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Este trabalho aborda os possiveis efeitos das mudancas climaticas sobre a
resposta de longo prazo das estruturasoffshoreAo longo do trabalho, se ilustra como
as mudangas climaticas podei@o alterar o clima maritimo e como essas alteragfes
mud am os dados meteoceanograficosusados no projeto de estruturas offshore Dessa
forma, os carregamentos ambientais para 0s quaisas estruturas offshoresédo projetadas
perdem seu carater estacionario. Nesse trabalho é apresentada uma adaptacdo das
metodol ogias de projeto usadas para calcular a resposta de longo prazo de estruturas
offshoreque leva em consideracao o efeito das mudancas climaticas

A resposta de longo prazo para a fadiga e do valor extremo de parametros de
respostade um riser metalico na configuracéo lazy wave(SLWR) conectado aum FPSO
e um sistema massamola de um grau de liberdade sé&o avaliadas para varios cenarios
futuros e histéricos, considerando dois cenarios de emissdode gases que causam O
efeito estufa, i.e.,RCP4.5e RCP 8.5, e 2 modelos numéricos para previsdes climatic as
(HadGEM2-ES e MRICGCM3). Sdotambém consideradas duas locacdes distintas para
a instalagédo da unidade flutuante, uma na costa brasileira e outra no oceano Atlantico
Norte. Os resultados mostram que o impacto da mudanca climatica na resposta de
longo prazo depende de vérios fatores como a localizagdo geografica, vida util e as
carateristicas dinamicas da estrutura. No entanto, o0s mesmos mostram uma grande
variabilidade, especialmente quando sdo comparados 0s mesmos cenarios simulados
em diferentes modelos climaticos, gerando grande incerteza nos resultados
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Text Organization

Chapter 1 describes the main objectives and, motivations of this doctoral thesis.
Chapter 2 presentsthe main characteristics of climate change and a review of its likely
impact on the metocean data and consequently, its influence on the response of
offshore structures.

Chapter 3 shows different alternatives to modeling wave climate change amid of
design purp oses.

Chapter 4 describes some alternativesto statistical modeling of the wave in the context
of climate change.

Chapter 5 presents a methodology for estimating the long -term response of marine
structures, including the effect of climate change on fatigue and extreme responses.
Chapter 6 presents two comprehensive examples for the long-term extreme response
and probabilistic fatigue assessnent including the effect of climate change. The
responses are estimated for different climate scenarios The first example is a single
degree of freedom model; the response is calculated using a frequency domain
approach. The second exampleis a steel lazy wave riser analyzed using time-domain
numerical simulations .

Chapter 7 shows the final remarks, main conclusions and, recommendations of this

work . It also includes some ideas for future research in this area.



1 Introduction

1.1 Motivation

Since the 1950s unprecedented changes in the climatsystem have been observed
[1]. The Hfth Assessment Report (AR5) of the Intergovernmental Panel on Climate
Change (IPCC) shows that the atmosphere and ocean have warmed, polar ice has
diminished, and sea levels have risen. Permanent alterations in climate variables are

known as climate change.

Climate change is defined as a shift in the state of the climate that can be
identified by changes in statistical properties that persist for an extended period, typically
decades or longer[2]. These changest the climate may be due to natural processes or
external forcing sources, for example, because of persisting modifications in the
atmosphere or land composition. The IPCC affirms with a 95% confidence level that
human activities are the leading cause of airrent global warming [1]. Besides, human
activities disrupt the climate and higher the risks of severe, pervasive and, irreversible
impacts for people and ecosystems and longlasting changes of the climate systan [1].
The severity of potential risk and effects will be more critical for the least developed
countries due to their limited ability and resources to comply with mitigation and

adaptation policies to cope with climate change challenges.

Evidence shows a strong correlation between ongoing climate change and
alterations in wave climate [2]. Observations indicate that ocean properties of relevance
to climate ocean descrption have changed since the 1970s, including temperature, sea
level, carbon, salinity, pH, and oxygen [3]. Ocean weather is changing, and in the offshore
industry, there is an ongoing debate about how climate change would affect the statistical

characteristic of the wave climate, which may impact the design of offshore structures [4].

Ships and offshore structures are exposed to stochastic environmental load
actions due to waves, wind, and currents. Climate change may affect the properties of sea

states. Within wave climate changes, extreme and fatigue assessment of offshore



structures at the design stage may overestimate or underestimate responses (fatigue
damages and structural strength for extreme environmental load effects) during the
structure service life. Therefore, the integrity of an installed offshore structure may be
jeopardized. The current practices in offshore structures design do not consider the
potential time-dependent variability of the environmental variables. The common
practice is to consider the environmental variables as stationary in the design process.
From a climate change perspective, an approach combining continuously new
information about the metocean parameters and significant uncertainties should be

adopted for the design practice of ships and offshore structures.

The variability of sea states used in the offshore design process due to climate
change brings some crucial questions that are aldressed throughout this work:
1 How will climate changes influence sea states used to assess the structural
response of offshore structures?
9 Structural extreme response and fatigue of an offshore structure are
influenced by foreseenchanges in sea states de to climate change?
1 How to adapt and incorporate the current offshore structural design

process to the climate change context?

1.2 Objective s

This work appraisesthe importance of considering the effects of climate change
on assessments obffshore structures. Throughout this work, it is studied the influence
of climate change on metocean parameters used in the design process of offshore
structures. More specifically , the impact of climate change ontwo usual design criteria
for offshore structures, which are cheding fatigue performance and extreme response

are studied.

To assess theclimate change effect on the structural response of marine
structures, two offshore locations, one on the southeastern Brazilian coast and the other
in the North Atlantic O cean, are considered as case studies The two areas are crucial
for the offshore oil and gas business many offshore infrastructures have already been
and will be installed in these areas during the last and next decades. Besidesthis

geographic distribut ion helps to verify the geographic dependency of the climate
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change effects more specifically on the wave climate. Changes in the wave
environmental parameters, specifically, in the significant wave height (Hs) , and zero
up-crossing period (Tz) are the focus of this research. Both parameters are fundamental
for the design of offshore structures, especially for the probability -based design
approach. Public available datasets of wave parameters containing historical (past)
information and those predicted according to some future greenhouse emission

scenariosare employed in the development of this work.

In the assessment of the impact of climate change on the design of marine
structures, this work covers two study cases: a simplified 1-DOF model and a Steel
Lazy-Wave Riser (SLWR) The first one is used for getting some insights on the topic

and the second one is related to a more realistic aplication.



2 Climate change and offshore structures

2.1 Climate change

Climate change is defined asthe shift in the state of the climate identified by
changes in statistical properties of the climate variables that persist for an extended
period, typically decades or longer [5]. Those changes in the climatedescription may
be due to natural processes a external forcing sources, for example, because of
persisting modifications caused by human beings in the atmosphere or land
composition. As a consequence, alteratiors in intensity, frequency, duration, spatial
extent, and timing of extreme weather conditions are expected.Changes in the mean,
variance, and shape of the climate variable distribution s may be linked to severe

weather condition s.

There is observational evidence of climate change. Human influence on the
climate system is unequivocal, especially when recent anthropogenic emissions of
greenhouse gases (GHG} are the highest in history [1]. Greenhouse gases are the
principal driver s of human-induced climate change [1]. GHGs are gases that absorb
radiant energy emitted from the earth’s surface and emit it back to the earth’s surface
within the thermal infrared range. Water steam, carbon dioxide, methane, nitrous
oxide ozone, and chlorofluor ocarbons are the primary GHGs in the earth’s
atmosphere. These GHGsare indicated as the main cuse ofthe greenhouse effect The
greenhouse effect is a natural processthat allows keeping the earth warm. earth
receivesSunds energy i n rmathdy aeach dhe eafra hids, aayhmo sp her
some of the energy is reflected in the space and the restis absorbed and reradiated by
greenhouse gasesHowever, in the last decades human activities, such asthe use of
fossil fuels (coal, oil, and gas), agriculture, cattle raising, and land cleaning, increased
GHGs concentration in the ear t hds a t causiagp glabal ewarming as a
consequencgl]. Figure 201 shows the greenhouse dfect and its influence on global

warming.
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climate system is unequivocal, and global temperature has a steady growth since the
1950s[1]. Economic and population al growth since the pre-industrial era have driven
the increase of anthropogenic GHGs emissions. The concentration of carbon dioxide,
methane and nitrous oxide have reached unprecedented levels in at least the last
800,000 yeard1]. The atmosphere and ocean have warmed, the amounts of snow and
ice have diminished, and the sea level has risen.Some of these observed changes are

listed below [1-2]:

1 Since 1850, eeh of the last three decades has been successively warmerA
linear trend of the earth surface shows warming of 0.85°C, over the period 1880

2012;

1 Averaged precipitation has increased since 1901over the mid -latitude land area

of the North Hemisphere;

1 Since about 195Qit has been observed changes in extreme weather and climate
events. Heatwaves have likely increased in Europe, Asia, and Australia. The
frequency or intensity of heavy precipitatio n has increased in North America

and Europe;

1 Near-surface ocean and upper 75m have warmed by 0.11°C [0.09 to 0.13] per

decade from 1971 to 2010. Ocean warming dominates the increase in energy



stored for this period, accounting for more than 90% of the energy

accumulation period;

1 Regions of high or low salinity have become more saline or fresher since the

1950s;

1 Since the beginning of the industrial era, the pH of ocean surface water has
decreased by 0.1 unit, corresponding to a 26% increase in acidity. The

increasing oceansalinity is mainly driven by ocean uptake of COy;

1 The rate of ice mass loss from the Greenland and Antarctia ice sheet has
substantially increased from 1992 to 2011. The ice sheet lescontributed t o sea
level rise. The average rate deceasedfrom 1979 to 2012 is about 3.5 to 4.1% per

decade (0.45%0 0.51 million km 2); with most rapid rate decreasesn the summer;

1 Throughout 1901 to 2010, global sea level rose by 0.19[0.17 to 0.21]. The sea
level rise was 1.7mm/yr [1.5 to 1.9] between1901 and2010, 2.0mm/yr [1.7 toO
2.3] between 1971 and 2010and 3.2mm/yr [2.8 to 3.6] between 1993 and 2010.
These rates are geographically variable due to fluctuations in ocean circulation

(can be several times lager or smaller);

1 The ooncentration of carbon dioxide, methane and nitrous oxide in the

atmosphere has increased to exceptional levels in at least 800,000 years.

To reduce the risk and effects of climate change, 195 members of the United
Nations Framew ork Convention on Climate Change have signed the Paris Agreement
that covers greenhousegas-emission mitigation, adaptation, and finance issues. The
long-term goal of the agreement is to keep the increase in global average temperature
to well below 2°C above pre-industrial levels and to limit t he rise to 1.5°C. Climaterisk
for the environment and the hu man system is higher if global warming exceeds 1.5°C.
Some impacts may be longlasting or irreversible, such as loss of some ecosystems and

biodiversity, in creasing mean sea leve|] and ocean aadity, among others [7].

Anyway, o bserved changes in global climate have been impacting the earth life
cycle and consequently, all aspecs of human life. Increasing of GHGs concentration
driven by human economic activities would intensify these observed changes or would
generate new changes. Assessingthe impacts and effects of climate change is a
requirement for all social organizations and economic human activities. The energy

7



industry, specifically the offshore sector, is highly exposed to climate change. Ocean
weather is changing, and the offshore industry should establish adaptation and

mitigation strategies to face climate change challenges.

2.2 Metocean conditions and climate change

Offshore structures operate in a marine environment, usually designed to
produce or transport electricity, oil, gas, among other resources. They are subjected to
stochastic environmental actions mainly due to wave, wind, and current. For design
purposes, understanding environmental condition s is an essential task. Offshore
structures are designed to operate under service, extreme and accidental load
conditions . Usually, metocean parameters are represented through statistical data such
as histograms and, univariate or multivariate probability distributions. The joint or
marginal probability distribution s of significant wave height (Hs), zero up-crossing

period (Tz), and wind velocity are relevant for design purposes.

As previously mentioned in this work, provably, the wave climate will also be
affected by climate change. There is evidence that ongoing climate change will affect
the environmental wave parameters [2]. Climate change could modify the frequency,
severity, and pattern of extreme climatic events [3]. However, t he effects over the ocean

wave climate will be dependent on the regional location [2].

Due to the direct interaction between environmental parameters and the
structural behavior of ships and offshore structures, changes in the input data (metocean
parameters) would affect their structural responses. The common practicein the design
process is to consider the environmental parameters as stationary over time [4]. As a
consequence, for some installed offshore structures the integrity may be jeopardized due
to long-term alterations of environmental v ariables due to climate change. Then, under
the observation of climate change, it would be necessaryto update the design procedures
to take into account its effects on the structural performance of such structures in the
future.

Most of the studies related to wave climate change are focused m its effect on the
significant wave height Hs [8]. The findings are characterized by high variability,
especially when they are compared to different measurement techniques or models. An
increasing amount of 0.10-0.40m/decade i n the Hs for North Atlantic and North Pacific
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was identified using visual wave data of voluntary observation ships in the period (1958-
2002)[9]. Wand and Swail [10], using wave hindcast data, found an upward increasing
trend of 0.0040.18m/decade in Hs for the period (1958-1997)for the North Pacific. For
the North Atlantic , in an areafrom the west British Isles to the northern No rth Sea, these
authors found an increment of 0.10-0.30m/decade in Hs, while for the coast of the Uni ted
States and North of Africa they found an opposite situation with reductions up to 0.2
m/decade for this parameter. From a 23-year (19852008) database b satellite
measurements, Young et al.[11] found a weak negative trend in the Hs for large regions
North Pacific and North Atlantic (0.25% per year) but, on the other hand, for the
southern hemisphere, they found a positive trend (0.25% per year). The authors found
that trends are not statistically significan t. However, for extreme Hs conditions, Young et
al[11] identified a clearand statistically significant pattern of an increasing trend for this
parameter. Besides, sources of errors in the estimation of metoceanextreme data are
multiples, including errors in the input data that impact and compromise the
extrapolation and estimation of reliable return values [12]. Climate change is another
feature that affects the same estimation, usually neglected by analysts.

Climate numerical models that incorporate up -to-date knowledge about climate
dynamics are usually used to make climate projections and predictions. Thesemodels can
predict the physical behavior and evolution of th e atmosphere,land surface, ocean, and
cryosphere under greenhouse gas emission scenarios Hemer et al. [13] explain the
process of modding the effects of climate change on wave climate. However, there are
considerable uncertainties in this modeling, being the principal ones related to the
climate model, the future greenhouse gas emissionscenario, the downscaling technique,
and the numerical wave model [4]. Any way, the predictions generated by climate models
for a given projected scenario of future greenhouse gas emissioncan be used to obtain
metocean dataand thus assess theoffshore structural response under the future projected
scenario.

Studies using climate models to assess the influence of climate change on wave
climate using future projections have been madeover the years. Extreme weather events
are likely more frequent in the near future [14]. As observed, extreme significant wave
height for future projected climate changes shown a strong regional dependence [4].
Waves in the Northern Hemisphere show an increase intheir heights in certain areas and
a decrease n others [15-18]. An increasein the occurrence of extreme significant wave

heights was also identified at high latitudes (both north and south), and a decreased



number of occurrences was noted for locations around the equatorial latitude by phase
three of the Coupled Model Intercomparison Project 3 (CMIP3) [15] and the Coupled
Model Intercomparison Project 5 (CMIP5) [16]. The CMIP5 used 20 global models and
two futu re representative concentration pathways (RCP). The RCPs are trajectories for
greenhouse gas concentrations and future emissionsused by the Intergovernmental
Panel on Climate Change (IPCC) to represent the greenhouse gas concentration overtime
to reach a particular radiative forcing by the year 2100. Some other studies using different
global models have shown mixed results [4]. In general, the projected changesin the
wave parameters are highly variable [15-16].

Using 15 different coupled global climate models for the IPCC assessment report
fourth, Yin [19] shows a consisient poleward and upward shift of the st orm tracks in the
simulations. Extratropical storm track s and cyclones in a warming climate are
investigated by Catto et al [20], two idealized climate change experiments with the High
Resolution Global Environm ental Model version 1.1, and two different idealized CO »
forcings are used in the study. They found a decrease in cyclone numbers in both of the
climate warming experiments , asa consequenceof the baroclinicity decrement associated
with enhanced polar warmin g and the intensity (in terms of vorticity, wind speed, and
mean sea lewel pressure) of the extreme cyclones in the North Hemisphere with the
increase of CO- levels. Besides, the number of intense extratropical cycbnes slightly
decreases with increae of CO; levels. Analyses of Max Planck Institute (MPI) coupled
(ECHAMS5/M PI-OM) and atmosphere (ECHAMS) climate models using the IPCC special
report emissions (SRES scenario A1B suggested changes in the main position of storm
tracks, a decrease in the totd number of systems and an increase in more intense cyclones
events in the future [21].

Wave parameters under a climate change perspective may vary over time. It is
possible to account for the time dependency of the wave parameters to calculate the
corresponding extreme values which are widely used in the design practice of marine
structures. There are two main approachesf or getting the oO0futured we
data needed for the design. The first one consists in the use of a numerical climate model
for the considered future projected scenario of greenhouse gas emissiors combined with
a wave numerical model to obtain the wave parameters and then apply classical
statistical models to estimate design values [4]. The other approach [22-25] uses the
historical record of metocean data to fit a nonstationary probability distribution of wave

parameters. In the nonstationary modeling, the parameters of the probability
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distribution s are time-dependent. Vanem [23] and Katz [24], for instance, introduced
time-dependent parameters for the Generalized Extreme Value (GEV) distribution for the
significant wave height, where the associated location and scale parameters are
considered as time-dependent variables. They show that the time-dependency can be
modeled by linear, polynomial, or logarithmic trends but, meanwhile, the shape
parameter used to be corsidered constant due to the high numerical instability of the
parameter. The parameters of the GEV distribution under non -stationary conditions can
be inferred using a Bayesian technique [25]. The Bayesianbased Markov Chain Monte
Carlo (MCMC) combines knowledge taken from a prior distrib ution and newly observed
data into a new metocean data distribution. In summary, in this latter approach , the
future wave environmental data is determined from past observations and tendencies
over time. However, its main drawback that it is mainly used for univariate distributions
and extreme values. For instance, joint distributions of Hs and Tz, needed for long -term
extreme and fatigue analysis of marine structures, are rarely modeled through this

approach.

2.3 Offshore structures under climate change

As mentioned before, metocean data will be influenced by climate change and,
as a consequence, the avironmental loads and structural res ponses of marine
structures will alter as well. Changes in frequency, localization, and magnitude of
extreme weather events must be accountedfor in the design process. How climate
change might affect the design and maintenance of ships and offshore structures is a
central question for the offshore industry under the fact of climate change. Design
including climate chang e effects may require making future climate projections. The
projections try to describe future climate under certain assumptions. However, climate
projections are very uncertain [4] due to the difficulty of mod eling the physical
behavior of the global climate parameters with mathematical models and selecting
suitable input conditions , such as for instance, future greenhouse gas emission
scenarios. The design process maybe developed on a risk-based approachthat allows
handling the uncertainties associatedwith the traditional design processand the new
ones due to climate change. The method should ensure that the design remains with
acceptable security levels through structural operational life. However, the design

adaptation to climate change is a very challenging task involving several different
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actors and should be regarded as a strongly interdisciplinary exercise.Besides, up to
now, it is not well understood how climate change might affect the design and
maintenance of ships and offshore structures in the future.

Until now, m ost studies looking at the impact of climate change on ocean climate
are focused on the Northern Hemisphere. There is a lack of specific studies for other
regions as, for example, the Brazilian coast, one of the most important regions in the
world for the offshore oil and gas industry.

Few practical studies assessing the impat of climate change on offshore design
procedures and structure responses are available in the literature [4, 26-31]. Most of the
available scientific work has been focused on estimating changes in metocean data alone
[4]. One of the few exceptions in literature is the work reported by Bitner -Gregersenet al.
[4] that suggests a Risk-Based Approach Including Climate Changes (RBAICC) for the
design of offshore and ship structures. The methodology allows integr ation of known
uncertainties of the traditional design with those related to climate change. Bitner
Gregersen et al. [4] also show the impact and importance of climate change on ship
structure components design. The results were obtained using wave climate projections
for the North Sea. The work shows a complete summary of past and future climate
change and its influence on wave climate and offshore structure design practices based
on Northern Hemisphere data. Bitner-Gregersenet al.[27] and Guo et al.[28] also studied
the effect of climate change on ship responses. The papers address piected changesin
wave climate in the North Atlantic and North Sea and their impact on ship design. The
wave parameters projections used in these studies were generated for therepresentative
concentration pathway 4.5 (RCP 4.5) and representative concentréion pathway 8.5 (RCP
8.5. They concluded that future climate projections have significant uncertainties, mainly
because of climate numerical models. Moreover, it was observed that climate change
effects on the wave parameters are highly dependent on the geographical location. Zou et
al.[29] look for a possible solution for estimating the effect of climate change on sea states
with a focus on the fatigue assessment of floating structures, the new methodology
presented is based on wavepower. Zou and Kaminski [30] investigate the effect of
climate change on the fatigue damage of offshore floating structures operating in three
offshore oil fields of the North Sea (Alma/Galia, Pierce, and Rosebank oil fields). The
result shows a decrement in the significant wave height in the North Sea wit h the
emission of scenarios RCP8.5 and regiordependent of the climate effects. Moreover, Du

et al [31] proposed a new fatigue damage assessment method, that includes the effects of
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wave climate change and marine corrosion on the fatigue damage assessment of mooring
lines. The method was used in the assessmet of the mooring lines of a semi-submersible
platform. The results indicate a significant influence on the distribution of the mooring
lines fatigue damage by wave climate change and marine corrosion. When the effects of
both wave climate change and marine corrosion are considered, the cumulative fatigue
damage during the entire design life is reduced by up to 35%.

Although it is not a universal practice to account for climate change in the design
of offshore structures, this necessity has already been reognized in some design rules
and standards in recent years [31-32]. Norwegian Standard NORSOK [32] recommends
increasing g-probability values by 4%, for extreme significant wave height and wind
speed calculations, to account for climate change effets when there are no available
studies regarding this topic for the specific site. However, to fully account for these
effects, relevant uncertainties associated with climate change projections should be
identified and quantified, especially given the high variability e ncountered between
forecasts described in the studies commented above.

Climate change risk-based approach proposed by Bitner-Gregersen et al. [4]
requires combining continuously new information conc erning the metocean data for the
design practice of ships and offshore structures. The dimate change risk-based approach
considers that wave parameters are time-dependent. Time dependency may be included
in the calculation of the characteristic wave condition s (such as 100yr design waves)
used in design practice. Frequently, the joint distribution of signi ficant wave height and
wave up-crossing period is needed, but other environmental parameters such as wind,
current, and tides are also relevant.The integrated climate change risk-based approach
with relevant uncertainties is illustrated schematically in Figure 262. The left part of the
figure shows how climate change should be introduced into the traditional design

process.
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The dimate change risk-based approach may allow offshore industry to embrace
climate change adaptation strategies by assessg the risk and calculating costs and
benefits. Climate change adaptation measuresshould also aim to increase the resiliency
of existing offshore structures to a climate change (retrofitting or strengthening of
existing structures, utilization of new materials, and te chnologies), besides the
enhancement ofa design standard.

The life-span of a marine structure is an important parameter for considering or
not the effect of climate change on the design. To help to identify the clima te change
importance, Table 2-1 shows how climate change would impact oceanographic
parameters [34] over time. In general terms, for a life-span of less than 1Gyr it could be
no needto consider climate change effects during the design. For a 20-yr life -span, these
effects should be considered for some regions. Structures with a life-span of more than
50-yr, such as offshore wind turbines, should always include in the design some
evaluation and adaptation of climate changes and cimate change dfects.

Table 2-1 General impacts of climate change for different lifetimes and planning
horizons [34].

Description of climate change effect on oceanographic
parameters
10 Dominated by natural variability, not climate change
The natural variability generally is s ubstantial in higher
and lower altitudes. This implies that the natu ral variation
20 at this time scale will dominate the climate change effect at
mid -latitudes. Hence, climate change will show a limited
effect at these latitudes
50 Climate change will have an impact
100 Climate change will impact all parameters

Life Span (years)

14



3 Wave climate projection and climate change

Design of offshore structures taking into account climate change effects requires
that the metocean datashow appropriate alterations due to climate change. Projection
of metocean data is required to represent future environmental conditions. As
mentioned in the previous chapter, there are two main approaches to obtain these
future projections of the environmental parameters . One approach uses the historical
record of the metocean data to fit a nonstationary distribut ion [22-24, 35]. On the other
approach, projections are obtained by modeling future climate using climate models
and greenhouse emission scenarios to generate future wind and pressure projections
that are inputs for the wind -wave models used to estimate the wave parameters [26-
31]. Both approaches may be wsed for obtaining future environmental parameters data
that are important in the design of marine structures, such as significant wave height
(Hs) or wind velocity (Wv) , among others. However, both approaches introduce
relevant uncertainties into the design process. The first one projects the future
environmental conditions by an extrapolation model based on alimited number of past
observations. The second one is based orclimate models and projections of future
greenhouse gas emissions.

For the development of the present work, it is necessary to model the joint
statistical description of significant wave height and zero up -crossing period. This joint
model is not easily obtained by the first model d escribed above. Besides this aspect e
availabilit y of public generated wave parameters data was another major parameter for

using the second approach in the development of this work.

3.1 Wave modeling and climate change

Using numerical modeling approaches that combine climate models and wave
numerical models, future wave parameters can be obtained for hypothetical (or likely)
future scenarios of greenhouse gas emissions. The outputs of climate models are global
variables like wind and atmospheric pressure. To obtain a regional projection of the
wave parameters, the wind and atmospheric pressure are transformed to a local scale
by a process known as downscaling. Then, local wind and pressure are coupled to

wind -wave models to generate time series projections of the wave parameters:
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significant wave height (Hs), zero-up crossing period (Tz), and wave direction (Y us).
Figure 301 shows the methodology used to generate ocean wind and wave projections.

The main steps of this procedure are describedin what follows.
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Figure 301 Climate change modeling process to project future ocean wave parameters.

3.1.1 Emission scenarios

Changes in the climate may be generatedby earth natural internal processes
(natural variability) and externa | forcing (e.g. volcanic activities), or due to persisting
anthropogenic contribution s. However, estimating climate changes resulting from
anthropogenic influence is a difficult task and a source of considerable uncertainty.
Emission scenarios describethe likely trajectories along future time of a wide range of
variables related to the anthropogenic effect in the global climate. These variables
include technological development, governance, energy composition, land use, socio-
economic change, and emissions & greenhouse gases (GHGs) and air pollutants.
Emission scenarios are inputs forthe climate modelsin climate projection mode ling.

Emissions scenarios of theUN -sponsored Intergovernmental Panel on Climate
Change (IPCC) have beenrecurrently used to investigate global climate change The
IPCC is an intergovernmental body that provides a clear view of the current state of
knowledge about the science of climate change, potential impacts and options for
adaptation and mitigation of its impact through regular assessments of the most recent
information pu blished in the scientific, technical and socio-economic literature. Since
1990 the IPCC has published five comprehensive assessment reports; the first
assessment report in 1990, a supplementary report h 1992, a second assessment report
(SAR) in 1995, a thrd assessment report (TAR) in 2001, a fourth assessment report
(AR4) in 2007 and a fifth assessment report (AR5) in 2014The first scenarios of IPCC
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were developed to describe the storyline of GHG concentrations and radiative forcing ,
such asIPCC scenaios of 1990 report (SA90) and 1992 supplementary report (1S92)
where the main driver of the scenarios is the variation of the population .

The second assessment of IPCC was based on equilibrium scendos; these
scenarios recreate how the world would look like if the atmospheric CO- is stabilized
at a given level. The old emission scenarios SA90 and 1S92 became more complex and
were succeeded by the Special Report on Emission Scenarios (SRESyhey show a
consistent picture of demographic, information flow, land-use, technology, and
economical characteristics of a hypothetical future world. The assumptions lead to
multiples scenarios of GHG emissions. The SRES scenarios are baseline scenarios
which means that they do not take into account future or current measures to limit
GHG emissions. The SRES scenarios are organized into familiegAl, A2, B1, and B2).
TAR and AR4 projections were based on SRES scenariosThe main characteristic of

SRES scenarioss shown in Table 3-1.

Table 3-1 SRES scenarios characteristics

SRES scenario Characteristics

Al Rapid economic growth

Low population growth

Introduction of new and more efficient technologies
A globalized economy

Subfamilies

A2 Regional economic development
High population
Slow technological changes

Subfamilies

B1 Rapid economic growth as in Al

Low population growth

Introdu ction of clean and resource-efficient technologies
Emphasis on global solutions to the economy; social and
environmental stability

Subfamilies

=4 =4 -8 _a_-_a_9_2_-42_-2_-4a_>8a._-9a._-2

B2 Intermediate economic development

Moderate population growth

Emphasis on local solutions to the economy; socal and
environmental stability

Less rapid and more diverse technological change than B1

T Subfamilies

=a =4 —a -

=
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The most recent set of time-dependent scenarios, the so-called Representative
Concentration Pathways, are based on radiative forcing trajectories and GHG
concentrations. The RCPsrepresent the most extensive set of scenarios inthe literature.
They are compatible with the full range of emission scenarios available in the current
scientific literature. Each RCP can result from different combinations of technolo gical,
land cover, land use, demography, policy, and economy possible to be found in the
future. Each RCP is tied to the change in radiative forcing in the atmosphere by 2100
relative to preindustrial levels [36]. The four RCPsare named according to the expected
shift in radioactive forcing by 2100: +2.6, +4.5, +6.0 and +8.5 watts per square meter
(W/m 2) [36]. The RCP2.6 is a mitigation scenario leading to a very low forcing level,
the RCP4.5 and RCP® are two medium stabi lization scenarios, and finally , the RCP
8.5 is a very high baseline emission scenarid36]. The radiative trajectory of the RCP2.6
considers aforcing peak level between 20162020 following by a sharp decline (PD =
Peak and Decline). RCP4.5and RCP6have a PDtrajectory with peaks around 2040 and
2080 respectively, and the total radiative forcing is stabilized shortly after 2100 . Finally,
RCP8.5 is characteried by increasing greenhouse gas emissions over time tlat lead to
high greenhouse gas concentration levels Figure 362 shows the CO, equivalent

trajectories of the RCPs.The main characteristics of RCPs aredescribed in Table 3-2.
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Figure 382 Annual anthropogenic CO »emissions of Working Group Il (WGIII) [1].
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RCPs were developed by combining a suite of atmospheric concentration
observations and emission estimates for greenhouse gases froma historical period
(17502005) with emissions projected for 2005 to 2100RCPs represent possibilities for
the future based on a set of prior assumptions and should not be viewed as accurate

predictions of the radiative force concentrations and emissions. RCPs were adopted by

the IPCC for the AR5 in 2014 superseding SRES.

Table 3-2 RCPs characteristics

Scenario
RCP2.6 RCP4.5 RCP6.0 RCP8.5
Component
Radiative 2.6 4.5 6.0 8.5
forcing by 2100 (~425 ppm (~650 ppm (~850 ppm (~1370 ppm
(W/m 2) COy) COy) COy) COy)
Moderate Moderate Moderate Hig h population
Population increasing by increasing by increasing by growth
2100 2100 2100
Development of A significa nt Heavy resilience Low rate of
bioenergy, reduction of on fossil fuels, technology
carbon capture carbon factor, increasing of oil development,
and storage more consumption, a heavy reliance
Energy techr?ologies, renevyables .moderate on fossil fuels,
reduction of the energies, not increase of high growth of
carbon factor, changes in dl energy primary use of
and significant consumption consumption energy
oil consumption consumption
reduction
As aresult of The use of Increasing use of | Cropland and
bio-energy cropland and cropland due to grassland
production , grassland bioenergy but a increaseis
there is decreases as decline in the driven by
Land . L :
increasing in result of pasture. population
cropland. conservation growth
and reforestation
programs.
Very low Medium -low High reduction High emission
Green gas L e .
emissions emission a_nd mltlgathn gnd and r_ne(_jlum
high mitigation low emission emission

Table 3-3 shows the mean values and likely (66 3100% probability of occurrence)

ranges of the global warming increase (°C) and global mean sea level (m) increase

projections from the ARS.
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3.1.2

Table 3-3 Global warming and mean sea level increase AR5 scenarios

20462065 | 20812100 20462066 | 20812100
Mean and likely range (°C) Mean and likely range (m)

RCP2.6| 1.0 (0.4 t0 1.6)[ 1.0 (0.3 to 1.7)] 0.24 (0.17 to 0.32) 0.40 (0.26 to 0.55

RCP4.5| 1.4 (0.9t0 2.0)] 1.8 (1.1 to 2.6)] 0.26 (0.1%0 0.33) | 0.47 (0.32 t0 0.63

RCP6 | 1.3 (0.8t0 1.8)| 22 (1.4 to 3.1)| 0.25 (0.18 to 0.32) 0.48 (0.33 to 0.63

RCP8.5| 2.0 (1.4 t0 2.6)| 3.7 (2.6 to 4.8)| 0.30 (0.22 to 0.38) 0.63 (0.45 to 0.82

Climate Model s

Climate models are tools based on mathematial equations that describe the

physical behavior and evolution of some climate-related processesin the atmosphere,

ocean,

cryosphere and land surface. These models are useful for understanding the

climate system and how various natural processes interact between them. Thus,

climate models are used to simulate past, current, and future climates. Up to now the

climate models produce the most realistic simulations of climate and are tools that can

predict future climates in satisfactory detail to be useful for planning purposes [37].

The main components in a climate model are [37] :

1

The atmospheric component simulates radiative heating from the sun and its
cooling through space. The atmospheric component describes the conservatin
of momentum, mass, and energy for fluid s, such as water vapor which is
important in the formation of cloud s (and rain) and radiative heating .

The ocean componentdescribes the general circulation of the oceandriving by
wind stress at the upper surface,r adi ati ve and s dheecednlse
the dominant reservoir of heat and carbon), and density variations caused by
changes in salinity and temperature.

Land surface component simulates the surface heat balance and surface
moisture. Also includes characteristics as topography, vegetation, snow cover,
rivers, soil moisture, and carbon-storing.

The sea ice component plays anessential role in climate. The sea component
simulates the albedo of the ocean surface, the exchanges of heat, moisture, and
momentum between atmosphere and ocean, and the local salinity during sea

ice freezing and melting.

Climate models are 3D grid-based models that divide the globe to represent

specific geographical locations and elevations. The equations for each component of
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the climate model are solved for each grid and climate variable. The climate model
components change over time and iterates with another one within a coupled system.
The climate model grid typically has a horizontal resolution between 100km and
650km and 20 to 50 vertical layers to represent the atmosphere component. The
resolution of th e models brings possible problems of large domains and low resolution
in representing extreme events.

There are two general types of climate models. The first type is the global climate
model (GCM) that uses climate forcing elements to compute the response of the
climate through a numerical model of the physical climate system. Figure 383 shows
the components of a global climate model. The second typeis a further sophisticated
model: Earth System Models (ESMs). They include carbon cycle, chemical and
biological models, soil evolution, vegetation that adapts to climate, and sometimes

contains human infrastructure .

Atmosphere
[ I l
Thermodynamic Equations con\gearlveatrtion
equation of motion A
equation
Radiat Turbulence Cloud
adiation parameterization parameterization

Sensible
heat

Evaporation

f Sensible ? Evaporation
heat

Radiation Wind Precipitation Radiation * Precipitation
stress
_te>f  Equations > Salt ‘ Hydrologic
Thermodynamic s : Runoff | Thermodynamic equation
equation of motion equation equation
Turbul Vegetation
> urbulence ) :
parameterization Seaice > Landice
[ | |
Ocean Land

Figure 383 Physical components of aGCM (global climate model) [37].

There are many climate models in use around the world and their outputs , even
using the same RCP inputs the simulation results show significant differences in wave
modeling [4]. The uncertainties caused by different combinations of climate models
and forcing scenarios are difficult to quantify [4]. Table 3-3 shows all climate models
(and some of their characteristics) used in the fifth phase in 2008 of the Coupled Model
Intercomparison Project 5 & (CMIP5) [13]. CMIP5 is a collaborative framework
designed to improve knowledge of climate change and to provide estimates that help

to understand the possible consequences of climate change
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Table 3-4 List of global climate models employed during the CMIP5.

Resolution (°)

Model Institution
(Lat-Long)
Commonwealth Scientific and
ACCESS 1.0 1.241.88 Industrial Research Organization,
Australia
BCC-CSM1-1 2.81-2.81 Beijing Climate Center
BCC-CSM1-1(m) 1.131.13 Beijing Climate Center
CanESM?2 281281 Canad|aq Centre for CIu_nate
Modelling and Analysis
CNRM-CM5 141141 Centre National dg Recherches
Meteorologiques
Commonwealth Scientific and
Industrial Research Organization in
CSIRO-Mk3-6-0 1.881.88 collaboration with the Queensland
Climate Change Centre of
Excellence
EC-EARTH 1.131.13 EC-EARTH consortium
LASG, Institute of Atmospheric
Physics, Chinese Academy of
FGOALS-s2 1.41-3.33 Sciences; and CESS[singhua
University
GEDL-ESM2M 200-2.50 Geophysical Fluid Dynamics
Laboratory
HadGEM2-ES 1.24-1.88 Met Office Hadley Centre
INMCM4 1.502.00 Institute for Numerical Mathematics
IPSLI\_A%MSA 1.262.50 Institut Pierre -Simon Laplace
MIROCS 141141 Interdisciplinary Research Institure
from Japan
MIROC5-ESM 281281 Interdisciplinary Research Institute
from Japan
MIROC5-ESM T
CHEM 2.81-2.81 Interdisciplinary Research from Japan
MPI-ESM-LR 1.881.88 Max Planck Institute for Meteorology
MPI-ESM-MR 1.881.88 Max Planck Institute for Met eorology
MRI-CGCM3 1.131.13 Meteorological Research Institute
NorESM1-M 1.882.50 Norwegian Climate Centre
cesMma 0941 88 National Center for Atmospheric

Research
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3.1.3 Downscaling

As mentioned before, global climate models are used to simulate the complex
and large bio-chemical and geophysical earth processes, aswell as their interactions
with other earth surface characteristics (topographic, land cover, etc). Climate model
simulations are made using a very coarse spatial resolution. Climate model outputs are
unsuitable for local and regional -scale assessment tsidies [38]. Downscaling is a
technique used to estimate higher resolution projections from large-scale projections.
The principal assumption of downsca ling is that local climate is conditioned by the
interaction between large-scale procesgs (circulation, temperature, humidity, pressure
field, etc.) and local features (water bodies, mountains, land surface, precipitation, etc.).
Downscaling can be performed on a spatial or temporal scale. Spdial downscaling
seeks to produce simulated results from a coarse territorial scale to a large territorial
resolution (e.g., 500km GCM grid cellsto 20 km ones after downscaling) . On the other
hand, temporal downscaling refers to obtaining fine-scale temporal outputs from a
coarse temporal scale €.g., daily temperature from a monthly sequence of
temperature). Two techniques of downscaling are used usually by researchers [27]: the

statistical and dynami ¢ techniques.

3.1.3.1Statistical Downscaling

In the statistical downscaling technique, empirical relationships are established
between large-scale atmospheric data and locally observed data When those
relationships are validated, they are used to estimate downscaled future climatic
projections. The statistical downscaling relies on observed climate data as a basis for
driving future projections. However, it is not clear that the relationships between local
and global variables remain valid for the future climate system. For example, modeling
of changes in statistical relationships between large-scale and locatlocal climate scale
has mainly been ignored [38]. Typically, the relationships are derived for a location
over the current period, and the relationships are used directly to mod el future
projections without considering possible future shifts .

In general, statistical downscaling is computationally inexpensive and effi cient
(less time-consuming), which allows evaluating many different emission scenarios

Moreover, it can beapplied acrossthe region or the entire globe.
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3.1.3.2Dynamic Downscaling

In the dynamic downscaling technique, the local-scale climate is estimated by
coupling the regional climate model (RCM) with a GCM. RCM uses as input the
boundary conditions from GCM. RCM allows t aking into account geographical
variability present within a GCM grid -cell. Dynamic dow nscaling provides projection
at a high resolution typically between 10-20 km. Dynamic downscaling methods are
computationally expensive; therefore, it is problematic sometimes to obtain a finer
resolution for complex areas. In general, the dynamic downscaling methods are
particularly useful in modeling climate projections in regions where observed data is

limited and for long -term projections [38].

3.1.4 Wind -wave model

Climate models can numerically model the atmospheric circulation on a given
geographical location on earth. Most of the ocean waves are created by the friction
between the wind and seawater surface. The wind field , as part of the lower layer of
the atmosphere, is modeled in climate models. Wind -wave numerical models seek to
describe the evolution of wind -generated waves. Wind-wave models can simulate
wind -wave interactions, nonlinear wave-wave interaction, energy dissipation, and
wave propagation . The surface wind s generated by climate models are the driven force
of wind -wave models. Therefore, by nesting a global climate model with a wind -wave
model it is possible to obtain wave parameters projections for a given proj ected climate
change scenario From these projections wave spectra with their associated amplitudes,
frequencies, and propagation directions are easily obtained [39]. Finally, significative
wave height and zero up-crossing wave period are easily obtained from wave spectra.
This kind of numerical model has been widely used in ocean engineering, wave
forecasting, naval operations, etc. Ocean wave model (WAM) [40], simulation waves
nearshore model (SWAN) [41], and WAVEWATCH -1l (WW3) [42] model constitute a
set of the most used wind -wave models [39].

Although wave models can forecast ocean waves, it is still needed to
understand the mechanics behind the generation of extreme se states, where the

capability of wind -wave models are not yet completely proved, still, there are large
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uncertainties in the understanding of wave dynamics, especially with subjects such as

wave dissipation and nonlinear interactions [39].

3.2 Long-term wave climate parameters

In practical terms, projections of wave climate parameters are made using
possible future scenarios that consider different development path s of human
relations, economic characteristics, population growth, and, technological
development, which are synthesized by the corresponding representative
concertration pathways. In other words, RCPs are the inputs for th e different climate
models and associated wind-wave models. After runn ing these models for a given RCP
and given geographical location, a dataset of wave parameters will be available. This
dataset is the basis for establishing the characteristc wave parameters to be employed
in the design of marine structures.

It is worth mentioning that it is very time -consuming to continuo usly generate
wave data for a very long-time window . This is the reason why wave parameter
projections are not available for long continuous time windows. Usually, they are
available for a fixed time frame, commonly , 20-yr or 30-yr long. So, the design should
be based on the datasetfor the time frame that best fits the project requirements. On
the other hand, the structural behavior for different time frames can be compared to
build a trajectory of the structure long-term response and to verify the impact of
climate change on it. As it will be commented , later on, the datasets used for the

present work are representative of 30-yr window s.
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4 Statistical modeling of wave parameters

The datistical description of environmental variables is fundamental for the
design of offshore structures. Offshore structures are subject to environmental loads
resulting from wind, waves, and currents. Environment variables , e.g., wave surface
elevation and wind velocity, are naturally random nonstationary processesin time and
space. However, for a short-term period, usually of 20-min to 6-h, they are considered
stationary ones [43]. In each short-term period, the temporal random variations of
wind velocity and wave elevation are represented by corresponding spectrum density
function s defined in terms of some environmental parameters. In a short-term period ,
the wind may be characterized by mean wind velocity (Vw) at a reference leveland
wind incidence direction ( Qv). Wave may be characterized by the significant wave
height (Hs), zero-up-crossing wave period (Tz) or wave peak period (Tp), and the
wave incid ence direction (Qw). Hs is defined as the mean wave height (trough to crest)
of the highest third of the wave record; Hs can also be estimated from the wave
spectrum as four times the square root of the zeroth-order moment (area) of the wave
spectrum [43]. Tz is the mean of the zerodown -crossing from time -series, alternatively,
Tz can be estimated by using moments of the wave spectrum [43], and, finally the
wave period of maximum spectral energy is the parameter Tp.

It is important to mention that waves can be classified in wind waves (generated
by local winds) and swell waves (generated by distant weather systems). In practical
cases, the shoritterm wave representation is either described by an individual
equivalent wave (representing both seas and swell waves) or by two independent
wave components (swell and sea waves), each one of themis characterized by the
aforementioned parameters (Hs, Tz and Qw).

Another environmental variable important fo r the design of marine structures is
the sea current For each shortterm period, it may be represented by acurrent velocity
profile that may change in intensity and direction along the seadepth. During a sea
state, the current profile remains unchanged in magnitude and direction. However , it
is common to simplify the current pattern using superficial current velocity (Vc) and
superficial current propagation direction (Qc). These parameters are measured or

simulated simultaneously for the location of interest.
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For design purposes the long-term description of the environmenta | parameters is
essential. Long-term modeling of environmental para meters is obtained by processing
a sequence of shortterm environmental data from a long record of simul taneous data.
Figure 481 shows the long-term description of the environmental parameters. A term
usually employ ed to refer to a short-term environmental condition when only wave
parameters are being analyzed is sea state condition or simply sea state.
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0y * Wind
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Figure 401 Long-term description of the environmental parameters [48]

The joint probability modeling of all short -term environmental parameters is
very important for the design of offshore structures. Howeve r, focusing on the analysis
performed in the present work, where onl y wave effects are corsidered, in what

follows the joint statistical modeling of Hs and Tz is described.
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4.1 Hs-Tz Joint Probability Modelling

The Hs-Tz joint probability distribution is of paramount importance for long -
term extreme response and fatigue performance assessment of marine structures, as
shown later in this work. It is also important to define the so -called environmental
contours that are needed in some design methodologies.lIt is important to mention that
sometimes the Hs-Tp distribution is used. However, as there is atwo-way relationship
between Tz and Tp, the use of one or another distribution is not a problem.

The Hs-Tz joint probability distribution fx 7, (h,t) desaibes the long-term joint

statistical behavior of these two variables. Mathematically it is described as:

P(h=H¢=h+Ahnt =Ty =t + At) = fyr,(h t)AhAt (4.1)

There are many approaches to fit a joint probability function for a sample of
available Hs-Tz data, among others the conditional modeling approach (CMA) [44-47]
and Nataf transformation -based model [48-50] which a particular model of the so -
called copula transformation model [50]. In this work, the conditional mode ling
approach is employed.

In the conditional mode ling approach, the Hs-Tz joint probability di stribution

fag,r,(h,t) may be defined as
fragr, (R t) = fug (W) fryiag (t|h) (4-2)

where fu (h) is the marginal probability density function of Hs and  fr,u. (t|h) is the
probability density function of Tz conditi oned on values of Hs. These distributions
must be defined based on the dataset available, i.e., the ones which best fit the data.

In general, the Weibull and Logno rmal probability models are those presenting
the best performance in the modeling of Hs data [51] Sometimes a mixed modd
composed of both models, the socalled LonoWe model [44], presents the best

performance. The LonoWe model is given by
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1 ( I(Enh—ﬂ)z) forh<t
ex — = orn=n
V2mhé P\"2 ¢ g

stG) - B
| g(ﬂ;u)ﬁ exp (_(h;u)ﬁ) Jor = (4-3)

where x and | are the parametersof Lognormal distribution fitted to the comp lete Hs
sample and a, a and u are the parameters of shape, scale, location respectively ofa
three-parameter Weibull distribution. The parameters were computed through the

method of moments [45]. The inflection point Hg =h_ is defined as the point where

the cumulative probability distributions of both models (lognormal and Weibull) are
equal.

DNV -GL [51] recommends the use of a lognormal conditional model of Tz
conditioned on the Hs values. The conditional lognormal distribution for Tz given Hs = h

is described by

1 & 14In(t)-/ (h) © 9
fTaHs(tlh)_@—/(h)teXF?_ZW @8 t >0 (4-4)

where /(h) and x(h) are the conditional mean and standard deviation of In(Tz) given that

Hs=h, respectively. As recommended in DNV -GL [51] these parameters are given as

/(h)=a +ff

x(h)=d eexp( 1 )

The parameters a, b, c, d, e, and Should be defined by a nonlinear curve -fittin g
approach., such asthe nonlinear least-squares method. Precautionary actions haveto be
taken to avoid that x(h) does not assume negative valuesfor physical possible values of
Hs.

A specific Hs-Tz joint probabilty model can be established for the
corresponding data generated by the climate models described in the previous chapter

for any time frame and GHG emission scenario.
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4.2 Environ mental Contours

The environmental contours are the basis of a procedure largely used nowadays in
the design of offshore structures [47, 52-54]. It is also employed to define the
integration domain in long -term extreme response and fatigue assessments of marine
structures. The basis for defining the so-called environmental contours comes from
structural reliability theory, see Haver et al.[54]. In general terms, the idea is to use
random variables transformation to define a domain in the transformed space
attending a specific property, as it is described in what follows.

Initially, the random variables Hs and Tz are transformed through Rosenblatt
transformation to two statistically independe nt standard Gaussian variables U; and U,.

This transformation reads

D(uy) = FHs(h)
(4-6)
®(uy) = Fr,u, (t|h)

where ®(.) stands for the cumulative probability function of a standa rd Gaussian
random variable, Fy.(h) and Fr,a. (t|h)Fr,a (t|R) are the corresponding cumulative
probability functions a ssocited to fz.(h) and fr,u. (t|R) fr,1ac(h t), respedively .

A very important property of the bi -dimensional standard space is shown in Figure
402. The volume p defined by a vertical plane that is tangent to a f-radius circle on the

(U;-U,) is analyti cally given by p = ®(—f).

B

I.U2

Figure 482 Bi-dimensional standard Gaussian space.
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By defining p as the probability of an event with a given return period of N,,. years,

the corresponding circle is defined as N, an environmental contour. More specifically,

1
Ngs Ny, (4-7)

p

where Ngs is the total number of short-term conditions in one year (2920 for shortterm
periods of 3-h, etc.) By using thecoordinates u; and u, assocated with the points on
the circle and the Rosenblatt transformation (Eq. (4-6)), it is possible to define the N,
environmental contour in t he physical Hs-Tz space. This is shematically shown in

Figure 483.

N-yr enviromental contour
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Figure 433 Ny, environmental contour representation.
As in the previous section, an Ny, environmental contour can be established

for each time window and GHG emission scenario for which wave climate data has

been generated.
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4.3 Sea spectrum

The wave elevation spectral density, or simply sea spectrum, is the main input for
either time -domain or frequency -domain stochastic analysis of marine structures. For the
development of the present work, the sea spectrum was modeled by the JONSWAP
spectrum [55]. For a given stationary short-term condition with Hs = hsand Tz = tsthe

JONSWAP spectrum is formulated as [51]

Syia,r, (@, hs, tz)

—4 x| (-2 2p(t2) Y’
- A b (wp(fz))4‘”_5"xp(_g(ﬁ) )(mzn (et ) @s

where wis the angular frequency (rad/s) , m(tz) is the angular spectral peak frequency

given by

21
tp(tz) (4.9)

wy(tz) =

where tp(tz) is the spectral peak period and may be approximated by solving the

following equation

-2
11+ y(t
tp(tz) =tz (ﬁ)
5 +y(t2) (4.10
with y(tz) being the non-dimensional peak shape parameter, approximated by :
—0.491
y(tz) = 6.4(tp(tz))
(4.11)
which is used to define the normalizing parameter A(tz) as
A(tz) = 1.0 — 0.287In(y(t2))
(4.12
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Finally, the spectral width parameter os(tz) is defined as

0.07 if w < wy(tz)

os(tz) = {0,09 if w> wpy(tz)

(4.13)
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5 Long-term extreme response and fatigue
assessment of marine structures

Two limit states, at least, should always be verified in the design of marine
structures: the ultimate limit state and fatigue limit st ate. The first one is relatedto the
capacity of the structure to resist extreme loadings and the other is related to its
capacity of resisting the repeated load cycles generated by environmental acions.

There are various approaches to estimate the ekeme loadings and responses
for an offshore structure. In what follows only the long -term approach is employed. It
is observed that this methodology and the fatigue performance are both evaluated

basedon the Hs-Tz joint probability distributions  fx, 7, (h.t) described before.

5.1 Long-term extreme response

For design purposes, usually, the standard rules use the 100-year extreme
responsefor design check verifications [47]. The full long -term approach is considered
the most accurate and consistent method to estimate the extreme responsg56]. Long-
term extreme response estimation is based on the contribution of all short -term
responses.

Taking only wave param eters into account, the short-term response can be
characterized by the short-term cumulative distribution of the peaks of response
parameter investigated for a given sea state condition defined by Hs =h and Tz = t,
which is defined as Fgiysrz(r|h t). In the short-term domain simulations, this
distribution is the result of fit ting a probability model to the maxima peaks identified
in the response time-series, as illustrated in Figure 591. One of the probability models

most used for this purpose is the three-parameter Weibull probability model given by:
(h.t)
r—u(h,t) o
Friusrz(r|h,t) =1 —exp (— (W) ) (5-1)

where a( h, t ) ,andau(hl),ate)scale, shape and location parameters of the

distribution obtained using the maxima peaks sample of the response time-series.
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In the case of frequency domain-based shortterm analysis, this distribution is
defined analytically (the Rayleigh distribution is appropriate for narrow banded

Gaussian responseq43]).

Peaks (or maximum)

Extreme

Process

Figure 581 Short-term response time-series andthe corresponding peaks.

The long-term response peaks cumulative distribution is the result of the

convolution overall short -term conditions which is given by [56]
(5-2)

too rt@y(h,t)
FR (f") = j j T FR|H5‘,TZ (?"“l, f) fHSrTZ (h, f)dhdt
0 0

where v(h, t) is the short-term maxima peak frequency and 7 is the long-term mean of

peak frequency given by
+00 ~+oo
= j j v(h,t) fu, 1, (h t)dhdt s
0 0

The long-term extreme peak responsedistribution F}%E(r) is given by [56]:

F, (r) = [F ()] (5.
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where N, is the total number of the response peaks expectedto occur in the long-term

period of interest and is defined as
N; =vTsNs (5-5)

where Ns is the number of short-term environmental conditions in the long-period of

interest and Tsis the time length of the short-term period.

In practical design situations, usually, the interest is in the most probable value

1. of the long-term extreme response parameterR rather than on the extreme long-term

distributio n itself. This value is obtained by numerically solving the following

equation:

Fr(ry)) =1—— (5-6)

Numerical optimized integration techniques, such as the KRLTA approach [57],
can be used to speedup the calculation of long -term integrals.

It is observed that the methodology described above is applied for just one Hs-
Tz joint probability distribution. Considering the focus of this work, this methodology
is applied for just one pair of RCPs (greenhouse gas emission scenarig) and future
time frames. In case of considering N possible RCPs with their corresponding

probability of occurrence p;, the most probable extreme response parameterr. must be

evaluated using the following long -term distr ibution:
N
Far) = ) piFh() (57)
i=1

where Fi(r) is long-term response distribution for the it RCP andobserving that the

following condition must be satisfied:
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pi =1 (5-8)

-

5.1.1 Environ mental Contour Approach

As described in [47, 53-54, 58], the Environmental Contour Method (ECM) is a
practical design procedure to estimate the long-term response of offshore structures. This
approach is used for obtaining the most probable N-yr response employing some short-
term extreme analyses instead of performing the complete integration over the Hs -Tz
space, which requires a considerable number of numerical simulations. The ECM
estimates the long-term response via the maximum short-term extreme response of the
structure from a limited number of sea states (Hs-Tz pairs) located along the N-yr
contour line [47, 5354, 5§. The practical appeal of this approach is its lower
computational cost when compared to the full long -term approach.

As mentioned before, the three-parameter Weibull model is used to represent the

response peakdistribution R, .1l ht) for each short-term analyzed condition. In this

case, the shortterm response to extreme distribution can be represented by a Gumbel

distri bution [59]:

Rle (rlht) = exp( exp (—aG (h, t)(r —ug(h, t)))) (5-9)

where ag (h t) and ug (h t) are the Gumbel distribution parameters obtained from the

Weibull distribution parameters (see Eq. 510) and Eqg. (511)) and the expected
number of response peaks within the duration of the sea state by the following

equations:

ug(h,t) = a(h, t)(fn(v(h,t)ﬂ-))ﬁi;’f) +u(h,t) (5-10)

B(hD) -1
uG(h,t)— )(i n(v(h,t)Ty)) FRO (5-11)
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The characteristic short-term extreme value is usually taken as the most probable

value of F;f}{sﬂ(?‘|haf), which in this case corresponds to ug (h.t), or the value of R

associatedwith a given probability p of non-exceedance. This topic is out of scope in
this work , and the reader is referred to Haver and Winterstein [54], for further details.

In this work, the most probable value ug (h, t) is taken as the characteristic short-term

extreme value of the response.

5.2 Long-term f atigue damage assessment

Offshore structures are subject to stochastic dynamic loads which in turn
induce irregular stress cyclesin their components. These stresses are theprimary
source for generating fatigue damage in marine structures. Physically, fatigue is
expressed in terms of crack generation and propagation. Depending on the situation,
the crack growth can reach undesirable levels leading, for instance, to structural
failures. There are two principal methodologies to assessfatigue in structures, crack
propagation models based on Fracture Mechanics [47] and the Miner-Palmgren rule
based onthe SN curves [47]. The latter is usually the procedure employed at the

design stage and will be used in the present work.

SN fatigue approach assumes linear cumulative fatigue damage which is
estimated considering stress ranges of stress cgles and the material fatigue capacity

given by an SN curve. An S-N curve expresssthe number of stresscycles tolead the

structural component to failure Nt for a given constant stress range S. A bilinear SN

curve (two -slope curve in a log-log scale) is represented by:

1

G- (5-11)

[ee]]

N, (S)=} '_ _ K,
(S %aZS'”‘Zif S¢S, §W-ge—

_faSmif S, a |
3,

where m; and m, are the inverse slopes of the bilinear S-N curve, & and & are

characteristic fatigue strength constants, Sw is the stress at the interception of the two
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SN curve segments. All these coefficients are established by experimental tests. The S
N curve also may be expressed bya single slope curve. Figure 582 illustrates one slope

and bilinear SN curves.

Log(S)

Log(S

Nsw Log(N,) Log(N:)
a. b.

Figure 582 Definition of a n SN curve: bilinear (left) and one -slope (right).

The Miner-Palmgren rule assumes that each stress cycle induces fatigue
damage and the total fatigue damage can be estimated as the linear sum of all
individual damages, i.e., for instance, considering a histogram of stress cycles the total

induced fatigue damage is expressed as[47]:

. ()
AN(E)

(512

where n(S) is the number of stress cycles with range S and N(_S) is the

corresponding number of cycles to fatigue failure expressed by the SN equation.

Miner -Palmgren rule assumes that fatigue failure occurs when the damage
reaches unity [47]. Considering that the loading regime synth esized in the histogram
represents a period T and this is also the period that the load regime repeats itself, the

fatigue life is given by

FL:

a3

(513

39



Usually, in practical terms, T is taken as one year to obtain an easy
interpretation of these results. The fatigue life F_ divided by a prop er safety factor shall
be larger than the expected operational life of the structure.

Considering the random nature of the induced stresses in marine structures, the
fatigue damage assessment is also madebased on the stress behavior within each
short-term condition. Long-term fatigue damage is the damage accumulated across
every short-term condition of the long -term period. The fatigue assessment must be
made using irregular stress time-histories related to a short-term sea statedefined by
Hs = hand Tz = t. A numerical stress cycle counting algorithm, such as the Rainflow
technique [60], is employed to identify the stress cycles in the irregular time -history.
Once all stress cycles have been identified, theMiner-Palmgren rule can be used to
obtain short-term fatigue d(h,t). For the case where frequencydomain stochastic
analysis is performed, there are analytical methods, such as Dirlik [61], Jiaq and Moan
[62], among others, to estimate the shortterm fatigue damage. The annual fatigue

damage D,,- may be expressed ad60]:

Dyyy = quer L d(h,t) fy r,(h t)dhdt (5-13)

where N,,.ly" is the number of short-term conditions in one year. This equation can be
solved also by optimized numerical integration methods or using the transformation of
random variables methodology [63].

Similar to the case of extreme response evaluation, the fatigue damage
assessment depicted above is valid for a given HsTz joint probability distribution
representing one RCP anda one-time frame. In case of considering N possible RCPs,

the expected annual fatigue damage isgiven by:

N
Dlyr = Z Dliyr Pi (5-13
i=1

where D{yr is the annual fatigue damage for the it RCP acting isolatedly along one

year.
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5.3 Some comments on long-term analyses

considering climate change

In summary, the methodology to assessthe effect of climate change am the long-
term extreme response and fatigue assessment of a marine structure can be represented
by the flow -chart shown in Figure 533. The steps presented in this figure are:

1. Define project characteristics: Main characteristics of the project should be
identified as scope, life-span, the geographical location of the structure, among
others. It is clear that the climate change effectis time and spatial dependent,
thus these characteristics should be defined adequately;

2. Select possible climate change scenarios: there are many possibilities fofuture
human development and climate evolution; the selection of the most
appropriat e future scenarios should be careful;

3. Simulate the climate system: a climate model must be chosen to simulate the
possible climate change scenarios defined before. There are several available
models and a clear procedure to selet¢ the most appropriate one. If is not
available perhaps, more than one model should be used;

4. Simulation of the wav e model: wind -wave models use wind-wave field result
of climate system after the downscaling to generate each short-term wave
conditions of the climate scenarios defined before;

5. Structural analysis and long-term responses associated with each model and
scenarios (could also include different time frames) are calculated and
analyzed.

In practice, the offshore structure designer will define steps one, two and five
since dimate modeling t ypically is performed by metocean specialists. Thus, in the
next chapter, it will be presented a practical study case where only those three

points aforementioned will be addressed.
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Figure 583. Methodology to estimate the long -term response of offshore structures
including climate change effecs.
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6 Practical casestudies

In the previous chapters, the background and procedures for estimating the
effect of climate change on extreme response and fatigue performance of marine
structures were described. In this chapter, such procedures will be employed for two
case studies. The first one is a simplified linear single-degree-of-freedom (SDOF)
system trying to mimic the tension response in a cable. This case has analytical
frequency-domain solutions for short-term peak distribution and the accumulated
fatigue damage and is usedto describe (or illustrate) the whole calculation procedure .
The other case study congders a SteelLazy Wave Riser (3. WR) connected to an FPSO
(Floating, Production, Storage, and Offloading) platform.

All analyses are performed for two global climate models, two greenhouse gas
emission scenarios and two geographical locations. Two futur e time windows are also
considered for each combination of the climate model, emission scenario, and location:
the first covers the period from 2026 to 2045 and the secondovers the period from
2080 to 2100. Besides these two future scenariosa past historical period of
environme ntal data is also consideredcovering the period from 1979 to 2005Instead of
running cl imate models, all environmental wave d ata (Hs-Tz) used in the simulation s

were taken from an available online database and describedin Hemer et al.[13].

6.1 Environmental data

As commented in the last section, most of the time the engineer will receive the
projected environmental data of the selected climate scenarios. Beforg¢he full use of those
data, a series of steps must be followed to obtain the information to be used in the
structural analyses. Conceming the present work, these stepsare summarized asfollows :

i Download Hs-Tz data from THREDDS Data Server (TDS) the data
included long -term temporal series of simultan eous Hs-Tz (6-h short-term
period) data for the different historical and future scenario s;

i Filter Hs-Tz data: remove uncompleted and erroneous data from temporal
series;

i Estimation of the statistical properties of Hs and Tz: mean, standard

deviation, skewn ess kurtosis, and percentiles;
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i Fitting of the Hs marginal distribution: for each climate scenario defines
which probability model , among Normal, Weibull, Lognormal, and
LonoWe distributions , that best fits the data;

I The fit of Tz distribution conditioned on Hs: in this work, the lognormal
conditional model distribution recommended by DNV -GL [51] was
selected as conditional distribution for the climate scenarios and the
parameters of distribution were estimated using the nonlinear least-
squares method;

9 Verification of the distributions models: 2D-histogram plots should be
generated to verify the good -fitting of the distribution models ;

1 Contour plots: use both marginal and conditional dist ributions to estimate
100-yr environment contours plots. The contours are used to estimate the

long-term response: fatigue and extreme.

The geographical coordinates of the two locations selected for the present study
are:

1. (24.54°N, 42.48 W) in the southeastern Brazilian coas; and
2. (59.54° N, 11.54° W) in the North Atlantic Ocean.

Wave parameters data (Hs and Tz) are taken from the THREDDS Data Server
(TDS), made available by Hemer et al.[13]. They were generated using the wave model
Wave Watch Il with inputs taken from the following Global Climate Models (GCMs):

1. HadGEM2-ES:Hadley Centre Global Environmental Model version 2 Earth
System and

2. MRI-CGCM3: Meteorological Research Institute Coupled Global Climate
Model Version 3.

HadGEM2-ES [64] is a secondgeneration family that includes a coupled
atmosphere-ocean configuration, with or without a vertical extension in the atmosphere
to include a well -resolved stratosphere and an earth-system configuration that includes
dynamic vegetation, ocean biology, and atmospheric chemistry. The standard
atmospheric component has an extension of ~40km height with 38 levels, the horizontal
resolution of the model is 1.25 degreesof latitude by 1.875 degrees of longitude. This is
equivalent to a surface resolution of about 208 km x 139 km atthe Equator. The oceanic
component utilize s a latitude-longitude grid with a longitudinal resolution of 1 x1 degrees

between the poles and 30 dgrees.
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MRI-CGCM3 is a coupled atmosphere-ocean global climate model developed at the
Meteorological Research Institute (MRI). The model is composed of atmogphere-land,
aerosol, and oceanice model and can reproduce the overall mean climate, includin g
seasonal variation in various aspectsin the atmosphere and the oceansincluding EI Nifio
and Southern Oscillation and the Arctic and Antarctic oscillation s. The atmospheric grid
has a resolution of 1.10 degrees of latitude by 1.10 degrees of longitude. The oceanic
component utilize s a latitude-longitude grid with a longitudinal resolution of  0.50x 1.00
degree [65].

Both models, HadGEM2-ES and MRICGCM3, are designed to run the major
emissions scenariosdescribed in the IPCC fifth assessment report (AR5) and are used in
Phase 5 of the Coupled Model Intercomparison. The greenhouse emission scenarios
considered for the present study are RCPs4.5 and 8.5[2], and the time windows are a
past historical (19792005) and two 2Gyr-long future windows (2026 -2045 and (2081
2100). Considering all GCMs, greenhouse emission scenarios and time window s
investigated, 10 wave parameters datasets are selectedfor each location to define the
corresponding joint Hs -Tz probability density functions. Table 6-1 gives some of the
GCMS details regarding the spatial resolution and the wind -wave model used to
generate the wave climate data. For each GCM, conbinations of time windows and
greenhouse gas emissions result in five datasets: Historical scenario associated wh the
period 1979-2005, MID RCP 4.5 and MID RCP 8.5 assnated with the period 2026-2045
and END RCP 4.5 and END RCP 8.5 associated with theperiod 2081-2100. The terns
MID and END are referring to the middle and end periods of the 21 st century and the

numbers 4.5 and 8.5, to the greenhouse gas emissionsf 4.5 ard 8.5 W/m2, respectively.

Table 6-1. Description of the global models used for generating the wave datasets.

- Model Resolution .
Model origin identification Long x Lat Wind -wave Model

Hadley Centre Global Environmental

Model 2, Earth System HadGEM2-ES 1.88 x 1.25 WAVEWATCH Il

Meteorological Research Institute
Coupled Atmosphere-Ocean General MRI-CGCM3 1.10x 1.10 WAVEWATCH llI
Circulation, Model, version 3

Wave parameters used are the significant wave height Hs of the total sea and the
zero up-crossing wave period Tz. The temporal resolution available, i.e., sea state

duration Ts, is 6 hours [13]. Around 38,000 HsTz pairs are included in the historical
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dataset and around 28,000 pairs ineach one ofthe two future time window datasets . A
statistical summary of the d atasetsis presented in Table 6-2 to 6-5. Resuts indicate that,
for the same greenhouse gas emission senario but distinct GCM, estimated statistical
parameters present significant differences. In general, the dataset generated by the MRF
CGCM3 model presents a higher mean, standard deviation, positive skewness, and

kurtosis for Hs, resulting in higher extrem e values for both locations.

Table 6-2. Hs statistics for the Brazilian coast location

- L . MID END
Statistic Historical period
RCP4.5| RCP8.5|RCP4.5| RCP8.5
Number of data points 37,726 27,569 | 27,%9 | 27,569 | 27,569
» | Mean (m) 3.17 3.18 3.17 3.13 3.12
i Standard deviation (m) 1.22 1.25 1.24 1.25 1.31
E Skewness 1.34 1.32 1.36 1.35 1.36
S | Kurtosis 5.94 553 | 626 | 6.09 | 5.98
T [ 95% quantile (m) 5.49 5.63 5.50 5.50 5.63
99% quantile (m) 7.19 7.22 7.21 7.11 7.27
Number of data points 38,300 27,988 | 27,987 | 27,984 | 27,984
o” Mean (m) 3.56 3.62 3.56 3.59 3.59
% Standard deviation (m) 1.52 1.54 1.49 1.54 1.54
8 | Skewness 1.50 161 | 146 | 159 | 1.58
Q—I: Kurtosis 6.47 7.63 6.12 6.98 6.90
= | 95% quantile (m) 6.56 6.64 6.50 6.62 6.57
99% quantile (m) 8.60 8.78 8.53 8.81 8.84
Table 6-3 Hs statistics for the North Atlantic location .
- L . MID END
Statistic Historical per iod
RCP4.5| RCP8.5| RCP4.5| RCP8.5
Number of data points 37,726 27,569 | 27,569 | 27,569 | 27,569
»n | Mean (m) 2.93 2.89 2.86 2.1 2.66
I('I\I'J Standard deviation (m) 1.81 1.87 1.79 1.77 1.71
= | Skewness 1.49 154 | 143 | 159 | 158
%) Kurtosis 6.19 6.20 5.65 6.47 6.53
5:5 95% quantile (m) 6.50 6.59 6.41 6.31 6.06
99% quantile (m) 8.99 9.31 8.76 8.77 8.54
Number of data points 38,300 27,988 | 27,988 | 27,984 | 27,84
o™ Mean (m) 3.81 3.72 3.8 3.70 3.58
% Standard deviation (m) 2.68 2.53 2.6 2.46 2.34
8 | Skewness 1.72 177 | 167 | 165 | 163
= | Kurtosis 7.06 768 | 678 | 7.08 | 6.92
= | 959% quantile (m) 9.16 8.69 8.94 8.51 8.21
99% quantile (m) 13.23 12.60 12.93 12.05 11.52
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Table 6-4. Tz statistics for the Brazilian coast location

MID

END

Statistic Historical period RCPA4.5| RCP8.5| RCP4.5| RCPE.S
Number of data points 37,726 27,569 | 27,50 | 27,569 | 27,569
n | Mean (s) 8.98 9.00 8.99 9.03 9.04
I('I\I'J Standard deviation (s) 1.25 1.25 1.25 1.27 1.3
= | Skewness 052 0.44 | 046 | 037 | 043
% Kurtosis 3.47 328 | 343 | 326 | 3.%
I [95% quantile (s) 11.20 11.20 11.19 11.22 11.31
99% quantile (s) 12.44 12.32 1232 12.39 12.44
Number of data points 38,300 27,988 | 27,987 | 27,984 | 27,984
™ Mean (s) 9.39 9.50 9.52 9.47 9.55
% Standard deviation (S) 1.44 1.46 1.43 1.44 1.45
8 Skewness 0.52 0.55 0.53 0.59 0.52
D—I: Kurtosis 3.35 3.59 3.45 3.49 3.54
=959 quantile (s) 11.98 1212 | 12.04 | 1200 | 12.11
99% quantile (s) 13.25 13.57 13.44 13.45 13.49
Table 6-5. Tz statistics for the North Atlantic location .
. . . . MID END
Statistic Historical period
RCP4.5| RCP8.5| RCP4.5| RCP8.5
Number of data points 37,726 27,569 | 27,569 | 27,569 | 27,569
o | Mean (s) 8.4 8.34 8.33 8.29 8.16
:J\I'J Standard deviation (s) 1.96 2.02 1.96 2 1.96
E Skewness 0.58 0.64 0.66 0.68 0.78
% Kurtosis 3.11 3.14 3.34 3.21 3.47
T [95% quantile (s) 11.96 12.00 | 11.88 | 11.99 | 11.81
99% quantile (s) 13.60 13.79 13.77 13.75 13.74
Number of data points 38,300 27,988 | 27,988 | 27,984 | 27,984
o™ Mean (s) 9.15 9.15 9.12 9.17 9.15
3 | Standard deviation (s) 2.34 2.27 2.26 2.22 2.18
S | Skewness 0.71 073 | 069 | 07 0.65
D—I: Kurtosis 3.27 3.34 3.26 3.36 3.23
=950 quantile (s) 13.53 13.36 13.28 13.27 13.14
99% quantile (s) 15.71 15.59 15.46 15.40 15.07
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6.1.1 Hs-Tz joint probability distr ibutions

For each HsTz dataset (for each climate scenarig, the corresponding joint
probability distribution is fitted to the data. The joint model is the one described in
section 4.1 The marginal distribution of Hs and the conditional distribution of Tz given
Hs are obtained using MATLAB softw are [66].

The parameters of the LonoWe dstributions fitted to Hs data contained in each
dataset are shown in Table 6-6 and 6-7 for Brazilian coast and Atlantic North loc ations,
respectively. The distributions are fitted using the method of moment (MoM). Figure 681
and Figure 602 show the Hs cumulative probability functions for the Brazilian datasets
obtained with th e HadGEM2-ES model and the ones obtained with the MRI-CGCM3
model. Figure 633 and 6-4 are the correspondent ones for the North Atlantic location.
Results for the Brazilian coast location show no relevant changes in the Hs probability
curves for different greenhouse gas emission scenarios modeled with the same GCM.
Estimated distributions for the North Atlantic d atasets show some variability between
different greenhouse gas emission scenarios cosidering the same GCM, although a

significant variability is related to the GCMs.

Table 6-6. Estimated parameters for Hs distribution s - Brazilian coast datasets.

Hs Distribution Parameters
DATA Lognorm al 3P Weibull
e | X u a a
% HIST 3.953 1.085 0.371 1.597 1.706 1.303
« |MID 4.5 3.857 1.085 0.379 1.548 1.773 1.319
E MID 8.5 3.963 1.082 0.377 1.583 1.712 1.290
-(-(52 END 4.5 3.859 1.067 0.384 1.527 1.733 1.295
T |END 8.5 3.751 1.057 0.402 1.448 1.805 1.289
o |HIST 4.624 1.187 0.408 1.731 1.949 1.212
% MID 4.5 4.975 1.205 0.408 1.846 1.873 1.158
8 MID 8.5 4.585 1.191 0.400 1.745 1.947 1.232
z |END 4.5 4.884 1.194 0.410 1.806 1.881 1.165
2 |END 8.5 4.855 1.193 0.412 1.790 1.897 1.168
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Table 6-7. Estimated parameters for Hs distribution s - North Atlantic dat asets.

Hs Distribution Parameters
DATA Lognormal 3P Weibull
e | X u a a
ﬂ HIST 7.487 0.915 0.569 0.740 2.340 1.215
«~ | MID 4.5 7.617 0.885 0.592 0.666 2.359 1.193
E MID 8.5 7.150 0.884 0.575 0.634 2.386 1.250
% END 45| 7.426 0.846 0.587 0.706 2.174 1.166
T|ENDS85| 7.142 0.807 0.589 0.667 2.108 1.1
o | HIST 9.375 1.138 0.633 0.000 4.205 1.447
E MID 4.5 8.856 1.124 0.617 0.000 4.122 1.495
8 MID 8.5 9.072 1.145 0.618 0.000 4.211 1.492
n_I: END 4.5| 8.581 1.127 0.604 0.000 4.116 1.537
=|END8.5| 8.151 1.097 0.596 0.000 3.982 1.565
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Figure 681. Hs cumulative probability distribution functions for HadGEM2
datasets. Brazilian coast location.
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Figure 682. Hs cumulative probability distribution functio ns for MRI-CGCM3 datasets.
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Figure 664. Hs cumulative probability distribution functions for MRl -CGCM3 datasets.
North Atlantic location.

The lognormal probability density function of Tz conditioned on values of Hs
fr,1us (t|h) defined in section 4.1is fitted to Tz data. The parameters a, b, c, d, e, and fof
the model computed for the distinct datasets are shown in Table 6-8 to 6-9. They are
estimated using the nonlinear least-squares method. Figure 685 through 6-8 show the
data sample and fitted regression model of conditional mean and standard deviation for
the historical data. For each data set, the simultaneous HsTz data was classified by Hs
intervals, for each interval was estimated log-mean and log-standard deviation of Tz
data, with th ese data, have fitted the parameters of Eq. 45 as ilustrated in Figure 635
through 6-8 and shown in Table 6-8 to 6-9.
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Figure 685. Tz conditional parameters for the historical period: log -mean (left) and log-
standard deviation (right). HadGEM2 -ES model for the Brazilian coast location.
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Figure 606. Tz conditional paramet ers for the historical period: log -mean (left) and log-
standard deviation (right). HadGE M2-ES model for the North Atlantic location.
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Figure 6067. Tz conditional parameters for the historical period: log-mean (left) and log-
standard deviation (right). MRl -CGCM3 model for the Brazilian c oast location.
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Figure 608. Tz conditional parameters for the historical period: log -mean (left) and log-
standard deviation (right). MRl -CGCM3 model for the North Atlantic location.
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Table 6-8. Estimated parameters for the conditional lognormal distribution for Tz given
Hs - Brazilian datasets.

Tz Conditional Distr ibution Parameters
DATA I (Hs) X(Hs)
a b c d e f
ﬂ HIST 1.875 0.145 0.680 -0.001 0.169 -0.119
«~ | MID 4.5 1.967 0.078 0.912 0.002 0.183 -0.144
E MID 8.5 1.841 0.167 0.642 0.008 0.157 -0.130
% END 4.5 1.998 0.062 1.001 -0.036 0.193 -0.079
CIU END 8.5 1.967 0.086 0.857 0.019 0.152 -0.149
o | HIST 1.879 0.164 0.617 -0.057 0.210 -0.047
3|/MD45 | 1.8908 | 0.163 | 0.607 | -0.041 | 0.196 | -0.053
8 MID 8.5 2.002 0.093 0.775 -0.020 0.175 -0.059
0—': END 4.5 1.689 0.311 0.448 -0.103 0.254 -0.034
= |END 8.5 1.956 0.122 0.700 0.031 0.149 -0.132

Table 6-9. Estimated parameters for the conditional lognormal distributi on for Tz given
Hs d North Atlantic datasets.

Tz Conditional Distribution Parameters
DATA I (Hs) X(Hs)
a b c d e f

ﬂ HIST -0.106 1.923 0.146 0.010 0.168 -0.099
«~ |MID 4.5 0.570 1.272 0.200 0.017 0.179 -0.119
E MID 8.5 0.185 1.628 0.171 0.004 0.171 -0.084
i—% END 4.5 | -5.504 7.299 0.045 -0.004 0.178 -0.073
T |END 85 0.479 1.334 0.206 0.008 0.163 -0.082
o | HIST 0.392 1.441 0.185 0.057 0.117 -0.123
% MID 4.5 -4.380 6.160 0.054 0.055 0121 -0.109
8 MID 8.5 -1.258 3.056 0.099 -0.061 0.231 -0.047
Q—': END 4.5 1.313 0.593 0.336 0.028 0.140 -0.088
= |END 8.5 1.119 0.787 0.273 0.019 0.146 -0.077

Figure 689 through 6-12 show a comparison of the fitted joint probability model
and empirical data curves for the historical datasets. Similar suitable fittings are found for

all cases.
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Figure 689. Joint probability model and empirical data for the historic perio d.
HadGEMZ2-ES model for the Brazilian coast location.
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Figure 6010. Joint probability model and empirical data for the historic period.
HadGEM2-ES model for the North Atlantic location.
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Figure 6011. Joint probability model and empi rical data for the historic period. MRI -
CGCM3 model for the Brazilian coast location.
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Figure 6812. Joint probability model and emp irical data for the historic period. MRI -
CGCM3 model for the North Atlantic location.
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6.1.2 100-yr environmental contour

The set of joint probability distributions are use d to estimate Hs-Tz environmental
contours for the 100yr return period. Figure 6013 through 6-16 show these
environmental contours for both locations. Historical data points (30 -yr) are also plotted
in these figures. As expected, most of the points are contained within the 100yr historical
contour. Additionally, the figures show that the MRI-CGCM3 model has the broadest
contours, i.e., for the same scenario, the most external HsTz pair presents higher values
than the corresponding one obtained with HadGEMZ2-ES Additionally, differences
between scenarioswith the sameGCM are less significant.

According to the contour plots, future greenhouse gas emission scenario RCP 8.5
would be expected to cause more considerable clanges in environmental contours than
RCP 4.5 for the Brazilian location, the largest Hs values are found for END RCP 8.5
scenario for both GCMs. Results for the North Atlantic are different. The 100yr Hs
extreme value decreases slightly for the future scerarios for both GCMs. For this location,
the largest values estimated by the MRI-CGCM3 model are more significant than those
estimated by the HadGEM2-ES model. Hs extreme values seen to be higher than
expected, especially those obtained with the MRI-CGCM3 model. Unrealistic extreme
values for 20-yr Hs for some locations in the North Atlantic Ocean and the North Sea
were also identified by Bitner -Gregersenet al. [27] and Gramstad et al.[26] using the MRI -
CGCM3 model. As previously quoted, changes in climate wave parameters hence

depend on the location, the global climate model, and the greenhouse gas emission

scenario.
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Figure 6813. 100-yr environmental contours for the Brazilian location. Datasets from
HadGEM2-ES nmodel. Gas emissions scenarios: RCP4.5 (left) and RCP8(Eght).
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Figure 6814. 100-yr environmental contours for t he Brazilian location. Datasets from
MRI-CGCM3 model. Gas emissions scenarios: RCR.5 (left) and RCP8.5 (right).

Figure 6815. 100-yr environmental contours for the North Atlantic. Datasets from
Had GEM2-ES model. Gas emissions scenarios: RCP4.5 (left) and RCP8.5 (right).

Figure 6816. 100-yr environmental ¢ ontours for the North Atlantic. Datasets from MRI -
CGCM3 model. Gas emissions scenarios: RCR.5 (left) and RCP8.5 (right).
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