]=) aop—pV=_ = = (1.4)
X = 2 =" = e
From equatiori.4 it follows that the return period is the inverse of the event
occurrence probability in the period of time defined. Using teturn period when

designing structures is valid as long as it is considered tha

e The return period definition depends on the time scale used.

e The possibility of more than one event within the same pevittime is not
taken into account. Thus, this approach is only viable wihenoiccurrence
probability of the events is very low in the period of time defil.

2.3 Probabillistic design

The methods explained previously are very useful tools fiarctural design, but
they are not able to take into account that even for a defineddgef time, the
variables present uncertainties. The uncertainty relatede resistanc& and to
every loadS, may be represented by their density functighsand fs. Both loads
and resistances can vary over time due to for example, rabtgoiling. This
implies an increase in density function widths (Figirg). Even so, in most of the
cases, loads and resistances are considered to remaiamomsr time.
Considering the density functions of the uncertaintiestesl to resistances
fr(r), and loadsfs(s), constant in time, allows the determination of the joint-den
sity function frs(r, s). If both variables are independent, the joint distributi®n
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t (time)

A
fr(rft=ta) - fs(s|t=ty)

\
! \
! \
! \
! !
v
'

ta

to L, s

Figure 1.3: Reliability varying with time.

the product of the marginals, i.¢rs(r, s) = fr(r)fs(s). In Figurel.4all these
concepts are shown. Failure probability can be then defiged a

pr = /D/fRS(r, s)drds = /_Z /_; frs(r, s)drsr. (1.5)

Taking into account that the joint distribution is the protlaf the marginals,
equationl.5can be reformulated as:

pi= [ [anstrsaras= [ ([ fayir) sstsris. @)

In equationl.6, the integration offz(r) between—oco ands, is the density
function particularized for = s, thus:

pf = /_00 Fr(s)fs(s)ds. (1.7)

oo

Equationl.7is known as the convolution integratiof; represents the proba-
bility of R < s, while fs(s) represents the probability 6f = s. If it is desired,p
can be expressed in terms of the resistance:
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SAFE
REGION
g"(r, s)>0

"
L2 st [T X
o, S{ FAILURE

REGION
g (. 9)<0

(resistance)

Figure 1.4: Graphical representation of the joint distributigips(r, s), marginals
fr(r) andfs(s) and failure region.

Py = / "1 Fs(r)fa(r)dr (1.8)

In Figure 1.5those concepts already mathematically expressed are sHown
1.5a), R and S marginal distributions are plotted. th5b) and (d), the failure
probability, expressed as function $fand R, respectively, is represented; while in
1.5(c) the graphical interpretation of the failure probalgilg shown.

Nevertheless, in most of the structural design cases ittipossible to reduce
the problem to only two variable® andS. Because of thisk and.S must be re-
placed byhg(xy, xs, ..., z,) @andhg(zy, xo, ..., ,,) respectively. This way the joint
density function is given by:

FX) = fxy x...x, (1, Ty oy 3 O), (1.9)

where® is a parametric vector defining variable distributions. Mthat, failure
probability may be obtained with:
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(resistance)

p¢-> Failure
Probability

N

r,s

(©)

Figure 1.5: Graphical representation of marginal density distrimgigz(r) and
fs(s), distribution and probability of failure.

fpf(@):/ Ix1 X, (X1, oy ooy T3 ©)dxydxy.. dxy,  (1.10)
g* (z1,22,...,2n)<0

.....

with ¢* (x4, zo, ..., ,,) being the equation that defines the limit state.

In this way, a conditional probability is obtained; beingunptual estimation
of the failure probability for a determined value ®f But this can be generalized

if the expected value of the failure probability is consate([40]):

ps(©) = Elp;(0)] = /@ p1(0)£2(0)d6, (1.11)

with £[-] being the expected value arfd(©) the joint density function o0®.
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3 Methods of reliability estimation

In the maritime structure design field in Spain, the R.O.Med&nendaciones de
Obras Martimas) of Puertos del Estadd3f]) provides a catalogue of rules, regu-
lations and technical criteria to be applied to the four pkasto which the service
life of infrastructures can be divided:

1. Planning and design.
2. Construction.
3. Operating and maintenance.

4. Recycling and dismantling.

The R.O.M. is divided into different sections, with tROM 0.0, Procedimiento
general y bases de calculo en el proyecto de obras masitmpartuariasbeing
the one that specifically refers to the different verificatemd design methods to
be applied in the maritime structure field. In this documeeliability methods
are divided into Level I, Level Il and Level Il methods. Bysifapplication, a
design that ensures safety, service and operation ovetrtigge’s lifetime can
be formulated.

3.1 Level |

Level | methods are those based on safety factors estimakiogre are two main
branches within these methods: methods based on glob&} §atéors, and those
based on partial safety factors for all the involved vaeabl With the first set,
a minimum safety factor that the infrastructure has to emswer its lifetime is
estimated. This coefficient is obtained from the main falomodes and lifetime of
the structure, and from the limit states, ultimate and serviOn the other hand,
methods based on the estimation of partial safety fact@@ggdregate the safety
factor into several partial factors. Each of them is obtditteough the quantiles
of the different involved variables. To these obtained gaJilsome corrections of
weighting and compatibility are applied.
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Level | methods represent an easy and traditional appraestinuctural design.
They are very useful and easily applied methods, but theyatr@ble to inform
about the possibility of not satisfying the requirements.

3.2 Level Il

Level Il and Il methods are based on the failure probab#igyimation,p;. The
analytical solution ofp, where all the involved variables are taken into account,
can be expressed as:

Df :/ fx1,X0, ooy Xn (21, o, ..., Ty ) dx1dXs. . dXy, (1.12)
g(z1,x2,...,7,)<0

Usually, the achievement of an analytical solution of thiggration is not pos-
sible. There are different approaches to estimate thaéggrobability. In the case
where the involved variables are not correlated it is pdsgib estimate the two
first moments of the joint distribution and proceed with thenthe design §4],
[103, [144], [8], [33], etc.). But, in the case of correlated variables, they rficstt
be transformed into independent variables.

3.2.1 FOSM. First Order Second Moment

Level Il methods are also known as FOSM (First Order Seconchdtd) methods.
FOSM methods simplify the ultimate limit state equation &traight line, and the
point on this line for which the distance is the minimum dist@will be the design
point (Figurel.6).

The distance? in Figurel.6represents the reliability index proposed by Haso-
fer and Lind as a constant measurement, to determine whbtheystem is safe or
not. This index can be estimated by:

£ = Minimum \/(X —px)To (x — py)T (1.13)

subject togx (x) = 0
Unlike Level | methods, there is no weighting or correctiorbe applied to the
parameters obtained using Level Il and Il methods.
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X2
gx(x)=0

Linear Approximation

FAILURE REGION gL(x)=0

SAFE REGION
Design point

Joint distribution
contours

/ fx(x)

My, X]

My,

Figure 1.6: Limit state surface graphical representatiGg (X) = 0 and its linear
approximation for a 2-D case.

3.2.2 Hasofer-Lind transformation

Among FOSM methods, Hasofer and Lind4]) proposed a transformation of the
multivariate standard variables into independent norragbblesN (0,1). In the
case of having independent variables this transformasicimple:
Zo= NNy, (1.14)
ox,

ix, andox, each being thé variable’s mean and variance respectively. But, in the
case of the variables being correlated an orthogonal wamsttion is required to
obtain random normal variables

Orthogonal transformation for random normal variables.

Let X = (X1, Xs,..., X,,) be a vector containing the random correlated va-
riables involved in the system, and its mean and variangar@nce values be

Hx = E(X) = (E(Xl)>E(X2)> - ?E(Xn)) = (ILLXI’ILLX27 s a,an)>
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and
ox =cov(X;, X;) = ox(i,7)
If the variables are independent, the variance-covariamegix is strictly dia-
gonal.
The purpose of this transformation is the obtention of adrheindependent
vectorU, and a transformation matri® which satisfies:

U = BX (1.15)

The transformation must be orthogonal to keep constantitante between
both spaceX andZ. Vector U will not be correlated if the variance-covariance
transformed matrix; is diagonal.

oy = cov(U,U") =cov(BX,X'BT) = (1.16)
= BcovX,X")B' =Boy B” (1.17)

The variance-covariance being a symmetric definite p@sitatrix, it can be de-
composed by Cholesky decomposition:

oy = LL” (1.18)

whereL is a lower triangular matrix such that its’ inverBe= L~! will also be
lower triangular and easy to achieve. So:

BoxB"=(BL)(L"B") =1 (1.19)

wherel is the identity matrix.
Substitutingl.19in 1.17results in:

Finally, variablesU ~ N(u,I) are transformed int@ ~ N(0,1I,). To do
this:

Z—py
I
This final expressiof.21allows changing from space to Z.

7 —

— B(X - py) (1.21)
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3.3 Level I

Finally, Level Ill methods are those that try to solve equati.12 by integration
techniques (analytically or numerically), or by using slation techniques. Only
in a few cases does an analytical solution exist, so nornsattylation techniques
are used. Level lll methods based on the estimation of theéaiegion can be split
into FORM (First Order Reliability Methods), and SORM (Seddrder Reliabi-
lity Methods). On the other hand, Level Ill methods that d¢singf the synthetic
generation of involved variables are generally based onlsition techniques such
as Monte Carlo ([17).

3.3.1 FORM. First Order Reliability Methods

While FOSM estimates the failure probability considerimgp tfirst moments of
the random variables, FORM methods are a linear approxamati the problem
taking into account the actual distributions of the varasbl These methods were
firstly proposed by Freudenth&4] in the field of structural reliability and then
developed by 714], [134, [79], [42], etc. The process undertaken is similar to
FOSM methods, the main difference is related to the transtion applied to the
random variables to transfer them to the multivariate nbspace.

A random variableX can be transformed into a normally distributed variable
Z by:

Fx(z) = ®(z) or z =& *(Fx(z)) (1.22)

whereF'x (x) is the distribution function ok, and® is the distribution function of
the normal variableZ ~ N(0,1)..

When the variables are not independent, the Rosenblagftramation ([L40)
may be used.

3.3.2 Rosenblatt transformation.

With X representing random variables with an unknown distrilmytibey can be
transformed into independent uniform variabléd), 1) by:
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Uy = Fl(l"l)
Uy = FQ($2|I‘1) (1 23)
Uy = Fn(xn‘xlax%”‘axn—l)a

Then, these uniform variables can be transformed into nibymistributed va-
riablesZ by:

zZ1 = (b_l (Fl(.fﬂl))
Z9 = d 1

(1.24)
2n = O (F(wp|ry,mo, .. 20 )) .

where F (x1), Fy(za|z1), ..., Fu(x,|T, 22, ..., x,—1) are the marginal distribu-
tion functions ofX; and the conditional variables, respectively.

Once the variables have been transformed to normally bliged ones, it is
necessary to transform the state limit equation figaix) to gz(z). In order to
do this, the jacobia of the transformation has to be estimated. When the joint
density function of the variables is not available, the sfarmation proposed by
([123) can be used.

3.3.3 SORM. Second Order Reliability Methods

There are cases where it is not feasible to approximate #te Bmit equation
to a straight line. This occurs when the state limit equatsoa sharp curve, or
when this curve is not so sharp in the original space but igpshahe transformed
space. When this occurs, the problem can be solved by usiRl/S§Second Order
Reliability Methods). Among these methods can be listecfigroaches proposed
by [15], [26], [27], [29], [ 73], [159, [41], [94], [129, etc.

These second order methods are based on an approximatibe sfate limit
equations by parabolic or spheric approximations in theosundings of the maxi-
mum verisimilitude design point. The results obtained sthmethods are very
accurate and can be more efficient than Monte Carlo simul&ichniques at esti-
mating extreme percentiles.
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3.3.4 Simulation techniques

Failure probability estimatioril(12) through simulation techniques belongs to Le-
vel Il methods. These techniques are based on the syntjestieration of a high
number of vectors containing the involved variables<(%, z5, Z,,), and in a later
check to determine whether or not the limit state is exceedddall of them. In
this way the failure probability can be estimated as:

n(g(X) < 0)

This procedure is known as Monte Carlo. There are many vamiaf it which
may be used to improve the results and/or adapt them to speaidies. Two
examples of these variations are a weighted simulation asiceational simula-
tion.

The first example is a modification of Monte Carlo proposed Hi},[[147],
[1417], [167] or [6Q]. It provides efficiently and simultaneously an estimatafn
the failure probability and the error. Moreover, it is abbedeal with limit state
functions which are non—differentiable. On the other hathigctional simulation
is an adaption to polar coordinates proposed4sy, [49] or [44].

In order to apply these simulation techniques to structaiability problems
it is necessary to identify the variables involved and to blke & systematically
generate random vectors from them.

4 Objectives

The general objective of this thesis is the generation oftstit time series to be
applied in the design of maritime structures. This designld/de set within the
Level Il methods. For a correct simulation of met-oceanalaes it is necessary to
understand their behaviour and variability. Moreover, figient treatment of long
term multivariate time series requires the use of diffestatistical techniques.
This general objective can be divided into two partial obyes which are:

1. To be able to generate synthetic multivariate time sefiélse variables that
mainly define wave climate and atmospheric conditions. Tthd different
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techniques are explored, allowing for the consideratiodiféérent temporal
and spatial scales.

2. To transform the simulated time series of met-ocean bkasanto time series
of the parameters, on which the main failure modes of thetras depend.

The achievement of the proposed objective requires a dgdprakon and de-
velopment of different techniques and algorithms, andutssquent validation.

5 Methodology

The general methodology to generate synthetic time saribs applied to mari-
time structure design is depicted in Figurg. Taking into account the historical
data of wave climate and atmospheric pressure fields, a tangder of lifetimes
are simulated. This simulation involves some steps in dadeonsider the different
temporal and spatial scales involved. The availabilityyofteetic time series en-
ables its transference to the structure in terms of the petemirelated to its failure
mode (loads, momentums, scour,...). This transferencene by a clusterization
and a later interpolation to reconstruct time series oféhmemameters. The availa-
bility of these long term series enables a structural intygnalysis of the element
or the estimation of the loads return periods. In Figuighe scope of each partial
objective previously defined in order to achieve the genagctive is depicted.

5.1 Simulation

The achievement of the proposed methodology requires thefudifferent tech-
niques and algorithms. To properly simulate multivariaga states it is necessary
to know the associated atmospheric conditions, as theytiaatiesthe main force
which generates waves. Moreover, it is necessary to incdedsonality and the
autoregressive character inherent to waves and atmospuerilitions. For these
reasons the simulation is undertaken in three steps, s¢hzechin Figurel.8

1. Simulation of the atmospheric pressure fields. In this thayspatial scale of
influence in the wave climate is taken into account.
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Figure 1.7: Diagram of the methodology.
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Figure 1.8: Diagram of the simulation process.

2. Simulation of mean sea conditions at the structure lonatin this step the
spatial scale is reduced to match that of the actual locatidime structure.

3. Simulation of hourly sea states at the structure locatibnis third step is
made to preserve the initial temporal resolution.

5.2 Transference

Alternatively, once the synthetic time series at the stgctocation are available,
loads and other parameters can be estimated. The parantebs®stimated are
those on which the principal failure modes depend. This geeds undertaken

using the following steps:
1. Sea state clusterization in a certain number of reprateafpatterns.

2. Loads/scour,... produced by the representative casesamated. This esti-
mation can be made by using semi—empirical formulation,enical models
or even physical models.

3. Reconstruction of the loads/scour,... time series bgguan interpolation
technique.

The stated methodology is developed considering the ecapdistributions of
the variables. This may be a limitation because this way doetake into account
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the different behaviours of mean and extreme values. Marmdive simulation is
constrained to the historical events recorded. Regardiegetissues, a univariate
technique to solve them has been developed. This techriguéda to consider both
regimes simultaneously, reproducing both the extremetssr mean conditions
accurately. Moreover, the upper tail is adjusted to an ex¢renodel, allowing for
the simulation of events not constrained to the historicaxima.

In this thesis work, each of the steps outlined in the propoasethodology will
be explained in detail, allowing the achievement of the fdated objectives.

6 Organization of the Thesis

The Thesis is composed of 7 chapters where the previougldstdjectives are
deeply explored. The main body of this document, Chaptess €ach correspond
to one paper that has been already published or is underdewaton for accep-
tance. Each paper has only been changed in terms of formatajat & to the
present document.

The papers follows the same outline of the previous secti@mapters 2 and
3 solve the problem of multivariate simulation of met-oceanables. In order to
achieve this a logistic model has been developed to dealagignegated multiva-
riate systems (Chapter 2). Then, based on the developed odieombining it
with another technique existent in the literaturg2(f]) a Monte Carlo simulation
method applied to trivariate sea states is developed (En8jpt This method takes
into account the influence of the atmospheric conditionapddrs 4 and 5 presenta
hybrid model to estimate design parameters from met-oéeengeries efficiently
and saving computational effort. This model is applied to thifferent kinds of
structures: a vertical breakwater (Chapter 4) and an oféstvind turbine (Chap-
ter 5). Finally, Chapter 6 explores the possibility of deglsimultaneously with
extreme and mean regimes. In Chapter 7 a summary of the cioietuobtained
from the work is given and some future research topics aneqsed.

Chapter 2. Autoregressive logistic regression applied to atmosphgrcula-
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tion patterns.

Based on the atmospheric pressure fields, a logistic modshtolate circu-
lation patterns is developed. In order to do this, pressetdgiare classified into
synoptic patterns by a clusterization technique, suchrag&ns. This model allows
the use of nominal variables (in this case, the pressuresfigleliously classified)
and the inclusion of previous states (autoregressive etaWarkov Chain), sea-

sonality, trends, and other covariates of influence in tioegss.
Chapter 3. Climate-based Monte Carlo simulation of trivariate seéesta

Combining the autoregressive model explained in Chaptedzaaechnique of
multivariate simulation proposed b$2Q, this chapter develops a methodology to
simulate hourly trivariate sea states. This method can\bdeti into three steps: i)
simulation of the pressure fields, ii) simulation of the meaa conditions and iii)
simulation of the hourly sea states. The process underekailes the considera-
tion of different temporal and spatial scales.

Chapter 4. A simplified method to downscale wave dynamics on vertical
breakwaters.

By means of the application of a hybrid method wave climaitegtseries
are transformed into loads and scour time series in front\adracal breakwater.
This hybrid method combines a clusterization technique atimum dissimilarity
(MDA) and a later interpolation algorithm (RBF). Time serief the parameters

involved in structure design are thereby, obtained.

Chapter 5. A multivariate approach to estimate design loads for offehvaind

'Guanche,Y., Minguez, R. and Méndez, F.J. (2013). Autessive logistic regression applied

to atmospheric circulation patterrSlymate Dynamicdoi: 10.1007/s00382-013-1690-3
2Guanche,Y., Minguez, R. and Méndez, F.J. (2013). Clirbased Monte Carlo simulation of

trivariate sea state€oastal Engineering, under revision
3Guanche,Y., Camus, P., Guanche, R., Méndez, F.J. and BBd{2013). A simplified method

to downscale wave dynamics on vertical breakwat€castal Engineeringr1 68—77
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turbinest

This chapter, as an extension of the previous one, showspihigation of
the same methodology to an offshore wind turbine. In thig ecaave conditions
as well as wind and current conditions are relevant. Withapglication of the
methodology, loads and momentum time series acting uposttheture over its
lifetime are obtained.

Chapter 6. Point-in-time and extreme-value probability simulatieehnique
for engineering desigh.

As stated before, the previous chapters’ simulations wasedb on the use of
the empirical distributions involved in each case. Newddss, it is true that there
is a discrepancy between the extreme events distributidnttae mean regime.
Because of this discrepancy, this chapter explores thakplitysof jointing both
regimes and taking them into account simultaneously duttiegsimulation. In
order to demonstrate this simulation technique, an appic&as been added to the
already published paper; the environmental condition®ftshore wind turbines
have been analyzed and the 50—year return period envirdahmntours have
been evaluated!.

Chapter 7. Conclusions and Future Research.

This last chapter summarizes all the conclusions from taeguted work. Mo-
reover, some future research topics suggested by this atedyresented.

1Guanche,Y., Guanche, R., Camus, P., Méndez, F.J. and B&Ii2012). A multivariate

approach to estimate design loads for offshore wind tugoivénd Energydoi: 10.1002/we.1542
2Minguez, R., Guanche,Y., and Méndez, F.J. (2012). Foititne and extreme-value probabi-

lity simulation technique for engineering desid@tructural Safety41 29—36
3Minguez, R., Guanche,Y., Jaime, F.F., Méndez, F.J. ami&$p A. (2013). Filling the gap
between point-in-time and extreme value distributidnde presented in ICCOSAR '13, New York.
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CHAPTER

Autoregressive logistic
regression applied to
atmospheric circulation
patterns

1 Abstract

Autoregressive logistic regression (ALR) models have tsexxessfully applied in
medical and pharmacology research fields, and in simple Imoa@nalyze wea-
ther types. The main purpose of this chapter is to introdugereeral framework
to study atmospheric circulation patterns capable of dgaimultaneously with:

seasonality, interannual variability, long-term trendad autocorrelation of dif-
ferent orders. To show its effectiveness on modeling peréoce, daily atmosphe-
ric circulation patterns identified from observed sea lgrelssure (DSLP) fields
over the Northeastern Atlantic, have been analyzed usisgrdmmework. Model

predictions are compared with probabilities from the histd database, showing
very good fitting diagnostics. In addition, the fitted modeused to simulate the
evolution over time of atmospheric circulation patternsgMonte Carlo method.
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ATMOSPHERIC CIRCULATION PATTERNS

Simulation results are statistically consistent with extpo the historical sequence
in terms of i) probability of occurrence of the different weer types, ii) transition
probabilities and iii) persistence. The proposed modektitutes an easy-to-use
and powerful tool for a better understanding of the climatdem.

2 Introduction

The study of atmospheric patterns, weather types or ctionlpatterns, is a to-
pic deeply studied by climatologists, and it is widely adegto disaggregate the
atmospheric conditions over regions in a certain numbeepfasentative states.
This consensus allows simplifying the study of climate dbads to improve wea-
ther predictions and a better knowledge of the influenceyred by anthropogenic
activities on the climate systeri3, 84, 85, 129.

The atmospheric pattern classification can be achievedibyg e#her manual
or automated methods. Some authors prefer to distinguisiela subjective and
objective methods. Strictly speaking, both classificatiane not equivalent be-
cause, although automated methods could be regarded adivdyjehey always
include subjective decisions. Among subjective clasgibocamethods and based
on their expertise about the effect of certain circulatiattgrns, 7] identify up
to 29 different large scale weather types for Europe. Based oin shedy, dif-
ferent classifications have been developed, for instaB&g[F9 and [L63 among
others. To avoid the possible bias induced by subjectissidlaation methods, and
supported by the increment of computational resourcegrakautomated classi-
fication (clusterization) methods have been developed;iwimay be divided into
4 main groups according to their mathematical fundamentaidgireshold based
(THR), ii) principal component analysis based (PCA), iigtmods based on leader
algorithms (LDR), and iv) optimization methods (OPT). Aalktd description of
all these methods and their use with European circulatittepes can be found in
[129.

Once the atmospheric conditions have been reduced to aga&abf represen-
tative states, the next step is to develop numerical modela better understan-
ding of the weather dynamics. An appropriate modeling ofthveadynamics is
very useful for weather predictions, to study the possibleience of well-known

70



3 Autoregressive Logistic Model

synoptic patterns such as East Atlantic (EA), North Atlar@scillation (NAO),
Southern Oscillation Index (SOI), etc., as well as to amalgtimate change stu-
dying trends in the probability of occurrence of weatheregpand so on. For
example, 153 investigated long term trends in annual frequencies aatamtwith
weather types, demonstrating the utility of weather cfasgion for climate change
detection beyond its short-term prognosis capabiliti#&4]studied the dynamics
of weather types using 1st order Markovian and non-Markowi@dels, however
seasonality is not considered9 introduced a seasonal Markov chain model to
analyze the weather in the central Alps considering threshas types. The transi-
tion probabilities are determined using a linear logit esgion model. 26 imple-
mented a cyclic Markov chain to introduce the influence ofEh&lifio-Southern
Oscillation (ENSO).

Generalized linear regression, and especially autorsegeslogistic regression,
has proved to be a promising framework for dealing with seakblarkovian mo-
dels, and not only for atmospheric conditions. Similar medave been applied
successfully in medical and pharmacological researchsfigld, 39, 130. The
main advantages of autoregressive logistic regressioRjAdre that i) it can be
used to model polytomous outcome variables, such as wegthes, and ii) stan-
dard statistical software can be used for fitting purposes.

The aim of this chapter is twofold; firstly, to introduce aggressive logistic
regression models in order to deal with weather types aisdlysluding: seasona-
lity, interannual variability in the form of covariatesfig-term trends, and Markov
chains; and secondly, to apply this model to the Northeasilantic in order
to show its potential for analyzing atmospheric conditiand dynamics over this
area. Results obtained show how the model is capable oindesiinultaneously
with predictors related to different time scales, which tanused to predict the
behaviour of circulation patterns. This may constitute iy y®werful and easy-to-
use tool for climate research.

3 Autoregressive Logistic Model

Traditional uni- or multivariate linear regression modetsume that responses (de-
pendent variables or outcomes) are normally distributeti@antered at a linear
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function of the predictors (independent variables or ciates). For some regres-
sion scenarios, such as the case considered here, thisimodeadequate because
the response variablé is categorical and its possible outcomes are associatlad wit
each weather type{ € {1,2,...,n,.} beingn,, the number of weather types),
which are not normally distributed. Thus the necessity 8pdse of alternative

regression models.

Logistic regression was originally defined as a techniquexdalel dependent
binary responses 1P, 35]). The likelihood of the binary dependent outcome is
expressed as the product of logistic conditional probidsli [L21] introduced
the capability of dealing with transition probabilitiesmg Markov chains, which
was further explored by3[] to predict the outcome of the supervised exercise for

intermittent claudication, extending the model to polytars outcomes.

LetY;; t = 1,...,n be the observation weather type at timevith the fol-
lowing possible outcomeg, € {1,...,n,:} related to each weather type. Consi-
dering X;; t = 1,...,n to be a time-dependent row vector of covariates with
dimensions{ x n.), i.e. seasonal cycle, NAO, SOI, principal components ef sy
noptic circulation, long-term trend, etc., the autoregneslogistic model is stated

as follows:

| ( Pro(Y; = i|Y,_1,...,Y_a, Xy)

Prod}/;f :i*‘}/;f—la"w}/t—daXt)) @it tﬁl+2]=1 t—jVij

(2.1)
Vi=1,... nuli #ix,

whereq; is a constant term and, (n. x 1) andv;; ( = 1, ..., d) correspond, for
each possible weather typeto the parameter vectors associated with covariates
and d-previous weather states, respectively. Note thabrresponds to the order
of the Markov model. The model synthesized in equafBdprovides the natural
logarithm of the probability ratio between weather ty@ad the reference weather
type i*, conditional on covariateX; and thed previous weather states, i.e. the

odds. The left hand side of equati@ri is also known aogit. According to this
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expression, the conditional probability for any weathgetys given by:

) exXp <Oéz’ + Xt/Bz + Z;»lzl Y%—j’%’j)
ProKY; :Z|)/;E—17~'~7)/t_d,Xt) — ;

Nwt

d
Z exp (Oék; + X8, + Yt—ﬂkzj>
k=1 1

Jj=

(2.2)

Note that in order to make parameters unique we impose atiualicondi-

tion, which fixes the parameter values related to the reterereathei* (arbitrary
chosen) to zero.

3.1 Description of the parameters

Since the purpose of this chapter is to present a unique naidielto reproduce
different weather dynamic characteristics, includingassmality, covariates in-
fluence, long-term trends, and Markov chains; the inclusibthese features in
the model 2.1) will be briefly described in this subsection:

e Seasonality: It is known that there is a strong seasonality on weather type
frequencies, for example89] modeled this effect for the weather in the cen-
tral Alps. In their work the seasonality is introduced in thedel as an au-
toregressive term but it could be also introduced by addargionic factors.
Here, the seasonality is introduced in the model using haitsas follows:

7 = B3 + B cos (wt) + B sin (wt) (2.3)

where® represents the seasonality effect on libgit, ¢ is given in years,
35 correspond to annual mean values, @idand 35 are the amplitudes of
harmonicsw = 27 /T is the angular frequency. Singg is a constant term,
it replaces the independent tetmin 2.1 For this particular case, we choose
T to be defined in years, and thils= 1 andt is in annual scale. This means,
for instance, that the time associated with daywithin year2000 is equal
to 2000 + 45/365.25 = 2000.1232. However, according to the definition of
the harmonic argument{ = %), t could be given in days, théi must be
equal t0365.25.
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Analogously to Autoregressive Moving Average (ARMA) maglfl4], sea-
sonality can also be incorporated trough an autoregressine at lag 365.
Details about how to incorporate this autoregressive carapbare given in
the autoregressive or Markov chain parameters descripgtow.

e Covariates: To introduce the effect of different covariates, the modedta-
ted as follows:

B¢ 0.
¢ =Xp%= (X1, X)) | | =) Xipf, (2.4)
556 i=1

wherer¢ is the covariates effect on thegit, X is a row vector including
the values of different,. covariates considered (SOI, NAO, monthly mean
sea level pressure anomalies principal components, atd)3° is the cor-
responding parameter vector.

e Long-term trends: The long-term trend is a very important issue because
many authors, such a$§, 64, 85], perform a linear regression analysis using
as predictand the probabilities of each weather type, amtintie as predic-
tor. However, mathematically speaking, this may conduatd¢onsistencies,
such as probabilities outside the range 0 and 1, which is assiple. To
avoid this shortcoming, we use a linear regression modeidnuihe logits,
being considered as a particular case of covariate:

7T = Ty, (2.5)

wherer? represents the long-term trend effect onltygit, andt is given in
years. The parameter represents the annual rate of chaswmaded with the
logarithm of the probability for each weather type, dividigtthe probability

of the reference weather type, i.Alog Z’:—;i. The regression coefficiemt*”

is a dimensionless parameter, which for small values of tedficient may

be interpreted as the relative change in the cf]%ddue to a small change in
time 6t. Note that2.5 does not correspond to the typical trend analysis be-
cause trends are analyzed on logits. However, as numesmalts show, this
codification provides consistent results on long-term glearof the weather
type probabilities.
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e Autoregressive or Markov chain: The sequence of atmospheric circulation
patterns can be described as a Markov chaiB®] proved that a first or-
der autoregressive logistic model is appropriate for répoing the weather
types in the central Alps. This effect can be included in tloelet using the
following parameterization:

d
AR = ZYt—ﬂj, (2.6)
j=1

wherer“f represents the autoregressive effect of ortlen thelogit. The
orderd corresponds to the number of previous states which are cxenesi
to influence the actual weather typs, ; is the weather type on previous
j-states, and; is the parameter associated with previgtsate.

Note that eaclY,_;; j = 1,...,d in 2.6 corresponds to a different weather
type, according to the polytomous character of the varialsleorder to fa-
cilitate parameter estimation using standard logisticeggjon techniques,
the autoregressive parts must be transformed using a sbniedrix, such as
the Helmert matrix 39| so that each covariatg_; transforms intaz,,, — 1
dummy variablesZ'~’/. The Helmer contrast matrix for transforming out-
comeY; into the dummy variable row vectdZ’ is provided in Table2.1
According to this transformation matrix, equati?1® becomes:

Y, Z' (1% (ny —1))
-1 —1 —1 -1 -1
-1 —1 —1 -1
-1 —1 —1 2 0
Nyt — 2 -1 -1 Nyt —3 ... 0 0
Nyt — 1 -1 ny—2 0 ... 0 0
Nt | Nyt — 1 0 0 ... 0 0

Table 2.1: Helmert Contrast Matrix
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d nwt—1

d
e = ZYt—ﬂj = Z Z Z, 7. (2.7)
j=1

j=1 k=1

Regarding seasonality, and according to expresaignt can be included in
the model as follows:

Nwt—1

AR = Y, 3657365 = Z 253651, (2.8)
k=1

which corresponds to an autoregressive component at lag 365

Note that the prize for using standard logistic regressiimdi is an incre-
ment on the number of parameters, i.e. fréno d x (n,; — 1).

The model can include all these effects adding the logésyi.= 7 + 7¢ +
7T 4+ pARe Thus, expressioB.2 can be expressed as follows:

exp (7@5 + 7Tic + 7rZ-LT + 7?{4R)
Nwt )
g exp (W,f + 7rkc + T + W,‘fR) (2.9)
k=1

Prodi/t = 7;D/t—la SRR K—d; Xt) =

Vi=1,...,nwt.

In order to deal with different time-scales within the modahnual, monthly
and daily; all the parameters to be included are transfortodtie lowest scale
considered, i.e. daily. Thus, we require a covariate vabueech day. This va-
lue may be chosen assuming a piecewise constant functiorte/eata period (a
month for monthly data, a year for yearly data, and so on)¢lvis the one consi-
dered here, or using interpolation and/or smoothing tephes, such as splines.
Note that in our case, the same covariate value keeps cofstdine entire month
(during 30-31 days).

3.2 Data set-up

Once the mathematical modeling is defined, this sectionritbescthe data set-up
from the practical perspective. L&t correspond to the vector of weather types
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3 Autoregressive Logistic Model

Autocorrelation
t Y y Seasonality [Trend Covariates Lag1 |- ] Lagd
t1 Y1 Y1,1 -+ Yl,nwt COS(’wtl) sin(wtl) t1 X171 . Xl,nc Zf,_ll Zi,_nlwtfl . Z;Id - Z;;ﬁut71
to Yo y2,1 - Y2,nue COS('u)tQ) sin(wtg) to | Xo1 ... Xon, Z;,ill Z;;zlwt—l S Z;;d S Z;;;it_l
. — — —d —d
t3 Y3|Y3,1 - Y3, nue COS('u)tg) sm(wtg) t3 | X3,1 ... X3, Zé}ll Zé,nlwtfl S Zé,l S Zé,nwtfl
tn Yo |Un,1 - Un,nwe |COs(wtn) sin(wtn)| tn | Xn1 ... Xnne Zfl_ll .. Zrtz._nlwt—l L. Zfl__ld L. Zfl__ndwt71

Table 2.2: Data Setup for the Autoregressive Logistic Regressioniegpd Weather
Types

at different times of dimensions.(x 1), so thatY; € {1,...,n,:}. To deal with
polytomous variables a matrix of dimensions# x n,,) is constructed as:
ytj:{(l] :; ;i}{z sV =1, Ny YE=1,... 0. (2.10)

Note that since only one weather type at a time is possEgé;”l y; = 1; Vt. The
matrix z of dimensions: x (34 n.+ 1+ d x (n,: — 1)) includes all predictors at
each of then observations. Three parameters for seasondit§),(n. parameters
for covariatesZ.4), one parameter for the long term trer&d5), andd x (n,; — 1)
parameters for the autocorrelatich®). The general data setup for the autoregres-
sive logistic regression applied to weather types is peith Table2.2

Note that the column associated with the seasonality constam 3, in 2.3,
which corresponds to a column vectdr 1, ...,1)”, must be included in matrix
x depending on the standard logistic model used. While sonthasie models
automatically include this constant, others do not.

3.3 Parameter estimation

Parameter estimation is performed using the maximum hkeld estimator, which
requires the definition of the likelihood function. For agivsequence of weather
typesY’, the likelihood function becomes:

(©,Y,X,) = [[[]Proty; =ilYie1...., Vi, X0)", (2.11)

t=1 i=1
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where® is the parameter matrix, and the auxiliary variabjgis equal to:

uti—{l it = s Vi=1,... ny; VE=1,...,n. (2.12)

Note that the likelihood function2(1l) is the product of univariate logistic
functions.

An important issue for the appropriate modeling of weatkipes, is to decide
whether the inclusion of a covariate is relevant or not. €hae several tests and
methods to deal with this problem, such as Akaike’s inforaratriteria or Wald'’s
test. Further information related to logistic regressiangmeterization and fitting
can be found in47, 138 167.

There are several statistical software packages whichkdeet@ solve a poly-
tomous logistic regression fitting (e.§YSTAT, NONMEM), but for this particular
case, the functionmr fi t in MATLAB has been used. This function estimates
the coefficients for the multinomial logistic regressionlgem taking as input ar-
guments matrices andy from Table2.2

4 Case study: Weather types in the Northeastern At-
lantic

In the last decade, the availability of long term databasssn@lysis, in situ mea-
surements, satellite) allows a detailed description ofatmospheric and ocean
variability all over the globe, which include the analysmsdastudy of atmosphe-
ric patterns. To show the performance of the proposed mauwly Sea Level
Pressure (DSLP) data from NCEP-NCAR datab&s§g have been used. The area
under study corresponds to the Northeastern Atlantic coyéatitudes fron5° to
65°N and longitudes fron32.5°W to 15°E. The data record covers 55 years, from
1957 up to 2011. Note that NCEP-NCAR data records start i3, 18dwever it is
accepted by the scientific community that recorded data 957 is less reliable
[93].

The first step to apply the proposed method is data clustdrogever, in order
to avoid spatially correlated variables that may distugbdiusterization, a principal
components analysis is applied to the daily mean sea legsspres (DSLP). From
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this analysis, it turns out thdtl linearly independent components repres&it

of the variability.

As proposed by several authors, such 2§ p1] and [96] among others, the
non-hierarchical K-means algorithm is able to classify tmafiate patterns into a
previously determined number of groups, eliminating anyjesttivity in the clas-
sification. To reduce the likelihood of reaching local miaimvith the algorithm,
clusterization is repeated a hundred times, each with a e¢wfsanitial cluster
centroid positions. The algorithm returns the solutionhvitie lowest value for
the objective function. In this application, the daily mesa level pressures cor-
responding to thé5 years of datari{ = 20088 days), represented kyl principal

components, are classified intQ, = 9 groups.

Note that in this particular case we select 9 weather typethtosake of sim-
plicity, to facilitate the implementation, fit and interpaéon of the model results.
However, the selection of the appropriate number of clsstean open issue not
solved yet. There are authors, such#$ B9, 160, that defend the use of a maxi-
mum of 10 weather types, otherdl @ 87, 101]) claim that a higher number of
weather types is required to represent the intrantint@rannual variations and
seasonality appropriately. Being more specifi¢4] [uses only 4 weather types
to represent daily precipitation scenarids]][classifies into 20 weather types the
daily atmospheric circulation patterns, or for examp8y] uses 64 weather types
to study the extreme wave height variability. This methodgldoes not solve the
problem of establishing the appropriate number of weatyged, which must be
decided by the user according to his/her experience. Butaltlee facility to im-
plement, fit and interpret model results might help esthbis a rationale criteria

for solving this problem.
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Figure 2.1: DSLP synoptical patterns associated with the clustednati

Figure 2.1 shows thed representative weather types obtained from the clus-
terization. For instance, the upper left subplot represargynoptical circulation
pattern with a low pressure center above the Britannic tidamhile the Azores
High remains southwestern the Iberian Peninsula, wheheaapper central sub-
plot shows the Azores High with its center southwest of théddnKingdom.

Assigning arbitrarily an integer value between 1 ang = 9, for each weather
type in Figure2.1, we get the time series of weather ty@éswhich is the input for
the model.

To fit the data and according to the parameterizations givéhd)-(2.7), long-
term trend, seasonality, covariates and a first order agitessive Markov chain are
included. Each study and location may require a pre-praoesslect the parame-
ters to be included according to their influence. Relatedt@iates, it is worth to
mention that Monthly Sea Level Pressure Anomalies fluatnat{MSLPA) have
been considered. These anomalies correspond to monthitides from thebs-
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year monthly averages, which allows obtaining interanmaaltions. This inter-
annual modulation can be related to well known synopticepa$f, such as EA,
NAO, SOl, etc. B2, but we preferred to use the principal components of the ano
malies to avoid discrepancies about what predictors shioelldsed instead. Ne-
vertheless, we could have used those indices within the/sisalln this case, the
first 9 principal components of the monthly sea level pressure atiem(MSLPA)
that explain more tha®6% of the variability are included as covariates. Fig@r2
shows the spatial modes related to those principal compeniote, for instance,
that the correlation between the first mode and NAO index-s —0.618 and the
correlation between the second mode and EA synoptic pagtera: 0.482.
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Figure 2.2: MSLPA spatial modes related to the Principal Componentluded as

covariates in the model.

4.1 Model Fitting

Results obtained from the application of the proposed mtm#ie Northeastern
Atlantic are described in detail. The output given by fuotimr f i t is a matrix
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p of dimensions#,, x (n,: — 1)) including parameter estimates by the maximum
likelihood method, where, is the number of parameters in the model ang

is the number of weather types considered. Note that eactheretype has an
associated parameter except for the reference weathentyyose parameters are
set to zero.

The criteria to choose the final model, i.e. the ordef the auto-regressive
component, seasonality, covariates, etc. is based ost&talisignificance, in par-
ticular, using the likelihood ratio (LR) statistic. Thisasistical method is appro-
priate to compare nested models by comparing the deviatice&x®ev., which
measures the change of fitting quality for two different paggerizations, and the
chi-square distribution witi\df = An,, x (n,; — 1) degrees of freedom. Note that
An, is the difference in terms of number of parameters for bothipaterizations.
Basically, it tries to check if the increment of fitting quslinduced by increasing
the number of parameters is justified, i.e. does the incremefitted parameters
conduct to a better model? For instance, assuming a conédewela = 95%,
if ADev. > x§ 5 aqr» the improvement achieved by adding additional parame-
ters is significant. This test allows to analyze which partamseor covariates are
relevant to represent climate dynamics in a particulartiona

In order to evaluate the goodness-of-fit related to the ptedi, several dif-
ferent fits are considered. In Tal#e8, up to7 nested models are compared depen-
ding on the predictors involved. In this table, the numbepafametersr{,), the
deviance of the fitting (Dev.), the degrees of freedom (df) tre rate of change
on deviance{ADev.) are provided. Modél is the so-calledVull model that only
takes into account an independent tersy) ( Model I adds the possible influence
of seasonalityf®), which according to the increment on deviance with respect
the null modelADev. = 7417 > X295%,16 is significant, confirming the hypho-
thesis that there is a seasonality pattern in the occurrehitee different weather
types. ModellI includes seasonality and MSLPA covariates (- 7¢), which
also provide significant information. Modél  is fitted accounting for seasona-
lity, MSLPA covariates and long-term trenad{ + 7¢ + #T). In this particular
case, the increment on quality fit induced by the inclusioaroddditional parame-
ter, related to long-term trend, is not significant, XDev. = 9 < x?y;0, 5. Models
IV andV include the influence of autoregressive terms (Markov GhaitC) with
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ordersd = 1 andd = 2, respectively £° + 7¢ + 7T 4 74f4), Note that both
autoregressive components are significant. Additiondllg to the importance of
long-term changes in the probabilities of occurrence ofiifferent weather types,
a model that only takes the long term trend into account reastaen fitted, model
VI (#1T). This additional factor is statistically significaniDev. = 69 > xg50; s,
which means that there is a long-term evolution on the pridibabf occurrence
related to each weather type. However, there is an incemsigtwith respect to
model /71, where this factor is not statistically significant. Thesea for this
behaviour is simple, when using covariates, the long-teffieces are implicitly
included in the covariates and there is no reason to inclddéianal effects not
explained by those covariates.

It is important to point out that deciding which model is maygropriate for
each case depends on weather dynamics knowledge of theandets ability to
confront or contrast its feeling about which physical phaeoa is more relevant,
with respect to the statistical significance of the corresiiag fitted model. The
main advantage of the proposed method is that it providesagist&cal and objec-
tive tool for deciding what information is more relevant tg&in climate variabi-

lity.

Model Predictors ny df Dev. | A Dev.| x%gs50 aar

0 1 | 160696 | 85736
| 52 3 | 160680 | 78319 417 26.9
1 Si c 12 | 160608 | 68105 10214) 928
T 9 15.5

Il 75 + ¢ + T 13 1 160600 | 68096

22159 | 83.7

IV | 7%+ 7¢ 4+ 7T 4 pAR | 21 | 160536 | 45937
s o oan 327 83.7

V| 75 7€ 4 7T 4 gAR2 | 29 | 160472 | 45610

0 1 | 160696 | 85736
%’T 69 15.5

VI T 2 | 160688 | 85667

Table 2.3: Fitting diagnostics for different model parameterizasipimcluding number
of parametersr{,), the deviance of the fitting (Dev.), the degrees of freeddfpgnd
the rate of change on devianc&Dev.)
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Note that as said in Sectidhl of this chapter, the seasonality constant term
By, Which corresponds to a column vectar 1, ..., 1)T is automatically included
in the model depending on the standard logistic model usesing.the function
mmr f i t this constant is automatically added, thus the null modehgasn, = 1
and the model fitted only with the trend (g) hgs= 2.

If we consider model'V/, which accounts for seasonality, MSLPA covariates,
long-term trend and a first order autoregressive comporsgureglictors £ +7¢ +
7lT + rAR1) the model hagl parametersy, = 21 = 3+n.+1+d X (ny,—1) =
3+ 9+ 141 x 8: i) three for seasonality®, ii) nine for the MSLPA principal
componentsr®, iii) one for the long-term trena™”, and eight for the dummy
variables of the first autoregressive componetit:.

Once the parameter estimates for the mo@elare known, the predicted pro-
babilities p for the multinomial logistic regression model associatathwiven
predictorsz can be easily calculated. This task can be performed usenlyIkr-
LAB function mr val , which receives as arguments the estimated param®ters
and the covariate valuas In addition, confidence bounds for the predicted proba-
bilities related to a given confidence level £ 0.99,0.95, 0.90) can be computed
under the assumption of normally distributed uncertaiNtiyte that these probabi-
lities p correspond to the probability of occurrence for each weditpe according
to the predictor values.

These probabilities allow direct comparison with the emapirprobabilities
from the data, and the possibility to simulate random secg®nf weather types.
The graphical comparison between fitted model and obseratad @hn be done
in different time scales, aggregating the probabilitieeodurrence within a year,
year-to-year or for different values of the covariates (NPBI.

e SeasonalityTo analyze the importance of seasonality, Figu&shows the
comparison of the probabilities of occurrence for each teratype within
a year. Color bars represent cumulative empirical prohiegs) and black
lines represent the same values but given by the fitted miQdehich only
accounts for seasonality using harmonics (panel abovegar&i2.3), and
also using an autoregressive term at lag 365 (panel belowgurd-2.3).
For each day within a year the bars represent cumulativeapitities of
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occurrence of all theé weather types, which are calculated for each day using
the 55 data associated with each year.

‘-WTI EWVR2mWI3mWT4 WTS5mWT6m WT7m WT8 mWT9— Model ‘

0.6 4

Probability

0 ‘ )
1980 1985 1990 2000

Time

1995

Figure 2.4: Evolution of the monthly probabilities of occurrence dgri20 years and
comparison with the seasonal fitted modéblack line).

Note that there is a clear seasonal pattern which is captwetie model
using harmonics, being circulation pattedn§ and8 the most likely weather
types during the summer, while groups6 and9 are more relevant during
the winter. Comparing both ways of accounting for seastn#tie harmonic
(panel above of Figurg.3) is capable of reproducing the seasonal behavior
better than the autocorrelation term at lag 365 (panel befdwgure2.3).

This seasonal variation through the years is also showrgaréR.4. In this
particular case color bars represent cumulative montrdpatoilities. Note
that the model (black line) repeats the same pattern all thneyears since
we are using fitting results associated with model Analogously to the
previous Figure.3 it is observed a clear seasonal pattern. For example, in
the lower part of the graph it is observed how weather tyipasd2, mostly
related to winter and summer, respectively, change thergeace probability
depending on the season within the year. The same behawbs&ved in

the upper part of the graph related to weather typasd9.
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95% CI |
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i) Seasonality with harmonics.
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ii) Seasonality with autoregressive term at lag 365

Figure 2.3: Model fitting diagnostic plot considering seasonality: $)ng harmonics

(Model I), and ii) using an autoregressive term at lag 365.
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e Mean Sea Level Pressure Anomalies (MSLPARAIthough modell repro-
duces and explains the important seasonality effect, ibeasbserved in Fi-
gures2.3and2.4that there are important fluctuations and discrepancies bet
ween the empirical data and the model on a daily and montlsig bespec-
tively. If model IV including seasonality, MSLPA covariates, an autoregres-
sive component of ordef = 1 and long-term trendn(® + 7€ + 74 4 7L7)
is considered, results are shown in Fig2ésand2.6. The fitted model now
explains all fluctuations both on the daily and monthly scale

\-WTl -WT2-WT3-WT4 WT5 -WT6 WT7mm WT8ms WT9— Model |

i
,k

’?’n i i “ ’M ‘ i H” W ‘
m \ il “ ‘ e :‘*’{“w

i \u il ki
‘H | H\\ Y “\H \‘ \\‘ H Y M\ i w\‘ HM ! ‘\ ‘\\ “ ‘ ‘ M ‘H‘ P H ‘\ bl

0
1980 1985 1990 1995 2000

Figure 2.6: Evolution of the monthly probabilities of occurrence digri20 years and
comparison with the seasonal fitted modi&l (black line).

Note that once the noise on daily and monthly probabiliteesxplained by
those additional factors, the consideration of seasgrtalibugh the 365-lag
autoregressive model also provides similar diagnostingjtlots, i.e. model

IV 75 4+ 7€ 4 AR gl = gpARses 4 7@ AR 4 bR,

It is relevant to point out how the inclusion of MSLPA allowgxaining the
monthly fluctuations on the probabilities of occurrenceoaiged with the
different weather types (see Figut). These results confirm that modeér

is capable of reproducing and explaining the weather dyosimccurately,
both on a daily and monthly basis. Using this model we manageodel at-
mospheric processes on both the short and the long terng, asimmbination
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Figure 2.5: Model fitting diagnostic plot considering mod&V: i) using harmonics
(Model I), and ii) using an autoregressive term at lag 365.
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of short-term sequencing through autocorrelation terntslang-term cor-
relations included implicitly through seasonality, caaées and long-term

variations.

To further explore the influence of the MSLPA on the occuregpimbability

for each weather type, Figuge7 shows the probability of occurrence of each
weather type conditioned to the value of the MSLPA princigahponents
(PC;; i =1,...,9) included as covariates. Color bars represent the cumu-
lative empirical probabilities from data, and the blaclebrare fitted model

probabilities.

Probability

Probability

Probability

PC7

Figure 2.7: Evolution of the probabilities of occurrence of each weatlipe condi-
tioned to the principal component value associated witbdithodel/V (black line).
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According to results shown in Figu&7, the presence or absence of a wea-
ther type may be related with the value of the PC anomaly. fstance,
in the subplot associated with the first principal comporfapper left sub-
plot), negative values of the principal component imply merément on the
occurrence of weather typégred),6 (maroon) and (grey); while for po-
sitive values the most likely weather types aréreen),3 (light blue) and
5 (yellow). On the other hand, for negative values of the sdqaincipal
component, the dominant weather type is the blue 8hepfevailing wea-
ther typesl and5 for positive values of the PC. Finally, for the third prinalp
component, the behavior is different; the lowest valuesisfprincipal com-
ponent indicate a higher likelihood of weather typeand9, while higher
values increase the probability of occurrence of weathmse 3y

Note that according to the low variance explained by priacgpmponent
from 4 to 9, we could be tempted to omit them from the analyBischeck
whether these covariates improve significantly the qualitijhe fit, we have
included the principal components one at a time, and cheekikblihood
ratio (LR) statistic. Table.4 provides the results from the analysis. Note
that although it is clear that the most relevant informaisogiven by the first
three principal components, which represent importanteiments on de-
viance, the remainder covariates also improve the qudiitigeomodel from
an statistical viewpoint. For this particular case, alhpipal components are
statistically significant on a 95% confidence level.

e Trends Finally, in order to show the possible influence of a longriérends,
results associated with modeél/, which only accounts for long term trends,
are shown in Figur@.8. Color bars represent the annual probability of occur-
rence for each year (55 data record) associated with és¢ablished weather
types. The black line represents the model fitting (modelrvTable2.3).
Note that we do not present results associated with mbdebecause the
long term trend is not statisticcally significant in that regdecause long-
term effects are implicitly accounted for through the coaias.
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Model df Dev. | A Dev. X295%,8

0 | 160696 | 85736
4428 | 155

PC, | 160688 | 81308
3879 | 155

PC, | 160680 | 77429
PC5 | 160672 | 75137 2292 1 155
PC3 160664 | 74912 225 | 155
4 122 | 155

PCs | 160656 | 74790
61 15.5
PCs | 160648 | 74729 29 155
PC; | 160640 | 74650 | o 15'5
PCy | 160632 | 74551 '
18 15.5

PCy | 160624 | 74533

Table 2.4: Fitting diagnostics related to the principal componentsoeisted with
MSLPA, including the deviance of the fitting (Dev.), the degg of freedom (df) and
the rate of change on devianc&Dev.)

‘-Group 1l Group 2 Group 3l Group 4 Group 5[Jll Group 6 Group 7l Group 8l Group 9— Trends -+ 95% Ci

1

0.9

0.8

0.7

Probability

1960 1965 1970 1975 1980 1985 1990 1995 2000 2005 2010
Years

Figure 2.8: Annual probabilities of occurrence for each weather typmk@mparison
with model V' I fitting results (black line) in the perioth57 — 2011.
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WT;, WT, WTs; WT, WT; WTg WT; WTyg
Trend x1072) | 0.09 -0.4 -0.51 -0.48 -1.330.25 —0.07 —0.16
Orrena(X1072) | 0.24 0.21 0.22 0.20 0.24 021 0.19 0.19

Table 2.5: Fitting parameters associated with mod@ including long-term trends,
and their corresponding standard error. Values in bold tatesscally significant at
95% confidence level and values in cursive are significatta¢ confidence level.

The parameters for the trends and their corresponding atdretrors are
provided in Table2.5. Note that statistically significant trends%it’ confi-
dence levels are boldfaced, while trends which are steai$tisignificant at
90% confidence level are in italics. According to results giverhis table
the following observations are pertinent:

— The reference weather type is weather type nurib&hat is the reason
why there is no parameter related to this case. Note thatitypical
winter weather type.

— The coefficients may be interpreted as the relative changjeeiodds
due to a small change in timi, i.e. the percentage of change in odds
between weather types 5 and 9 during one year is approxiyregetl
to -1.33%.

— Weather typed, 7 and8, which represent summer weather types, de-
crease with respect to ty@e This means that weather types related to
winter are increasing its occurrence probability. Thisites consistent
with recent studies about the increment of wave climaterggyerhich
is linked to weather types during the winter season.

— Note that weather type 1, also typical during winter, sliglricreases
the odds with respect to tye Confirming the increment of occurrence
related to winter weather types.
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4.2 Monte Carlo Simulations

Once the model has been fitted and theatrix is obtained, synthetic sequences
of weather types can be generated through Monte Carlo methahlis particular
case, since we require the knowledge of the covariate valuiesg the simulation
period, 55 years of daily data series (= 20088) are sampled using the original
covariates. In order to obtain statistically sound conolus according to the sto-
chastic nature of the process, the simulation is repefiedimes. The results
obtained are validated with a threefold comparison ag#mesbriginal sequence of
weather types: i) occurrence probabilities of WT, ii) tridins probability matrix
between WT and iii) persistence analysis of WT.

e Occurrence Probabilities

The probabilities of occurrence of the groups for thel00 simulations,
against the empirical probability of occurrence from fheyear sample data,
are shown in Figur@.9. Note that results are close to the diagonal, which
demonstrates that the model simulations are capable ajdaping the pro-
bability of occurrence associated with weather types gppately.

0.25
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0.15F

Simulated

0.1]

0.05[

« Mean :---- 95% CI

0 0.05 0.1 0.15 0.2 0.25

Empirical

Figure 2.9: Scatter plot of the empirical occurrence probabilitiesoagged with the
weather types versus Monte Carlo simulation results.
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ATMOSPHERIC CIRCULATION PATTERNS

e Transition Probabilities Matrix

The transition probabilities express the probability adieing from group

to group; between consecutive days. Thus, in the case of havimgather
types, the transition matrix') has dimension$ x 9, and each cell; ; is the
probability of changing from weather typdo weather typeg ([137). The
diagonal of the transition matrik corresponds to the probability of staying
in the same group. The transition matrix is calculated faheaf the100 si-
mulated samples. Figu&10shows the scatter plot related to the 9 = 81
elements of transition matrix, including its uncertaintyedto the simula-
tion procedure, against the empirical transition probitid obtained from
the initial data set. The model is able to reproduce correéh transitions
between circulation patterns within the sequence. In tariqular case, the
points with probabilities in the rangeé6 — 0.8 are those representing the
probability of staying in the same group (diagonal of the@siaon matrix).

0.8

0.71

0.6f

3% %

0.5

0.4r
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0.3r

0.2f

.
TR

¢ Mean - 95% CI

0 01 02 03 04 05 06 07 08
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Figure 2.10: Scatter plot of the empirical transition probabilities veeén weather
types versus Monte Carlo simulation results.
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4 Case study: Weather types in the Northeastern Atlantic

e Persistence Analysis

Finally, a persistence analysis is performed over the sitedl samples in
order to check the ability of the model to reproduce weatlyaadics. The
correct reproduction of the weather types persistencerig imgportant for
many climate related studies, because it may be relatedgth@®f droughts,
heat waves, etc. Figu211shows the empirical cumulative distributions of
the persistence associated with each weather type. Notehihaverage
empirical distribution (green line) is very close to the sakated to the his-
torical sample data (blue line) for all cases. This blue $iteys between the
95% confidence intervals (red dotted line) related to the 10@ktons. To
further analyze the performance on persistence from aiststat viewpoint,
we perform a two-sample Kolmogorov-Smirnol Qf]) goodness-of-fit hy-
pothesis test between the original data and each samplad Tait test al-
lows determining if two different samples come from the safistribution
without specifying what that common distribution is. In &ig2.12the box
plots associated with thevalues from thel00 tests for each weather type
are shown. Note that if the-value is higher than the significance level (5%)
the null hypothesis that both samples come from the samedison is ac-
cepted. Results shown in FiguBel2 prove that for most of the cases the
persistence distributions from the Monte Carlo simulapoocedure come
from the same distribution as the persistence distributimm the historical
data. For all the weather types the interquartile rangee(bhx) is above the
5% significance level (red dotted line). These results confliemdapability
of the model to reproduce synthetic sequences of weathes typherent in

term of persistence.
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Figure 2.11: Empirical cumulative distribution of the persistence fbe ® groups
related to: i) historical data and ii) sampled data using td@arlo method.
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Figure 2.12: Box plot associated with thevalues from the 00 tests for each weather
type.
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5 Conclusions

5 Conclusions

This work presents an autoregressive logistic model whschbile to reproduce

weather dynamics in terms of weather types. The method gesunew insights

on the relation between the classification of circulatiotiggas and the predictors
implied. The advances with respect to the state-of-theamtbe summarized as
follows:

e The availability of the model to include autoregressive ponents allows
the consideration of previous time steps and its influent¢karpresent.

e The models allows including long-term trends which are reathtically
consistent, so that the probabilities associated with eactther type always
range betweefi and1.

e The proposed model allows to take into account simultarigcosariates of
different nature, such as MSLPA or autoregressive influenwbere the time
scales are completely different.

e The capability of the model to deal with nominal classifioas enhances the
physical point of view of the problem.

e The flexibility of the proposed model allows the study of thiience of any
change in the covariates due to long-term climate varigbili

On the other hand, the proposed methodology presents a e&aknrelation
with the data required for fitting purposes, because a leng-tlata base is needed
to correctly study the dynamics of the weather types.

Although further research must be done on the applicatidheoproposed mo-
del to study processes that are directly related with weayipes, such as marine
dynamics (wave height, storm surge, etc.) or rainfall, thethod provides the ap-
propriate framework to analyze the variability of circudet patterns for different
climate change scenariodg7).
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CHAPTER

Climate-based Monte Carlo
simulation of trivariate sea
states

1 Abstract

Accurate wave climate characterization, which is vital talerstand wave-driven
coastal processes and to design coastal and offshoreusgsictequires the availa-
bility of long term data series. Where existing data are sgasynthetically gene-
rated time series offer a practical alternative. The maippse of this chapter is
to propose a methodology to simulate multivariate hourly state time series that
preserve the statistical characteristics of the existmgigcal data. This metho-
dology combines different techniques such as univariat® AR, autoregressive
logistic regression and K-means clusterization algorghamd is able to take into
account different time and space scales. The proposed gwtyy can be bro-

ken down into three interrelated steps: i) simulation oflsgal pressure fields, ii)

simulation of daily mean sea conditions time series andsimulation of hourly

sea state time series. Its effectiveness is demonstrategrtiyetically generating
multivariate hourly sea states from a specific location tleaiSpanish Coast. The
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direct comparison between simulated and empirical timieseonfirms the ability
of the developed methodology to generate multivariate lgdime series of sea
states.

2 Introduction

Sea condition data is required for the long-term analysig/@fe-driven coastal
areas and the design of coastal structures and relatedsssksments. Depending
on the kind of structure to be designed, the extreme valuehison, the long-
term distribution or even both are required. There are s¢diferent data sources
available for designers such as: buoy, satellite, reaisa(gs hindcast) data and
visual observation records. To obtain an accurate charzatien of the extreme
conditions at a specific location, a long term data set isireduwhich is rarely
available. Reanalysis data usually provide longer recardsavoid missing data
and sparse spatial resolution. In the last decade, lomg-databases from numeri-
cal models have been developed improving the knowledgeey dater wave cli-
mate ([L36], [30], [139) and its propagation to obtain nearshore conditiofaS]f[
It is of note however, the length of these hindcast databiadisited, typically up
to 60 years. Because of limited record lengths, synthethststically similar time
series may be required for structural design and flood argl@roisk analysis, for
example.

Simulating synthetic time series in order to represent saditions is not new.
In 1952, Longuett-Higgins gave an approach for the stasiktlistribution of wave
heights based on a short term modé&9). Since then, many authors have made
contributions to achieve improved models representing ts@ries of significant
wave heights. A revision and an application to the Portugu&ssast can be found
in [69]. More recently, 15]1] proposed a unified distribution model that mixes
different fits for central, minimum and maximum regimes eabively determining
the thresholds within the different regimes.

Despite being one of the most important variables to defineaassate, the
wave height {7,) alone is not sufficient to fully characterise the prevalimave
conditions. As a minimum, the mean period (or peak periodpasated with the
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significant wave height is required. It is well known that waeriod can be an in-
fluencing variable in many situations, such as overtoppirtgamsmission through
permeable breakwaters, for example. There exist in theteagHiterature different
analyses that explore the joint distributionf@f — 7,,,. For example, in§8], a bi-
variate autoregressive model is described that reprodiumesseries of significant
wave height and mean period. In their work, an ARMA (Autoesgive Moving
Average) model is used to represent both variables, signifiwave height and
mean period. Recently, id§] a maximum entropy distribution of significant wave
heights and peak periods was proposed. One of their apm@sades a univariate
maximum entropy distribution, while an alternative apmtoaonsists of adjusting
the maximum entropy marginal distribution of wave heigbtldwed by conditio-
ning the wave period distribution on the wave height. Witheatension from the
ARMA models to the VARMA models (Vector Autorregressive Miag Average),
[17] proposed a multivariate simulation able to deal simultarsty with more than
two variables but with the inherent complexity of the mudtiate ARMA parame-
ter estimation.

In [22], long-term statistics of storms are characterized by aokétree va-
riables that represent the maximum significant wave height . during each
storm, its maximum wave heiglif,,.., and the associated wave perifg  (that
occurring with H,,,,). The joint probability distribution and dependence struc
ture is derived from real data so that once a storm has oakuit® intensity
and characteristics can be derived from this joint distrdmy i.e., a set of values
(Hy,..., Huax, 1%, can be drawn at random from a population with the corres-
ponding distribution. Their model defines (1) The marginatrébution of H,
2) The conditional distribution off,,,.x givenH,___and (3) the conditional distri-
bution of 7, .. given H,,.., Hs, ... Alternatively, if more than two variables are
included in the analysis, copula functions may be usedaaist€his way, g pre-
sents a multivariate model to study sea storms. In theirystyalto four variables
(wave height, storm duration, storm direction and time itnaen storms) are taken
into account to develop a model capable of simulating seandb@haviour.

[12Q proposed a methodology to generate statistically depgndimd speed
scenarios decoupling the process into univariate ARMA nwded their cross-
correlations. This allows the reproduction of more than waoables avoiding

max !
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the complexity of multivariate ARMA parameter estimationte use of copula
functions. This methodology provides good results not amthe joint distribution
but also in the marginals.

Alternatively, to deal efficiently with long time-seriegveral clustering me-
thods have been developed in the field of data mining. Thedmigues extract
features from the original data, giving a representativesstiof selected values..
The K-means algorithm (KMA) and self-organizing maps (SCavg two of the
most popular clustering techniques in this field. Thesenatloe definition of a
number of synoptic patterns. These algorithms have beeelyviged in both: at-
mospherical and marine climate data. For exam@é, ¢lassify SLP (Sea Level
Pressure) fields and use them to explain the wave climatetsmdriability; while
[19] use a clusterization of the met-ocean parameters to peopegve propaga-
tion methodology.

Moreover, plausible time series of circulation patterns ba simulated using
an autoregressive logistic model as described@¥. [ In that approach, a mo-
del that takes into account seasonality, interannual baitiain terms of sea level
pressure anomalies, long-term trends and Markov Chainevisloped to accura-
tely reproduce stochastically similar time series of dation patterns.

The aim of this chapter is to combine the different space ane $cales to ge-
nerate plausible long-term hourly time-series of triverigignificant wave height,
H,, mean period7}, and mean directiofi,,) sea state parameters by using some
of the aforementioned techniques. To achieve this objectvmethodology has
been developed that comprises three interrelated stefhbe lirst step, synthetic
daily sea level pressures fields (DSLP), decomposed intwipal components,
are simulated by using the multivariate simulation techaigroposed by1[2Q.
During the second step, daily mean sea conditions (DMSG$teted by K-means
as proposed bylR], are simulated by applying an autoregressive logistic ehod
and taking into account the previously simulated DSLP ascates. The third
step consists of a modified version of the methodology pregdry [L20, to be
used with hourly sea state (HSS) parameters and conditimndee catalogue of
synoptic DSS patterns simulated in the previous step.
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Figure 3.1: Diagram of the methodology.

3 Methodology

In this section, the procedure to generate plausible syintimiltivariate sea state
time series is described step-by-step. As mentioned hef@ntire methodology
can be divided into three interrelated processes: the atioalof DSLP fields, the
simulation of daily mean sea conditions (DMSC) and the satioih of hourly sea
states (HSS) conditioned to daily mean sea conditions. &igéframework of the
methodology is shown in Figui@1and is explained in detail below.

Although the final objective is to undertake a stochastiaugaton of the wave
parameter time series, both SLP and wave climatg (;, andd,,) databases are
needed as inputs for the algorithm. SLP fields in the wave rg¢ioe area of the
study location are used as a covariate (predictor). In exidihistorical time series
of the wave climate variables to be simulated (predictaatijhe same location,
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are also required . The SLP fields are daily averaged (prismbailation). These
fields relate to the required time for wave generation antboygs evolution in the
location where the methodology is to be applied. Withinatéit study areas, the
timescales of relevance will vary. Wave parameters dataak/aed at two different
temporal scales: daily and hourly. In the first instance,dhi is daily averaged
to establish the relationship with the daily averaged SL#E.fi€his information is
the one used in the subsequent stochastic simulation ofjraata, thus preserving
the initial time resolution within the raw data. This enablle combination of the
different temporal and spatial scales that are requireddrstibsequent analysis.

The first step of the proposed methodology is the simulatidhedaily ave-
raged SLP fields. These simulated fields are later used aspdinagive variable
when studying the daily mean wave conditions. The DSLP fijeldsomposed into
PCs, are simulated with a multivariate simulation technique2(f). This tech-
nique enables both the autocorrelation of each variablel@dross-correlations
between variables to be accounted for.

The second step consists of the simulation of daily mean seditons. In
order to simplify this step, and to achieve more accurateltef the third step,
the DMSC data is clustered (K-means) into groups, with eashgcontaining data
with similar characteristics. Thus, a discrete time seviedaily mean conditions
is obtained. The simulation of DMSC uses an autoregressgistic model (57]).
This kind of model enables the consideration of previousestéautoregressive
processes) as well as other explicative variables (caesialn the case presented
here, the model is fitted using the DSLP decomposed ittt as covariates as
well as the significant previous states (Autoregressivegss). Once the model is
fitted using the historical data, the previously simulat&&LP PC's are taken into
account for synthetic DMSC time series simulation.

Finally, the third and last step of the proposed methodolamsists of simu-
lating the variables defining the wave parameters with anlja¢éime resolution.
Prior to the simulation, the hourly and the daily historitiatle series are linked,
using the original database timestamp, obtaining the ecapulistributions ofH,
T,, and@,, for each cluster. By using these empirical distributiohg, three va-
riables are normalized. This enables the use of the samévaridte simulation
technique as in step 1. As detailed above, this techniquauats for the existing
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autocorrelation i/, 7,, andd,,, as well as the cross-correlation between them.
After simulating the normalized variables, and considgthne empirical distribu-
tions, together with the synthetic sequence of DMSC geedrhefore, the three
variables are transformed back onto the original scales.ré&bultingH,, 7,, and

0,, time series show similar marginal and joint distributiosglzose obtained with
the historical data. The disaggregation into daily conditgroups improves the
simulation results and preserves the seasonality of thabtes. Moreover, the use
of the synthetic DMSC is an indirect consideration of the Se&l Pressure in the
wave generation area related to the location of study.

3.1 STEP 1. Simulating Daily Sea Level Pressure (DSLP) fields

The simulation of daily sea level pressure fields during Step carried out by
using the multivariate simulation method proposed 1. In order to do so, the
original DSLP data are monthly standardized, and deconthiose principal com-
ponents. By this, seasonality is avoided and the dimenkipid the DSLP data
is reduced, which may affect the following steps of the mdthogy. The decom-
position into principal component is especially useful feducing the number of
dimensions and to identify patterns in environmental dékas technique removes
the data dependency and data redundancy with a minimumflessiance, which
is sometimes required for the assumptions made by mangtatatimethods. More
information related to this analysis can be found8ii][and [L33. Once the data
is pre-treated, the simulation is carried out.

The process of the multivariate simulatiofZ[)), once the DSLP is decompo-
sed intoPC's, can be summarized as follows:

1. For theNp¢ principal components, a normalization is done accordirgé¢o
empirical distributions for eackC', obtaining the transformed variabl&s,
with i = 1, ...Npc.

2. A univariate ARMA model is adjusted for each normalizedialale (7;).
This fitting process yields uncorrelated normal residulist@rical errors).

Further information related to these models and their perémce can be
found in [14].
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3. Although the historical error series obtained beforerareautocorrelated,
they should be cross-correlated if the variables involvesl interrelated.
To compute the cross-correlation between residuals, thenge-covariance
matrix (G) is built. As explained in12Q, the size ofG is (K + Np¢) x Ng,
K being the number of lags (positive or negative) taken iriwoant andV,
the length of the following simulations to be done.

4. Once the variance-covariance matrix is built, Choleskgamnposition is
done (i.e., computing. suchG = LLT) obtaining the orthogonal trans-
formation needed to cross-correlate the independentserror

5. £ = N, independent standard normal errors are simulated.

6. The generated errors are cross-correlated by using theganal transfor-
mation obtained earlier.

7. For theNp- components involved, using the ARMA model fitted previously
and theN, cross-correlated residuals corresponding to each variahy;
transformed variables are simulated.

8. At this point, Np autocorrelated and cross-correlated series have been si-
mulated with a length oiV,. The multivariate simulation ends after the de-
normalization ofZs;, which is done using the empirical distribution of each
PC.

A flowchart of Step 1 is depicted in FiguB2 A more detailed explanation of
the multivariate simulation process is provided b2 ().

3.2 STEP 2. Simulating Daily Mean Sea Conditions (DMSC)
time series

In order to generate plausible sequences of DMSC an auesmsge logistic re-
gression model is applied to the met-ocean variables défapfovides a detailed

description of the model and one application to the simoiatf synthetic series
of circulation patterns of mean daily sea level pressuraseafound. The aim of
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Figure 3.2: Flow diagram of the Step 1.
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Step 2 is to simulate statistically similar time series of B®) taking into account
the DSLP fields from Step 1. The sequence of Step 2 is:

1. Classification of the multivariate met-ocean variablethe DMSC inton
groups by using a K-means classification technique. Thisnigoe splits
the multivariate data into different clusters, each onengeffiby a centroid
and formed by the data for which the centroid is the nearest.
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2. Fitting the obtained DMSC sequence by using a logisticehdseasonality,
DSLP and Markov Chains of sea states and DSLP have been usedaas
riates. The DSLP, decomposed ind's, are introduced to the model, while
the seasonality is introduced by adding intra-annual hareso The fitting
process allows the selection of the significant covariatéetincluded in the
model and is unique for each study location. T€s of the DSLP used to
fit the model are obtained from the historical data, not theutated.

3. Once the model is fitted, synthetic sequences of DMSC caabiéy simu-
lated. Taking into account the significant covariates distaéd in the fitting
process and the simulatdel”’s of DSLP obtained in Step 1, synthetic se-
guences of DMSC are then sampled.

Figure3.3shows the flow diagram for the sequence during Step 2 of thelaim
tion process. The model parametrization, the theoretazatdation of the logistic
models and a detailed example simulating weather type segagecan be found in

[67].

Step 2

DMSC data
K-means clusterization

Step 1 l

PCs of the
historical DSLP

Fit multivariate
Logistic model

Step 1 l

Simulated | | |Simulate sequences
DSLP PCs of DMSC

Figure 3.3: Flow diagram of the Step 2.

3.3 STEP 3. Simulating Hourly Sea States (HSS) time series

Once the sequence of DMSC is simulated taking into accoenD8LP fields, the
third and last step of the presented method is to transfeddhy data of sea mean
conditions to an hourly scale. This is done by a modified wersif the methodo-
logy proposed byl20d. The modification consists of a disaggregation of the entir
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process into as many DMSC groups as defined in Step 2. Thiggsansures
we capture the dominant properties of the data and thus weprio accuracy du-
ring the simulation process. The development of this stepbesasummarized as
follows:

1. Transference of the DMSC original sequence to the engbihiourly sea
state time series. This wayz N groups are obtained, wherds the number
of DMSC previously determined and the number of variables taken into
account. This disaggregation incorporates the histosieglience of DMSC.

2. All the n groups of NV variables are normalized considering their empirical
distribution(Z;, with i = 1, ... N).

3. Fitting a univariate ARMA model for each;.

4. Computing the variance-covariance mat(if.(

5. Cholesky decompositioii(= LL") .

6. Simulation of independent standard normal errgrs (V).
7. Cross-correlation of the independent errors.

8. Simulation of the transformed variabléss() by using the fitted ARMA mo-
dels.

9. Denormalization of théV variables taking into account theDMSC empi-
rical distributions and the simulated DMSC temporal segeen

Except for the initial decomposition of the hourly database the DMSC
groups, the process is analogous to the one in Step 1, anpresented in Figure
3.4
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Figure 3.4: Flow diagram of the Step 3.

4 Case study: Hourly Sea States time series simula-
tion in a location in NW Spanish coast.

An application to demonstrate the methodology has beenrtaids on the North
West Coast of Spain. The area is located close to Langosteagbour, in Galicia.

In this section, the methodology is implemented and thelteate verified.
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4 Case study: Hourly Sea States time series simulation in adation in NW
Spanish coast.

4.1 Data

To show the performance of the proposed methodology, leng-data sets of
waves and Sea Level Pressure fields are required. Data framalysis databases
are used because of their length and consistency.

The SLP data is extracted from the NCEP-NCAR databa¥d, [The area
under study corresponds to the Northeastern Atlantic aogéatitudes from25°
to 65°N and longitudes from2.5°W to 15°E. This area covers the wave generation
area of the waves arriving to the Northwestern coast of Spaime data record
covers 55 years, from 1957 up to 2011. Note that NCEP-NCAR datords start
in 1948, however it is accepted by the scientific communiat tecorded data up
to 1957 is less reliable9f]. This database has a 6-hour temporal resolution, thus,
in order to obtain the Daily Sea Level Pressure (DSLP), theValues of each day
are averaged.

The hindcast wave data used in this work is: DOW 1.1 (Dowrmst&cean
Waves, [L9]) developed by IH Cantabria. These data comprises an heegignal
wave reanalysis for the period 1948-2008 with spatial rgsmh of ~200 m along
the Spanish coast. A hybrid method is used to downscale th& GQ reanalysis
([13€9) to coastal areas, based on a propagation catalog usin§W#eN model
([13]) and statistical techniques: MDA in the selection proass RBF in the time
series reconstruction; and calibrated using instrumetatd (seeq0], [115 and
[118). The forcing inputs come from the SeaWind NCEP/NCAR deit§fd 11]).

Both data sets comprise a common period of time from 1957 &8 20his 52
year period of data constitutes the basic information ferithplementation of the
methodology.

4.2 Step 1

In order to avoid spatially correlated variables and to ceddimensionality, a prin-
cipal components analysis is applied to the daily mean sehpeessures (DSLP).
Prior to the principal component analysis, the data sedispraremoved by un-
dertaking a monthly standarization. This will help the slation avoiding inac-
curate results because the multivariate simulation is biet lay itself to reproduce
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Figure 3.5: Spatial modes related to the DSLP Principal Components.

seasonality accurately. TheC's analysis shows thatd (Npo = 14) linearly in-
dependent components represent more fl2&h of the variability. Thesd4 PC’s
are simulated by using the multivariate simulation techaigroposed by1[2Q.
Figure3.5shows the spatial modes related to those principal compsnen

Taking the empirical distributions into account thé PC's are standardized,
obtaining the transformed variables, with i = 1,...14. These transformed va-
riables are fitted to univariate ARMA, ¢) models. In this particular case the use
of an ARMA(2, 1) model for all the time series provides appropriated resilte
fitting process of these kind of models is a well-known precasd further infor-
mation can be found inlH].

The residual errors given in the comparison between thelatdized PCs and
the adjusted ARMASs are not autocorrelated, but they aresecosrelated if there
exists temporal correlation between the differétit's. In Figure 3.6, the cross-
correlation of residuals between somfié's are plotted. Due to the high amount of
possible combinations aPC's, only those with higher correlation coefficients are
shown. From the results obtained from the cross-correlatiagrams the number
of lags (K) to be considered is determined, in this caSe- 4.

The variance-covariance matrix is built from the cross-correlations coeffi-
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Figure 3.6: Cross-correlations of residuals obtained after the ARM#&\dit different
PC combinations .

cients. For lately comparative purposes, the simulatioegyaing to be the same
size of the original time series; thus thg taken was the same as the original time
series length.

With the G matrix built, the Cholesky decomposition is constructebde the
Ng independent standard normal errors are generated andcoostated. When
they are introduced within the ARMA models, the standamizé’s are simulated.
Finally, the variables are denormalized.

Figure3.7 shows the comparison between the original and simulatedrieadp
probability density functions for the4 PC's. Visual inspection shows that the si-
mulation accurately reproduces the marginal distributictthe DSLPPC's. Due to
the high number of joint distributions within the 2's, a graphical representation
for comparison purposes is not feasible. Thus, to compavedes the original and
simulated joint distributions, the Kullback-Leibler digence measuremer]
has been calculated for all the possible combinations. Thiéb&ck-Leibler di-
vergence measurement, also known as Relative Entropwes ¢y the following
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Figure 3.7: Empirical probability density function of eadPC related to: i) historical
data (grey bars) and ii) simulated data (black line).

expression:

Der(P Q) = [ pla) 2 (3.1)

Which estimates the difference between two probabilityritistions P and Q.
This measurement is always positive and only would be 0 itweedistributions
compared were the same.

The estimation ofD ;,, assuming that P is the empirical bidimensional distri-
bution of eachPC;— PC; (with 7, j = 1, ...14) and Q the bidimensional distribution
of the simulated data for all theC'sim; — PCsim; (with ¢, j = 1, ...14), results in
the symmetric matrix shown in Tab&1 In this table, each valug, j) represent
the D, of the comparison between the 2-D distributionaf; — PC; against the
2-D distribution of PC'sim; — PC'sim;. The values of the diagonal are the compa-
rison between marginal$;C; againstPCsim;. Note that all the values from the
table are close to zero, i.e. there is a good agreement betiveempirical and the

simulated 2-D distributions.
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PCy PCso PC3 PCy PCs PCg PCy PCg PCy PCho PC11 PCh2 PCi3 PCh4
PCy | 0.0035 0.0221 0.0198 0.0179 0.0257 0.0151 0.0455 0.0149 0.0148 0.0257 0.0173 0.0123 0.0164 0.0226
PCy 0.0009 0.0173 0.0135 0.0161 0.0142 0.0350 0.0114 0.0109 0.0169 0.0168 0.0127 0.0107 0.0116
PCs 0.0026 0.0132 0.0172 0.0149 0.0390 0.0139 0.0155 0.0147 0.0166 0.0122 0.0120 0.0117
PCy 0.0009 0.0119 0.0131 0.0345 0.0117 0.0130 0.0183 0.0105 0.0104 0.0105 0.0108
PCs 0.0005 0.0103 0.0395 0.0096 0.0122 0.0138 0.0144 0.0091 0.0119 0.0108
PCs 0.0007 0.0353 0.0116 0.0091 0.0161 0.0139 0.0130 0.0107 0.0089
PCr 0.0257 0.0336 0.0371 0.0409 0.0354 0.0340 0.0377 0.0336
PCy 0.0006 0.0082 0.0125 0.0132 0.0104 0.0114 0.0086
PCy 0.0004 0.0141 0.0185 0.0089 0.0104 0.0095
PCho 0.0047 0.0180 0.0171 0.0184 0.0159
PC1y 0.0030 0.0114 0.0146 0.0141
PCi2 0.0004 0.0095 0.0103
PCi3 0.0006 0.0111
PC1y 0.0005

Table 3.1: Kullback-Leibler divergence measurement results.
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4.3 Step 2

The second step of the process starts with the clustenzeafithe trivariate Daily
Mean Sea Conditions H;, 7., 0,,). The non-hierarchical K-means algorithm is
used to classify the data into a previously determined nurabgroups represen-
ted by a centroid. In this case, the number of groups chosenr=d.6. To reduce
the likelihood of reaching local minima with the algorithatusterization is repea-
ted a hundred times, each with a new set of initial clustetroahpositions. The
algorithm returns the solution with the lowest value for digective function. Note
that in this particular case we select 16 clusters for séveasons: i) for the sake
of simplicity, ii) to facilitate the implementation, fit andterpretation of the model
results and iii) to reduce computational effort. The sulodthined by KMA algo-
rithm applied to the data is shown in Figu3e3, where the centroid positions are
represented by the larger dots.

Assigning arbitrarily an integer value between 1 and n=XGech DMSC in
Figure3.8, we get the sequence of DMSC, which is the input for the agtessive
logistic model.

The autoregressive logistic model allows the simulatiosyoithetic sequences
of DMSC taking into account different covariates such asseality, DSLP and
autoregressive terms of both: DMSC and DSLP. It is impor@ctuse it is known
that sea conditions at any given point in time depend on té@@us states and may
be affected by atmospheric behaviour of present and predays. Moreover, its
nominative nature is useful when working with classifiecad&urther information
related to the theoretical foundation and covariates implgation can be found
in [67]. Here, the fitting process is described briefly. The crit¢a choose the
final model, i.e. the order of the auto-regressive compaeeiasonality, number
of DSLP PCs, etc. is based on statistical significance, itiquéar, using the li-
kelihood ratio (LR) statistic. This method compares nestedels by comparing
the deviance ratidADev., which measures the change of fitting quality for twe dif
ferent parameterizations, and the chi-square distribwtith Adf = An, x (n—1)
degrees of freedom, beinn, the difference in terms of number of parameters for
both parameterizations. Here, a confidence levet 0.95 is assumed, so that if
ADev. > x§ 45 a4 the improvement achieved by addingadditional parameters is
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Figure 3.8: KMA classification of the Daily Mean Sea Conditions.

significant. The initial model to compare with is the null nebdvhich has:, =1
because a constant term is automatically added by the model.

In Table 3.2 the fitting process is presented. In the Model column: X state
for the model fitted just taking into account seasonality &iging 2 harmonics),
Z and Z refers to the first and second autoregressive terms of the@M&ch

Y, = Z PC; refers to the addition of consecutive DSIER's to the model and

j=1

Si = Zpc,, 82 = Y _ Zapc,andSs; = Y Zs p, state for the addition of the
j=1 j=1 Jj=1
first, second and third autoregressive term of consecut™eHPC's, respectively.

Firstly the addition of the two first autoregressive term®MSC is tested. The
results show that only the first one is significant. Note thatihclusion of each
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Figure 3.9: Model fitting diagnostic plot.

autoregressive term involves— 1 parameters, where is the number of DMSC
groups. Then, the DSLIPC’s are included one by one to determine significant
ones. As shown in Tablg.2, the 14PC's of DSLP in the concurrent day, the first
3 PC's of the previous day and the first/3C's of two days before are significant.
The influence of the third autoregressive term of th@s is not significant. So,
the resulting fitted model takes into account: seasondilitg,autoregressive term
of the DMSC, 14 PCs of the concurrent day, 3 fiFrst's of the day before (first
autoregressive term of the DSLRC's) and 5 firstPC's of two days before (second
autoregressive term of the DSIFR”'s). Note that this fitting process has been made
taking into account the historical DSLP decomposed s, not the simulated
PC's obtained in step 1.

Figure 3.9 shows a comparison between the empirical and the simulaited p
babilities of then = 16 DMSC groups within a year. The simulation is made
considering the significant covariates estimated befone. data are 3-daily aggre-
gated for a better graphical representation.

Once the model is fitted, synthetic sequences of weathes tygpebe generated
through a Monte Carlo method, using the simulat&ds as covariates. To check
the ability of the model to reproduce statistically simié@guences of DMSC the
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Model | df | Adf| Dev. | ADev.| %) 500
4
T e | s
X+2Z 984625 | 22° | go146 | 21976 2609
225 6350 | 260.9
X +Z+ Zs 284400 75496
X+Z 284625 69146
X+ ; +Y; 284610 | ~° | 6s2s2| o0 260.9
X+2Z+Y, 281505 | = | g3gz2 | 4320 25
15 1817 25
X+2+Y; 284580 | | 62115 | o o
X+2Z+Y, 284565 | | 61852 ) o
X+2+Ys 284550 | | 61078 | ) o
X+2Z+Y 284535 | | 59526 | o
X+2Z+Ys 284520 | | 59184 | o
X+27Z+Ys 284505 | | 59021 | oo o
Yizv ity | 25 aons | 7| 2
X+Z+ Yi(l) 284460 | > |ss020| 2 25
15 300 25
X+ 7+ Y1 284445 | | BTT20 | o
eI e el A
X+ ; + ;14 f Sy 084400 | =2 | 56082 | SO 25
15 700 25
X+Z+Yiu+5, 284385 | | 55382 | L - o
X +Z+Yiu+Ss 284370 | | 55145 | ' o
X +Z+Yiu+5, 284355 55245
X +Z+Yiu+5Ss 284370 | o [B5145 [ -
X +Z+Yiy+ 835+, 284355 | {55094 | o o
X +Z+Yiu+S34 Sao 284340 | | 55004 | o
X+Z+Yiu+Ss+4 S23 284325 | || 54943 | o o
X +Z+ Y+ 85+ 554 284310 | | 54594 | o
X+Z+Yia+S3+ 55 284295 15 54344 47 o5
X +Z+Yiu+S34 Sag 284280 54402
X+Z+Yia+ S+ 85 |284205|  [5dsad| -
X +Z+Yig+ S34 Sos+ Ss1 | 284280 54384

Table 3.2: Fitting process results.
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simulation has been repeated,,, = 100 times. The results obtained have been
validated with a threefold comparison against the origgegjuence of DMSC: i)
occurrence probabilities of DMSC, ii) transition probdaigimatrix between DMSC
and iii) persistence analysis of DMSC.

Firstly, the probabilities of occurrence of theyroups for theu;,,,, sSimulations,
against the empirical probability of occurrence from theyg2r sample data, are
shown in Figure3.1Q The results are close to the diagonal, demonstrating the
model capability to reproduce the probability of occureeappropriately.

R

it

02 0.25

Figure 3.10: Scatter plot of the empirical occurrence probabilitiesoasged with the
DMSC versus 100 Monte Carlo simulation results.

The transition probabilities express the probability cdieching from group to
group; between consecutive days. Thus, in the case of having 16 eaeditions
groups, the transition matrix{) has dimension$6 x 16, and each cell; ; is the
probability of changing from DMSC groupto DMSC groupj. The diagonal of
the transition matrix T corresponds to the probability afystg in the same group.
The transition matrix is calculated for each of the 100 sated samples and Fi-
gure3.11shows the scatter plot related to thiiex 16 = 256 elements of transition
matrix, including its uncertainty due to the simulation ggdure, against the em-
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pirical transition probabilities obtained from the histal data set. As shown, the
model is able to reproduce correctly the transitions betvi2SC.

086 07 08

Figure 3.11: Scatter plot of the empirical transition probabilities @sated with the
DMSC versus 100 Monte Carlo simulation results.

Thirdly, a persistence analysis is performed over the satedl samples in or-
der to check the ability of the model to reproduce wave clenthtnamics. Figure
3.12shows the empirical cumulative distributions of the peesise associated with
each DMSC group. The green line represents the averageieahgiistribution
while the one related to the historical sample data is celdum blue for all cases.
The red dotted line represents the 95% confidence intergkdted to the 100 si-
mulations. To further analyze the performance of perstg#drom an statistical
view-point, a two-sample Kolmogorov-Smirnovl(]Z) goodness-of-fit hypothe-
sis test between the original data and each sampled datafesmped. This test
determines if two different samples come from the sameibigton without spe-
cifying what that common distribution is. In FiguBel3the box plots associated
with the p-values from the 100 tests for each DMSC group asevehNote that if
the p-value is higher than the significance level (5%) thé mgpothesis that both
samples come from the same distribution is accepted. Reshdivn in Figur&.12
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prove that for most of the cases the persistence distribsifrom the Monte Carlo
simulation procedure come from the same distribution apé#nsistence distribu-
tion from the historical data. For all the DMSC groups thergtartile range (blue
box) is above the 5% significance level (red dotted line).
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Figure 3.12: Empirical cumulative distribution of the persistence foe t16 groups
related to: i) historical data and ii) sampled data using tdd@arlo method.

4.4 Step 3

In the two previous steps the simulations are performed aidlaily temporal re-
solution and the main objective is to reproduce the dailymveave characteristics
taking into account the influence of the atmospheric comaiéti This third step of
the process involves a change in the temporal scale, traingféhe daily informa-
tion obtained in the previous steps into hourly sea stateslation.

To accomplish this third step and thus the entire processodifiad version
of the multivariate simulation technique proposed b2( is used. Initially, the
trivariate hourly data are split into the daily mean sea doms obtaining: = 16
groups for each of th&/ = 3 variables:H,, T,, andd,,.
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Figure 3.13: Box plot associated with the p-values from the 100 testsdohé&MSC.

For all the N variables a normalization is made taking into account thpiem

rical distribution of then groups and the historical sequence of DMSC. THijs,

(with 7 = 1,...3) transformed variables are obtained. These transformealbles
are fitted into ARMA(p, q) models, in this case ARM®, 1) models for the three
variables provides appropriated results. The cross-atioa that exists between

the residual errors of the models is shown in FigBukl As seen, there is a strong

concurrent cross-correlation betweéh and 7', while the correlations with the

wave direction present lower values.
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Figure 3.14: Cross-correlations of residuals obtained after the ARM&ditthe three

variables.
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Figure 3.15: Empirical probability density function off,, 7,, andé,, related to: i)
historical data (grey bars) and ii) simulated data (blac&)li

From these results, up to 10 lags (= 10) are considered to be appropriate
to build the variance-covariance matdx Once the matribG is built, the simu-
lation process is similar at the one explained in step 1, leitnbain difference
comes in the denormalization of the simulated variabless @anormalization is
made taking into account the empirical distribution of the- 16 groups in which
each variable is split but considering the simulated secegof DMSC. This way,
synthetic hourly trivariate sea states are obtained.

Figures3.15and3.16show the ability of the process to provide good results not
only in the joint distribution but also in the marginals. Toamtify the similarity
between the historical data and the simulated ones, thé#aktLeibler measure-
ment is estimated for all the combinations. Results of treasurement are shown
in Table3.3, each element of diagonal representsithg, measurement for compa-
rison between marginal distributions of the three variablfile the non-diagonal
elements are the estimations for the 2D joint distributiarithin variables and its
comparison between empirical and simulated data. Noteathtite estimated va-
lues are close to 0, meaning that both data (historical andlated) present similar
marginal and joint distributions.

H, T, Om,
Hy | 0.0003 0.0345 0.0068

Ty, 0.0003 0.0100
Om, 0.0001

Table 3.3: Kullback-Leibler divergence measurement results.
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Simulated

Figure 3.16: Comparison between historical and simulated joint distidms.
Contour lines represent the empirical joint density disttion while dots are hourly

data.

In terms of simulating correctly the seasonality preseth@parameters distri-

bution, Figure3.17 shows a comparison between the original and simulated data.

In the upper subplots the three variables aggregated in rawate in the lower

ones the simulated data are presented.

The methodology allows the generation of synthetic timéesewith statisti-

cally similar behaviour. Because of the use of the empiritsiributions when

denormalizating the simulated time series, the maximalevalf H, and T are

constrained to be the historical maxima of the original d&tas could be avoided

by using a fitted distribution (i.e. Pareto) to describe tkieegne values, but this

involves the definition of a threshold and the choice of thet fie This is out of

the scope of the present work and it is a subject for furthezaech.
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Figure 3.17: Comparison of the seasonality of historical and simula@ahtour lines
represent the empirical joint density distribution whitgtglare hourly data.

5 Conclusions

This work presents a methodology to reproduce hourly tiatarsea state time
series. The method combines the use of univariate ARMA nsoztels-correlated
with an autoregressive logistic regression model. Thiskboation of techniques
allows the simulation of wave climate time series taking@ iatcount the different
temporal and spatial scales involved. The advances wigleot$o the state-of-the-
art can be summarized as follows:

e The possibility to simulate daily Sea Level Pressure fiekelsothposed into
PC'’s allows the generation of different atmospheric scenarios.

e The autoregressive logistic model takes into account sanabusly cova-
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5 Conclusions

riates of different nature, such as DSLP, seasonality aoragtessive in-
fluence, where the time and space scales are completelyeditfe

e The methodology is able to reproduce multivariate timeeseof interrelated
variables.

e The developed model is DSLP-driven, facilitating the ustinding of local
wave climate as a function of given synoptic circulation@ats.

Further research is required on the correct charactesizati extreme events.
Although the use of the empirical distributions gives aateiresults, a better de-
finition of extreme values would provide the possibility ohslating different se-
vere events from those actually recorded. This definitiaridcbe done by fitting a
Pareto distribution over a predetermined threshold.
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CHAPTER

A simplified method to
downscale wave dynamics on
vertical breakwaters

1 Abstract

A coastal structure is usually designed with the final olbjed¢b guarantee its func-
tionality and stability throughout its life cycle. Regandistability, the three main
failure modes are sliding, overturning and failure of tharfdations. To accom-
plish the design objectives, a design sea state is usuatywken calculating the
loads and scour around the structure. This design sea stagsponds to a certain
sea state with specific return period values of a significaveaheight. However,

the combination of different simultaneous sea state paesiean produce other
critical situations compromising the stability of the stiwre which then require the
calculation of long time series of wave forces correspogdinlong-term histori-

cal wave situations. Moreover, a design force associatadcartain return period
can be defined from the time series of the stability pararaefEne most accurate
techniques which can be used to estimate structure syasiktbased on numeri-
cal and physical models, but these are very time consumidgtencalculation of
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long time series is therefore unfeasible. Here, we propdsgbad methodology
to transform wave conditions into wave forces acting upamiced structures and
scour around it. The methodology consists of a selectionsfteset of sea states
representative of wave climate at the structure locatiemgia maximum dissi-
milarity algorithm. The wave forces acting upon the stroetand scour around
it, for the wave situations selected, are then estimatethlllyj a reconstruction of
the calculated parameters corresponding to historicadtsd@s using an interpola-
tion technique is done based on radial basis function. Theaten of the results,
through a direct comparison between reconstructed sancsusalytically (semi-
empirical formulations) calculated ones, confirms theighdf the developed me-
thodology to reconstruct time series of stability paramseta vertical breakwaters.
This methodology allows its application to numerical angigpbal models.

2 Introduction

The design of a vertical breakwater requires informatios@reral parameters that
influence its behavior during its life cycle. The three maiajon failures can be
synthesized in the following: sliding, overturning andldae of foundation. In
order to achieve an accurate design, in terms of structtahllsy, it is crucial to
have the data to estimate loads (sliding and overturnind)esasion (foundation
failure).

The determination of wave loads has been a challenge siedeetfinnings of
coastal structure engineering. The early stages of theit@fiof the pressure law
over submerged walls took place in field tests conducted @bibakwaters of the
Great Lakes, by Gaillard at the beginning of the 20th centityis study laid the
foundations for many subsequent studies.

During the past 100 years, several authors have studiedrapdged different
methods to determine wave loads on a vertical waB)([[ 145, [113, [119, [143,
[86],[61],[62], [157]). The Goda-Takahashi method (Goda, 1974 with the modifi-
cations of Takahashi and Tanimoto, 1994) is commonly used, semi-empirical
formula, as it allows estimating both the wave load actingrua vertical breakwa-
ter and the buoyancy and uplift pressures, allowing thegthesi the caisson.
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2 Introduction

Apart from semi-empirical methods, there are two other wadyestimating the
forces acting upon a caisson: numerical models and physicdEls. The former
have been developed over the last decades, due to the impeaver computatio-
nal resources, allowing us to determine the forces actitog @pcaisson g5]). As
for physical models, several studies have been conductgetéomine wave loads
based on laboratory test¥ (], [31], [36], [37]).

In terms of erosion around breakwaters, many studies heagetty investigate
the influence of the complicated flow originated by the intéoam between the
structure and the seabed. Every structure in the sea witigehthe flow patterns in
its neighborhood which can then result in scour at the bresdémoe and a possible
total failure of the breakwater.

Throughout the last decades, many authors have studiedrapdsed several
estimations of the scour depending on the type of structudetlze sea conditions
itis exposed to ([6€], [81], [157, [154], [159, [15€, [97], [12d). In the majority
of these studies, semi empirical formulations are estadtigaking into account
the results obtained with experimental tests or with nuca¢é¢models.

In the design of vertical breakwaters, the critical st&piparameters (wave
loads and scour) are usually calculated for the sea statean#tignificant wave
height associated with a specific return period (design tsé@)sand the other cor-
responding sea state parameters which influence the seustability obtained
from the joint probability function between the significamave height and the
rest of the parameters. However, we consider that caloglatie wave loads and
the maximal scour produced on the breakwater as a result tifeapossible sea
states occurring at this location provides more realigsuits. Consequently, each
sea state is defined by means of the simultaneous significarg eight and the
other sea state parameters considered (e.g., wave pea#l,pagan sea level, mean
wave direction), which can produce worse combination ofssate parameters for
the stability of the structure. A design force with a certegturn period can be
defined by means of stability parameter time series and casdxtto optimize the
breakwater design. Consequently, long-term wave datagrered at the breakwa-
ter location to carry out a proper statistical definitionstmmental data are rarely
available for the required position, making reanalysisadases with high spatial
and hourly resolutions a good choice. This can be used toedef@ve climate at
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the breakwater location. The transformation of wave reaisisea state time se-
ries (usually consisting of over 50 years of hourly datahtparameters involved
in the breakwater stability (loads and scour) is unfeadilie to the high amount
of time required if numerical or physical models are usedaicudate wave loads.
Therefore, the objective of this work is to propose a methagioto transform
wave time series at the breakwater location into stabilsameter time series, in
order to be able to use numerical or physical models withoreasle computational
time demands.

In meteorology, the concept downscaling refers to seveethatds proposed
in the literature to gain subgrid detail of the outputs of tlhuenerical atmospheric
global circulation models (GCMs) or to simulate a local ahte not generated in
the GCM ([L64])). On the one hand, the dynamic downscaling methods use the
ACM-integrated gridded fields as boundary conditions foew ihigher resolution
limited-area model, including parameterizations adafiethe region of interests.
On the other hand, the statistical downscaling methods elefistatistical model
which relates the gridded atmospheric patterns to histocial observations. Ba-
sed on the same idea, different downscaling methods havedaseloped to trans-
fer wave climate from deep water to coastal areas at higisefutons while still
simulating shallow water transformations. Another groimethodologies which
combines numerical models (dynamic downscaling) and maslieal tools (sta-
tistical downscaling) to reduce the computational effpf], [20]) are also propo-
sed. Therefore, to achieve the previously stated objecitgbrid methodology is
adopted, based on the selection of a number of sea states|thiation of the sta-
bility parameters mentioned previously (loads and scouod)their reconstruction
using a statistical technique.

This methodology is mainly based on the maximum dissinmylaaigorithm
(MDA) and the radial basis function (RBF) as the hybrid aggioto downscale
wave climate to coastal areas as proposedLi, [[20]. In the present applica-
tion, the term downscale means the transformation of thestseta time series at
the structure location to wave load parameters on the brat@kwThe hybrid me-
thodology proposed selects a subset of representativdéatea of historical wave
data at the location of coastal structures using MDA, theutation of the stabi-
lity parameters with a numerical or physical model corresjiag to selected wave
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conditions (dynamical downscaling), and an interpolatiechnique based on ra-
dial basis function (RBF) to reconstruct long time seriepafameters involved in
the stability of coastal structures.

A rigorous validation of the methodology would imply calatihg wave forces
using numerical or physical models for each hourly sea statdition over a per-
iod of several years, which supposes an unfeasible coniuahtime, in order
to compare these time series with the reconstructed onesneldt applying the
proposed methodology (based only on several numerical ysiqdd simulations).
Therefore, a semi-empirical method is considered to extee methodology. In
the present application, the Goda-Takahashi method wdgedpp estimate the
wave forces corresponding to each sea state of the wavdyssndatabase while
Hughes and Fowler (199181], was used to estimate the scour around the break-
water, this method being more efficient both economicallg aamputationally.
The obtained time series were compared to those reachedushenthe proposed
methodology. Each of the steps of the proposed methodotogxplained in detail
in the following sections.

3 Proposed methodology

The methodology proposed to downscale stability parammetdculating these pa-
rameters for a representative subset of wave conditionaaitg them from a
historical database and performing a statistical recaogtm of the time series
created for these parameters. The steps involved are: |&xfisa of sea states;
(b) calculation of wave loads acting upon the vertical bvestier and scour around
it; and (c) reconstruction of the complete series of sea&stasing an interpola-
tion scheme. To validate this methodology, two semi-erogirmethods (Goda-
Takahashi method for wave loads and Hughes and Fowles fatiomlfor scour)
were applied to calculate wave forces and scour allowing estain the analytical
time series on the breakwater which corresponds to eachtateaas the histori-
cal database. The reconstructed time series of each loathpter obtained with
the proposed methodology could then be directly compardial thve analytically
calculated time series. The different steps are explaiméuki following sections.
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A double application is considered to explain the proposethodology. The
breakwater under study is located on the north coast of SpaiGijon’s harbor.
The hindcast wave data used in this work is: DOW 1.1 (Dowmst@lcean Waves,
[19]) obtained by IH Cantabria, an hourly regional wave reasialyor the period
1948-2008 with coverage o£200 m along the Spanish coast. A hybrid method
is used to downscale the GOW 1.1 reanalysiS{) to coastal areas, based on a
propagation catalog using the SWAN model and statisticdirigues: MDA in
the selection process and RBF in the time series reconistnudthe forcing inputs
come from the SeaWind NCEP/ NCAR dataséti(]]).

The sea state (considered to be 1 h) parameters requiree Boita Takahashi
formula to define the wave loads on the breakwater are: signifiwave height
(m) H,, peak periodq) 7,, mean wave directiorf) 6,, and hourly mean sea
level (m) Z,,. On the other hand, the variables involved in the Hughes amdef
formulation of scour are: significant wave height)( H,, peak period{) 7,
and hourly mean sea leveh Z,,. The methodology hereafter was established
as a function of the four parameters used by the GodaTakamashod; similarly,
this could also be established for the Hughes and Fowlerdtation if the wave
direction was discarded.

4 Selection of sea states

The aim of the selection process was to extract a subset af givations which
were representative of those conditions available at thakwater location through
the DOW 1.1 reanalysis database. There are several selatgiorithms to extract
a subset of data from a database (i.e., KMA (K-Means AlgomtiSOM (Self Or-
ganizing Maps), MDA (Maximum Dissimilarity Algorithm)). @ of these options,
the MDA algorithm was chosen due to its ability to distribtite selected data
fairly evenly throughout the space, with some points setkelong the borders of
the data space, therefore guaranteeing the most reprisgestédset in comparison
with the original sample g0]). Consequently, the MDA algorithm allows an au-
tomatic selection of a subset of sea states which are repegse of wave climate
at the breakwater location. This algorithm was then appitececonstruct wave
load and scour time series on a marine structure. Multit@data were defined as:
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Xi = Hyi,T),0,0mi, Zm iy © = 1,, N, whereN amounted to 534,000 hourly sea
states, corresponding to the period between 1948 and 200®rdanalysis data is
defined by scalar and directional parameters of differemgmtades which require
normalization and an implementation of the distance in ttedecfor the directional
parameter on the MDA algorithm.

The scalar variables are normalized by scaling the variadliges between O
and 1 with a simple linear transformation which requires pasameters, the mi-
nimum and maximum values of the two scalar variables. In #we ©f circular
variables (defined in radians or in sexagesimal degreeg ik scaling factor
7/180), and considering that the maximum difference between twaztions over
the circle is equal tor and the minimum difference is equal to 0, normalization
was achieved by dividing the direction values between p.il8ity, the circular
distance was rescaled between 0 and 1. The dimensionlegsiaia were expres-
sed asX; = H;,T;,6;, Z;; i = 1,, N, after these transformations.

Therefore, given a sample daXa = H,, T;,0;, Z;; i = 1, ..., N consisting ofNV
n-dimensional vectors, a subset/df vectorsDy, ..., D), is selected by the MDA
algorithm. The initial data of the subsg, is considered to be the sea state with
the highest significant wave height. The rest of flie— 1 elements are selected
iteratively, transferring the most dissimilar one to théset established by the
MaxMin version of the algorithm ([65]). For example, if the subset is formed by
R(R = M) vectors, the dissimilarity between the vector i of the datasle N-R
and the j vectors belonging to tliesubset is calculated as:

dij = | Xi = Djll;i=1,...,N = R;j=1,...R (4.1)
Subsequently, the dissimilarity ..;s.: between vectoir and subser, is calcu-
lated as:

di7subset = mm{HXZ — D]||}77’ = 1, ey N — R7] = 1, ey R (42)

Once theN — R dissimilarities have been calculated, the next selectéalida
that with the maximunal; ;... We used the algorithm developed by Polinsky et
al. (1996).
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A Euclidean-Circular distance (E for the Euclidean distaimcscalar parame-
ters and C for the circular distance in directional paransg¢t@as implemented in
the MDA algorithm:

| Xs—Dj| = \/(Hi — H;P)? + (T, = T3P)? + (Zi = Z;°)% + (min{|0; — 6;7],2 — 0, — 0;"[})
(4.3)

Finally, we de-normalized the subset applying the oppdsatesformation used
during normalization. The MDA subset was then definedas= {H, ;”, T, ;",
ZSJD, QSJD}S j=1..M

The MDA was applied to the 60 year time series of the four patans consi-
dered in the definition of wave conditions at the breakwabeation. We used
different subset sizes (from 10 to 1000 sea states) to amahe influence of re-
presentative case numbers in the calculation of the paeamdiigured.1shows a
zoom over the time series of the four parametgts ;, 7,.;, Z.i, 01m,i } and MDA
subsets of different size\{ being the number of selected cases). The firste-
lected data using MDA of different subset sizes are the same@ning that for a
selection ofA/=200 cases and another f=100 cases, the first 100 cases of the
first selection are exactly the same cases as those beldongimgsecond selection.

Figure4.2shows the distribution of the sample data for different @elsional
combinations of the 4 parameters, both for the 60 year datassand for the
M=1000 selected data. As seen in both figures (F§4.and4.2), the selected
cases spread all over the data range.

5 Stability parameter calculation

5.1 Dynamic loads

Wave forces were calculated for each set of selected (S€gtiwave conditions at
the structure location according to the previously defireadstate parameters. The
dynamic loads k") can be expressed as a function of wave parameters:

F’i = fF(Hs,i> Tp,i> em,ia ZZ) (44)
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H, (m)
@

Figure 4.1: Time series off,, T, ,, and Z,,, in front of the breakwater (grey dots),
the selected cases by MDA algorith{ = 1,50 red points,M = 51,100 green
points, M = 101, 200 yellow points.

The transformation of a sea state to wave forces should lmeagst by a nume-
rical or physical model. However, a semi-empirical form{@ada-Takahashi) was
considered because it allowed the direct transformatiche®60 year hourly rea-
nalysis time series, making the validation of the proposethedology possible.

The Goda-Takahashi method is explained in sediidnl of this chapter. Pres-
sures exerted upon the breakwater, as estimated by thigieahpnethod, are a
function of the parameterf,, 7, 0,,, Z and the breakwater geometry. Once the
pressure distribution and the uplift pressure distribuhave been calculated, they
can be integrated. Then the horizonfgl and vertical F;, forces, as well as their
moment around the bottom of an upright section: the horedah,, and vertical
force M, momentums, are obtained. Finally, the safety factor agalitsng, SSC'
and overturning® SC are defined as follows:

M(W_ Fv)

SSC = 7

(4.5)
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time: serie MDA h=101,200 + MDA M=51 100 + MDA W=1 50

Figure 4.2: Distribution of the selected datd/{ = 1,50 red points,M = 51,100
green points)M = 101, 200 yellow points) obtained by MDA algorithm in the sample
time series (grey points).

Mw - Mv
O5C ==

wherelV stands for the breakwater weighit],, for its momentum andg: is a
friction coefficient (0.65 in this application). The criéicstability of the structure

can be analyzed by means of the sliding and overturningrféicte series.

(4.6)

This procedure has been applied to each sea state selected BYDA algo-
rithm and to the complete wave reanalysis time series at ¢ntécal breakwater
location, at the Gijon’s harbor (Figt.3).

5.1.1 Goda-Takahashi method

Since 1974, Goda’s formulas have been widely used to predice loads acting
on vertical breakwaters for irregular waves, both for binegkand non breaking

138


C4_F2b.eps

5 Stability parameter calculation

N [ 12
+24 00 [~
L §
J-
..
1T &
-_liﬁ* i
3 - :
2[7@&%& g e
Ll PN I e

N
Concrete blocks \_Rocks \&C_RS_
07 3T 150/250kg

Figure 4.3: Vertical breakwater cross section at the harbor of Gijoersibn.

waves. In 1994, Takahashi implemented a coefficient takit@gonsideration an
impulsive breaking wave on a vertical wall.

This method assumes the existence of a trapezoidal predistnibution along
the vertical wall, as shown in Figure4. In this figure, h represents the sea level at
the breakwater, i.e.: the depth considering the mean sebderd the tidal elevation
Z, d is the depth above the armor layer of the rubble foundati the distance
from the design water level to the bottom of the upright sextand hc the crest
elevation of the breakwater above the design water leved. highest wave in the
design sea state should be employed.

The elevation to which the wave pressure is exerted is shewft a

n* = 0.75(1 4 cos(6,,))(1.8Hy) 4.7)

whered,, denotes the angle between the direction of wave approach hnel
normal to the breakwater. Goda proposed rotating this waeettbn by an amount
of up to 15° toward this line. The wave pressure on the front of a vertigl can
be calculated by:

p1 = 0.5(1 4 cos(6,,)) (a1 + o cos?(0,,)) pg(1.8H,) (4.8)
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Figure 4.4: Distribution of wave pressure on an upright section of aiwvarbreakwa-
ter. Goda-Takahashi (1994) method.

_ he i *
Py = (1 n*> pr it > he (4.9)
0 it n* < he
P3 = a3pr (4.10)

where the coefficients;, a, andas are a function offd,, 7, 0,,, Z and the
geometry of the breakwateh |, h, d):

9Ty 27h
Amthg/L

= 0. D 4.12
o =0.6+0.5 Linh(élwhs /L)] (4.12)
a, = max{ag, as} (4.13)

h 1
S R R 4.14
s hs { cosh(Zth/L)} (4.14)
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where:

| hy—d f1.8HN? 24
_ 4.15
2 mm{ 3hy ( d )’1.8Hs} (4.15)

a7y = joQgq (416)

1.8H,/d if 1.8H,/2<?2
ar = (4.17)
2 if 1.8H,/d>?2

an = { ﬁ%a)s :]: gz ig (4.18)
=t S (419)

o {40 1 Gns

611 = 0.93 (% — 0.12) +0.36 <hh_ d_ 0.6) (4.21)
895 = —0.36 (% — 0.12) +0.93 (hsh: d_ 0.6) (4.22)

whereB is the toe berm width.
The uplift pressure acting on the bottom of the upright sects assumed to
have a triangular distribution where toe pressure pu isgyethe equation below:

pu = 0.5(1 + cos(0,,))aqaspg(1.8Hy) (4.23)

Once the pressure distribution and the uplift pressurelbligion are calculated,
they can be integrated obtaining the horizontal forEg, and the vertical force,
F, and its moment around the bottom of an upright section: thieztwatal force
momentum)/;, the vertical force momentudy,,.
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5.2 Scour around the breakwater

For each of the selected cases defined by the MDA algorithemximum scour
depth at the foot of the breakwater was calculated. In 199@hds and Fowler
performed several laboratory tests, and from these reshttned the following
empirical equation:
Sin 0.05
Uyms)m - T, (sinh(k, - 7))035 (4.24)

wherek, is the wave number determined from the dispersion relatipns is

the depth and((,.,.;).. is given by the equation:

(Urms)m V2 15—k, h
= 054 - cosh | 222 4.25
Gy T,-Hy  drcosh(k, by |00t O 2.8 (4.25)

with 7, as the peak periody, the significant wave ang the gravity accelera-
tion.

6 Time series reconstruction

The reconstruction of the time series of the stability pasters on the vertical
breakwater was carried out by means of an interpolatiomigcdle based on the ra-
dial basis function (RBF), a very convenient method fortezatl and multivariate
data (b3], [72)). This interpolation method approximates the real-vdlfiection
f = f(x) using a weighted sum of radially symmetric basic functiatated on
the scattered data pointsg, , 2, where the associated real function valyes fy,
are available. The approximation function is assumed td ieecform:

M
RBF(x) ZP($)+Z%‘I’(|I$—%||) (4.26)

where ® is the radial basis functior}|| being the Euclidian normp(z) is a
monomial basi®y, p1, , p., formed by a number of monomials of degree=1 equal
to the data dimensiomj and a monomial of degree=0 and= by, b1, , b, the
coefficients of these monomials. The RBF coefficients&nd the monomial co-
efficients b are obtained by enforcing the interpolationst@ints RBF (x;) =
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fi» Gaussian functions with a shape parameter are used asdia¢ basis co-
efficients. The optimal value of the shape parameter is astichusing the al-
gorithm proposed by1[37]. To implement the RBF interpolation technique in
the pressure distribution time series reconstruction, aeetd/ 4-dimensional
points D;* = {H, ;" T,,;"”,Z;".0,,;"}; j = 1,..M, corresponding to thé/
cases selected by the MDA algorithm and the associated esepirical parame-
ters obtained applying the GodaTakahashi method. In eai@id for the scour
distribution time series reconstruction we hale 4-dimensional pointd),” =
{H, ;" T.;” Z,;"};j =1,..M, for the M cases selected and the associated pa-
rameters of the Hughes and Fowler formulation. These sempirecal parameters
are: the horizontal forcéj,, the vertical forcel’,, the horizontal force momentum
M, the vertical force momentum/, and the scour around the breakwatgy.
With the parameters mentioned above, the stability of thrdozs breakwater can
be analyzed and the safety factor against slidg({) and overturning@SC) can
be estimated. The aim of the RBF application is the evalnaifdhe interpolation
function of each of the following parameters: the horizbfdace RBFy, , the
vertical forceRB F,, the horizontal force momentuB F), , the vertical force
momentumRBF),,, and the scouRBFjs, . To calculate the interpolation func-
tions, scalar variables are normalized with a simple linteamsformation which
scales the values between 0 and 1. Circular variables areatiaed by dividing
the direction values byt. Therefore each situation in the time series (60 years)
is defined asX; = H,;,T},;,0m, Zm; @ = 1,..., N, while each selected case is
expressed ab; = {H, ;, T ;, Zs,0s;}; 7 = 1,...M The interpolation function is
calculated using the following expression:

M
RBF(X;) = p(Xi) + Y _ a;(|| X — Dj) (4.27)
j=1
wherep(X;) = b, + by Hg; + boT); + b3b,,; + by Z; and® is a Gaussian function
with a shape parameter c. The Euclidean distance has bdanadjpy the distance
EC as in the MDA algorithm.

| X — D;|?

C(IX; = Djll) = exp(——3

) (4.28)
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The optimal shape parameter is estimated by the Rippa #iguriThe coeffi-
cientsb; = [bo, by, b2, b3, bs]” of the monomials and the coefficients= [a1, , ay]”
of the radial basis functions are obtained by the interpmtatonditions:

RBF(D;) = f;(D;);j=1,... M (4.29)

where the real functiong; are defined by the parametef, £, M), or M,
obtained by GodaTakahashi, corresponding to the sea seltated by the MDA
algorithmD;.

Therefore, pressure and scour distributions are calaufatehe entire 60 year
series by means of the RBF functions obtained for each paeanidese functions
are defined as:

Fyi=RBFp,({Dj, Fr;(j =1,..., M)}, X;);i =1, ..

LN (4.30)

F,; = RBFr,({D;,Fo;(j =1,..,M)},X;);i=1,...,N (4.31)

My ;= RBFy, ({D;, My, ;(j =1,..., M)}, X;);i=1,...N (4.32)
M,; = RBFy,({D;, M, ;( =1,... M)}, X;);i=1,..,N (4.33)
Smi=RBFs, ({D;,Sm;(j=1,...M)},X;);i=1,...,N (4.34)

And the final result is the reconstructed time series of tharpaters that define the
wave loads and the scour at a vertical breakwater:

Xp,i = {Fhﬂ'a Fv7i7 Mh,ia Mv,i7 Sm7l}77' = 17 (RS N (435)
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7 Validation

The proposed methodology was applied to calculate waveslaad scour at a
breakwater. The time series of the propagated paramgters,, M, M, andS,,
were reconstructed considering different numbers of casksted by the MDA
algorithm (M = 10, 20, 30, 40, 50, 75, 100, 150, 200, 300, 500, 750 and 1000).
It means that, for example with/ = 10, the RBF is applied to reconstruct the
60 years hourly time series taking into account the 10 seassselected with the
MDA algorithm. That process was then repeated for all theesmbf M considered
and for all the parameters of study.

On the other hand, values for the same four parametersK,, M;, M,and
S,,) for the entire 60 year time series were calculated analjyicThus we have
real values available for the validation of the time serezonstructed by means of
the proposed methodology.

To validate the time serie$9% of the percentiles for each time series re-
constructed were calculated, varying the number of cadested by the MDA
(M = 10,20, 30,40, 50, 75, 100, 150, 200, 300, 500, 750, 1000) for all the parame-
ters obtained. Once this was done, the error made by thesenpiées was calcu-
lated according to the following:

(X; =Yy
X
where X; stands for the value of tH#% percentile of the series obtained nu-

merically andY; for the 99% percentile of each reconstructed time series. Figure

4.5 shows the evolution of the error of tB8% percentile of the},, and F, series

reconstructed by varying the number of selected casesly Fegiod results were

obtained for thé)9% percentiles of the horizontal and vertical forces and memen
tums, with maximum differences ef 5% for the horizontal force and momentum,
and78% for the vertical force and momentum. Note that these valfidssagree-
ment correspond to series reconstructed with less than &sdeom a data base
of about 500,000 cases (60 year hourly data). Whenevessedee reconstructed
with more than 100-200 cases, this error reached values®fthanl %.

The quality of the reconstruction of thi¢ andF;, time series is shown in Figure

4.6, which represents the real time series and those recotedrwith A/ = 50 and

E; = - 100 (4.36)
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Figure 4.5: Evolution of the error in th&9% percentile ofF}, and F, varying the
number of selected cases to reconstruct the time series.

M = 500 selected with the MDA algorithm from the entire series, ezgpely. In
this figure, the line describing thE, and F,, series using 500 cases is hardly dif-
ferent from that of the real time-series. The line corresgjiogto 50 cases presents
larger differences with the real one.

In terms of scour, the results obtained are significantlyelbéhan those regar-
ding the forces. Figurd.7 shows the evolution of a scatter plot for an increasing
number of selected cases used to reconstruct the serieanfkgeseen, the recons-
tructed time series matches almost perfectly the analijticalculated one.

As a final summary of the proposed methodology, FiguBshows a diagram
of the steps followed throughout the entire process

8 Conclusions

A hybrid methodology was developed to obtain long-timeesedf wave loads on
a breakwater using numerical or physical models with a me@sle computational
time. The methodology is based on the selection of a numbesesentative
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Figure 4.6: Time series calculated (in grey) and reconstructed consglé/ = 50
cases (in green) an = 500 cases (in pink) of the parametefs and F,.

wave climate sea states at the breakwater location, thalattm of the dynamic
loads corresponding to these selected wave situations andtigimensional RBF
interpolation to reconstruct the wave load time series.

Although the methodology was developed to be used with nigalesr physi-
cal models, requiring huge computational times to simutateh sea state, in this
study a semi-empirical formula (Goda-Takahashi methodj wsed to carry out
the validation, due to the possibility of calculating loaar@meters corresponding
to every sea state of the reanalysis database. Validatitve oésults confirmed that
the proposed methodology can reproduce the time seriesva lwads and scour.
The results shown above state that for a selection of less30@ cases, the error
made in the estimated parameters is almost negligible ie@struction of a 60-
year hourly time series. The proposed methodology thezgiavvides a tool with
accurate results of estimated parameters avoiding maoylatibns. In terms of
computational effort and using a standard PC, it takes lems &an hour to recons-
truct a time series using RBF and around half an hour to exé&raepresentative
group of cases by using MDA algorithm.
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Figure 4.7: Scatter plot of the calculated series of scour and the récmted ones.
In the upper-left plot with\/ = 50 cases, in the upper-right plot withi = 100 cases,
in the lower-left withM = 200 cases and witld/ = 500 in the lower-right plot.

The MDA algorithm automatically selects a subset of muttidnsional sea
states evenly covering the diversity of wave situationdatstructure location and
is very convenient for the subsequent RBF interpolatiohrieque.

The availability of long time series of loads acting on a &t breakwater
and the scour around it allows the analysis of critical s$itgdsituations, taking
into account the combination of different correlated sadesparameters, and the
definition of the design force with a certain return periodiah constitutes an
improvement in the design of coastal structures.

As shown, the proposed methodology can be applied to recmhgtarameters
of different nature such as loads and scour. Both exampldaieed in this chapter
were selected due to their relation to the breakwater gtabifhe methodology
can also be used to transform stability parameters whickritepn other sea state
parameters with higher dimensionality due to the capgbifitMDA and RBF to
work with high dimensional data.

148


C4_F6b.eps

8 Conclusions

Data
X'y ={Hs;.Tp,.Z .6} (l :1: ----- N)
Selection
Normalization
X i={HT,2,6 (i=1....N)
l
EC distance

2
- DJH:\/(HS“ HgF +fr-78F +- 2P F e min Jowi - &R 2- Jowi- o]

Max_Diss
0 j=(ndp 1Pz (i =1....M)
e ® 0,
* 0 .
L] ..© ..
* . *
L]
Desnormalization
D'y =(HD;. TP 2P Ry (j=1....M)

Stability Parameters

- Horizontal Force (Fn=fen{Hs, Tp, ,Z})
- Vertical Force (Fy= fro{Hs, Tp, ,Z})

- Horizontal Force Momentum (M= fun{Hs,Tp, ,Z})
- Vertical Force Momentum (M,= fu{Hs, Tp, ,Z})
- Scour Depth (Sn=fsm{Hs, Tp,Z})

{He T2, 2P.a% () =1...M)

Time series of parameters (RBF)

FN = RBRg, DJ-,Fh’j;(j =1.M )},xi (G =1.N)
RN = RBR, {Dj,FV’j;(j =1.M )},xi (i =1..N)
MY = RBRy, {Dj,Mh’j;(j =1...M)},xi (i =1..N)
MY = RBRyy {Dj,MV’j;(j :1...|\/|)},><i (i =1..N)

SN = RBRg, {Dj,Sm']-;(j =1

<
X

(i =1..N)

|

Results

Yi ={Fpis FuisMp i My Smil

(i =1...N)

Figure 4.8: Scheme of the methodology for Gijon’s breakwater applica{example).
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CHAPTER

A multivariate approach to
estimate design loads for
offshore wind turbines

1 Abstract

The design of offshore wind farms is a complex process thatires a detailed
study of the oceanographic, meteorological and geoteahoanditions at the site.
The structure and all structural members shall be designadnay that they can
be resistant against different kinds of loads: permaneartable, environmental,
accidental and deformations. This chapter is focused osetballed environmen-
tal loads. The main environmental conditions that may doute to structural

damage, operational disturbances or other failures ard,wmaves, currents and
sea ice. Thus, the combination of the different parametergpnoduce many dif-

ferent critical situations for the integrity of the struurequiring the calculation
of long time series corresponding to long-term historiathdsituations. The most
accurate techniques available at the moment to estimate k&ing upon a struc-
ture are numerical and physical models; however, they angetirme consuming,
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and the calculation of long time series of data is unfeasibleerefore, a new hy-
brid methodology to select waveswindcurrent represergatnditions that allow
the interpolation of long time series of forces on a wind iehis proposed. The
methodology consists of a selection of a subset of repraBemtcases of wave-
windcurrent climate at the structures location by using aimam dissimilarity
algorithm, then estimating loads acting upon the structoreéhe seawind states
selected and the reconstruction of loads correspondingstorical data using an
interpolation technique based on radial basis function.vdiaate the proposed
methodology and because of there is no availability of longetrecords of loads
on wind turbines, the well-known IEC 61400-3 has been agpieestimate the
loads for the complete reanalysis time series of waves,svamd currents. The va-
lidation of the results confirms the ability of the methodplaleveloped to recons-
truct time series of forces on the structure on the basisepthviously selected
cases. This methodology permits application of numerindl@hysical models to
offshore wind farm design, considerably reducing the nundbeests or simula-
tions.

2 Introduction

The need for clean, renewable and sustainable energy sobaseincreased in
recent decades. Along with this need comes the developni¢etiinology and
the capabilities of human society. As a result of these tveasd offshore wind
energy appears. Wind energy is one of the most promisingmptior electri-
city generation. According to the Europe 2020 Renewabledyn€argets, wind
energy-installed production will increase from 2.9GW iri2Qo 40GW in 2020.

Technology today makes offshore structures possible wtmnditions are fa-
vourable. A good example is seen on the North West Europé,cagsecially the
North Sea, where the 2020 installed production target isVE5Ghere, continen-
tal shelf conditions allow good foundations for turbinestba sea floor, and the
constant winds provide the energy needed to start the oo®s the Spanish
coast, the Mediterranean would be where it would be possililestal wind farms
moored to the sea bottom. The Atlantic Coast and the Cankmyds Coasts are
too deep for that.

152



2 Introduction

The analysis and design of offshore wind farms are a complezegs that
involves many technical requirements. This design has &magiee safe and eco-
nomical operation during the service life of at least 20 geard must take account
of the most important external conditions, closely reldtetthe wind farm location.

According to the DNV-0S-J101 Offshore Standardg)([when designing
wind turbine farms, a high number of load cases should beideresl. These load
cases fall into different categories: permanent (massghig (actuation, operatio-
nal), environmental (wind, waves, current, ice), accidedollisions, explosions,
fire, etc.) and deformation loads (temperature, built-fimdaations and settlement
of foundations). This study is focused on environmentaliadpoads (wind, wave
and currents) during the operational life of the wind tuebi®ther kinds of loads
(e.g. accidental loads, internal loads due to the dynansigamse of the structure
and loads associated with turbine or grid faults) are nosictaned.

For offshore structures, environmental load involves $odide to waves, wind,
current, earthquakes, ice, snow, tidal, scouring, ett¢thHeumost important is those
related to waves, winds and currents. From all the extemenhis referred to be-
fore, the design rules establish multiple combinationstabsions that may occur
during the life cycle of the structure to be studied and/amuated, both nume-
rically and physically. In terms of numerical models, sev@omputer programs
have been developed to simulate the behaviour of offshanetates(g], [1],[3]).
Related to these aero—hydro—servo—elastic time—donmauiaiions have appeared
in the lasts years the contour line or surface methods, wdaaohbe very useful in
terms of extreme responses for limit state desiga$,(©2]) but the assessment
of combined wave, wind and current loads on offshore strestaontinues to be
a time-consuming process. On the other hand, physical mafilet good results,
but the number of cases that can be tested is limited by fiahand time factors.
Despite their limitations, physical models are very uséfubptimizing design and
for the verification and validation of numerical models.

This study proposes a hybrid methodology to obtain long teres of envi-
ronmental loads on an offshore wind turbine by simulatingratéd number of
seawind states. The methodology is based on that proposdolvioscale wave
dynamics in coastal structure${]) and combines a selection of seawind states
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by using data mining algorithms and a later reconstructimerpolation with ra-
dial basis functions (RBFs). To validate the proposed ntogy, the loads have
been estimated applying IEC 61400-3 (2009), but the finadahje of the propo-
sed methodology is to apply numerical or physical modelsnust be noted that
some simplifications have been made when estimating the.load

By using this methodology, the number of numerical simaoladior physical
tests needed to reproduce long time series of loads on tha twmine can be
reduced. The availability of long time series of loads onhed turbine gives
access to all the combinations of effects because of extagemts that may not
be included in the recommended load cases of the standangsstlidy therefore
aims to provide a useful tool in wind turbine structure dasig

3 Proposed methodology

The methodology proposed is a transformation to desigmpetexs (loads) of a
representative subset of sea and wind conditions from arigat database, and
a statistical reconstruction of the time series of the patars is calculated 1p],
[20]). The stages of the methodology are the following: (i) dabn of the met-
ocean database; (ii) selection of representative wind aadstates using data mi-
ning algorithms; (iii) loads on a wind turbine calculatiand (iv) transference of
the complete series of wind and sea states using an intégpotecheme. The pro-
posed methodology has been successfully used to studydo#dg upon vertical
breakwaters ¢6]). A diagram of the methodology is shown in Figlgd.

e (1) Use of this methodology requires a long-term databaselgta) of the
different variables involved at the location. For this apgtion, the number
of independent met-ocean parameters is 8. These variables define the
characteristics of waves (significant wave height); wave period 1,,),
wave direction €y ...5)), wind (magnitude and direction{_;,., Owindg)),
currents (the speed and direction of the tidal curréit (,;, 01:4.;)) and sea
level (SWL).

e (2) The aim of the selection process was to extract a reptasen subset
of windwave conditions of the long time series from reaniglyiatabases.
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3 Proposed methodology

Historical

database

\ 4
A 4
Dynamic Loads
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Time Series
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v
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A 4

Design Loads

Figure 5.1: Diagram of the methodology.

The maximum dissimilarity algorithm (MDA) allows an autotitzaselection
of a subset of sea states that are representative of met-otiewte at the
location useful to be combined with an interpolation tegiei ([L9]).

These reanalysis data are defined by scalar and directianamgters of dif-
ferent magnitudes that require normalization and an impleation of the distance
in the circle for the directional parameter in the MDA aldgbom. The scalar va-
riables are normalized by scaling the variable values batv@eand 1 with a simple
linear transformation requiring two parameters, the murmand maximum values
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of the two scalar variables. In the case of circular variglfteefined in radians or
in sexagesimal degrees using the scaling fagtd®0) and considering that that
the maximum difference between two directions over theleiegualsr and the
minimum difference equals 0, normalization was achievedlikiding the direc-
tion values byr. In this way, the circular distance was rescaled betweend0 an
1. The initial data of the subsé?;, were considered to be the sea state with the
highest significant wave height. The rest of the— 1 elements were selected
iteratively, transferring the most dissimilar ones to tlhset established by the
MaxMin version of the algorithm ([65). This dissimilarity was determined using
the Euclidean circular distance. Finally, we de-normalittee subset applying the
opposite transformation used during normalization.

e (3) In this phase of the methodology, loads were calculabeecéch of the
selected seawind conditions at the structures locationmplgied method
(based on IEC 61400-3) is considered because it allows teetdiansforma-
tion of the long time hourly reanalysis series (20 years licg &pplication),
which made the validation of the proposed methodology pessi

e (4) The reconstruction of the time series of loads on the viumbdine used
an interpolation technique based on RBF, a very handy mdthatattered
and multivariate data §f3], [72)).

Figure5.2shows a detailed schematic diagram of the methodology.

An application is considered to explain the proposed mailuyy. The off-
shore wind turbine under study is located on the northeaslitelfeanean coast of
Spain between the city of Tarragona and the Ebro River D&l place was cho-
sen because the continental shelf in the area would, aslglpmanted out, allows
an offshore wind farm to be located there.

Figure5.3 shows the location of the case study.

4 Database

To apply the methodology described, long-term databaseawes; currents and
winds from the location is needed. The parameters were tfa&enreanalysis da-
tabases because of its adequate length, covering 20 y&&8-2D09). The wave
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Figure 5.2: Schematic diagram of the methodology.
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Figure 5.3: Location of the case study.

data were taken from Downscaled Ocean Waves 2.1, a coastdy eave reana-
lysis database with a spatial of resolution of 0.1@bthe western Mediterranean
Sea. This database has been obtained downscaling the Glogah Waves 2.1 da-
tabase applying a hybrid methodolog$¥]) that combines the SWAN wave model
(dynamical downscaling) with statistical tools (MDA alggbm for the selection of
500 representative deep water conditions and RBF intetipoléechnique for the
20 year hourly time series reconstruction). Global Oceane#/2.1 (IH Canta-
bria) is a wave reanalysis database generated usingWWa3l randdorced by 15
km resolution wind fields from a dynamic downscaling (WRF midpahested to
ERA-Interim (1989-2009) atmospheric reanalysis.

The wind data were extracted from the SeaWind-ERA-Interataebase (IH
Cantabria)(I111]). SeaWind constitutes an hourly wind reanalysis dataloasa
15 km spatial resolution grid, which provides surface wiatl& height of 10m.
It was generated by dynamic downscaling, using the WRF mivdei a global
reanalysis (ERA-Interim, developed by the European Cdotréledium-Range
Weather Forecasts) over the South Atlantic-Europeanmegid the Mediterranean
basin.

The storm surge data used were extracted from the GlobalnCgeages 2.1
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database (IH Cantabria)d]), a high-resolution hourly storm surge reanalysis data-
base covering 20 years (1998-2009) in Southern Europe asitfatial resolution of
1/8 (~13 km). It was generated with the three-dimensional Reg¢iOcaan Mo-
delling System model developed by the Rutgers Ocean ModeBGiroup and for-
ced with high-resolution wind and pressure datd% km) from a dynamic downs-
caling of ERA-INTERIM.

5 Selection of wind and sea states

The subset is selected using the MDA. Figbrd shows the resulting clusters or
selected data when applying three different data miningriegies: K-means algo-
rithm, self-organizing maps and MDA, in a data sample lat#tea circle domain
([20)). It can be observed that MDA distributes selected dataeragvenly across
the space, with some points selected in the outline of the sjazdce guarantee the
most representative subset from the original sample.

05— 05 05

SOM MDA

-0.5 0.5 2
-0.5 0 05 05 0 05

Figure 5.4: Comparison of K-means (KMA), self-organizing maps (SOMJ amaxi-
mum dissimilarity (MDA) algorithm.

Therefore, selection was carried out using this technigoabse of its ability
to fairly represent the space with some points selectederotiiline of the data
set. An explanation of the algorithm and the required datggoocesses is given in
section5.1 of this chapter. Different selections have been performsdguMDA
for different subset sizes. Figube5 shows the long time series of the eight inde-
pendent variables with the data selected by MDA algorithm.

Figure5.6 shows different scatter plots of the hourly time series deddata
selected in different colours (M=1, 50 in red, M= 51, 100 iegn and M= 101,
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Figure 5.5: Time series ofHy, T}, 0(wave direction),SW L, tidal current (in its
componentsX andY’) and wind (in its componentX andY’) at the wind turbine
location (grey points), the cases selected by MDA algorjthih= 1, 50 red points,
M = 51,100 green points and/ = 101, 200 yellow points .
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200 in yellow). The cases selected span the space of thedapauttrying to cover
it evenly and fill it uniformly. It must be mentioned that theDM algorithm is a
deterministic method, so for example in a subset of M= 20@gake first 100 will
be the same as those for a subset of M= 100 cases.

Figure 5.6: Distribution of cases selected by MDA algorithi/(= 1, 50 red points,
M = 51,100 green points and/ = 101, 200 yellow points).

5.1 Maximum dissimilarity algorithm

In the development of computer-based methods for seleseis) of structurally
diverse compounds from chemical databases, dissimibaged compound selec-
tion has been suggested as an effective method to identifipses comprising the
most dissimilar data in a databasé&4f]). The maximum dissimilarity algorithm
(MDA) is one subclass of these selection techniques. Theeseh process starts
initializing the subset by transferring one vector from tfa¢ga sample. The remai-
ning elements are selected iteratively, calculating tlesidiilarity between each
remaining data in the database and the elements of the arbétansferring the
most dissimilar one to the subset.
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In this work, sampleX; = {H.;, Ti, SW Ly, Owavesis Uridati> Oidati Vi—houris
Owinai}; @ = 1,..., N are defined by scalar and directional variables of different
magnitudes. The vector components require to be normatiizied equally weigh-
ted in the similarity criterion. The scalar variables aremalized by scaling the
variables values between [0,1] with a simple linear trams&dion, which requires
two parameters, the minimum and maximum value of the twasealiables. The
circular variables are normalized by dividing the direnti@lues between, there-
fore rescaling the circular distance, which could be maxmagual tor, between
[0,1]. The Euclidean circular distance is implemented aghmilarity criterion.

Between all the algorithm variantsl§5]), the MaxMin version has been consi-
dered to obtain the most representative subset of the diversthe data. For
example, if the subset is formed /(R < M) vectors, the dissimilarity between
the vector; of the data samplé&/ — R and thej vectors belonging to the R subset
is calculated as

dig =Xi = Djl;i=1,..,N=R;j=1,..,R (5.1)

Subsequently, the dissimilarity .,.s.: between the vectarand the subsekt is
calculated as

di subset = man{|| X; — Dl };i=1,..,N—R;j=1,..,R (5.2)

Once theV — R dissimilarities are calculated, the next selected dataei®he
with the largest value of; ;....:. Moreover, the efficient algorithm developed by
[13]] has been implemented, which implies not calculating ttstagice between
the different vectord;; in the definition of the distanag ,.... For example, in the
selection of theR vector, the distancé,; ... is defined as the minimum distance
between the vectarof the data sample (consisting &f — (R — 1) vectors at this
cycle) and the last vector transferred to the suligeand the minimum distance
between the vectarand theR — 1 vectors of the subset determined in the previous
cycle:

d?,?gbset = min{di,R’ dT;stet(R—l)} (53)
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6 Calculation of wind turbines loads

After finishing the selection process, a denormalizatiothefsubset has to be
carried out. Finally, the MDA subsetis defined By = { Hy;, T1ni, SW Ly, O avesis

Utidatis OTidaii, V1-houri, medi}; 1=1,..., M.

6 Calculation of wind turbines loads

IEC 61400 §] is a class of IEC international standards for wind turbirf&sbclass
614003 refers to design requirements for offshore winditdy explaining how
to study the structural components to provide an apprapietel of protection
against damage from all hazards during the planned lifetifiie most important
environmental loads on a monopile offshore wind turbine lvarivided into the
forces because of wind, waves and currents as shown in Figard hese forces
arise as a function of different parameters. The momentuauledion follows the
same scheme. All moments are referred to the bottom of the sea

Wind Tuwer.

=
= FANEN Wearves
= \V > =S
E Waves Curmrents
Currenix _>
Figure 5.7: Loads on a wind turbine

? = ?Waves—Current + ?Wind (54)
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— — —
M = MWaves—Current + MWz'nd (55)

6.1 Wave-current forces

Particle velocities due to waves depend@p 1), Oy s and SW L. There are
many ways to attempt to describe the velocity and acceterairofile. For this
study in the interest of simplicity, linear wave theory waed despite not being
the most accurate method taking into account the largesesvawvwater depths
typical for offshore wind farms.

W/(z,t) _ :l:H 27 cosh(k(h + 2)) cos (Q_ﬂ't) (5.6)

27T, sinh(kh) T,
= H [ 27\ cosh(k(h + 2)) 27

As seen, because of water oscillation movement, velo@atiesime dependent
on the wave period. Therefore, there are both a positive aredjative component
inside the same wave. In this way, the highest wa¥g (. = 1.8 H,) with the mean
period ([},) of each sea state was chosen, and maximum velocity instantaken
from its period.

When there is a current, the velocity profile given by it carabsumed to be
described by:

-,

s 17 )
ﬁ(zmdaz:\ﬁ(z)m\[ “ﬂ (sin(Orsae)i + cos(0ria)])  (5.8)

h

20
T (2)wina = 0.01V (2 = 10m)1_nour {L

20 :| (Sln(ewmd);—‘— COS(QWind)j)

(5.9)
For collinear waves and currents, velocity profiles (waved eurrent in the
wave direction component) should be added before estimédites to take into
account wavecurrent interaction, so the hydrodynamicefor@vave-current) are
calculated with
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z=0

?(t)wcm = / { {%CdeateTD\W/(z, t) + ﬁ(z)glv\ <W/(z,t) + ﬁ(z>0w):| +

z=—h

Cumn (i T )| i

(5.10)
Fuey, = max (|Fiwe,| ) (5(0waes)i + cos(Owaes)) (5.11)
z2=0 ]
]\_4>(t)WCGw = / { {icd/)vvatermW(z,t) + ﬁ(z)9w| (W(z, t) + ﬁ(z)(;w)} +
z=—h . .
%C’MpT/Vaterl)2 (W(Z,t) + U(Z)gw):| } (Z + h)dZ

(5.12)

ﬁwcew = max <|j\—4>Wng |> (Sin(QWaveg);“‘ COS(ewaves)j) (513)

The non-collinear component of the current with the wavedion (current
orthogonal to the wave direction) contributes with a dragédccalculated by

2=0
1
?(t)WCMw - / |:§Cde@teT‘D|ﬁ(z>J-9wTidal ‘ﬁ(z>l9wTidal:| dz (514)

z=—h

2=0

— 1
Wthwesn, = [ |50 DI ) soural T () sy | -+ 1) (5.29

z=—h

6.2 Wind forces

Finally, forces due to wind are a function ©f_;,,.,, 6y :,¢ andSW L and can be
divided into the forces acting on the tower of the turbine #rake acting on the
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wind turbine. For this particular application, forces andments on the tower are
calculated using the IEC standardé, [and those on the turbine are calculated on
the assumption of a 5 MW Reference turbine as defined by themddRenewable
Energy Laboratory g8]). It must be said that the wind forces considered are steady
state wind forces. The cut-off velocity was set at 25 m/s, swviorces over the
turbine due to higher wind speeds have been neglected. Howhese forces
should be considered for a better prediction of extremeegliNevertheless, the
methodology proposed allows use other sophisticated ricateénodels that can
consider additional non-linearities. FiguseB shows the thrust force applied on
the wind turbine related to wind speed.

x10°

Wind Velocity (mls)

Figure 5.8: Thrust force on the turbine.

?Wind - ?7Tower + ?7Turbine (516)
with:
z=nacelle ]
?7T0wer - / §CdpAi7"D|7(z>1—h0m"|7(z>1—hourdz (517)
z=0—-SWL
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F o, — NREL/TP-500-38060 (5.18)

and:

— — —
MWind - M?Tower + M?Turbine (519)

with:

z=nacelle

Py 1
M?Tower = / iodpAirD|7(Z)l—hour|7(Z)1—hour(2 —+ h)dZ (520)

z=0-SWL

—
MvTurbine = ?vTurbineZ (521)

where:

z

7(Z)l—hom = 7(z = 10m)1_hour (1_0

0.14 . .
) (sin(Owina)i + cos(Owina)g) (5.22)

7 Time series reconstruction

The reconstruction of the time series of loads on the winbitigrused an interpo-
lation technique based on RBF, a very useful scheme foresedtind multivariate
data. The RBF approximation has been successfully appliedny fields, usually
with better results than other interpolation methods.

This interpolation method consists of approximating the-ks&alued function
f = f(x) with a weighted sum of radially symmetric basic functiondted at the
scattered data points, ..., z); where the associated real function valyes.., fis
are available. Therefore, after calculating the forcesceted in Sectiorb for
the M select waves-wind-current conditions, functionstfa total horizontal and
vertical force(F),, F,,) and for the horizontal and vertical momentum,,, M,)
are determined using RBF method. The 20 year time seriesesktforces and
momentums can be reconstructed applying the correspoRBRguNctions in the
rest of the environmental conditions. A detail explanatan be found irv.1
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7.1 Radial Basis Function interpolation technique

Suppose that f=f(x) is the real-valued function that we warapproximate.We are
given M scattered data points, ..., z;; of dimensionn and the associated real
function valuesfi, ..., fas, being f; = f(z;),j = 1,..., M. The radial basis func-
tion (RBF) interpolation method consists of a weighted sdmadially symmetric
basic function located in the data points. The approximmafiimction is assumed
to be of the form:

RBF(x) Zp(x)+zaj¢(lll’—lel) (5.23)

where® is the radial basis function, beinig the Euclidian normp(x) is a mo-
nomial basigq, p1, ..., p,, formed of a number of monomials of degree of 1 equal
to the data dimensiofm) and a monomial of degree of 0, beihg= by, b1, ..., by
the coefficients of these monomials.

The RBF coefficients; and the monomial coefficientsare obtained by enfor-
cing the interpolation constrainf8BF'(z;) = f;.

There are several expressions for radial basis functiores(l, cubic, Gaussian,
multiquadric), some of them containing a shape parameatiplays an important
role for the accuracy of the interpolation methoti3] has proposed an algorithm
for choosing an optimal value of the shape parameter by niimigna cost function
that imitates the error between the radial interpolant dedunknown function
f(z). This cost function collects the errors for a sequence dfgldits to the data:
E = (Ey, ..., Ex)T, whereE, is defined as the error between the functjarin
the pointz, and the estimated value by the RBF function calculated rémgathe
point .z, from the original data set.

In the implementation of the RBF interpolation techniquehia wind turbine
load series reconstruction, we haVe points eight-dimensionadD; = {H;, ).,
SW Ly, Ow avesis Uridatis OTidatis Vi—houri> Owinai } @ = 1,..., M, corresponding to
the M cases selected by MDA algorithm and the associated (read$mbtained
by the application of the specific formulation to evaluate ¢émvironmental forces
acting on the wind turbine (i.e. the total horizontal andieet forcesF,, ; andF, ;,
and the total horizontal and vertical momenti) ; and M, ;).
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7 Time series reconstruction

Therefore, the aim of the RBF application is the evaluatibine interpolation
function of the forces acting on the wind turbine decompdsettie components
x— andy, RBFr, and RBFF,, respectively.

To calculate the interpolation functions, the variablest tthefine the process
are normalized by means of a lineal transformation thaesddle values between
0 and 1. Therefore, each initial situation is definedXas= {H,;, T,.;, SW L;,

Ow avesi, UTidati, OTidatis Vi—nouri, Owinai }3 @ = 1, ..., N, whereas each selected case,
where the real forces are available, is expressédl as { H,;, )i, SW L;, Ow avesi
Utidati> Oidati> Vi—houri, Owinai}s 1 = 1, ..., M

The interpolation function is calculated by means this egpion:

M
RBF(X;) = p(Xi) + 3 a;®(|X; = Dy) (5.24)

wherep(X;) = bo + b1 H; + 0T 4 b3 SW L4 b4, + bs Uy + b Ores + b7 Vipi +
bsb.ing; @Nd® is a Gaussian function with a shape parameter

|X: — Dy
2c2
The optimal shape parameter is estimated by the Rippa #iguriThe coef-
ficientsb, = [by, by, ba, bs, by, bs, bg, b7, bs]T" of the monomials and the coefficients
a; = [ay,...,ap]" Of the radial basis functions are obtained by the interpmiat
conditions:

O([| X — Djl]) = exp(— ) (5.25)

RBF(D;) = fi(D;);j=1,..,.M (5.26)

where the real functiong; are defined by the paramete¥y, F,, M, or M,
obtained, corresponding to the selected sea states by Miphitdm D;.

Therefore, loads over the wind turbine are reconstructede@ntire period of
data by means the RBF functions calculated for each caémlijadrameter. These
functions are defined as

F..,=RBFp,({D;,F,;(j=1,...M)},X;);i=1,..,N (5.27)
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F,; = RBFp,({D;,F,;(j =1,...,M)},X,);i=1,...,N (5.28)
M,; = RBFy,({D;; M, ;(j =1,..., M)}, X;);i=1,.., N (5.29)
M,; = RBFy,({Dj, M, ;( =1,... M)}, X;);i=1,..,N (5.30)

8 Validation

To evaluate the progression of the accuracy in the recaristiuime series of the
parameters calculated,,, F,, M, and M, (horizontal and vertical forces and mo-
mentums, respectively), they were reconstructed conamgl€ifferent numbers of
cases selected by the MDA algorithm (M=10, 20, 30, 40, 50,108, 150, 200,
300, 500, 750 and 1000).

On the other hand, the values for the same four paramekgrst{,, M, and
M,) for the entire 20 year time series were calculated analiyic Thus in this
application, we have the real values available for the a#loh of the reconstructed
time series by using the proposed methodology.

The scatter plots for the propagated time series and thasecated time series
for F,, andF, are shown in Figur®.9. The reconstructed time series with M=75,
200, 500 and 1000 selected cases are shown in the subpl@sofimalized root
mean square error (NRMSE) and the correlation coefficigntére computed for
F, andF,. These statistics are given in Table I.

It can be seen that, with the proposed methodology, the staated time se-
ries are more accurate when using more cases in the cateutztihe correspon-
ding RBF function. The differences between the calculatetitae reconstructed
time series are more significant using M=75 cases. Howdvelincreased accu-
racy of reconstruction is not so great when using M=500 cas&t= 1000 cases.

The reconstructed time series Bf and F,, using M=200 cases (in orange),
M=1000 cases (in red) and the real-time series (in black¥laog/n in Figures.10,

170



8 Validation

=25

MDA, M

=200

MDA, M

=500

MDA, M

=1000

MDA, M

0.5

Fu

0.5

05 a 05

0&

05

05 a 05

Fv
w10
i
o2
1 - . b
e
{,o
05 & 4
-, 0‘
P + 1
. 4
0 -
. -
05 A
. .
" "{s +
a 05 [ 08 1
10
w10’
o1
A
&
1 -
@ 3
;S
05 5 g
Pe }4
o> g
o .
0
a5 A
. e
Al »
a 05 ] 05 1
x10°
x10°
3
1
>
. 2
4
0s 4
2 ”
% .
. o e
05 +,
&
T
&
L S
a 05 0 05 1
1o
10’
Y
-
1
e
d
- .
=
05 -
Q
& %
. v
05
o
-1 he
3,20
3q 05 0 05 T
210"

Figure 5.9: Scatter plot of the time series (calculated vs. recongd)cof F,, (X
component) and”, (Y component) considering/ = 75, M = 200, M = 500 and

M = 1000.
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demonstrating that the proposed methodology is able todege the structure of

the time series
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Figure 5.10: Time series calculated (in black) and the time series reénaied consi-
dering M = 200 cases (in orange) and = 1000 cases (in red) of parametefy (X
component) and, (Y component).

Fy Fy
MDA 75 200 500 750 1000 75 200 500 750 1000
NRMSE | 0.0367 0.0276 0.0165 0.015 0.0138 | 0.0531 0.0375 0.0220 0.0183 0.0163
p 0.9389 0.9635 0.9865 0.9887 0.9905 | 0.8875 0.9381 0.9773 0.9840 0.9873

Table 5.1: The normalized root mean square error and the correlatiefficent of
F,, (X component) and’, (Y component)
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9 Design Tools

The availability of long time series of environmental fascacting on a wind tur-
bine could become a useful tool in offshore wind turbine giesind would allow
analysis of critical structural integrity situations repenting an improvement in
the design of offshore wind turbine farms. Moreover, thiglgtmight be unders-
tood from different points of view. The data used are themstroicted series based
on MDA= 1000 selected cases.

In terms of extreme situations, Figusel 1shows a Peak Over Threshold (POT)
distribution of the environmental forces acting upon thadviurbine, with a thre-
shold at the 99.5 percentile.

Peak Over Threshold (POT) |F|=1.6*10° (N)
T T T T

25 —

IFI(N)

0.5

c =165051.007 £ =-0.051 A =1.255
0 I T T T

2 5 10 25 50
Retur Period (years)

Figure 5.11: Peak over threshold (POT) distribution od the module ofdsrat the
wind turbine 5% confidence intervals in dashed lines).

Figure5.12shows the rose directional distribution of probabilities the wind
(upper left rose), wave (upper central rose), currents€upight rose) and total
force (lower rose). However, Figufe13 shows wind, wave and current contri-
butions only during 1992. Moreover, Figukel4 shows the spatial total force
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distribution during 1999 (left side rose), 2000 (centraepand 2001 (right side
rose).

2222

Figure 5.12: Roses of spatial distribution of wind (upper left rose), e/dupper cen-
tral rose), current (upper right rose) and total force mtagla (lower rose).

The methodology proposed also allows the availability oiglderm series for
the different components of the environmental forces omibaopile and so may
be made a spatial and/or temporal study depending on theawsngs. Figure
5.13shows the probabilistic roses of the three main componeraggs, wind and
currents) and the total force for a period of only 1 year ()982Zan be seen that in
that year (1992), the worst states are due to waves, butitbandst common state
arises from the combination of waves and the main wind doaciNotice that the
forces are misaligned, so that induced movements shoul@desudly studied to
avoid fatigue problems. At this case study location, curferces are negligible
compared with waves or wind, but at other location, they megolme a significant
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Figure 5.13: Probabilistic roses of the different components of forcesng on
a wind turbine, 1992 (wind component: left panel, hydrawd@mponent(wave—
current):central panel and total force(sum of both):rigéuel).
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Figure 5.14: Probabilistic roses for the total force acting upon a windbitne, 1999
(left panel), 2000 (central panel) and 2001 (right panel).

force. The inclusion of current forces in the proposed madhagy makes it more
versatile.

But not only the spatial distributions of force components ianportant when
designing wind turbine farms. Temporary variations of tpat&l distributions
of total forces are also very important, and their studyschdl long-term series.
Figure5.14 shows the spatial total forces distribution acting on thedaturbine
over 3 consecutive years (1999 left side rose, 2000 cemisaland 2001 right side
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rose). The variation in the shape and magnitude of the clo$tots is clear.
Figures5.11-5.14serve as examples of the analysis that can be made with the

availability of long time series of forces and also the camaltion of their different

components. Thus, the availability of long time load sefioes wind turbine seems

to be useful, taking account of some combinations of extemgents (waves, wind

and currents) that may not be included in the load cases peajoy the standards.

10 Conclusions

In this study, a hybrid methodology has been developed taimhing time series
of the environmental loads on an offshore wind turbine, gisimme simplifications
that drastically reduce the computational effort. Thesel$ocan be determined by
numerical models or semi-empirical formulations. The rodtiiogy is based on a
selection of representative seawind states at the turboaion, calculation of the
dynamic loads corresponding to these selected seawiregssaatl a multidimen-
sional RBF interpolation to reconstruct the long time sededynamic loads.

The availability of long time series of the loads acting oro#fshore wind tur-
bine allows the analysis of critical stability situationspresenting an improvement
in their design. Nevertheless, this methodology can beatgptied to reconstruct
other parameters involved in offshore structure desigradswlallows the inclusion
of more variables that may influence the process.

To analyse possible application of the proposed methogdlmgeal cases, an
application at a specific location is presented. Moreowmneexamples of design
tools extracted from the results obtained are described.
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CHAPTER

Point-in-time and
extreme-value probability
simulation technique for
engineering design

1 Abstract

Engineering design of structural elements entails thesfsation of different re-
quirements during each of the phases that the structurergmee construction,
service life and dismantling. Those requirements areegkitl form of limit states,
each of them with an associated probability of failure. Dejyeg on the conse-
guences of each failure, the acceptable probability vanesalso the denomination
of the limit state: ultimate, damage, serviceability, oergiing stop. This distinc-
tion between limit states forces engineers to: i) charasdyoth the point-in-time
and extreme probability distributions of the random vagakinvolved (agents),
which are characterized independently, and ii) use theogpiate distribution for
each limit state depending on the failure consequencess ciapter proposes a
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Monte Carlo simulation technique, which allows the generabf possible out-
comes for agents holding the following conditions: i) bdtle point-in-time and
the extreme value distributions are appropriately repceduwithin the simula-
tion procedure, and ii) it maintains the temporal dependestaicture of the sto-
chastic process. In addition, a graphical representatidioth distributions on a
compatible scale is given, this graph clarifies the link lesw point-in-time and
extreme regimes and helps quantifying the degree of acgofdabe simulation re-
sults. In addition, new insights for the development of t<®sder-Reliability me-
thods (FORM) combining point-in-time and extreme disttibos simultaneously
are provided. The method is illustrated through severalikition examples from
well-known distributions, whereas its skill over real detahown using the signi-
ficant wave height data record from a buoy located on the antBpanish coast.

2 Introduction

Engineering structures undergo different phases durigig lifetime: construction,
service life and dismantling. During each of these phasesstructure must sa-
tisfy different requirements, which from the engineerirgsign point of view, are
defined as limit states. The objective of the design is tofwehat the structure
satisfies those project requirements in terms of accepfalbilge rates and costs
(see LOQ and [139).

Acceptable failure rates are established by codes andtecguramitteesT, 80,
98, 139 on the basis of the consequences of failure for each liratestind trying
to counter-balance safety and costs (direct, societal avidommental). Since the
consequences of failure might be very different dependmtihe limit state consi-
dered, these limit conditions are classified in differertegaries: ultimate, da-
mage, serviceability, or operating stop. The acceptaldbailities of failure for
each category depends on the type of structure and envirdahw®nditions, but
in all cases it increases from the minimum acceptable piibtyadi failure related
to the ultimate limite state, up to the maximum acceptabtdability associated
with the operating stop limit state.

From the design perspective, these different probabititggholds encompass
the consideration of different probability distributiofes agents. Serviceability
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or operating stop limit conditions depend on regular, cdntr mean values of
those agents, whereas damage and ultimate limit statesgeyireme conditions,
i.e. to pay attention to singular values. The statisticabtly for dealing with
mean values (point-in-time distribution) is different finathe theory for extreme
values PR3, 24, 25, 32]. Traditionally, both problems are treated independently
which makes difficult to understand the link between pomtine and extreme
distributions and their implications from the practicalmof view.

There are several attempts in the literature to incorpdoatl the point-in-
time (central) and extreme information in the same prolggtdistribution model
(mixture models), see for instancé, [L8, 55, 56, 149, 158 161. The common
characteristic of these works is that all are applied to ifipadistributions, and the
parameter estimation is fuzzy, not providing a general &aork to deal with the
problem. This work is intended to fill this niche.

As previously mentioned, safety of structures is the funelasa criterion for
design, and once limit states and required probabilitieglafined, engineering de-
sign must ensure satisfaction of the safety constraintererare several methods
to check the satisfaction of the safety requirements whachle classified in two
main groups: (a) the classical safety factor approach, Bhthé probability ba-
sed approach. The latter deals with probabilities of failwrhich are difficult to
deal with because (a) it requires the definition of the joirghability of all va-
riables involved, and (b) the evaluation of the failure @oitity is not an easy task.
The problem becomes even more difficult if several failuredesare analyzed,
because the failure region is the union of the differenufailmode regions, and
regions defined as unions are difficult to work with becaustheir irregular and
non-differentiable boundaried(q. A method widely used by engineers to over-
come these difficulties is Monte Carlo simulation technig@ace the probability
distributions are defined, long records of the random véegamvolved may be
sampled 11, 141, 142 and used to check whether the safety constraints are satis-
fied in terms of probabilities of failure. The simplicity ots implementation has
increased the development of different methods for stratheliability analysis
[26, 71, 146, such as directional simulation techniquég,[46], importance sam-
pling [44, 104, 105, or techniques which allows reproducing on multidimensilo
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settings, not only the marginal distributions but the terapdependence of the
stochastic processes involved as wé8,[120 15Q.

The aim of this chapter is threefold: i) to develop a Montel@armulation
method for reproducing both the point-in-time (mean valwes extreme value
distributions of random variables, while keeping the temapdependence structure
of the stochastic process involved, and valid for any kinghrabability distribu-
tion function, ii) to present a graphical interpretatiorsohulation results to merge
both distributions on a compatible scale, and iii) to previtew insights for the
use of the point-in-time and extreme regimes simultangowghin First-Order-
Reliability methods (FORM). The theoretical and practicelterial developed in
this chapter is intended to support engineers on the desigegs and help unders-
tanding the relationship between both distributions,ifrgeengineers of deciding
which conditions, average or extreme, must be used for edlcind mode, because
both conditions are considered into the proposed distabut

3 Order Statistics and Extremes

Let consider the point-in-time probability density andtdisition functions of a
random variableX, i.e. fx(z) and Fx(z). If we draw from this distribution a
samplexy, xo, . . ., x,, of sizen, and arrange it in increasing order,,, zs.,., . . . , T,
we could obtain the probability distribution of the¢h element of this sequence,
X,.., so-called theth order statistic of a sample of size The first and last order
statistics are the minimunX,., and maximumx,,., respectively, and are called
extremes?25, 57).

This maximum and minimum are very important for the designsatering
ultimate and damage limit states, and assuming that the-peirme distribution
of the variable of interest’x (x) (loads, significant wave height, strength, etc.) is
known, the cumulative distribution functions of the maximand minimum order
statistics of a sample of sizeare, respectively:

F™ () = [Fx(x)"], (6.1)

and
Fyn(z) =1 [1— Fx(x)]". (6.2)
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Whenn tends to infinity, distributionsg.1) and ©.2) are degenerate, only ta-
king values equal to O or 1. For these cases linear transfamseof z, consisting
on location and scale changes, are looked for to avoid degeneNote that when
this is possibleF'x (x) is considered to belong to the domain of attraction of the
limit distribution.

[52] proved that there is only one parametric family for eachhaf limit dis-
tributions of maxima and minima, which correspond to the &alized Extreme
Value Distributions for maxima (GEV) and minima (GEVm), pestively. For
instance, the cumulative distribution function (CDF) foaxima is given by:

( 1

exp § — [14-5(3:;—”)}_5 ;€ # 0,
+

ool (5o

wherey, 1, and¢ are the location, scale and shape paramétgr, = max(0, a),
and the supportis < pu— /& if &€ < 0,0orx > p—/E if &€ > 0. The
GEV family includes three distributions corresponding he different types of
tail behavior: Gumbelq = 0) with a light tail decaying exponentially; Fréchet
distribution ¢ > 0) with a heavy tail decaying polinomially; and Weibufl & 0)
with a bounded tail.

Note that this result has two very important practical iroglions:

P (1,1, €) =

1. The complexity to characterize the point-in-time regifme(z) of a given
random variableX, which allows using multiple distributions as possible
candidates, contrasts with respect to the apparent sitypiiccharacterize
the probability distributions for maxima and/or minima,ialnonly requires
the estimation of the three parametgrsy, and¢ from the corresponding
limit distribution family.

2. Since different point-in-time distributions may have game domain of at-
traction, the best way to characterize the tail (upper/pwethe distribution
is using data belonging to the corresponding tail (maxinnaiima) and esti-
mate the parameters of the corresponding limit distrilutio
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From the practical point of view, the use of the GEV distribntfor maxima
is not appropriate in many cases because it uses small safopline fitting pro-
cess. For those cases, it is preferable to use the ParetseRanodel, which is
valid for independent and identically distributed proess®r the Peaks Over Thre-
shold (POT) method, suitable for dependent and identichdiiributed processes.
The method presented is valid for those distributions ora@thgr distribution for
maxima.

Traditionally, engineers treat both point-in-time anderte value distributions
independently depending on the kind of limit state undersadgration. The me-
thod proposed facilitates the engineering task as follows:

1. By presenting a graphical interpretation which makeseeas check if the
right-tail of the distribution is appropriately reprodulcer fitted by the point-
in-time distribution, and then decide if an additional as&é of those ex-
tremes is required.

2. For those cases where both analysis are relevant andedgwe present the
methodology to link both distributions and use them sirmdtausly. Thus
avoiding the decision to choose one or the other dependirigeolimit state
considered.

4 Relationship between point-in-time and extreme va-
lue distributions: Graphical representation

From the practical point of view, it would be very useful farggneers to establish
the relationship between the point-in-time and the extrgadee distributions for
random agents, or even to have a graphical visualizatiam®félationship, which
would allow them to quantify the skill of any Monte Carlo sikation technique to
deal with both central and extreme conditions at the same. tim

The aim of this section is to present a graphical represent&d accomplish
the aforementioned task. Let assume an stochastic praGesish associated sam-
pling or occurrence frequencly = 1/7, (7, is the sampling period, for instance
1 hour, 2 hours, etc.) and whose point-in-time distribut®A™ ™" (z). If we simu-
late samples of size from the stochastic proces§ and calculate their maximum
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values, this maximum is a random variablg; with probability distribution func-
tion F®V(z). Both distributions may be plotted on the same return pegiagh as
follows:

1. Calculate the “equivalent return period” from the pamtime distribution,
1
e TPl = —
1— FPT(z)
2. PlotT*T versusr.

3. Calculate the “return period” from the extreme valuerdistion, i.e. 7%V =
1

1~ FEV(z)"

4. Plot the re-scaled return period using the samplersize. 7%V = n - TV
Versuse.

Figure6.1 (a) shows the proposed graphical interpretation assakciaitt an
hourly stochastic proces$( = 1 hour) without temporal correlation, and whose
marginal (point-in-time) distribution corresponds to tstandard normalX; ~
N(0,12)). Dark gray line corresponds t@™"", z). We samples, = 1000 years of
data and look for the annual maximurti**. Black dots correspond {@*V, z™m2x).
The re-scaled return period is calculated7gds’ = #Ev(z) where BV () =
nyl+1? Vi =1,...,n, Is the empirical annual maxima probability distributiom fo
the sample, and. = 8766. Finally, the light gray line representgd’=V, ymax),
whereTzy,. has been calculated using the GEV fitted distribution to ahmaxima.
Note that both the point-in-time and the extreme regimeveage on the tail of
interest, however, there are slight differences betweenpthint-in-time and the
maxima fitted distribution due to the simulation and fittingpgess uncertainty.
These differences tend to zero as the sample size tendsnayinfNote that the
true abscissas axis units in Figu&l are hours, however, we have re-scaled the
ticks to years to facilitate the interpretation.

Analogous results are shown in Figgd (b) for a gamma distributed stochas-
tic process with scale and shape parametets5 andx = 10, respectively. Note
that as in the previous case, both the point-in-time ancemarvalue probability

distributions converge on the tail of interest.
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Standard Normal distributed stochastic process
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Figure 6.1: Graphical representation of the point-in-time and extreeggmes for: a)
an standard normal and b) a gamma distributed stochastegses.
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Significant wave height at Bilbao (POT)
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Figure 6.2: Hourly significant wave height record at Bilbao buoy from kelry 21,
1985 to July 13, 2009, annual maxima and peaks over the thicegh= 4.2.

These results are not surprising, since we are sampling §iwen point-in-
time distributions, and thus the sampled data reproduceoppptely the tail of
interest, especially if large samples are used. Howeveenwdealing with real
data sets, the point-in-time distribution does not usu#llyppropriately the tail of
interest. This is the case for the significant wave heigttumsental record (gray
line) associated with Bilbao buoy, shown in Figér&. Their corresponding annual
maxima (triangle dots) and peaks over the threshotd4.2 m (circle dots) are also
shown. Note that the latter correspond to maximum valuesigundependent
storms. The independence assumption is considered agstimaitnthe minimum
distance in time between peaks must be 3 days. This datarsgstoof an hourly
time series of significant wave height in meters from Felyr@4r, 1985 to July 13,
20009.

Significant wave height is a very important parameter fobbadesign. Ave-
rage conditions of significant wave height are relevant tyae operating condi-
tions for ships, whereas extreme significant wave heigletsised for the stability
design of protection structures, such as, vertical bretdnwadikes, etc.. Thus the
importance of characterizing both distributions.
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Figure 6.3: Graphical representation of the point-in-time and extrefaenual
maxima) distributions for the significant wave height recat Bilbao buoy.
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We fit both the significant wave height record and the corredpmy peaks over
the selected threshold to different parametric distrimgi i) a Gaussian Mixture
with 4 components for the point-in-time distribution, amda POT model for the
annual maxima (extreme-value) distribution, it is posstbl plot i) the histograms,
i) the fitted densities, iii) the empirical cumulative angd fitted cumulative dis-
tributions (see Figuré.3). Note that they all present very good fitting diagnostic
plots. However, it is difficult to establish whether the fitjgoint-in-time distribu-
tion is capable of reproducing the tail of interest.

If data and fits from Bilbao buoy are plotted using the proplag@phical repre-
sentation, results shown in Figudelare obtained. Note that this representation al-
lows establishing the range of validity of the fitted pointtime distribution, which
starts distorting results above8 meters of significant wave height approximately.
The hourly probability of not exceeding this value withirtyear i9).996. Above
these quantile and probability thresholds, the pointximetdistribution is no longer
valid. It can be observed that the extreme value fit allowso@ycing appropriately
the tail of the distribution, especially for long equivaleaturn periods.
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Figure 6.4: Graphical representation of the point-in-time and extreliséributions
for the significant wave height record at Bilbao buoy using phoposed method.

These results confirm the appropriateness of using the igadpbpresentation
to help understanding the relationship between both thetpoeitime and extreme
regimes, posing a new challenge for LEVEL Il reliability theds based on Monte
Carlo simulation techniques: is it possible to simulatepfrgiven point-in-time
and extreme-value fitted distributions, samples repradubbth regimes simulta-
neously? The answer to this question is given in the neximsect

5 Point-in-time and extreme-value simultaneous Monte
Carlo simulation technique

Consider the stochastic process whose point-in-time and extreme-value proba-
bility distributions areF’*(z) and F'®V(x), respectively. In Figur®é.5the PDFs
and CDFs of both distributions in case of maxima are plott€de first impor-
tant issue in order to reproduce both distributions is tedethe threshold:;,,,
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this limit corresponds to the maximum value which is govdrbg the point-in-
time distribution. From the practical point of view, it istablished based on the
proposed graphical representation, as shown in pandbéddiv from Figureb.5,
being thez-value whose associated return peridds’ and7®V are closer. This
condition can be mathematically defined as:
Minimize (T°T — TV)?, (6.3)
T

which in case of dealing with maxima becomes:

I 1 2
Mlngnlze (1 —FT) — 7= ;EV(x)) . (6.4)

Note that in case both regimes intersect, as it is showntbtetom panel from
Figure6.5, the optimal solution from problen®(3) corresponds to zero, i.e:;,,
is the solution of the implicit equatio™ = T*V. Nevertheless, we advocate
this approach to overcome the difficulties of solving thelioipequation for those
cases where there is no solution (no intersection of regiriascase of multiple
solutions, we take the minimum solution if we are dealindwataxima.

The probability of not exceeding the maximum valyg, within the point-in-
time distribution is equal tpf L = F'T(zy;,,), thus the simulation technique uses
FPT(z) for probabilities lower than or equal ¢ (which is equivalent ta: lower
thanxy,,), andFEV () otherwise. However, for the extreme regime the probability

must be re-scaled considering:

1. The extreme distribution is related to the maximumaflements from the
point-in-time distribution.

2. There is a probabilityY = FEV(xy,) of not exceeding the;,,-value wi-
thin the extreme distribution, which is usually differerdrh zero. This is the
case shown in Figuré.5. Thus, those values are not sampled again because

they are already considered within the point-in-time distion.

Finally, when dealing with maxima, and for given uniformlisibuted ran-
dom numbenr"" representing a probability, the corresponding simulatdderis
obtained as follows:

. { FPT—1 (uPT) if P7T < pPT (x < th)

lim

_ . 6.5
FEVT (uBV) it WP > piT (2> Tm), (6-5)
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Figure 6.5: Graphical illustration of the simulation process.
where the re-scaled probability, is equal to:
EV ey, U = pia EV
1m
u” = py, + 1_7”(1 — Diim)- (6.6)

lim

The bottom-right panel of Figuré.5 shows the graphical interpretation of the
probability re-scaling, which constitutes a distortedmnaaf the panel above. Note
that expressiong5) allows reproducing both the point-in-time and extremkiga
distributions simultaneously.

To shown the functioning of the proposed simulation techajgl000 years
of hourly significant wave height data has been sampled y8ifsyand the fitted
distributions at Bilbao buoy location. For this particutaser = 8766 corresponds
to the mean number of hours per year used to evaluate thelanaxena.
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Figure 6.6: Graphical representation of the point-in-time and extremaulation re-
sults for the significant wave height at Bilbao buoy locatiming the proposed me-
thod.

For the significant wave record, the solution of equat@#d)(is x);,, = 6.404,
and the associated probabilities afg = 0.99996 andptY = 0.66. These values
correspond to return period$,, =~ 25817 hours andl};,, = 2.94 years, respecti-
vely, which are equivalent.

Results from the simulation process are shown in Figu6e Note that the
sample fits appropriately the point-in-time distributigmto the probability related
to T = 2.94 years return period, and finally the data fits to the extrers#idi
bution for larger return periods. In addition, results rethto the annual maxima
are also shown. Note also the good fitting shown with respethéd theoretical

extreme value distribution abovg,,, = 2.94 years return period.

These results confirm the validity and good performance @fttoposed pro-

cedure.
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6 Autocorrelation

The Monte Carlo simulation method provided in the previcetion focusses on
the marginal distribution associated with an stochastoc@ss. However, it has
been recognized by different authors the importance ofaimporal correlation of
any stochastic process, or even the cross correlation batdiferent stochastic
processes (see, for instanckg[29, 12Q).

An appropriate description of any stochastic process reguecognizing its
time dependent nature. For this particular case, the pegpoethod given ing.5)
is combined with results from6B, 12(. Basically, the method encompasses the
following sequential procedure:

1. Using the point-in-time marginal distribution functiomansform the time
series of historical values; into a normalized Gaussian time series using
the following transformation123:

O(2;) = F7H (). (6.7)

Transformation §.7) allows preserving the marginal distribution of the ran-
dom variables involved.

2. Fitting of a time series model (e.g., an ARMA process) ® tiansformed
historical values obtained in stdmbove. The obtained model allows taking
into account temporal correlations.

The time series theory based auntoregressive moving avera@gRMA) mo-
dels allows incorporating the temporal structure. An ARMAY) processZ is
mathematically expressed as

p q
Zt = Z ¢jzt—j + & — Z ngt—ja (68)
i=1 j=1

whereg;; @ = 1,...,p are the autoregressive parameters, @nd; = 1,....q
are the moving average parameters. The tgratands for an uncorrelated normal
stochastic process with mean zero and variarfcend it is also uncorrelated with
21, Z1—2, - - -, Z—p. ThiS process is so-calleghite noisginnovation termor error
term

191



6. POINT-IN-TIME AND EXTREME-VALUE PROBABILITY
SIMULATION TECHNIQUE FOR ENGINEERING DESIGN

Observe in §.8) that z; boils down to a linear combination of white noises,
and as such, the marginal distribution associated with tihghastic proces¥ is
necessarily normal, which is in accordance with the firstagsion ©.7).

Note that a stationary process is assumed. In case of dewdilingeasonal be-
haviors, which could wreck the stationarity, non-statignaobability distributions
could be used instead (7, 108 110 114 to easily overcome this difficulty.

It is important to point out that only the data belonging te thoint-in-time
distribution is used to characterize the autocorrelationcture of the stochastic
process, because the extreme data is by definition indepgradel has no infor-
mation about autocorrelations. Note also that using ARMAd&ts, only second-
moment properties are preserved by the autocorrelatiahthesmmight not provide
a complete description in the case of a non-Gaussian prodéss is the reason
why non-gaussian processes are transformed into gaussieesges using(7).
Referencesq8, 120 proved that this approach reproduces autocorrelatiotisen
original domain with a high degree of accuracy.

6.1 The algorithm

Once the parameters of the ARMA model are estimated fronrémsformed time
series, it is very simple to incorporate the autocorretatisucture to the final se-
ries. The overall method consists of the following sequemiocedure:

e Step 1:Estimate the parameters of the probability distributidrat best fits
both the point-in-time and the extreme-value regimes. B®ne using the
available historical data.

e Step 2: Apply transformation §.7) to the historical time series using the
point-in-time marginal cumulative distribution functioifhis way, atrans-
formedseries is obtained with an associated standard normal naudjstri-
bution.

e Step 3:Adjust a univariate ARMA model to the correspondimngnsformed
series (obtained in Step 2 above). The fitting process to Herpeed in this
step is well known (see, e.g12g) and yields uncorrelated normal residuals
(historical errors) with zero mean and constant variarice
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e Step 4:Simulate independent normal errors with zero mean andnaeig,

H sim
i.e.esim,

e Step 5:Introduce the simulated error serig$" into the ARMA model fitted
in Step 3, obtaining™.

e Step 6:Calculate the time seriag;™ = ®(25™), which is uniformly distri-
buted.

e Step 7:In this step, the inverse transformatidh) is applied to this serie
in order to enforce the actual marginal distribution that baen estimated in
Step 1.

Note that the method proposed has the following advantagjisrespect to
existing Monte Carlo simulation methods:

1. It reproduces the autocorrelation function as in [21]22]]

2. It preserves the statistical properties of the stocbasticess in terms of the
marginal distribution, reproducing appropriately notyotiie central part of
the distribution (point-in-time) but also the right-tagéixtremes).

In addition, as proposed i1 [, the method could be easily extended to simu-
late different stochastic processes at the same time. Tdusdvwallow replicating
the main cross-correlations coefficients characterizimogé stochastic processes,
and not just the contemporaneous. However, since it is matr dlow the cross
correlation in the point-in-time and extreme distribusdrehaves, this is a subject
for further research.

6.2 lllustrative example

To show the functioning of the proposed algorithm, the folllg ARMA process

(1,1) with parameters); = —0.8, 6, = 0.3, and variancer? = 1 is considered.
: : : 1+ 607 — 29,0
According to [L4], the variance of the processdg = * 11 ¢2¢1 Lo? 0 4.3611
— %1

(07 ~ 2.0883). One hundred years of hourly dat&™ (n = 100 x 24 x 365.25 =
876600) is sampled from this stochastic process. This sample isidered as our
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initial data set. The idea is to use this sample and the dlgopresented in the pre-
vious subsection to generate one thousand yegrs=(1000) of hourly datays™
considering the autocorrelation, the fitted point-in-tiemel extreme-value distri-
butions, and compare results with the reference values tin@original stochastic
process and the initial sample data™.

The results of the application of the algorithm are the foitay:

e Step 1:The point-in-time distribution ofc*™ is normal, and its estimated
parameters and 95% confidence bands are:

2.7840 x 10~* (—0.0041, 0.0047)

— 2.0910 (2.0879,2.0941), (6.9)

Q> =
|

which both contain the true valuésand2.0883, respectively. For the ex-
treme value distribution, the annual maxima from the sareple, i.e. z2a*

follows a GEV distribution with estimated parameters anéoS&onfidence

bounds:
= 7.7050 (7.7007,7.7093)
0.6020 (0.5989, 0.6051) (6.10)

—0.0178 (—0.0227,—0.0129).

Mo ’
I

e Step 2:Apply transformation §.7) to the historical time series{™) using
the normally distributed point-in-time marginal distrttmn.

e Step 3:Adjust an univariate ARMA model to the correspondtrensformed
seriesz®'™, obtaining the following parameter estimates= —0.8011 and
0 = 0.2984. The residuals standard deviatiorsis= 0.4781.

Figure 6.7 shows the proposed graphical interpretation applied tcsémaeple
dataz®™ andz22*. Dark gray line corresponds t@™*'", =) for the point-in-time
fitted distribution. Light gray line corresponds(f6®V, x) associated with the GEV
fitted distribution for annual maxima. Note that both fittestdbutions differ at the
right tail of the distribution (see the corresponding zoonthe figure, where data
has been remove to ease visualization), which is usuallgdke when fitting real
data. Light gray circle dots correspond to the sample ddteesaand black dots

are related to sample annual maxima.

194



6 Autocorrelation

20
—— Point-in-time Fit
Extreme-value Fit
95 % conf. band
o zS"™Mdata
15l ¢ 22 data |
8
10F T .
5 / BN

125 20 100 1000

Return Period T' (years)

Figure 6.7: Graphical representation of the point-in-time and extreeggmes for the
illustrative autocorrelated normal stochastic process.

e Step 4:In order to obtaim, = 1000 years of hourly datap = 1000 x
365.25 x 24 independent normal errors are sampled with standard dmviat
. = 0.4781,i.e. 5™,

e Step 5:Introduce the sampled error time series into the ARMA modiedi

in Step 3, obtaining:;™.

e Step 6:Calculate the uniformly distributed time series of prolisibs u*™.

e Step 7:In this step, the inverse transformatich) is applied to getys™.
Note that for this particular example, the solution of equra(6.4) is zy;, =
8.3396, and the associated probabilities afe. = 0.9999667 andpfY =
0.7082156. These values correspond to return peridgls = 30042.7 hours
andTy, = 3.427 years, respectively, which are equivalent.

The graphical illustration of the 1000 years simulated danggiven in Fi-
gure6.8. Note that it shows the same results as Figubut replacing the sample
datazs™ andz™>* used to fit the distributions, by the 1000 years simulatedxasn

sim
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Figure 6.8: Graphical representation of the point-in-time and extreeggmes for the
illustrative autocorrelated normal stochastic process.

y*™ andy™** using the proposed procedure. Note the accuracy of the hétho
reproduce both the point-in-time distribution upitg, = 8.3396, where the simu-
lated sample starts following the extreme-value distrdsut In addition, several
tests have been performed to check simulation results :

1. For the point-in-time distribution, a two-sample Kolnoogv-Smirnov test
with 0.05 significance level is performed to compare the distribigiohthe
initial sample dataZ*™) and the simulation resultg/{™). Note that thep-
value obtained i9.5966, which is higher than the significance level, i.e. the
null hypothesis that both samples come from the same canigdistribu-
tion is accepted.

2. Analogously, the two-sample Kolmogorov-Smirnov tesapplied to com-
pare the samples related to annual maximaa> versusy®>*. Note that
the p-value obtained i9.1183, so that the null hypothesis that both samples
come from the same extreme-value continuous distributi@ccepted.

3. Finally, an ARMA model is fitted to the simulated sampletadting the
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following parameter estimatesi = —0.8002 andd = 0.2998. The corres-
ponding residuals standard deviatiowis= 1.00015, which almost coincide
with the one from the initial ARMA process.

These results confirm the appropriate performance of thegsex procedure to
reproduce i) the point-in-time and extreme-value distitns and ii) the temporal
dependence structure of any stochastic process.

7 New insights into structural reliability methods

Besides providing a new Monte Carlo simulation method falidg with point-
in-time and extreme-value distributions, new insightswlimw to incorporate this
methodology within alternative reliability analysis metts, such agirst Order
Reliability Method§FORM), are also given. Note that we assume that the reader
is familiar with LEVEL Il methods (B3, 54, 74, 79, 134 ) for evaluating the
reliability index associated with any mode of failure:

S = Minimum /Y22 (6.11)
z Vi

g(x,m) = 0, (6.12)
T(x,n) = =z, (6.13)

subject to

whereg(xz,n) = 0 is the failure condition, and’(x, n) is the transformation
([14Q) giving the values of the standard and independent norraahblesz as
a function of the values of the randarrand desigm variables. The probability of
failurep; is related to the reliability index by the approximate relap ; = ®(—23),
where®(-) is the cumulative distribution function of the standardmat random
variable.

The key issue when dealing with structural risk problemsretike point-in-
time and extreme-value distributions may coexist, is tadkeehich one is more
relevant for the corresponding limit state. The Monte Cankethod proposed in
this chapter deals with the simulation process giving mongartance to the point-
in-time probability distribution, and it uses the re-schéxtreme-value regime to
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improve accuracy in the right tail of the distribution. Acdng to 6.5)-(6.6) and
considering: = ®(2"'T), the Rosenblatt transformatio6.(3 becomes:

O(FT) = FPT(2) if 2 < ayyorz2PT <oz,
B(:T) — .
pEX + 1 ,PT hm(l —pEn\i) = FEV (.23) if x> Zlim OF ZPT > Zlim s
lim
(6.14)

where 2y, = @71 (pﬁﬁ). It is important to point out that transformatio6.{4)
takes into account the point-in-time distribution, but noygng accuracy on the
upper tail by using the re-scaled extreme-value distrisutProbabilities of failure
obtained from this approach are related to the point-irettrequency sampling,
i.e. hours.

Alternatively, if only the extreme-value distribution ismtsidered, transforma-
tion (6.13 becomes:

d(EY) = F¥Y (2). (6.15)

In this case, probabilities of failure are associated whii éxtreme-value fre-
guency sampling, i.e. years.

From the practical point of view, we advocate the use of faansation ©.14)
and consider probabilities related to the point-in-tinegjfrency sampling, because
it allows the consideration of any kind of limit state eqoati However, it is impor-
tant to define the maximum probabilities of failure for eaaitufre mode in terms of
the point-in-time frequency sampling. For instance, if amer harbor must be de-
signed so that ships might not maneuver during no more th@@ hours per year,
then the acceptable probability of failure must be equa}te: 1000/(365.25x24).
Besides, if the off-shore breakwater of the same harbor bridesigned to fail on
average once every 25 years, the acceptable probabilitilofé must be equal to
pr = 1/(25 x 365.25 x 24). Considering those probability values, transformation
(6.14 may be used for both operating and ultimate limit stateleouit any further
consideration.
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8 Case study: Environmental conditions for offshore
wind turbine design

8.1 IEC61400-3 Standards for off-shore wind turbine design

To show the importance of considering both the point-inetimd right tail distri-
butions in engineering design, herein we present an exaingptethe IEC61400-3
Standards, which establishes the set of design requirenmesdie to ensure that
off-shore wind turbines are appropriately engineeredregjagiamage from hazards.
This code divide external marine conditions related to tgygmo normal and ex-
treme categories.

In particular, and for the case of waves, it proposes theideration of severe
sea states, which shall be considered in combination witiabwind conditions
for calculation of the ultimate loading of an offshore windhine during power
production. The model should associate a severe sea stateach wind speed in
the range corresponding to power production. The significave height for each
severe sea state shall be determined by extrapolation obpipgte site-specific
met-ocean data such that the combination of the significanevheight and the
wind speed has a recurrence period of 50 years. For all wieddsp the uncondi-
tional extreme significant wave height with a recurrenceégokeof 50 years may be
used as a conservative value fdy.

It is recommended by this guide to extrapolate met-oceaa dsing the so-
called Inverse First Order Reliability Method (IFORM). Shinethod produces an
environmental contour defining, in a certain sense, 50-sggarrrence period com-
binations of mean wind speeds, and significant wave height#{,. A common
way to construct this transformation is to apply the so caR®senblatt ([40)
transformation as follows:

®(z) = Fv(v)

B(z) = Fuy (Hy). (6.16)

where [y, (v) is the marginal distribution of mean wind speed, dngy (H;) is
the conditional distribution of significant wave heights §iven values of the mean
wind speed. Using First Order Reliability Method5] 74] the points satisfying
the equation:? + 23 = (3?2, is transformed into a curve in the— H, plane, which
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constitutes the environmental contout.is the reliability index, whose required
value is obtained from the following equation:

() =1- (6.17)

N?

whereNN is the number of independent sea states in 50 years.
In our particular case, and according to the IEC 61400-3afeea state of 1

hour N = 50 x 365 x 24 and the required reliability index from expressi@l(7)

is equal tof ~ 4.6.

8.2 Application of the evaluation of 50-year recurrence period
environmental contours

Let consider a specific location in the Northern Spanishtcaspossible candidate
for an off-shore wind farm. We have at our disposal two timexses of hourly
significant wave heights and hourly mean wind speeds at 18rmbtight. Both
data sets come from reanalysis data bases GQBA[, DOW ([21]) and Sea-
Wind [109, respectively, calibrated using instrumental data (8de[[L14], [117).
First of all, marginal and conditional distributions &f;, and V" given in ex-
pression §.16 must be defined. The best diagnostic fit for the wind speed dat
corresponds to the Generalized Extreme Value (GEV) digioh. The maximum
likelihood estimates arg = 6.0019, 6 = 3.5812 and¢) = 0.0236 for the loca-
tion, scale and shape parameters, respectively. The hastognd fitted probability
density functions shown in Figu@9 (upper panel) apparently present good fitting
diagnostics, however, if we analyze in detail the right taiterms of equivalent
return periods (lower panel of Figu&9), the GEV distribution does not appro-
priately reproduce extreme winds (gray dashed line) widpeet to data. This
problem is solved by fitting the Pareto distribution abovesholdV;,,, = 20 m/s.
The maximum likelihood estimates for the Pareto distrinutired = 3.1004 and
¢ = —0.1467 for the scale and shape parameters, respectively. Notehinaail
behavior is completely different for the GEV and Pareto fitkile the one related
to GEV defines a heavy tail (Frechet), the one associated Rétkto exhibits a
bounded tail (Weibull).
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Figure 6.9: Histogram and fitted probability density function of windegplV', and
graphical representation in terms of equivalent returiopsrusing the method propo-
sed by Minguez, Guanche and Méndez (2012).

The conditional distribution of significant wave height fyiven values of the
wind speed has been fitted using 27 different GEV fits. Each dat();;i =
1,...,27is conformed choosingf,-values so that their corresponding wind speeds
V; hold the following conditions;j — 1 < V; < j; Vj = 1,...,26 andV; >
j—1; j = 27. Figure6.10 (upper panel) shows the histograms and fitted proba-
bility density functions for each significant wave heightalaet. Note that they
present good fitting diagnostics for the bulk of data.

However, if we take a closer look at the right tail of the dmsitions (Fi-
gure6.10 lower panel), it is clear that the GEV distribution does appropria-
tely reproduce extreme significant wave heights (gray daghe) with respect to
data for medium-low values of wind speed. Analogously togteyious case, this
problem is solved by fitting the Pareto distribution abowe tfireshold associated
with the 95% percentile. Lower panel of Figuel0shows how the Pareto fit re-
produces the right tail of the distribution. Note that the\Gd#istribution is not
valid for significant wave height values associated withd\gpeeds below 16/s.
Above this threshold value, the GEV may be considered ap@tepalthough the
use Pareto fit on the tail is more convenient.

To get an smooth transition for the GEV parameters of the bty density
function H,|V/, the location, scale and shape parameters are fitted todacttder
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Figure 6.10: Histograms and fitted probability density functions of gigant wave
height H, for given values of the wind speéd.
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p1 (x1077) D2 D3 P4
w(V)| —26.150| 0.01603| —0.1179| 1.191
a(V) —7.240| 0.003438|—0.004429| 0.4573
P(V) 6.429| —0.003046|  0.02069 | 0.05389
o(V) 4.362| —0.002161| 0.03037| 0.4693
e(V) 3.545| —0.001666| 0.01482|—0.1192
HEI™(V) | —22.120| 0.01277| —0.01653| 2.568

Table 6.1: Optimal parameter estimates of the regression models givéh18 and

(6.19.

polynomial:
w(V) = piV34+ph V2 +pkV + ply
o(V) = piV3+psV?+pV +p] (6.18)
W(V) = pYVE LSV 4 pyV 4y

Analogously, Pareto distribution parameters (scale amghehand threshold
H!'™ are also smoothed as follows:

V) = piVe+piv2+piV + pf
(V) = piVP+psV? 4+ psV + pg (6.19)

Maximum likelihood estimates of these parameters are givdable6.1

The 50-year environmental contour for a 1-hour sea statatidar, using ex-
pressions§.16) and 6.18, and only considering the GEV fittings related to both
the wind speed and significant wave height, are shown in Eigdrl. Contours are
associated with equivalent return periods of 100 hours, 305100 and 500 years,
respectively. 50-year environmental contour is in blackisTresult confirms that
the 50-year environmental contour overestimate in exdgagfisant wave heights
for wind speeds lower thare 20 m/s, which is precisely the interval where the
GEV fit does not appropriately reproduce the tail of the distion. In contrast,

for wind speeds above 20 m/s results are in accordance with data.

Alternatively, we could calculate the 50-year environna¢obntour using the
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Data
—>50-year contpur
35 40

v 2((1)I1/ 8)

Figure 6.11: 50-year environmental contour plot according to IEC 613G@andards,
without specific tail fitting.

following Rosenblatt transformation:

(BT (V) iV < Vi,
FEV(V)— EVim
C(21)={ PViim T+ %(1 — PV im)
\ If V > ‘/limv
( FPT (Hs) If Hs S Hs,lima

H,|V
FEV (H )_pEV .
_ PT Hs|V S Hg,lim PT
D(zp)= PH, Jim T — T—pEV = (1 — pHS,lim)
S

\ if Hs > Hs,lim-

(6.20)

In this particular case, we made distinction between thatgaitime distribu-
tion, that represents the probabilistic behavior of allbdainge but the right tail,
and the extreme-value distribution, that characterizesight tail above the selec-
ted threshold. Note that the point-in-time distributidis" and 77}, correspond,
respectively, toFy (v) and Fiy v (H,) from expression@.16. The new 50-year
environmental contour for a 1-hour sea state duration inipgothe probability
density functions at the right tails is shown in Fig@d2 The improvement in
the region of interest, i.e. the one associated with higheglof the significant
wave height and wind speeds in the range corresponding tempereduction, is
significant. Note that with previous approach significanvevaeights related to
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- Data
—>50-ycar contour
25 30 35 40

Figure 6.12: 50-year environmental contour plot according to IEC 6183@andards,
but including specific tail fitting.

the 50-year environmental contour for low wind speed vaaresabove 10 meters,
even higher than those related to high wind speeds, whichyisigally unlikely.

The IEC 61400-3 standards also recommend to use for all wiedds of the
unconditional extreme significant wave height with a reence period of 50 years
as a conservative value fdi,. Note that according to the fitting shown in Fi-
gure6.13 this conservative value is equal3®483 m (white circle marker speci-
fier). Since this value is above the 50-year environmentatiaro (see Figuré.12),
it is the one designer must take if the second analysis i®peed. In contrast, in
case using the first analysis, designer would use signifigané heights conside-
rable above this threshold for low wind speeds, leading texa@ssive conserva-
tionist.

These results clearly demonstrated the importance ofdensg both the point-
in-time and right-tail distributions.

It is important to clarify that in both cases, the left tailtbe distributions is
reproduced inappropriately. Contour plot intercepts hegavind speed and si-
gnificant wave height values, which is impossible. Howethgg does not distort
the relevant results from the engineering perspective,these in the upper tail.
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Figure 6.13: Histogram and fitted probability density function of uncaiwhal si-
gnificant wave height{,, and graphical representation in terms of equivalent metur
periods using the method proposed by Minguez, Guanche @ndléz (2012).

Alternatively, an specific distribution for the left tail glol be used instead.

9 Conclusions

The method proposed in this chapter provides new insightserelationship bet-
ween the point-in-time and extreme-value distributionsoasmted with any sto-
chastic process, and a possible way to deal with both disioibs at the same time.
The advances with respect to the state-of-the-art can benswized as follows:

1. A new graphical representation to help understandingelagionship bet-
ween both distributions is proposed.

2. Anew Monte Carlo simulation technique holding the foliogrequirements
is provided:

e It is able to reproduce both the point-in-time and extrerakw re-
gimes.
¢ It maintains the temporal dependence structure of the asticprocess

through ARMA models.

3. In addition, some hints about extending the method int& MQechniques
are given. In this case, the method frees the engineer tadelatiout what
regime should be used within the design process.
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9 Conclusions

All the methods have been tested using different synthtiganerated samples
and an example based on real data. Results confirm the goadibebf the propo-
sed methods, and their suitability to i) support enginearghe design process and
i) help understanding the relationship between both pmifitime and extreme-
value regime.

To further reinforce our arguments, a practical examplaiahow to construct
environmental contours for the definition of design requieats for offshore wind
turbines (IEC 61400-3) is given, emphasizing possible lgrmks which may lead
to unsafe or excessively conservatism designs.

Nevertheless, further work is required to improve the metihagy in terms of:

1. Which is the appropriate threshold value for the definitid the right-tail
distribution?

2. How to transform equivalent return periods into real mefperiods? This is-
sue is related to the dependence assumption of extremespalube solved
introducing the extremal index concept.

Further research must be also done on cross-correlatitweée different sto-
chastic processes, however, the results showed in thigethepnstitute a clear
advance on the knowledge of point-in-time and extremeevdlatributions.

Note that although all the material developed in this chaisteelated to the
upper tail of the point-in-time distribution (maxima), ebative formulations can
be straightforwardly obtained for dealing with minima.
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CHAPTER

Conclusions and Future
Research

1 Summary of contributions

In this section a summary of the most relevant contributfmesented in this thesis
is presented:

1. An autoregressive logistic model has been presenteditty sttmospheric
conditions in terms of synoptical circulation patternse lominal character
of the model allows the inclusion of autoregressive termsvels as other
covariates of different nature such as seasonality, interal variability and
long term trends.

2. A methodology has been developed to simulate hourlyriata sea state
time series. This methodology combines the logistic modeitioned before
and an existent technique of multivariate simulation. Thethodology takes
into account various natural processes with different @rmalpand spatial
scales.
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7. CONCLUSIONS

3. A hybrid method of clusterization and interpolation hastused to estimate
loads in maritime structures. This hybrid method has alydaebn used to
propagate waves from deep seas to shallows seas. Here,tthedolegy has
been successfully applied to two different structures, rdicad breakwater
and an offshore wind turbine.

4. Finally, a methodology of simulation has been developbdthvis able to
join both the extreme and mean regimes of single variables.

2 Conclusions

After a revision of the contributions contained within thegented work, the fol-
lowing conclusions can be made

1. An accurate simulation of the variables involved in mian& structure de-
sign requires a comprehensive knowledge of the relevamegees and the
engaged forces. Similarly, a wave climate study entailsdigtailed study
of the associated atmospheric conditions. Additionalig, winds and pres-
sure fields in the region of influence of the structure beirgjgieed must be
properly considered.

2. In addition to properly accounting for the spatial scalethe process, a tho-
rough knowledge and consideration of the different temiEwales involved
in wave climates is also required. It is obvious that waves@nt a strong
autocorrelation, but there are also other longer term trana that must be
taken into account such as seasonality, interannual \tyadnd long term
trends.

3. The use of statistical techniques provides for the efficeanagement of
long term time series, enabling its treatment, and allowismases of the re-
levant parameters to be derived from them. The hybrid teglenproposed
serves to objectively select cases to be modeled numeranaih the labora-
tory.
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2 Conclusions

4. The availability of long term time series allows the siatidn to be based on
empirical distributions. But to correctly characterizedaimulate extreme
events, they have to be appropriately modeled. In this waysimulation is
not constrained to the historical records.

2.1 On the autoregressive logistic model
e Previous states of the process can be considered in the pasdekhis is

relevant in atmospheric studies.

e The nominal nature of the model enhances the physical sértsewlation
pattern clusterization.

e The model allows for the inclusion of long-term trends whick mathema-
tically consistent, so that the probabilities associatét sach weather type
always range between 0 and 1.

e It is possible to simultaneously take into account the imfageof different
variables.

e Synoptical circulation patterns are defined by clusteioratechniques such
as k-means. This technique is appropriated to define pefisids.

e Long-term climate variability resulting from any changehe covariates can
be studied due to the flexibility of the proposed model.

2.2 On the methodology used to simulate trivariate sea states

e The combination of different statistical techniques alkdor the considera-
tion of different temporal and spatial scales.

e The procedure developed enables the reproduction of iteasea states,
while considering the correlation between the variables.

e The hourly time series simulated are conditioned to dailameonditions.
This is an easy way to facilitate the study of the relatiopdtetween the
local wave climate and the governing atmospheric condstion
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7. CONCLUSIONS

e Daily mean sea conditions are classified using k-means. fEisnique
creates groups of similar characteristic states, whiclomvenient to enable
the definition of synoptic patterns.

e Simulating daily Sea Level Pressure fields decomposed i@®dHlows for
the generation of different atmospheric scenarios.

2.3 On the procedure to transfer sea states to design parameters

e Multivariate long term time series management can be effilsi@ccompli-
shed by combining statistical techniques.

e The MDA algorithm allows the selection of representativa states. Un-
like other techniques this one can include extreme everitswthe selected
states.

e The RBF interpolation technique enables the generatioorg term time
series of design parameters.

e To estimate the design parameters, semi-empirical fortionlhas been used,
but the methodology would be similar to the cases using nigadesr physi-
cal models.

2.4 On the simulation technique used to consider mean and ex-
treme regimes simultaneously
e A new way of graphical representation that facilitates thdarstanding of

the relation between both regimes has been presented.

e The simulation technique proposed is able to reproduce thetipoint—in—
time and extreme value regimes, and maintains the tempeg@ralence
structure of the stochastic process using ARMA models.

e Simulating both regimes simultaneously eliminates havndecide which
regime to apply in each case.
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3 Future research topics

Nevertheless, further work is required to improve the methagy. Both the
appropriate selection of the threshold value for the dédimiof the upper—tail dis-
tribution, as well as how to transform equivalent returriguds into real return per-
iods, require additional study. These issues are relatdtetdependence assump-
tion of extremes, and may be solved by introducing the exiéndex concept.

3 Future research topics

This PhD work constitutes a step towards further reseatatekto different issues.
Here, some of these challenges are proposed.

Regarding the development of logistic models to analyzeapheric or coastal
conditions:

e The determination of the optimal number of synoptical patdo describe
the atmospheric processes and/or marine dynamics. Intdratlire there
exists discrepancies between authors, related to the ajtinmber of wea-
ther types to consider. Further research must be done oisshisin order to
be able to establish objective criteria to determine theeoboptimal number
of synoptical patterns that should be taken into account.

e Comparison of the different climate change scenarios. Bgma®f the lo-
gistic model proposed, the different climate change séesapuld be simu-
lated and comparisons of the different trends obtained.

Concerning the climate—based simulation of sea statenitpott

e Inclusion of extreme regimes models to the simulation tegpien All the
work shown related to the multivariate simulation has beanedbased on
the empirical distribution of the variables from the higtal databases. Be-
cause of this, the obvious subsequent path for future refseayuld be to de-
velop the methodology of univariate simulation that takes account both
regimes for multivariate cases. This extension is notaliand requires a
detailed study of the limits between both regimes for eactalbte and an
exploration of the correlations between extreme events.
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7. CONCLUSIONS

e Addition of more variables of interest to the sea state sitmh procedure.
Depending on the structure to be designed, it may be of isitéoehave the
availability of wind or currents time series. In order to actplish this, cor-
relations between variables and autocorrelations witiémt should be ana-
lyzed. Moreover, the addition of other covariates that axpthe processes
besides seasonality, trends and interannual variability be required.

e Generalization of the proposed method. Previous to the limentioned be-
fore, it would be necessary to generalize proposed metbgokd. Its appli-
cability in different locations where wave climate chaeaistics and invol-
ved processes are different must be tested.

e Climate-based simulation technique of extreme eventhdiiterature there
are works to generate synthetic time series of extreme gVétthat also
distinguish between two regimes when simulating. It wouwdolb conside-
rable interest in maritime design fields to be able to comtiieeexistent ex-
treme simulation technique with the climate—based tealenproposed here.
In this way, the influence of different natural variableshittieir own tempo-
ral and space scales could be taken into account.

With regard to the transference of sea states to design péeesn

e Application of the MDARBF methodology to laboratory testaqming. The
methodology has been proven with semi—empirical formaigtbut its ap-
plication to laboratory tests plan designs would be of ad&rsible interest.
In order to do this, some analysis should be done to estatbiesminimum
number of tests to be taken into account and to determinectheatability
achievable in the laboratory.

e Determination of the weaknesses of the process. Furtheamds must be
done in order to determine which part of the methodologyiknitégher un-
certainties: the number of the selected cases by the MDAedntkrpolation
technique. Once this is established, the process could pevad by esti-
mating the uncertainty associated with a certain numbeeletted cases.

In the area of simultaneous extreme and mean regimes sionulat
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3 Future research topics

¢ Inclusion of an extremal index. Regarding the simulatiateque to consi-
der simultaneously extreme and mean regimes, the incladian extremal
index to undertake the transition between mean and extregimes has to
be thoroughly investigated. In the methodology proposeé, tikis transition
does not consider this index, resulting in a sharp tramsthiat may produce
inaccurate results for lower return periods.

e Threshold selection. Concerning the pointintime and exér@istributions
used in the simulation technique proposed, the deterroimati an objective
criteria to appropriately define the threshold between bigtributions is a
subject for additional research
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