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Summary

This report forms part of the research study into 10,000 year return period extreme environmental loading.
The overall aim of the study is to develop guidance on the management of the risks to the structural
integrity of fixed offshore structures exposed to extreme environmental loading. This comprises two
complementary objectives:
O1: Review of current prediction methods for, and the provision of recommendations on, the effect of
extreme environmental loads on the structural integrity of fixed offshore installations.
O2: Development of a risk-based framework for assessing the structural integrity of fixed offshore installations.
This report concerns objective O1/D3:
A report based on a review of relevant research activities on the assessment of metocean data for fixed
offshore structures and identification of the trends and advances made.
The deliverable is sub-divided into two parts. The first concerns the long-term distribution of metocean
parameters characterising sea states. The second concerns the short-term distribution of crest heights,
wave heights and wave periods. In both parts the results of recent metocean research are highlighted and
put in the context of both the current code requirements (deliverable O1/D1) and the procurement and
analysis of metocean data (deliverable O1/D2). This document addresses the first part and is hereafter
referred to as deliverable O1/D3 (Part A).
OCG-50-04-08 (2018) reviewed present practice for the procurement and analysis of metocean data. The
report identified the limitations in many traditional approaches. In this report a series of recommendations
are made that addresses these issues. These are presented in section 5 along with areas where future
research is required. The key recommendations from O1/D3 Parts A and B are as follows:
1. The NS1200 data set provides an order of magnitude more data than is available in a traditional
hindcast which reduces the uncertainty in the extrapolation out to very high return periods.
2. The long-term metocean model should be similar to that presented in Ross et al. (2017): it should be
based on a peak-over-threshold analysis using the Generalised Pareto distribution for the extremes;
covariates such as direction and season should be included; joint distributions should be defined
using Heffernan and Tawn (2004); and it should include the uncertainty in the choice of threshold.
3. The short-term distribution of crest elevation should include effects beyond second-order and wave
breaking: in intermediate to deep water the LOADS JIP model is appropriate; whereas in shallow
water the model developed in LOWISH Phase 3 should be applied.
4. The short-term distribution of wave height should include the effect of bandwidth and where relevant
wave breaking: in intermediate to deep water Boccotti (1983) is appropriate; whereas in shallow
water the model developed in LOWISH Phase 3 should be applied.
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Item
Modelled

Method
NEXTRA or NORA10 hindcasts

Measured

Calibration or validation of modelled data

Long-Term
Metocean

Distribution
Declustering
Covariates
Estimator
Threshold

Short-Term
Metocean

Method
Crest elevations
Wave heights

Associated Criteria

Joint distributions
Spectral wave period
Individual wave period
Current speed
Still water elevation

Weibull
Peak over threshold
Typically none
Various, but often least squares
Various approaches considered

Independent extrapolations of most probable maximum values
Second-order (Forristall, 2000)
Empirical (Forristall, 1978)
Various non-extremal models and regressions
Often based on a sea-state steepness or modelled as a lognormal distribution conditional on significant wave height
Typically a fraction of the spectral wave period
Often independent values, but sometimes Tromans and Vanderschuren (1995)
A wide range of methods used that often do not explicitly
include the joint dependence between the various processes

Recommendations
Evaluate NORAEI and ERA5
Consider NS1200 where possible
Consider systematic biases in measurements.
Generalised Pareto
Peak over threshold
Direction and/or season
Bayesian inference
Standard diagnostics should be applied
Uncertainty should be included through
Bayesian model averaging
Single long-term metocean model
LOADS or ShortCrest in deep water,
LOWISH in shallow water
Boccotti (1983) in deep water, LOWISH
in shallow water
Joint extremal model of Heffernan and
Tawn (2004)
Define using Heffernan and Tawn (2004)

Metocean Analysis

Heading
Data

Response based analysis
Response based analysis
Full joint model including the temporal
variation through a storm

Table 1: A summary of typical metocean practice and the recommendations.
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Introduction

This report forms part of the research study into 10,000 year return period extreme environmental loading.
The overall aim of the study is to develop guidance on the management of the risks to the structural
integrity of fixed offshore structures exposed to extreme environmental loading. This comprises two
complementary objectives:
O1: Review of current prediction methods for, and the provision of recommendations on, the effect of
extreme environmental loads on the structural integrity of fixed offshore installations.
O2: Development of a risk-based framework for assessing the structural integrity of fixed offshore installations.
This report concerns objective O1/D3:
A report based on a review of relevant research activities on the assessment of metocean data for fixed
offshore structures and identification of the trends and advances made.
The deliverable is sub-divided into two parts. The first concerns the long-term distribution of metocean
parameters characterising sea states. The second concerns the short-term distribution of crest heights,
wave heights and wave periods. In both parts the results of recent metocean research are highlighted and
put in the context of both the current code requirements (deliverable O1/D1) and the procurement and
analysis of metocean data (deliverable O1/D2). This document addresses the first part and is hereafter
referred to as deliverable O1/D3 (Part A).
In this context long-term means the duration over which it can be assumed that the short-term metocean
environment is statistically stationary. It is often tens of minutes to several hours, but will depend upon the
metocean environment - in the North Sea it is typically about one hour, but sometimes less. It can often
be expressed in terms of average or integral parameters, for example: the average wind speed, a significant
wave height, a current speed, and other parameters such as the shape of the wave spectrum. In contrast,
the short-term metocean environment is everything that varies within a stationary set of conditions: for
example, wind gusts; individual waves; and fluctuations in current speed. The split between the two is
one of convenience. The split is practically very useful as it means that a metocean analysis can proceed
by defining a site specific model for the long-term environment, and incorporate the short-term variability
through generic models, equations and relationships which are applicable to a wide range of locations. Of
course, short-term models themselves are often specific to certain conditions or situations, for example
a key parameter for waves is the water depth. However, this only arises because it can be difficult to
develop a single model or equation that can reflect a wide range of potentially nonlinear physical processes.
The split between long- and short-term conditions can also be of practical benefit due to the numerical
modelling that is employed. This split has been followed in this report with Part A addressing long-term
conditions and Part B addressing short-term conditons.
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The report is organised as follows:
• Section 3 describes metocean research concerned with data: field measurements, hindcasts and
simulations.
• Section 4 describes metocean research concerned with the long-term distribution of the metocean
environment, in particular: independent extremes; joint extremes; and uncertainty.
• Section 5 provides preliminary recommendations as to best practice based upon the latest research.
These are discussed in the context of the key limitations identified in traditional methods outlined
in OCG-50-04-08 (2018).
The report can be navigated using the bookmarks listed in the left hand panel of the pdf, or using the
embedded hyperlinks, which include all section, figure and table numbers.

5 of 27

Metocean Analysis

3

OCG-50-04-08E

Data

Metocean data sets can be used to derive or validate the models for both the long- and short-term metocean
environment. They can be split into three broad categories: field measurements; numerical hindcasts; and
long-term numerical simulations. In this section recent advances in all three will be discussed. The review
will focus on advances that are of particular relevance to extreme wave loading.

3.1

Measurements

Offshore measurements are often considered to be the most accurate data set, as they represent realistic conditions in the field. They are typically used to validate or calibrate hindcast models. Therefore,
they are fundamental to the accurate modelling of the long-term metocean environment. However, they
are often of relatively short duration, discontinuous, inhomogenous and many of the instruments have a
bias. The range of commonly applied measurement technologies are described in OCG-50-04-08 (2018).
Inter-comparisons between the various instruments are discussed in this section with particular focus on
the measurement of significant wave height.
Allender et al. (1989) compared a range of wave sensors at the Edda platform in a water depth of 70m in
the central North Sea based on measurements collected during the winter of 1985-1986. The sensors that
were considered were as follows: Wavetrack; Wavec; Wadibuoy; Norwave; Wavescan; Marex; Waverider;
Wavestaff; EMI Laser; and a Miros Radar. They found differences of the order of 2 − 5% and occasionally
higher.
The Wave Crest Sensor Inter-comparison project (WACSIS) compared wave measurements collected in a
water depth of 18m in the southern North Sea during the winter 1997-1998. The following co-located
devices were compared: Marex Radar; Saab Radar; EMI Laser; Baylor wave staff; and a Vlissingen step
gauge. The comparisons are presented in Forristall et al. (2004). They found problems with many of the
sensors: high frequency noise in the Saab, the Marex and the Vlissingen; and spikes in many data sets
- in particular the Marex and the Saab. Furthermore, there was a bias of ±3% between simultaneous
measurements of integrated parameters such as significant wave height. There were also significant differences between the distribution of crest elevation in large sea-states (in this location Hs > 4m).
Magnusson (2011) describes measurements collected at Ekofisk using a Datawell Directional Wave Rider
(DWR), Optech Laser Array, and a Miros Range Finder. The paper investigates the differences between
measurements collected between 2007 and 2009. It shows that there is a 3 − 4% positive bias in the
Optech measurements relative to the DWR and a corresponding 5 − 6% negative bias in the Miros. Some
of the differences are attributed to platform shielding effects and spray.
One of the most widely used wave measurement devices - particularly in the North Sea - is the Saab Waveradar REX. Noreika et al. (1989) has compared simultaneous measurements collected using this device
to a DWR on the Northwest Shelf of Australia at Woodside’s North Rankin A platform. They report a
negative bias of approximately 3 − 6% in the radar measurements relative to those from the buoy which
increased to 6 − 8% in larger sea-states.

6 of 27

Metocean Analysis

OCG-50-04-08E

Ewans et al. (2014) analysed both the theoretical and actual performance of the Saab REX. The former
was achieved through numerical simulations of the ocean surface. The results suggested that the radar
should be in excellent agreement with the true observations around the spectral peak and whilst at very
high frequencies there will be a bias it is of little practical consequence. The actual performance was
assessed through inter-comparisons between simultaneous measurements from buoys and radars. They
found that the Saab REX to be biased high by 8% relative to a Wavec buoy and biased low by 5% relative
to a DWR.
Kvingedal (2017) compared measurements from a Saab REX and a Wavescan buoy in 190m in the northern North Sea. They found that the former was biased high by about 3 − 4% relative to the latter.
Other presently unpublished sensor inter-comparison studies based on data from Ekofisk, Malaysia, and
the Danish sector of the North Sea have indicated a bias of up to 8% between a range of instruments
relative to simultaneous DWR measurements.
Overall, it is clear that there are systematic differences in measurements of significant wave height that
can often result in an instrument bias of between 2 − 8%.

3.2

Hindcasts

At present two hindcasts are commonly applied to derive metocean criteria in the North Sea: NEXTRA
and NORA10. These are described in OCG-50-04-08 (2018), but a summary is as follows:
• NEXTRA applied NCEP reanalysis winds (after kinematic analysis) to Oceanweather’s UNIWAVE
wave model. It has data from 1964-2014 (non-continuous) on a 30km grid.
• NORA10 applied HIRLAM winds (downscaled from ERA40) to the WAM wave model. It has data
from 1957-2017 on a 10km grid.
There are two data sets that have been developed recently and will soon be available for application.
ERA5 (ECMWF, 2017) is a new global reanalysis that is gradually being released by ECMWF. At present
data from 2000-Present is available. Data will eventually be released from 1950-Present at hourly intervals. The data includes one high-resolution realisation on a 31km atmospheric gird with waves on a 40km
grid. It also includes a ten member reduced-resolution ensemble on a 62km atmospheric grid and a 110km
wave grid.
NORA10EI (Breivik, 2017) is an improvement on NORA10. It was developed in order to understand
whether there have been changes in NORA10’s performance since 2002. The question has been raised
as some operators have noticed that the significant wave height within some recent NORA10 storms can
be much higher than measurements. It has been suggested that this might be because the resolution of
the underlying NORA10 wind fields has gradually increased. This has occurred as the period from 19572002 used downscaled ERA40 winds which have a resolution of 125km, whereas since 2002 NORA10 has
applied a downscaling of the ECMWF operational analyses - which have a resolution that has increased
from 40km in 2002 to 9km in 2016. In contrast, the NORA10EI hindcast uses a consistent downscaling of
7 of 27
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ERA-Interim winds (79km) using the HIRLAM atmospheric model on a 10-11km grid in order to force the
WAM wave model. The results indicate a small decrease in significant wave heights from 2006 onwards,
that might have some effect on the estimation of extremes. The data will be made freely available in
2018.

3.3

Simulations

Metocean design criteria are typically derived by extrapolating relatively short (fifty year) data sets out to
very extreme (10,000 year return period) conditions. This is usually completed by using hindcast data that
has been compared to, or calibrated against, measurements. This approach has the advantage that the
underlying data can be compared directly to measurements and that the results reflect the historical period. One of the disadvantages is that there is considerable statistical uncertainty in the estimation of such
high return period extremes. For example, Gibson et al. (2009) estimates the P5-P95 confidence interval
in the ten thousand year return period crest elevation at a central North Sea location to be approximately
20-25m. Another disadvantage is that the extreme conditions are not modelled directly, and therefore,
any changes in the physical processes are only incorporated to the degree that the statistical model allows.
For example, there may be physical limits on the development of large storms, or alternatively, changes
to the storm tracks that mean that extremes are rather different to observed non-extreme events.
In tropical regions the synthetic storm approach is sometimes adopted (McConochie et al., 2010). This
involves constructing a statistical model for the storm parameters, for example: radius to maximum winds,
central pressures, translation speed and storm tracks. A Monte Carlo approach is then adopted whereby
a large set of storm wind fields that represent tens of thousands of years of events are sampled. These
are subsequently used to force wave and current models. This approach does not reduce the statistical
uncertainty1 as the underlying model for storm parameters must be estimated - and the extremes must
arise from an unusual combination of at least some of them. However, it does mean that large storms
will have been modelled directly.
A novel approach is to use wind fields from very long simulations of present climate to force a wave model.
The result is a very long simulation of waves and winds that has been simulated directly without recourse
to statistical modelling. This has been completed in the NS1200 JIP which is described in Jones et al.
(2018). The NS1200 data set comprises 1,200 years of waves, winds and currents. The underlying wind
fields are from the HiGEM climate model. They represent 1,200 years of free-running present climate; that
is, they are not a recreation of the historical period, but represent a realisation of a 1,200 year period with
the same solar forcing, volcanic emissions, and greenhouse gases. HiGEM has an atmospheric resolution
of 0.83◦ by 1.25◦ with a time step of six hours; it is described in Shaffrey et al. (2009). Of course, for this
data set to be applicable to wave modelling studies it must be able to represent the tracks and properties
of large extratropical storms. This has been demonstrated in Catto (2009), Catto et al. (2010) and within
the NS1200 JIP (Jones et al., 2018).
Figure 1 shows a comparison between the long-term distribution of significant wave height at a central
North Sea location based on measured, hindcast and simulated data. It demonstrates that the NS1200
1

Unless the parameters are all independent.
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data set is consistent with traditional approaches.
One of the advantages of the NS1200 data set is that there is much less uncertainty in extrapolations
out to ten thousand year conditions. This is shown in figure 2, which presents the uncertainty in an
extreme value analysis of both hindcast and NS1200 data as the blue fan. The analysis in the two figures
is identical and has applied Bayesian inference - the statistical methodology will be discussed in section
4. The principle difference is that the hindcast has 55 years of data whereas NS1200 has 1,200 years.
The figure shows that the uncertainty in extrapolations of the NS1200 data set is about half that of the
hindcast. Furthermore, less extreme conditions - such as one hundred year events - are an interpolation
of NS1200 data, but an extrapolation of the hindcast.
The application of a simulation approach has also provided insight into the properties of extreme storm
events, for example: most large storms in the historical data sets have a track that crosses the North Sea
from west to east; in contrast, the most extreme wave generating events within NS1200 have a track
from north to south along the Norwegian coast - this leads to a very long fetch and slightly longer wave
periods than might otherwise be anticipated.
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Long-term

The occurrence of extreme loading on an offshore structure depends upon a range of parameters, for example: significant wave height, wave period, spectral shape, storm surge, current speed, wind speed, and
many others. These parameters are stochastic. Hence, the estimation of extreme metocean conditions
requires a statistical model for the long-term metocean environment. This must be able to address the
joint occurrence of these processes. However, models for the marginal distributions of these parameters
are also necessary too.
This section describes the latest research relevant to the long-term modelling of the metocean environment. It begins with independent extremes, it proceeds by discussing joint extremes, before considering
uncertainty, and outstanding questions.

4.1

Independent Extremes

Methods that are often applied within the metocean community for estimating independent extremes (such
as the 10,000 year return period significant wave height) have been discussed in OCG-50-04-08 (2018). At
present, standard practice would often be to fit a Weibull distribution to peak-over-threshold data using
least squares. The fit is usually completed using all of the data irrespective of covariate effects such as
direction or season. Obviously, some consultants use different distributions and methods for fitting. This
type of approach represents a simple, robust method that generally provides values with which people are
comfortable. Statistically it is not rigorous, as a Weibull distribution is applicable for minima rather than
maxima; hence, there is no reason that it will ever converge to the right answer. Within the last fifteen
years statistical rigour has been introduced into metocean analysis. This has been led by the metocean
team in Shell, often in collaboration with the statisticians at Lancaster University; however, there have
also been contributions from others too.
The statistical analysis of extreme values is presented in Coles (2001), which describes how the distribution
of independent random observations above a threshold can asymptotically be modelled by the Generalised
Pareto (GP) distribution
− 1

ξ(x − γ) ξ
,
P =
1+
σ

(1)

where ξ is the shape parameter, σ the scale parameter, and γ the location parameter. Hence, there are
solid statistical reasons to prefer this distribution over other more arbitrary choices, such as the Weibull.
In general, the distribution of metocean parameters will depend upon a range of covariates such as the season, the direction and the location. For example, winter storms arising from an exposed sector are likely to
belong to a different population than summer storms from a sheltered sector. One of the assumptions when
fitting distributions to data is that the observations are independent and identically distributed. Clearly,
if they are from different populations the second assumption does not hold. Jonathan and Ewans (2007)
and Jonathan et al. (2008) demonstrate that accurate extremes can only be achieved when all relevant
covariates are included within the analysis. In particular, they show that omnidirectional extremes derived
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from a statistical model that includes direction will in general be more accurate than those from a purely
omnidirectional model. However, they also caution that incorporating covariates that are not important
should be avoided and that over-fitting the data can be assessed using techniques such as cross-validation
and the likelihood ratio test. Mendez et al. (2008) propose a model that includes seasonality as a covariate.
A model that includes covariates can be developed by making the shape, scale and location parameters
a function of direction. This can be achieved by using discrete discontinuous directional sectors, but in
Jonathan and Ewans (2007) they follow Robinson and Tawn (1997) and consider a smooth variation in
the parameters using a Fourier series. Randell et al. (2016) make the variation in direction more general
through the use of Penalised B-Splines (Eilers and Marx, 1996). An example of the application of BSplines for a location in the North Sea is shown in figure 3. It shows a smooth variation in both estimated
and calculated quantiles of the distribution of significant wave height with direction. It also shows the
uncertainty in the estimates based upon an analysis using Bayesian inference.
Extreme value distributions can be fit using a range of methods, for example: maximum likelihood; method
of moments, L-moments, and Bayesian inference. The performance of these approaches varies with sample
size. For relatively large data sets, such as from hindcasts or simulations, maximum likelihood or Bayesian
inference is generally preferred. However, for small samples Wada et al. (2016) proposes a likelihood
weighted method that can improve inferences.
One of the most difficult aspects of an extreme value analysis is the selection of an appropriate threshold.
The aim is to choose a value that is high enough that the asymptotic behaviour of the tail is met, but
not so high that there is considerable uncertainty in parameter estimates. This is an example of the
classic bias-variance trade off. A review of methods for threshold selection is provided in Scarrott and
MacDonald (2012). They list a number of approaches, two of which are discussed here. The first is
the application of graphical diagnostics. These are also outlined in Coles (2001), and include: the mean
residual life; the stability of both parameter and return period estimates; and many others. These can
be used in order to define the minimum threshold at which the GP distribution should be appropriate.
However, in practice it can be extremely difficult to identify a single threshold, and return period estimates
from different consultants are sensitive to this choice. Another approach is to consider the likelihood of
each threshold based upon the fit to the data. This can only be achieved if there is a mixture model
for both the body of the distribution and the tail. Scarrott and MacDonald (2012) discuss three general
approaches for achieving this: parametric; semi-parametric; and non-parametric. This type of approach
can also be used in conjunction with Bayesian Model Averaging. The simplest method would be to weight
the range of plausible thresholds equally. However, Northrop et al. (2015) consider weighting thresholds
after determining their predictive ability through cross-validation. Overall, estimates that incorporate the
uncertainty in threshold selection are more robust - and better reflect the statistical modelling - than those
that select a single threshold.
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Joint Extremes

Metocean loading is influenced by a range of processes and cannot be estimated using a single parameter.
For example, the loading on a space frame depends upon a wave’s height, its period, and any currents.
These parameters are not, generally, independent of one another. Therefore, it is necessary to model their
joint distribution - or to account for it implicitly within the analysis (Tromans and Vanderschuren, 1995).
A number of authors have proposed methods for modelling the joint distribution of metocean parameters.
However, most of these are only strictly valid for the body of the distribution rather than the extreme tails.
This is discussed in Jonathan et al. (2010) who mention the use of the Box-Cox transform by Ferreira and
Guedes-Soares (2002), the application of kernel density estimation, and the LogNormal-Weibull model of
Haver (1985). In contrast, Heffernan and Tawn (2004) have derived a model that is applicable for the
extremes for a wide range of multivariate distributions. It describes the distribution of one variable (for
example, spectral wave period) conditional on another (for example, significant wave height) being large.
It involves a regression on
(Y |X = x) = ax + xb Z
y − ax
z =
xb

(2)
(3)

where x and y represent the variables (for example, significant wave height and peak period) expressed
through the probability integral transform as having standard Laplace margins (Keef et al., 2013), Z is the
distribution of residuals z, and a and b are the parameters (location and scale) of the joint fit. The model
has two principle advantages over other approaches: it is asymptotically valid in the extremes; and it does
not pre-suppose the form of the joint distribution as this is recovered through the residual z. Furthermore,
it is not just a joint model for one variable conditional on another, but can accommodate the full joint
dependence of a number of variables, for example: wave period, current speed and wind speed all jointly
conditional on a large significant wave height. Jonathan et al. (2010) demonstrate its performance using
both synthetic and real data for the joint distribution of significant wave height and spectral peak period.
Jonathan et al. (2012) present a model for the joint distribution of current speed and direction through
the water column; that is, a statistical model for the current profile. Jonathan et al. (2013) allow the
parameters of the joint distribution to vary with the covariates of direction and season.
Once a joint distribution of metocean parameters has been defined it is then possible to extract associated
parameters. These could be defined in terms of the percentiles of one variable conditional on another.
For example the P 5 − P 95 spectral peak period associated with the ten thousand year return period
significant wave height. Another approach is to use environmental contour lines.
4.2.1

Environmental Contour Lines

Environmental contour lines have been described in Winterstein et al. (1993) where they are developed
through the application of the inverse First Order Reliability Method (iFORM). This involves a number
of steps:
1. Transforming the joint distribution into standard normal space using the Rosenblatt transformation.
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2. Defining a circle in the transformed space that has associated with it the desired probability of
exceedance - often defined in terms of the ‘reliability index’ β = Φ−1 (1 − pf ).
3. Transforming the circle back into the original space.
4. The design team then test a number of sea-states on the contour and finds the point of maximum
response - this is the design point.
The method is a convenient and efficient approach to completing the long-term integration over a multidimensional set of conditions. It works by assuming that the ‘failure’ surface is linear in the space of the
transformed variables. Furthermore, in the way in which it is usually applied the short-term variability is
not included in the definition of the contours, and hence, its effect on the structural reliability must subsequently be introduced artificially. This is typically achieved by requiring a high percentile (for example,
the 85-95th percentile) of the short-term response - the value of which is determined through calibration
against results of the full integral.
Environmental contours are often provided in terms of significant wave height and spectral peak period.
However, they can just as easily be defined for other variables and for more than two parameters - although the practical limit is three due to the challenges involved in applying (and visualising) a large
multi-dimensional space. Recently, there have been a number of studies proposing other approaches for
developing contours, the most relevant of which are discussed below.
Huseby et al. (2013) develop a different approach to defining environmental contours. They avoid the
need to apply the Rosenblatt transformation and define convex contours in the original parameter space
using an efficient Monte Carlo method. The method essentially has the same properties in the original
parameter space as the iFORM approach has in the transformed parameter space. The result is that the
failure region is rigorously defined in the original parameter space, and hence, it is potentially easier to
appreciate whether it might be realistic for a particular structure. The drawback of this approach is that
concave environmental contours are not possible, and hence, in some cases the set of metocean conditions
defined by the contour lines may not represent a realistic set of sea-states.
Jonathan et al. (2014) present contours that are defined using a range of approaches that differ based
upon the assumptions used to define the failure region. One such approach that they consider is regions
that are defined based on a constant exceedance probability for each variable. They estimate contours of
significant wave height and spectral peak period using these approaches based upon both the conditional
extremes model of Heffernan and Tawn (2004) and also the logNormal-Weibull model proposed in Winterstein et al. (1993). They note that there is no reason to believe that the latter should be appropriate in
the extremes, whereas the former is based upon asymptotic theory. Furthermore, they show that contours
specified using the Heffernan and Tawn (2004) model are unlikely to be smooth due to the fact that
the conditional distributions are a transformation of an empirical distribution, but note that this could be
avoided by fitting a parametric model.
The methods discussed above define contours based upon failure regions that are only part of the area
outside of the contours. Conversely, Haselsteiner et al. (2017) proposes a method for developing contours based upon the entire region outside of the contours (or alternatively, the entire region enclosed
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by the contours). The approach determines the shortest contour that encloses a region with a desired
non-exceedance probability. These are termed the ‘highest density contours’.
Ultimately, environmental contour lines all make an assumption about the shape of the failure region.
All of the methods discussed above are valid and have their own advantages and disadvantages: failure
regions in the iFORM approach may be concave in the original parameter space and in any case their
shape (which in general varies around the contour) is not obvious; contours defined using the Huseby et al.
(2013) method must be convex, and hence, may define physically unrealistic sea-states; the constant exceedance probability contours of Jonathan et al. (2014) represent an unrealistic structural failure region
and are likely to be slightly non-conservative; whereas the highest density region method of Haselsteiner
et al. (2017) also represents an unrealistic structural failure region and is likely to be very conservative.
Furthermore, and most importantly, environmental contour lines usually neglect the short-term variability
- if this wasn’t the case then they wouldn’t be able to separate the metocean analysis from the structural
analysis. Therefore, whatever set of contours is chosen the approach must be calibrated against a more accurate calculation (described below) in which this is included. Moreover, in situations where the short-term
variability dominates the problem environmental contours are unlikely to be an appropriate approach at all.
Overall, our view is that when defining environmental contours the iFORM approach is to be preferred,
but it is important to be aware of the limitations and situations when this method isn’t appropriate. It
is also important when using this approach that the joint distribution are defined using a method that is
appropriate in the extremes, such as Heffernan and Tawn (2004).
4.2.2

Response Based Analysis

Environmental contours are one approach for defining a set of associated conditions, however, by separating the metocean modelling from the structural analysis an assumption must be made about the shape of
the failure surface. This can be avoided through a direct integration of the response function - of course,
this is then, up to a point, structure or structural ‘type’ specific.
The response function can be expressed as the distribution of maxima Xmax conditional on the metocean
parameters, and hence, the integral is:
Z
P (Xmax) =

P (Xmax|Hs, T p...) p(Hs, T p...) dHs dT p... ,

(4)

where P (Xmax|Hs, T p...) is the short-term distribution of a response X conditional on the sea-state,
and p(Hs, T p...) is the long-term model for the metocean environment expressed in terms of significant
wave height Hs and spectral peak period T p. Return period values of X can then be inverted in order
to define a set of design conditions. This is one step in a structural reliability calculation. It is also
an extension of the widely applied approach suggested by Tromans and Vanderschuren (1995), which is
discussed in OCG-50-04-08 (2018); however, it has some key advantages over that method:
1. The long-term distribution of different responses is defined based upon the same joint extremal
model for the long-term metocean environment: all that changes is the short-term distribution
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P (Xmax|Hs, T p...). Therefore, extremes of different parameters and responses - significant wave
height, crest elevation, wave height, and jacket loading - are all mutually consistent.
2. The short-term distribution is a direct function of the conditions being modelled rather than an
asymptotic equation. Hence, any changes in the physics of the short-term response to the metocean
conditions is modelled directly.
An example of its application in the central North Sea is shown in figure 4. In this case the response
function is crest elevation which has been calculated using a range of different wave theories: linear,
second-order, high-order without breaking and high-order with breaking. The results are all entirely consistent and therefore, the differences between the various estimates are only due to the change in the wave
theory and not due to differences in the extrapolation of a variable. In this example the increase in the ten
thousand year crest elevation due to nonlinearities beyond second-order is approximately 5 − 6% which is
typical of many locations across the North Sea.
This approach can be extended to the estimation of extreme water levels, as discussed in Feld et al.
(2018). The statistical model requires three components in addition to the integrated wave parameters:
an independent tide; the storm surge; and a model for the temporal variation in these through a storm
event - as the tide, the surge and the waves are unlikely to all peak at the same time.
The method can also be used to derive associated wave periods, current and wind speeds. In this case the
response function must be a simple model for the loading (or in ISO terminology ‘action effect’) on an
offshore structure. In terms of wave loading this function should include the full irregularity, directionality
and nonlinearity of a random wave field. It must also include the effects of wave breaking. Methods by
which this can be achieved have been derived in the LOADS JIP and will be discussed in O1/D3 Part B
and O1/D4.

4.3

Uncertainty

The estimation of extreme wave loading is subject to both aleatoric randomness and epistemic uncertainty. The former arises due to the natural variability in the metocean environment, whereas the latter
is due to the limitations in our modelling or understanding. A number of sources of epistemic uncertainty
are discussed in Bitner-Gregersen et al. (2014), these include: data uncertainty due to measurement or
hindcast error; statistical uncertainty in the modelling that has been described in this section; load model
uncertainty; and climatic uncertainty.
If the aim of an assessment of extreme wave loading is to either directly or indirectly estimate a probability
of failure then it is necessary to include some or all of these uncertainties in the analysis. The statistical
uncertainty can be estimated through bootstrapping (Efron, 1979; Davison and Hinkley, 2006). However,
it may be the case that prior knowledge, perhaps about the limits to physical processes, restricts the
range of the parameters of the extreme value distributions being considered. This can be achieved using
penalised maximum likelihood estimators, but an improvement on this approach is Bayesian inference - in
which a prior distribution is specified explicitly. Randell et al. (2016) and Ross et al. (2017) describe such
an approach for metocean conditions in the northern North Sea and the South China Sea, respectively.
The advantage of this approach is that the assumptions are very clearly defined and the uncertainty can
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be captured naturally in the results.
There has been much thought recently about uncertainty, extremes and return period values - and whether
the posterior predictive distribution should be used when including uncertainty in our estimates. Our views
are outlined below based upon discussions with Shell and other operators.
The value that ultimately is of interest is the annual probability of failure, Pf , of a structure with capacity
Xf . This is defined as a quantile of the annual distribution of loading:
1 − Pf = exp[−λ(1 − Fx (Xf |θ0 ))] ,

(5)

and a ‘return period value’ is the inverse

Xf =

Fx−1




1
1 + log (1 − Pf )|θ0 ,
λ

(6)

where Fx is the conditional distribution, λ the arrival rate, and θ0 a vector of parameters.
It seems that there are two potentially plausible ways that a probability of failure might be calculated,
which correspond to averaging over probabilities or over values:
1. The direct calculation is simply the posterior predictive value
Z
(7)

Pf (θ)p(θ|y)dθ .

Pf 1 =
θ

2. The indirect calculation would be to first calculate Xp ‘return period values’ for a range of P
Z
Xp (P |θ)p(θ|y)dθ ,
Xp (P ) =

(8)

θ

and then calculate the inverse Pf 2 = Xp−1 (Xf ).
The first method is correct as the average is being taken over the quantity of interest - a probability of
failure.
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Conversely, if a return period value Xn associated with an annual probability of exceedance Pn is of
interest then the two methods are:
1. The indirect calculation would be to first calculate Px for a range of X
Z
Px (X) =

(9)

Px (X|θ)p(θ|y)dθ ,
θ

and then calculate the inverse Xn1 = Px−1 (Pn ).
2. The direct calculation is simply the posterior predictive value
Z
Xn (Pn |θ)p(θ|y)dθ .

Xn2 =

(10)

θ

In this case the second method is correct as the averaging is over the quantity of interest - a return period
value.
This suggests that if probabilities of failure are of interest then method one should be applied, and if
return period values are of interest then method two should be applied. However, it is also important to
consider the purpose of the calculation: a probability of failure is a direct estimate of what is trying to
be achieved; conversely, return period values are an intermediate step (often via code safety factors) that
are used in order to determine whether or not a structure achieves a particular probability of failure (ie
reliability). Hence, if return period values should be consistent with a probability of failure then method
one should be applied. This is an ongoing area of discussion. Of course, whether uncertainty should be
included in the calculation of return period values at all is a different question, and depends upon what
was assumed when the design codes were calibrated - the calculation should only include the uncertainty
that was not included in the code calibration study.

4.4

Forecast

One possible method for reducing the risk to personnel on offshore platforms is to deman if a severe
storm is forecast. This is discussed in Hagen and Riise (2013) where, unmanning criteria are established
such that the risk to personnel on platforms that are demanned is no greater than that to personnel on
platforms that are not demanned. This can achieved by either specifying an annual or storm based limit
on the probability of exceeding the structural capacity Xf
Z

Hslim

P (Xmax > Xf |Hsobs , ...) p(Hsobs , ..|Hsf or , ...) p(Hsf or , ..) dHsf or ...

Pann =
Z0
Pstorm =

P (Xmax > Xf |Hsobs ) p(Hsobs , ..|Hsf or , ...) p(Hsf or , ..) dHsf or ... ,
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where the subscript f or represents forecast conditions, the subscript obs represents observed conditions,
and where the top integral is over all storms whereas the bottom integral is only over a single forecast
storm event. Further, Hslim is the limiting significant wave height (which could instead be a limiting most
probable maximum crest elevation Cmpm ) and following N006 (2015) Pann ≤ 5 × 10−4 . This calculation
explicitly includes forecast uncertainty through the conditional distribution p(Hsobs , ..|Hsf or , ...), which in
the top integral is the uncertainty over all storms whereas in the bottom integral it is the actual forecast
uncertainty in a particular storm event. Hagen and Riise (2012) discuss how this can be assessed using
ensemble forecasts. These can be used to provide a probabilistic forecast through a number of approaches
that are described below:
1. Climatology: this is the simplest model and defines the future metocean conditions in terms of the
distribution, P (y|C), from all of the historical data. Hence, this method has no predictive skill,
but is a useful reference against which to compare other models - if a model is not as good as the
climatological estimate then it is very poor.
2. Gaussian: this assumes that the forecast distribution can be described by a normal distribution with
mean equal to the raw ensemble mean µens , and standard deviation equal to the raw ensemble
standard deviation σens . Therefore, this method makes no attempt to adjust or correct for forecast
bias, and simply uses the first two moments from the distribution defined by the forecast ensemble.
3. Kernel density estimate (KDE): each member of the ensemble is replaced with a kernel function
(K, in this case a Gaussian). The resulting probability density function is derived by summing over
the kernels:
1 X
K[(y − xi )/σ] ,
(11)
P (y|x) =
N i
where xi are the ensemble members. This is a standard technique in multivariate density estimation
(Scott, 1992). The method does not adjust or correct the forecast, but in contrast to the Gaussian
approach it makes no assumption as to the underlying shape of the distribution as this is derived
empirically from the raw ensemble.
4. Non-homogenous Gaussian Regression (NGR): this has been introduced by Jewsen (2003) and
applied in Gneiting et al. (2005); it involves a Gaussian fit to the ensemble with the mean and
standard deviation adjusted based on the training data. Hence,

"

y − (a + bµens )
P (y|x) = Φ p
2 )
(c + dσens

#
,

(12)

where Φ is the Normal distribution function, and a, b, c and d are parameters that are optimised
through a training process.
5. Affine Kernel Dressing (AKD): this is an extensive of KDE, in which the data is transformed prior
to being applied in the kernel function
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P (y|x) =

1 X
K[(y − zi )/σ] ,
N i

(13)

2
], and hS = 0.5[4/(3N )]1/5 is Silverman’s factor
where zi = axi + r2 µens + r1 , σ 2 = h2S [s1 + s2 σens
- which is the near optimal bandwidth for Kernel dressing if the ensemble is Gaussian and perfect
(Silverman, 1986). In many ways this is an extension to NGR in which the Gaussian is replaced by
a KDE. This has a number of parameters that must be optimised through a training process.

6. AKD with regularisation: in many cases there are observations that lie well outside of any transformation of the underlying forecast. This often occurs at short horizons when the forecast spread is
too small and the initial conditions are slightly offset from the actual observations. In these cases
some scoring methods (discussed below) indicate that the forecast has almost no skill and that
there is a forecast ‘bust’ (Bröcker and Smith, 2008). A method to accommodate this and derive a
more robust forecast is to ‘regularise’ the forecast by creating a mixture distribution from AKD and
climatology.
P (y|x) = α

1 X
K[(y − zi )/σ] + (1 − α)P (y|C)
N i

(14)
(15)

where α ≈ 1, and is an additional free parameter that must be determined during training.
Further details of many of these approaches can be found in Wilks and Hamill (2007) and Bröcker and
Smith (2008).
Bröcker and Smith (2007) outlined a number of different scoring methods for evaluating and training
probabilistic forecasts, and described their relative merits. They stressed that it is important to consider
a proper score, as this is defined as one in which the score is optimal if the verification (observation) is
drawn from the distribution defined by the forecast. One such proper score is the maximum likelihood
(Ignorance score) defined as the mean of the sum of the negative log-likelihoods

S =

1 X
− log pi (Yi ) ,
N i

(16)

where pi (Yi ) is the probability density of an observation Yi being drawn from the forecast distribution pi .
Hence, low scores are better than high scores. Bröcker and Smith (2007) also note that this a strictly
proper score and that it is local ; namely that in order to evaluate it, it is only necessary to consider the
probability density for the value of the observation - which means that it is computationally efficient. One
potential drawback of the maximum likelihood is that it has a value of infinity if the verification is a long
way outside of the forecast. In practice this is avoided by using regularisation with climatology.
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Recommendations

OCG-50-04-08 (2018) reviewed present practice for developing metocean design criteria and identified
some key limitations. A series of recommendations that address these issues is presented along with areas
where future research is required.
1. Data
(a) Field measurements can be influenced by instrument bias. This should be considered when
calibrating a hindcast. Further research is required to understand the typical bias in various
instruments and configurations.
(b) NORA10 and NEXTRA are high quality hindcasts that are appropriate for deriving metocean
criteria in the North Sea. It is recommended that the performance of new hindcasts such as
ERA5 and NORA10EI be assessed when sufficient data has been released.
(c) NS1200 has an order of magnitude more data than a traditional hindcast. The uncertainty
in the estimation of extreme events is considerably reduced: one hundred year conditions are
an interpolation; the uncertainty in the extrapolation to ten thousand years is halved. It is
recommended that this data set be applied rather than a hindcast.
2. Long-term Distributions
(a) The traditional approach of fitting a Weibull distribution using least squares optimisation is
not statistically rigorous. An approach that is similar to Ross et al. (2017) is recommended.
It should include the following key features:
i. Independent events are identified using a peaks-over-threshold approach.
ii. A Generalised Pareto distribution is fit to the extremes and includes suitable covariates.
iii. Joint distributions are modelled using Heffernan and Tawn (2004) and includes suitable
covariates.
iv. The temporal variation in metocean parameters over the course of a storm should be
modelled.
v. Threshold uncertainty is included in the analysis.
vi. The model parameters are estimated using Bayesian inference.
(b) The uncertainty in extremes should be considered, and included in the analysis, when this has
not otherwise been accounted for in the calibration of the safety factors or design recipe.
3. Associated Conditions
(a) It is recommended that associated conditions be derived using a single long-term model for
the metocean environment. This ensures that different extremes are mutually consistent.
(b) Associated wave periods and currents should be determined using a simple structural load
model. This should include the full irregularity, nonlinearity and directionality of the wave
field, including the effects of wave breaking.
(c) Associated still water elevations should be determined using a full joint model for the environment in which the temporal profile of waves, surge and tide through a storm event is
captured.
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Figure 1: The long-term distribution of significant wave height, Hs, at a location in the North Sea. The
plot compares four data sets: measurements; hindcasts (NORA and NEXTRA); and the NS1200 simulation.
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Figure 2: Example of the long-term distribution of storm peak significant wave height, Hs, at a location in
the North Sea. Panel (a) shows an analysis of NORA10 hindcast data. Panel (b) shows a similar analysis of
NS1200 data. The blue fans represent the uncertainty (P5-P95 light blue; P25-P75 mid blue; and P50 dark
blue). The green and blue circles represent the mode and mean return period estimates. The dashed red line
is the posterior predictive distribution.
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Figure 3: Example showing the directional variation in significant wave height at a location in the North
Sea. The grey circles represent the underlying data. The black lines are the P50, P75 and P95 kernel density
estimates. The blue, green and red lines are estimates from an extremal model using B-splines. The fans
represent the uncertainty.

Figure 4: The long-term distribution of maximum crest elevation at a location in the North Sea calculated
using four different wave theories: linear (o1); second-order (o2); high-order without breaking (o3); and
high-order with breaking (o3b).
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