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ARTICLE INFO ABSTRACT

Keywords: Offshore floating structures are experiencing harsh environmental conditions risking their safety. Therefore,
Gaussian copula-based Bayesian Network mooring lines are crucial for ensuring structures’ stability. Sudden increases in tensions after temporarily slack
Copula models of the mooring line are called snap loads and are the most critical load states. These snap loads and their

Mooring system
Offshore floating structure
Snap loads

dependence to various factors are investigated in the present study. 12 study locations in the south-eastern
North Sea are selected. For each location, wave and current variables are extracted from a three-dimensional
large-scale numerical model covering the European Shelf. Mooring tensions at different rope positions are
calculated via a Finite Element model for flexible mooring lines for different hydrodynamic conditions and
used subsequently to obtain tension rates as indicator for snap loads. The dependence among 13 variables
per study location is modelled via Gaussian copula-based Bayesian Networks (GCBN). This allows for spatial
analysis of the relationships between hydrodynamic variables and tension rates, but also to determine the
influence of hydrodynamic variables on expected tension rates. Furthermore, distributions of tension rates are
obtained under specific constant hydrodynamic conditions. The results indicate that conditionalising on certain
hydrodynamic variables can reduce the expected tension rates, as their marginal distributions are characterised
by heavy tails. Still, mooring systems should be designed conservatively. However, once specific hydrodynamic
information is available, uncertainties can be minimised, enhancing safety and reliability. Thus, accounting
for the dependence among hydrodynamic variables and tension rates is crucial for improving the safety of
structures under varying environmental conditions.

1. Introduction sectors and users (e.g., Buck and Langan, 2017; Pinarbas: et al., 2017;
Buck et al., 2018). These conflicts include spatial, environmental, and

The offshore marine environment has enormous economic poten- societal challenges, between traditional users such as fisheries, tourism,
tial. For example as a source of renewable energy and proteins ob- and ports. Unlike nearshore, offshore areas have different stakeholders
tained from aquaculture. Thus, making efficient use of this space is and a lot of potential for multi-use of several sectors, such as offshore
increasingly important. Not only is there an increasing demand for ~ Wind, solar and aquaculture (Buck and Langan, 2017; Maar et al,

proteins (Yong et al., 2022), but offshore wind energy is also expected 2023).
to continue to grow in the coming years (Soares-Ramos et al., 2020). However, offshore structures face harsh environmental conditions

that risk the safety of the structures. Thus, mooring systems are es-
sential to ensure the stability of various floating structures, including
floating wind turbines, floating solar panels, ships, installation vessels,
and aquaculture structures. Especially during extreme events, tensions
in single mooring lines are critical to structural safety. Even more
critical are snap forces, which can cause early failure of mooring
lines (Governo et al., 2023). Snap forces are sudden increases in ten-
sions, which occur after the mooring line becomes temporarily slack.

This in turn will help replacing energy production sectors based on
fossil fuels and reducing carbon emissions, thus potentially contributing
to limit global warming. Osman et al. (2023) reviewed several aspects
of renewable energy under climate change. Prices for energy from
offshore wind, biomass production, and other green energy sources are
expected to drop drastically in the future while having a comparably
minimal impact on the environment. However, the space at sea, espe-
cially near-shore, is limited and therefore there are conflicts between
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These dynamic snap tensions can exceed static tensions by a multiple,
even up to 6-times higher than the static pretension (Guo et al., 2017;
Hsu et al., 2017; MiSkov et al., 2023).

Research has been done to understand the behaviour and expected
tensions in mooring lines under snap loads, using field measurements,
numerical simulations and model experiments. Research on field exper-
iments to investigate tensions in mooring line, especially with regard
to snap loads, is however limited. Nguyen et al. (2019) measured the
tensions in the moorings of an oyster cage along the coast of Maine.
The results show that the mooring line tensions correlate with the tide-
induced water level variations. Currents have a significant influence at
low to mid tidal levels, but not at high tides. Similar results are obtained
in Nasyrlayev et al. (2023). A Finite Element Model is used to improve
the design of anchors and other structural elements, especially for high-
energy regions. The results show that the current magnitude and angle
do have a much higher impact on the tensions than those of the waves.
Lumped-mass models are extensively used in studies related to aqua-
culture systems (Hermawan and Furukawa, 2020; Feng et al., 2021),
highlighting the complexity of interaction between the environment
and the structures. Another Finite Element Model is used by Desiré
et al. (2023) to investigate the seabed interaction with mooring lines
in complex bathymetries. The model is validated against experimental
scale tests for both cases with and without snap loads. Following the
analyses of Desiré et al. (2023), experimental tests (Somoano et al.,
2024) confirm that bathymetry is another factor influencing the moor-
ing line dynamics. While the quasi-static loads are not impacted by the
shape of the bathymetry, the dynamic loads, such as snap loads, are
significantly influenced by the slope of the bathymetry.

Experimental investigations at a 1:50 scale, corresponding to a
full-scale water depth of 28 m, were conducted to investigate the
relationship between snap loads and the damping of mooring lines (Hsu
et al., 2019). The results show that snap loads occur more frequently
in shallow water settings due to shorter mooring lines and reduced
damping. Also, a positive correlation was found between the pretension
of a mooring line due to the self-weight with the mooring line damping.
The intensity and occurrence rate of snap loads were also investigated
in Hsu et al. (2017) through experiments at a 1:50 scale, simulating
a floating offshore wind turbine in conditions for very high return
periods. The results show that dynamic tensions caused by snap events
are 37%-68% higher than non-snapping tension peaks. In addition,
these snap loads follow a different exceedance probability distribution
than non-snapping peak tensions. A composite Weibull distribution,
which has different parameters for lower and higher tension rates, is
found to be a good fit to account for snap loads, while the conventional
Weibull distribution tends to underestimate how often these extremes
occur (Hsu et al., 2017).

Various probabilistic models are applied to assess the reliability and
uncertainty of mooring line tensions under stochastic environmental
conditions. Regarding peak tensions in mooring lines, Zhao and Dong
(2023) identified the Gumbel distribution as the best model to describe
them. The study investigates uncertainty of extreme mooring loads of
floating systems using environmental contours, which are based on the
joint distribution of variables. Li et al. (2016) assesses mooring line
fatigue damage using probability density functions (pdf’s) for short-
term mooring line tension amplitudes, which result from single sea
states or short durations, and for long-term amplitudes, which are
obtained by integrating the short-term distributions while considering
the probability of various sea states. Several different pdf’s have been
investigated, while the Gamma distribution is a good fit for both
short and long-term tension amplitudes, for the latter, the Gamma
distribution is extended by a location parameter. Thus, the mooring
line tension response is non-Gaussian.

To assess the tensions of mooring lines while considering the rela-
tion between variables, Wu et al. (2022) employs conditional probabil-
ities of tensions and Monte-Carlo simulations. The results show that, in
case of failure, the tension responses in the remaining mooring lines
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can be described by the Generalised Extreme Value (GEV) distribution.
Conversely, Montes-Iturrizaga and Heredia-Zavoni (2016) evaluates the
reliability of mooring lines by investigating the impact of the statistical
relationship between the significant wave height and peak spectral pe-
riod. Therefore, copula functions are used to describe their dependence.
The results show that accounting for the dependence structure among
environmental variables has a significant impact on the reliability
of mooring lines. Modelling the multivariate probability distribution
via for example multivariate copula models is determined by Montes-
Iturrizaga and Heredia-Zavoni (2016) as an important further step to
investigate how environmental variables affect the reliability of floating
structures.

Considering the multivariate dependence of variables is crucial for
improving the reliability and safety of mooring line systems due to
complex environmental conditions and the interactions with the struc-
tures. To the authors’ knowledge, taking the multivariate dependence
of variables into account to assess mooring line tensions due to environ-
mental impacts has not been done before. In this study, the multivariate
dependence between hydrodynamic variables and tensions in mooring
lines is modelled using a Gaussian copula-based Bayesian Network
(GCBN). The nodes of the Bayesian Network represent continuous
random variables and the arcs between the nodes describe the (condi-
tional) probabilistic dependence using bivariate Gaussian copulas. Due
to the application of copula models, the GCBN has no restrictions on
marginal distributions. Thus, the GCBN is a fully probabilistic model
accounting for uncertainty. The advantages of a GCBN are many-fold.
GCBNs are computationally efficient (see e.g. study Barros et al. (2024)
using a GCBN with 879 variables). Their graphical representation of the
complex multivariate dependence of a set of variables allows to visually
give information about (conditional) independence of variables. Addi-
tionally, the model allows for incorporation of prior or new knowledge
and thus can be updated given new observations. That is, a GCBN can
efficiently and accurately enable inference i.e. providing distributions
of variables given observational data as input. This is especially of
importance for scenario analysis (e.g. conditionalising on certain vari-
ables and analysing the remaining conditional distributions), offering a
more comprehensive view of the problem, enabling risk assessment and
informed decision-making. The main disadvantage, however, is that
the joint dependencies between variables are restricted to the Gaussian
copula. This entails that GCBNs cannot reproduce certain asymmetries
in the joint distribution such as tail dependence for example.

Regarding the tensions in the mooring lines, this study focuses
on extremes of tension rates for two reasons: (1) snap loads, char-
acterised by high tension rates, inducing a strong dynamic response
in the floater; (2) operational limitation related to the application of
the floater. For example, operation of offshore wind turbines require
a constrain on the acceleration of the tower to minimise damage to
the blades (Duenas-Osorio and Basu, 2008). This is similar to another
example on aquaculture, where extreme accelerations lead to damages
such as mussel fall-off (e.g., Gagnon and Bergeron, 2017; Knysh et al.,
2020).

This study takes the mooring line dimensions exemplarily from a
seaweed aquaculture structure, specifically a net structure. This refer-
ence structure is a pilot designed for offshore conditions in the North
Sea, 80 km off the coast, for a water depth of 23 m (Strothotte et al.,
2021). Note however, that the methodology as well as the results
presented in this study can be transferred to any floating structure,
which requires a mooring line.

Environmental data used in this study come from a three-
dimensional large-scale hydrodynamic model covering the European
Shelf, while a Finite Element (FE) model is used to get observations
about tensions within the mooring lines. The mooring line of the
aquaculture structure is implemented in the model and adjusted for
different water depths. Based on these observations, GCBNs are set
up for a few different locations in the south-eastern North Sea. The
aim of this study is twofold. The multivariate dependence is analysed
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and compared among different locations with different characteristics.
This helps to assess which hydrodynamic variables are the main driver
for snap loads under different conditions. Secondly, this study shows
how the GCBN can be used to help reliability engineering by assessing
extreme tension rates conditioned on certain hydrodynamic conditions.
Not only are offshore hydrodynamic impacts highly relevant for such
structures, but also ecological variables are crucial, particularly in the
case of aquaculture. The ecological suitability for the same structure
and area was investigated using bivariate copula models in Santjer et al.
(2024).

The present study is structured as follows. First, the hydrodynamic
model, including the study locations and selected hydrodynamic vari-
ables are described in Sections 2.1 and 2.2, while the Finite Element
model for mooring lines is described in Section 2.3. Section 3 describes
the probabilistic modelling approach, including copula models and
copula-based Bayesian networks, in Sections 3.2 and 3.3, respectively,
as well as the processing of the numerical tension data (Section 3.4).
The results are described in Section 4. First, Bayesian Networks are
set up and described in Section 4.1 for the hydrodynamic variables,
which output serves as input for the FE mooring line model. The post-
processing of the tension data is for one location in the North Sea
exemplarily presented in Section 4.2, while the GCBNs consisting of
environmental variables and tension rates are described in Section 4.3.
Final results analysing extreme tension rates in mooring lines, also
under given environmental conditions, are described in Sections 4.4
and 4.5, respectively. Discussion of the results can be found in Section 5
and conclusion of the presented study are drawn in Section 6.

2. Modelling framework and study setup
2.1. 3D hydrodynamic model

Wave and current characteristics at the locations of interest are
necessary to determine the tensions in the mooring line of a floating
structure for each of these locations. In this study, data is extracted from
a large-scale three-dimensional hydrodynamic model called Dutch Con-
tinental Shelf Model (DCSM) (Zijl et al., 2023). The DCSM makes use of
the D-Flow FM component of the Delft 3D Flexible Mesh Suite (Deltares,
2023) in which the grid is based on a flexible mesh, as the grid
resolution is spatially variable. In deep oceanic waters, the grid is
coarse with 4 x 4 nm, while it increases towards shallow areas and
to coast up to 0.5 x 0.5 nm. Cells that change resolution are connected
by triangles. In total, the DCSM consists of 630,000 cells. The domain
of the model is between 17°W to 13°E and 43°N to 64°N and thus covers
the northwestern European continental Shelf. To account for variations
in water depth across the model domain, z-sigma layers are employed
for vertical resolution, combining two different types of layers. In the
upper 100 m, sigma-layers are utilised, consisting of a fixed number
of 20 layers, with varying thickness depending on the water depth.
This allows for a high resolution especially in shallow areas. Beneath
the sigma-layers, z-layers are employed, which have a fixed depth
throughout the domain, while their thickness increases exponentially
by a factor of 1.19 towards the deeper layers. Variables describing the
current flows are derived from this model with a 10 min resolution,
while variables describing the waves are derived from the third general
spectral wave model SWAN (simulating waves nearshore (Booij et al.,
1999)). SWAN is added on top of the D-Flow FM component and solves
shallow-water processes. Data from the models are extracted for 5 years
(2013 until 2017).

2.2. Study locations and variable selection

The current study focusses on the south-eastern part of the North
Sea, which is well represented by the model domain, which covers
the entire northwestern European shelf. Here, 12 spatially distributed
locations / are chosen (see Fig. 1, in which the reference location
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Fig. 1. Map of the south-eastern North Sea, showing 12 study locations (1),
with the reference location RefLoc 4 highlighted.

Table 1

Overview of the total water depth (k) in [m] per location / together with
depths i of current magnitude [m/s] data throughout the water column, where
d1 is 1 m above the seabed, while d5 is close to the surface.

Location / Total depth (h) dl d2 d3 d4 d5
1 12.6 1 4 6 9 12
2 14.5 1 4 7 10 14
3 15.0 1 4 7 11 14
4 (RefLoc) 22.8 1 6 11 17 22
5 30.1 1 8 15 22 29
6 30.2 1 8 15 22 29
7 33.6 1 9 17 25 33
8 35.7 1 9 18 26 35
9 38.6 1 10 19 28 38
10 39.2 1 10 20 29 38
11 40.7 1 11 20 30 40
12 44.7 1 12 22 33 44

(RefLoc 4) is highlighted). Some of these locations are located close
by or within offshore wind farms, others are research platforms or
measurement buoys. The close distance to offshore wind farms is
relevant, especially in the context of marine multi-use or co-location
of several sectors (Buck, 2002; Buck and Langan, 2017; Maar et al.,
2023). Furthermore, the selected sites span a variety of depths in this
area from approximately 13 m to 45 m (see Table 1) and experience
different environmental conditions due to their varying distances from
the shore.

The main environmental impacts in estimating the tension in the
mooring ropes of a (submerged) floating structure are waves and
currents, whose characteristics for selected study locations are provided
by the DCSM model (see Section 2.1). Specifically, significant wave
height, Hg, and peak wave period, Tp, are selected to describe wave
characteristics (see Fig. A.11 in Appendix A for an overview of the
magnitude of both variables for each location), while for currents,
horizontal flows ¢,; are considered at different depths i, which are
selected according to the water depth per location. The top and bottom
1 m of the water column are excluded from consideration, while the
remaining portion of the water column is equally divided into 5 depths.
The water depth per location and depth selected for the extraction
of the current velocity magnitude is shown in Table 1. Note that the
depths are positive as the seabed is the reference level.
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Fig. 2. Schematic of the mooring line, along with the external forces acting on the line.

2.3. Mooring line model

In this study, the mooring line model reported in Agarwal et al.
(2025) is employed. This model is specifically developed for flexible
cables and incorporates a geometrically non-linear analysis, allowing
for large displacements and finite strains. Consequently, it extends
beyond the conventional small-strain assumptions. Fig. 2 presents a
schematic of the mooring line, along with the external forces considered
in this analysis.

The mooring analysis is described in terms of the internal and
external forces acting on the line. It is considered to be a curved
manifold in 2D XZ space, with z = 0 at the mean-sea level. The initial
undeformed shape I'y of this manifold is given by a function field X (r).
Here r represents a 1D reference domain 2 along the line, and X(r)
is its map to the 2D space. For instance, r = 0 and r = L, denote
the two end points of the curved manifold I'y. The anchor is located
at X(r = 0) = Xpy, and the fairlead is at X(r = L)) = Xpg. The
dynamic deformed shape I', of the manifold is given by function field
x(r,1). The difference between undeformed and the dynamic deformed
shape is given by the displacement field x(r,r) = X(r) + u(r,). The
equilibrium of the mooring line is always defined on the dynamically
deformed configuration, I'y. The equilibrium equation per-unit length
is expressed as

pAii — divy o(w)A - b(x) =0 Vx e T, €y

Here A is the cross-sectional area, p is the material density and pii
represents the inertia of the line. The term o(u) is the Cauchy stress
tensor and div; o(u) is its surface divergence. This term characterises the
variation in stress within the line along its curved manifold, effectively
capturing the internal material resistance to deformation. Finally, the
term b(x) represents the external forces acting on the line.

The Cauchy stress tensor is defined based on the Saint Venant—
Kirchhoff solids theory. For cables made of material with Young’s
modulus E and Poisson’s ratio v, the corresponding Lamé constants are
A=0and u = ﬁ Consequently, the first and second Piola—Kirchhoff
stress tensors K, S on I'y and the Cauchy stress tensor ¢ on I, are
expressed as follows,

. % “Fr - (20 Egng) - Fr, @

where F is the surface deformation gradient, and Eg,, tangential
Cauchy-Green strain tensor. For further details regarding the structural
model, see Agarwal et al. (2025).

The external force acting on the line include self weight, buoyancy
of the surrounding fluid, drag due to relative motion against the fluid
and the effect due to the sea-bed. Since the external forces are a
function of the position on the line, the external forces are defined
per-unit length. Self weight of the line is simply given by

bweight(x) =-p A 8 I’;a (3)

where g is the acceleration due to gravity and k is a unit vector along
the vertical axis. The force of buoyancy is given by the weight of water
displaced by the line,

bruoyancy(X) = Pwater Adisp & k, 4)

where p ¢, is the density of water, Agjg, is the displaced volume per
unit-length of the line.

The effect of the sea-bed is implemented using a damped spring,
which is activated only for the portion of the line in contact with the
sea-bed, i.e.

—ky (z—z k—czk ifz<z
bbed(x)={ b( bed) b bed (5)

0 if z> Zhed

The drag forcing on the line is due to three components,(1) self drag,
(2) action of the current, and (3) wave action. If v,,,.(x) is the local
velocity of the wave and vy en (%) the local current velocity, then the
drag force on the line is given by

Barag(X) = 3 Puater Ca Ura (10, () ©)
birag (%) = % Pwater Cas Ur (|0, (%) @
where v, (%) = yaye (¥) + Ueurment () — (x) ®)
v,,(x0) = (v,(x0) - {(x)) 1(x) )

0,0 (X) = 0,(x) = 0, (%) a0

In the present analysis, it is not accounted for the influence of added
mass and added damping of the mooring line. This is based on the
findings in Hall and Goupee (2015), which demonstrate the limited
impact of added mass on the overall system response.

The definition of the boundary value problem is completed by
specifying the boundary conditions at the two ends of the mooring line.
A Dirichlet-type boundary condition is applied, with the anchor fixed at
u(r = 0,1) = upy = [0.0,0.0]”, and a prescribed motion for the fairlead
u(r = Ly, 1) = ug (1).
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Table 2

Properties of mooring line.
Property Value
Diameter 0.068 m
Cross-sectional area A 0.003619 m?
Mass per unit length pA 28.23kgm™!
Axial stiffness EA 232.7MN
Unstretched length Ly 75m or 105m
Normal drag coefficient Cyn 2.6
Axial drag coefficient Cy, 1.4
Sea-bed stiffness ky 3% 10°Pam™!
Sea-bed damping ¢y 3x 10° Pasm™!

Table 3

Position of the anchor and the fairlead for all locations.
Location /  Total depth (h) L, Lyow  Xan X kyx

m m m m m Nm™!

1 12.6 75 10.72  [0.0,-12.6]" [67.7,-3.0]" 218
2 14.5 75 12.79  [0.0,-14.5]7  [66.3,-3.0]" 218
3 15.0 75 13.40 [0.0,-15.0]" [65.9,-3.0]" 218
4 (RefLoc) 22.8 75 22.14  [0.0,-22.8]"  [60.0,-3.0]" 218
5 30.1 75 30.27  [0.0,-30.1]"  [54.5,-3.0]" 218
6 30.2 75 30.36  [0.0,-30.2]" [54.4,-3.0]" 218
7 33.6 75 34.16 [0.0,-33.6]" [51.8,-3.0]" 218
8 35.7 75 36.46  [0.0,-35.7]"  [50.2,-3.0]" 218
9 38.6 105 39.78 [0.0,-38.6]" [78.0,-3.0]" 218
10 39.2 105 40.43 [0.0,-39.2]" [77.6,-3.0]" 218
11 40.7 105 42.15 [0.0,-40.7]7 [76.4,-3.0]" 218
12 44.7 105 46.54 [0.0,—44.7]7 [73.4,-3.0]" 218

The governing equations are numerically solved using the finite-
element method. The definition of surface gradients along curved man-
ifolds is done using the Tangential Differential Calculus approach pre-
sented in Fries and Schollhammer (2020). The formulation of the
variational problem is done using the standard Galerkin approach.
The reference domain € is discretised using linear Lagrangian el-
ements, while the time-stepping is implemented using the implicit
Generalised-a method (Chung and Hulbert, 1993). A detailed descrip-
tion of the mooring line model is given in Agarwal et al. (2025). It also
presents rigorous investigation of numerical convergence properties,
validation of the model for conventional chain mooring lines and a
detailed study of non-linear hardening of taut mooring lines.

The properties of the line modelled in this study are listed in
Table 2. These properties represent an engineer design for a steel-wire
type mooring line. However, the approach for the mooring model and
the probability analysis can be directly applied to chain, synthetic or
composite mooring lines.

The initial shape I'y of the mooring line is defined by solving the
catenary equation. The anchor is located at X 5y = [0, —h]", where h
represents the total water depth, as detailed in Table 1. The fairlead
is positioned at Xy, with its coordinates listed in Table 3. For each
location, the fairlead is placed 3m below the mean sea level. The
horizontal position of the fairlead is determined to ensure consistent
surge restoring stiffness k,, of the mooring line across all locations.
Table 3 presents the surge restoring stiffness values for each moor-
ing line. To calculate this surge restoring stiffness, we evaluate the
horizontal restoring force at the fairlead for two displaced positions:
X +10.014,017, yielding f = [f}, f], and Xg —[0.014,0]", yielding
fa = f;, f71, where h denotes the water depth. The surge restoring
stiffness is then computed as k., = zfiofoflxh.

Table 3 also includes the calculated length of the suspended portion
of the line, Ly, in the initial configuration. It is important to note that
the total initial length of the line, L, is selected solely to ensure that
the line does not become taut or fully suspended during the tested sea
states. Consequently, for locations 10-12, which correspond to greater
water depths, the total line length is increased from 75m to 105m to
prevent the line from becoming taut or fully suspended.

Applied Ocean Research 165 (2025) 104809

The loads on the line are determined by the environmental condi-
tions. The velocity profiles for the current and wave are the key pa-
rameters controlled in this study. The current velocity profile along the
depth is specified at five discrete depths listed in Table 1, v¢yyent(z =
—di) = ¢,;, and subsequently interpolated across the entire depth using
the piecewise cubic Hermite interpolating polynomial (PCHIP) method.
The wave environment is defined using a JONSWAP spectrum with
the values of significant wave height (H,) and peak time-period (7).
The wave particle velocity v, is then calculated by first obtaining
a wave time-series via an inverse Fourier transform (IFFT) of the
input spectrum, followed by application of the linear wave theory. The
direction of propagation for the wave and the current are assumed to
be along the mooring line, since this represents the extreme scenario
for external loads acting on the line. The bed properties used in this
study are also listed in Table 2.

The final component of the problem definition is the motion of the
fairlead, up;. The motion of the fairlead is governed by the dynamics
of the floating body to which the mooring line is attached. In this
analysis, we assume the mooring line is connected to a weightless
buoy. Therefore, the characteristics of the floater, the forces acting
on it, and, as a result, its dynamic response are not considered in
the scope of this analysis. Consequently, the fairlead is assumed to
follow the motion of the local wave particle. This assumption is made
for two key reasons: (1) it represents the most extreme scenario for
the motion of the floater; and (2) it is easily replicable in numerical
models or through simple experimental setups, such as those described
in Bergdahl et al. (2016), without the typical challenges associated with
scaled physical modelling of floaters. Accordingly, the motion of the
fairlead is prescribed using an inverse fast Fourier transform (IFFT) and
linear wave theory applied to the input JONSWAP spectrum, with the
wave particle position calculated around Xg;.

We would like to note that the current approach can be readily
extended to include floater dynamics. If floater dynamics are incor-
porated, it would then be necessary to account for the second-order
forcing acting on the floater within the analysis. We would like to
highlight that the second-order forcing on the mooring line, resulting
from wave and current-induced drag, is already included in the present
study via Egs. (6)-(7). Incorporating floater properties would make
the resulting Bayesian network specific to those floater properties.
Therefore, to address a more general case, it would be necessary to
consider a range of floater characteristics and include them as inputs
to the Bayesian network. While this is beyond the scope of the current
manuscript, we intend to explore this direction in future work.

3. Modelling approach

In this section, the methodology is described. An overview of the
detailed methodology is presented in Fig. 3.

First, data is extracted from the DCSM hydrodynamic model for
the months September to April for each location / of interest. This
winter period is chosen, as this is the main growth period of the species
Saccharina latissima, whose cultivation structure at RefLoc 4 serves as
a foundational basis for this study. The daily maxima of the significant
wave height, Hg, are selected together with the corresponding peak
wave period, Tp. This is because wave heights have a greater influence
on the mooring line tensions than current flows v,;. The maximum
of current flows v,;, within a time window of +4 h around the daily
maximum of the wave height, at the depths describes above are selected
as concomitants.

In the next step, Spearman’s rank correlations (Spearman, 1987)
between the variable pairs per location in the North Sea are analysed.
Based on the underlying physics and correlation matrices, structures
of individual Bayesian Networks (BNs) are set up, denoted as BN,,.
Therefore, two goodness-of-fit measures are applied, the d-calibration
score and the Cramér-von Mises method (CvM). Both, the BNs and
goodness-of-fit measures, are further described in Section 3.3. From
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Fig. 3. Detailed framework of the methodology applied in this study.

each BN,,;, n = 300 samples are drawn. Wave spectra per sample set
are generated and, along with steady current flow magnitudes, serve as
input for the finite-element model for flexible mooring lines.

The flexible mooring line model produces time series data of ten-
sions at the anchor, T, fairlead, T,s, and four intermediate rope
positions p, T,,_4. In certain scenarios, the numerical model exhibited
poor convergence, particularly in cases involving line folding or the
presence of compression. Additionally, the tension time-series contains
occasional instances of noise introduced by the spring-damper seabed.
The handling of these issues is summarised in Section 3.4. The tension
time-series are then derived and maximum tension rates, %’ at the
same rope positions p are selected.

For each location / in the North Sea, extended BNs are established,
BNy, incorporating hydrodynamic data from BN, ;, which served
as input for the flexible mooring line model, and maxima of tension
rate data at different rope locations, p, —*. These BN, are also
assessed via two goodness-of-fit measures and generate a sample set of
n = 1.000.000 samples per location /. The structures of BN, provide
further understanding of the underlying relationships among variables
and their spatial differences.

Finally, the tension rate data ag,r * generated by BN, are fitted
to a Generalised Extreme Value (GEV) distribution, to obtain values
corresponding to certain probabilities for each study location.

3.1. Spearman’s rank correlation coefficient

Between each pair of variables, Spearman’s rank correlation coef-
ficient, p, is calculated (Spearman, 1987). This acts as a foundation
for the dependence analysis and the structure of the Bayesian Network
for each location. Spearman’s rank correlation coefficient p is Pearson’s
correlation coefficient (Pearson and Galton, 1895) computed with the

ranks of each variable. It assesses the degree of monotonic dependence
between the random variables and is given by

)= Cov[R(X), R(Y)]

OR(X)OR(Y)

an

where the covariance of the ranked variates of X and Y is denoted
Cou[R(X), R(Y)], and ogy, and oy, are their standard deviations.
p € [-1,1], where p = 1 and —1 denote perfect (monotonic) positive
and negative correlation, respectively. The significance of observed
correlations is assessed by computing p-values using the student-t dis-
tribution (Zar, 1972):

n—2
1—p?

t=p (12)
where n represents the sample size or degrees of freedom. The p-value
is defined as the combined area in both tails of the student-t distribu-
tion. The p-value per tail is obtained from the cumulative distribution
function of the student-t distribution, evaluated at the t-score from
(12) with (n —2) degrees of freedom. A rank correlation is statistically
significant if the p-value falls below the significance level of « = 0.05.

3.2. Bivariate copulas

Copula models are a popular approach to model the dependence
structure between random variables, independent from their marginal
distributions. Any joint multivariate distribution can be described in
terms of a set of one-dimensional univariate marginal distributions in
[0,1] and a copula that models the dependence between the random
variables (Sklar, 1959). For the bivariate case, let H(x, y) for (x, y) € R?
be a joint distribution with univariate marginals F(x) and G(y), then
there exists a copula C in the unit square I = ([0, 1] x [0, 1]):

H(x,y) = C(F(x),G(y) (13)



R. Santjer et al.

Eq. (13) is satisfied for all (x,y) € R? (Nelsen, 2006; Genest and
Favre, 2007; Joe, 2015).

3.3. Gaussian copula-based Bayesian Network

A Bayesian Network is a probabilistic graphical model to rep-
resent high-dimensional and complex dependence structures (Hanea
et al., 2006). Bayesian Networks are directed acyclic graphs (DAG),
representing the joint distribution of a set of variables. Each node
represents a random variable, while the arcs between the nodes de-
scribe (conditional) probabilistic dependence between the variables.
The predecessor and successor of a node are called parent and child
nodes, respectively. In this study, this dependence is described via
one-parameter conditional copulas, which are parameterised by Spear-
man’s rank correlation coefficient p (Hanea et al.,, 2015). Here, the
Gaussian copula is selected for its computational efficiency, enabling
fast inference when handling large and complex problems. Thus, the
dependence structure of the variable set is described by a multivariate
normal distribution. Note, however, that for a copula-based Bayesian
Network, any other one-parameter copula could be used to describe
the joint dependence of variables. Each node represents a random
variable described by its empirical distribution function. Absence of
arcs between nodes indicates conditional independence between two
variables (Hanea et al., 2015). The joint probability density function
(pdf) of a Gaussian copula-based Bayesian Network (GCBN) with m
variables can be described as:

m
fl,...,m(xl’ ’xm) = fl (Xl) H fu|Pa(u)(xv|xPa(u)) (14)
v=2
where the joint density of m variables is denoted as f; _,,, the marginal
densities are denoted by f, and the conditional densities are denoted
by f,.- Note that each node v represents a variable X,,, while the parent
nodes of v form the set Pa(v) (Hanea et al., 2015).

To assess the goodness of fit of the Gaussian copula models per
variable pair, the Cramér—von Mises (CvM) statistic .S, is used (Genest
et al., 2009). The sum of squared differences between the empirical
joint cumulative distribution function (cdf) and the joint cdf of the
parametric copula model is determined. S,, the CvM test statistic, for
a sample length of n is determined as:

2
Sw=nYy {Cn(u) - C@n(u)} uel0 1 (15)
n|

Here, C,(u) = % Y, 1(U; <u) is the empirical copula and Gy, ()
is the parametric copula with the parameter 5,, estimated from the
sample. The lower S,(u) for the Gaussian copula compared to other
copula models, the better the Gaussian copula-based Bayesian Network
(GCBN) captures the joint dependence among variable pairs. Another
goodness-of-fit measure, known as d-calibration score (Morales-Népoles
et al.,, 2014), is applied. The dissimilitude between two correlation
matrices is determined via the Hellinger distance, where a score of
0 indicates that the correlation matrices differ element-wise, while a
score of 1 signifies identical matrices. The d-calibration score, however,
is sensitive to the sample size. For more information, the reader is
referred to Morales-Napoles et al. (2014).

In this study, the open-source Python library BANSHEE, version
1.3, is used for implementing GCBNs and for the calculation of the
goodness-of-fit measures d-calibration score and CvM statistics (see Pa-
protny et al. (2020), Koot et al. (2023) and for the MATLAB implemen-
tation see Mendoza-Lugo and Morales-Népoles (2023)).

3.4. Processing of numerical tension data

The finite-element model for flexible mooring lines, described in
Section 2.3 provides time series of tension data in the mooring line for
different positions p in the rope, while the tension close to the anchor,
T,, fairlead, 7,5, and 4 intermediate depths, 7,,_,, are chosen for the
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analysis. These time series have a resolution of 0.1 s and a duration
of 23 min, of which the first 3 min are used as ramp-up time and
are disregarded from the analysis. If the finite-element model fails to
converge at a given time-step due to unphysical folding or compressive
forces, the corresponding data point, along with 1 second before and
after, are removed from the analysis in post. If a model run does not
converge for more than 5 times, it is disregarded from the analysis. As a
result, each location / in the North Sea has between 286 and 300 cases.
Location 1, which has the shallowest water depth among all locations,
was excluded from the analysis. In this location, the mooring line
frequently became slack, primarily because the selected line properties
and the catenary configuration were unsuitable for such shallow water
depths. Ideally, a multi-segment mooring system incorporating a buoy
would be more appropriate for this location to reduce the required line
length. A single-segment catenary system alone would necessitate an
impractically long line.

Before transforming the tension data, 7, ,, to the relevant tension

P
rates, %’ outliers are removed from the time series. These outliers
primarily result from the damped-spring implementation of the seabed.
The spring and damper coefficients for the seabed, listed in Table
2, were selected to function effectively in most cases. However, in
certain instances, they may be slightly stiffer or more compliant than
necessary, leading to occasional outlier values. An outlier is detected
if its value exceeds three-times the moving-median of the tension time
series. Spikes are removed only if they occur for a single time step.
This ensures that potentially realistic snap loads, which typically persist
over multiple time steps, are not erroneously filtered out. To properly
analyse snap loads, which are characterised by high tension rates, %,
they are in a next step obtained by applying the second order central
difference approximation to the tension data 7, ,. The processing of
the tension rate is performed in post-processing for two reasons: (1)
it enables the filtering of outliers and irregularities in the tension
time series, providing a more informed calculation of the tension rate,
and (2) the second-order accurate central difference approach is more
general and does not require exporting data from intermediate steps.

. oT,,
In a next step, extremes of tension rates, —2, are selected for fur-

ther analysis. Therefore, two approaches are cgtmpared: block maxima
(BM) and peaks-over-threshold (POT). According to the Fisher-Tippett
theorem (Fisher and Tippett, 1928), the probability distribution of a
sample of the maxima per block (here, a block is defined as a case of
20 min simulation time) converges to generalised extreme value (GEV)
distributions. While, according to Pickands’ theorem (Pickands, 1975),
the probability distribution of a sample of peaks-over-threshold con-
verges to generalised Pareto distributions (GPD). There is equivalence
between these distributions, which have the same shape parameter.
Thus, the GPD is compared with the GEV for the tension rates at the
anchor, oT;O , for the reference location (RefLoc) 4, as this position p in
the rope exhibits most extremes. To fit the GPD, a threshold is defined
via an analysis of the stability of parameters of the GPD for different
tension rate percentiles. The 90th percentile is found to be a proper
threshold. Design values for the GEV and GPD are calculated and found
to be close to each other. Because of this and because the data used in
this study is already available as independent blocks in a sufficiently
high amount, the block maxima are chosen to obtain extreme tension
rates for further analysis. Additionally, the GEV is also recommended
by Xu and Guedes Soares (2021), who analysed different distribution
models for extreme mooring tensions. However, mixture distribution
models might offer a better fit under certain conditions (see also Xu
et al. (2022)).

4. Results
4.1. Hydrodynamic Gaussian copula-based Bayesian networks

Before generating tension data with the FE mooring line model
described in Section 2.3, hydrodynamic input data are required for the



R. Santjer et al.

Fig. 4. Underlying structure of GCBNs applicable to all locations with respect
to hydrodynamic variables. For each location /, certain arcs are added to
account for location-specific dependence structures.

model. Therefore, the daily extremes from the DCSM model are used
to set up Gaussian copula-based Bayesian Networks (GCBNs), which
generate a set of n = 300 data. This is done as the selected data from
the DCSM could under-represent extremes, as it only spans five years
and thus may not capture rare but critical conditions. Thus, the GCBNs
generate data whose dependence is described by the Gaussian copula.
These data, account for diverse conditions, while accounting for the
underlying dependence structure of the hydrodynamic variables.

In this section, the structures of the GCBNs of the hydrodynamic
data for each location / are described, denoted as BN, ;. Therefore,
seven variables are considered, as described above: significant wave
height Hg, peak wave period Tp and current magnitudes c,; at five
different depths i throughout the water column (see Table 1). Fig.
B.12 in Appendix B presents the hydrodynamic data from the DCSM
for RefLoc 4, which serves as input for BN, ,. The data has been
transformed to uniform [0,1] to facilitate its use in the copula models
(see Section 3.2). The uniform marginal distributions are shown on the
diagonal. The pairwise Spearman rank correlation coefficients, p, are
displayed on the upper-right part of Fig. B.12, while the scatter plots in
the lower-left section of the figure show the relationship between vari-
ables. Visually, some asymmetries in the bivariate pairs are observed. In
order to further investigate this observation, we use the CvM statistic,
which is described in Section 3.3. According to CvM, the dependence
structure of the variable pair of Hg and Tp is best captured by the
symmetric Frank copula, while for other variable pairs, the Gaussian
copula is generally the most suitable fit; however, there are instances
where the Frank or asymmetric Gumbel copulas provide comparable
fits. Given that the results of the CvM statistic predominantly indicate
that the symmetric Gaussian or Frank copulas provide the best fit, the
GCBN (see Section 3.3) is deemed an acceptable method for modelling
the dependence among hydrodynamic variables.

Fig. 4 shows the underlying structure, which is valid for all 12 lo-
cations / in the south-eastern North Sea (see Fig. 1). For each arc, the
correlation between the variable pair is r > 0.2, while the significance
level is below the threshold (« < 0.05). In general, there is a strong
correlation between the wave variables Hg and Tp. Regarding the
current variables, the current magnitude near the seabed, denoted ¢,
has arcs to the current magnitudes throughout the water column, c;,_s.
To ensure that the BN, adequately captures the correlation matrix
among current magnitudes, additional arcs between c;; and c,,, as well
as between c,4 and c,5 are necessary. In addition, the northern locations
3, 4 and 12 (see Fig. 1) require an arc between c¢;, and c,;, despite
their different water depths. The single BN, structures per location /
are shown in Fig. C.13 in Appendix C, marked in green.

Further differences in the structures of BN, , among locations are
observed on how the wave variables are connected with the current
magnitudes. An arc consistently connects Hg with the current magni-
tude near the seabed c;; or the current magnitude near the surface c,s,
or sometimes both. Specifically, the following patterns are observed.
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For all locations / in the area of interest, except locations 1 and 3, an arc
connects Hg with the current component with the highest correlation
and a < 0.05, which is mostly c,s, as this is the current close to the
surface. Different from that, an arc between Hg and ¢, is added for all
locations except for location 2 and 11 (shown in Figs. C.13(b) and (i)).
As shown in Fig. 4, ¢;; points to the other current variables c;,_s.

In general, the following procedure is observed among the offshore
locations 4 until 12, while the GCBN structure of location 11, BN, |,

requires the least amount of arcs (Fig. C.13(i)).

Adding an arc between Hg and ¢, leads to the GCBN structures
of location 5, 6 and 7, BN, 5_7, (see Fig. C.13(e)).

The structure of BN, 5_; results in the GCBN structure of location
8 and 9, BN, g o, by adding another arc between H and c,; (see
Figs. C.13(f) and (g)).

The addition of an arc between Hg and c,, leads to the structure
of location 10, BN, ;, (see Fig. C.13(h)).

Another additional arc between c,, and c,; represents the struc-
ture of the GCBN for location 4, BN,, 4, and 12, BN}, ,, (see Figs.
C.13(d) and (j)).

For the nearshore locations, certain arcs of BN, 4, and BN, |, can be
removed to get a satisfactory fit of the correlation matrix of the GCBN
for these locations.

* Based BN, 4 and BN, |,, removing arcs between Hg and c;; and
Hg and cy5 results in BN, ;.

+ Additionally, BN}, ; results from BN, ;; by removing an arc be-
tween Hg and c¢;5 and adding an arc between Hg and ¢, which
is necessary, despite the slightly lower correlation compared to
the correlation between Hg and c;s. A connection between these
variables degrades the fit, possibly because c¢,, instead of c;s
points to the other current variables.

* BNy, also builds on the structure of BN, ;; by removing an arc
between Hg and c;.

Summarising, it can be observed that the smaller the distance of
a location to the shore and the more it is affected by strong (tidal)
currents (e.g. between islands or close to an estuary, see locations 1
to 3, 5 to 8 and 11), the fewer arcs are required compared to locations
further offshore (e.g. locations 4, 10 and 12).

4.2. Methodological application on tension data exemplified by the RefLoc 4

In this section, the described methodology in Section 3.4 regarding
the processing of the tension data, T,,_s, of the FE model is applied and
presented for the RefLoc 4 as an example. Similar type of analyses may
be performed on other locations.

4.2.1. Denoising of tension data

First, the denoising process of the tension data T, , described in
Section 3.4 is demonstrated. Although all tension data time-series
throughout the mooring line undergo the described denoising process,
the anchor rope position is selected here to showcase the process. This
is, because for the tension data at the anchor, T}, unrealistic spikes
due to numerical errors are most frequent and intense, compared to
other positions p along the rope at different depths. Fig. 5(a) shows the
denoised time-series of T,, for the shallow location 2 under moderate
conditions (Hg = 3.1 m, T = 8.1 s) and (b) shows the denoised time-
series of T,, under more intense conditions for the RefLoc 4 (Hy =
3.6 m, Tp = 11.0 s). Both time-series have a duration of 20 min.

Fig. 5(c) and (d) demonstrate the difference of the raw time-series
(in red) and the denoised time-series (in black). (c) shows a segment
of (a), and (d) shows a segment of (b), each for 50 s respectively.
The denoised time-series are obtained by detecting and removing the
outliers, which are no longer than one timestep, i.e. 0.1 s, and interpo-
lating linearly among them. This is necessary since the tension rates,
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Fig. 5. Anchor data visualisation: (a) Denoised tension data for shallow location 2 under moderate conditions (Hg = 3.1 m, 7T, = 8.1 s); (b) Denoised tension
data for RefLoc 4 under storm conditions (Hg = 3.6,Tp = 11.0); (¢) Close-up view of raw versus denoised tension data for shallow location 2 under the same
conditions as in (a); (d) Close-up view of raw versus denoised tension data for RefLoc 4 under the same conditions as in (b); (e) Tension rate data for shallow
location 2 under the same conditions as in (a); (f) Tension rate data for the RefLoc 4 under the same conditions as in (b).

o, . . . . .
—2=3, for later analysis are derived from the time-series of T,,_s via

the second order central difference approximation. Thus, peaks in T,_s,
which stem unphysically from the seabed spring-damper system, lead
to unrealistically high tension rates.

The obtained tension rates, ()Tﬂ, for a shallow location in Fig. 5(a)
are shown in (e), while the tension rates for the RefLoc 4 from (b) are
displayed in (f). The maxima of the time-series of %= are selected

ot
per case for each location / in the North Sea.

4.2.2. Analysis of variables in physical units

These extreme tension rates, along with the hydrodynamic data,
which was used as input for the FE model, are subsequently utilised to
set up extended GCBNs. Here, the data for the RefLoc 4 is presented
in Fig. 6. On the diagonal, the empirical distributions are shown as
histograms. On the lower-left part of the figure, the scatter plots per
variable pair are presented, which allow for a comparison of pairwise
relationships. Among the current magnitudes, c¢;; at different depths
i, strong correlations are visible, especially among current magnitudes
that are closely aligned depth-wise. A similar, even stronger pattern
can be observed for the tension rates, daT:i , at different positions in
the mooring line. On the top-right part of Fig. 6, Spearman’s rank
correlation coefficients p are shown, which confirm these observations.
These correlations are further analysed in Section 4.2.3. As described
above, the denoising process aims to remove unrealistic spikes in the
data. However, occasionally, more extreme values tend to occur at
greater depths. Less extreme tension rates in upper rope positions, such
as at the fairlead, 0;; 3, are due to the weight of the mooring line, which
might dampen sudden movements and reduces extreme tension rates in
these rope positions.

4.2.3. Andlysis of variables in [0,1]*

In a next step, the 13 variables are transformed into a uniform
distribution on the interval (0, 1). This is important as the applied GCBN
is based on using Gaussian copulas (see Section 3.3), which operate in
this interval.

Fig. 7 shows the ranked variables for the RefLoc 4 (FINO3) as
pairwise scatter plots on the lower-left part, together with the one-
dimensional uniform margins on the diagonal and their density contour
plots on the top-right part of the figure. This allows one to better see
the above described correlations between variables independent from
their margins, different from Fig. 6, which shows the variables in their
physical units. Here, a high correlation between the significant wave
height H and the tension rates, is visible. This is also evident in the
corresponding density plot, where the contours have a narrow and
symmetric shape. This indicates that Hg is the main driver for the
tension rates in this case, as the correlations between Tp or c,; with
tension rates are significantly lower.

4.3. Bayesian networks of hydrodynamic variables and tension rates

The GCBN structures of the hydrodynamic input variables described
in Section 4.1 are extended by the derivatives of the tensions, ag’t"’ , at
different positions p in the mooring line. The structures of the GCBNs
for each location / in the North Sea, denoted BN, can be found
in Appendix C.

For each location /, different structures have been compared and as-
sessed, to identify the one that best represents the dependence structure
of the empirical data, hydrodynamic data from the DCSM and maxima
of tension rates, while aiming to minimise complexity by keeping the
number of arcs necessary low. The structures of BN, are assessed via
the d-calibration score and CvM statistic. For sample sizes of 80 to 300,
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Fig. 6. Pairwise scatter plots of the studied variables in their physical units for RefLoc 4 are presented in the lower-left part, together with their empirical
marginal distributions on the diagonal and rank correlation coefficients above the diagonal.

the d-calibration score between the correlation matrix of BN, and
the empirical data varies between 0.5 and 0.8. Note however that this
method is known to be sensitive to the sample size. The Gaussian copula
for each variable pair connected by an arc is additionally verified via
the CvM statistics. For the results of CvM among the hydrodynamic
variables, see Section 4.1. An example of the empirical data for Re-
fLoc 4, which serves as input for the BN, 4, is given in Fig. 7. For
this location, but also other locations with medium distance to shore
(3 to 9), it appears that there is some upper tail dependence among
the tension rates. According to CvM, however, the joint dependence
can be mostly described via the symmetric Gaussian copula, or the
Frank copula. For some variable pairs, such as among tension rates,
the Gaussian copula fits to a similar degree as the Gumbel copula, or
even better. This is the same for the joint dependence structure among
currents for location 3.

The correlation matrix of BN, should approximately match the
correlation matrix of the empirical data. In addition to the Spearman
correlation coefficients p, p-values are determined as a measure for
statistical significance of p. The left side of Fig. 8 shows the correlation
matrix for RefLoc 4, while the right side presents the corresponding
p-values. Note that for both, top-right above the diagonal black line

10

corresponds to the empirical data, while parts below the line corre-
spond to BN, ,." For the RefLoc 4, all correlation coefficients between
the empirical variables for this location are positive, except for the
pairs of Tp with the current magnitudes c,;; and maxima of tension
rates, Mras , both close to the surface. However, these correlations are
close to zero and their p-values are > 0.05, thus the correlations are
found not to be significant. Generally it can be seen that the correlation
matrix of BNy, 4, lower left, does match well the correlation matrix
of the empirical data, upper-right. Slight difference in the correlations
of > 0.1 are observed for RefLoc 4 for the variables pairs of T, with
T, 0.0 .. T3 .. . .

= and = with —=. For both, empirical correlation matrix and the
one of BNy, 4, there are strong correlation coefficients between H g and
tensions rates, as well as among current magnitudes and among tension
rates. The p-values in for the empirical data are above thresholds for
the variables pairs of Hg with c;4 and Tp with current magnitudes
and tension rates close to the surface. However, these variable pairs

1 The rank correlation coefficients and p-values are similar across the
selected locations in the North Sea and thus not all are presented in this study,
but can be made available upon request.
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Fig. 7. Pairwise scatter plots of the studied variables transformed to unit space for RefLoc 4 are presented in the lower-left part, together with their one-dimensional
uniform margins on the diagonal and their densities as contours above the diagonal.

have very low correlations and are thus not connected by an arc in the
BNp4-

The described characteristics for RefLoc 4 are generally observed
across all locations /. However, for locations 2, 3, 5 to 8, and 12, some
arcs between variables are needed despite their low correlation linked
with a high p-value. Removing these arcs would make the fit worse.

Generally, it is observed that the structure among the tension rates
a?{p depends on the distance to shore. The structure for the offshore
locations 10 to 12 with high water depths is identical. Adding two
arcs among the upper tension rates in the rope, the structure becomes
identical for the medium-distant locations 4 to 9. Adding two more arcs
to this structure among the tension rates 7’ results in the structure of
the near-shore and shallow locations 2 and 3.

4.4. Evaluation of tension rates at various percentiles

The above described structures for each BN, are used to generate
n = 1.000.000 samples for seven hydrodynamic variables and five
tension rate variables per location / in the south-eastern North Sea.
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These sample sets are used to assess expected tension rates and to
investigate the spatial differences across the south-eastern North Sea.
Fig. 9 presents the tension rate values for the 90th percentile across
the studied locations, with the left side showing values at the anchor
(r0) and the right side showing values at the fairlead (+5). Thus,
thresholds are shown, indicating that 90% of the tension rates in the
mooring line fall below these values. As previously mentioned, results
for location 1 are not reported, because the mooring line simulations
have not been successful due to the insufficient water depth. The back-
ground in Fig. 9 indicates the water depths. For detailed information
on the water depth in the area, see Fig. 1, and for the precise water
depths per location /, see Table 1. The 90th percentile is determined by
fitting the generalised extreme value (GEV) distribution to the selected
maxima tensions, as described in Section 3.4. Fig. D.14 in Appendix D
provides an overview of the maxima of the tension rates at the anchor
for RefLoc 4. It compares the empirical cumulative distribution function
(cdf) with the cdf of the fitted GEV distribution. The inverse cdf of
the GEV is used to determine the value corresponding to a probability
of 0.9. The tension rates at the anchor, I , in the left map in Fig. 9 are

ot
similar among the locations 9 to 12. These locations have the greatest
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Fig. 8. Left: Spearman’s rank correlation coefficients for the studied variables at RefLoc 4. Right: Corresponding p-values. In both plots, values above the black
diagonal correspond to empirical data, while those below correspond to data from the GCBNs.
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Fig. 9. Design values of tension rates for P(X < 0.9) at the anchor (left) and at fairlead (right).

water depth among those studied, with depths exceeding 38.6 m. For
the fairlead (right side of Fig. 9), location 12 stands out by experiencing
significantly higher tension rates compared to the other locations. This
could be due to the water depth, as location 12 is the deepest, with a
water depth of about 45 m. Additionally, mooring lines modelled for
locations 4 to 8 also exhibit similar tension rates at both the anchor and
fairlead, with water depths ranging from 22.8 to 35.7 m. Similarly, the
tension rates for the mooring lines at the shallow locations 2 and 3,
with depths below 15 m, are also comparable.

Following these observations, the rank correlations between the
tension rate values for the 90th percentile and the water depths across
the studied locations are calculated. For the anchor, the correlation
is 0.83, while for the fairlead, the correlation is found to be 0.91.
These high correlations indicate that the water depth is one of the main
variables influencing the tension rates in the mooring line.

To better visualise the differences among locations / with increasing
depth d, as well as among several positions p in the mooring line,
Fig. 10 presents the 90th percentile of tension rate values for three
different conditionalisation scenarios, indicated by different markers.

12

These tension rates are calculated for the anchor (+0), four intermediate
rope locations, and for the fairlead (r5). For comparison, the results for
the 95th percentile are shown in Fig. E.15 in Appendix E.

The unconditionalised scenario is marked by a triangle (v). The
results of this scenario at the anchor (top-left plot of Fig. 10) correspond
to the map on the left, while the results of the fairlead correspond
to the map plot on the right in Fig. 9. Note that at locations 2
and 3, the water depth is low and thus, the vertical resolution is not
sufficient to separate the rope into 6 positions. Therefore, intermediate
rope position r4 overlaps with the fairlead r5, so no data is shown
for r4 for these locations. For the unconditionalised scenario (v), it
can be seen that the differences in tension rates across mooring line
positions, p, are generally small. Tension rates appear to be higher at
the fairlead r5, compared to lower-located rope positions. Locations 2
and 3 are an exception to this due to their low water depth. For the
shallow locations 1 to 8, the differences in tension rates for the 90th
and 95th percentile for the unconditionalised scenario are comparably
small (see Fig. E.15 in Appendix E). This is different for the deeper
locations 9 to 12, where the differences in tension rates for the 90th
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Fig. 10. The 90th-percentile design values of tension rates are presented for six rope positions (), including the anchor and fairlead, for three conditionalising

cases.

and 95th percentile for the unconditionalised scenario marked by v
are relatively large, despite using the symmetric Gaussian copula, to
generate the sample sets. Therefore, the distribution of tension rates
for deep locations appears to have a heavier tail.

Fig. E.16 in Appendix E presents the 90th percentile results, nor-
malised by the static pretension per location /. Similar to the non-
normalised Figs. 10 and E.15, a general trend between water depth
and tension rate is visible as well, except for two locations. Location 3
and 4, which are relatively shallow with a water depths of 15.0 m and
22.8 m respectively, have significantly higher tension rates, particularly
at the anchor, compared to other locations with similar depths. This can
be attributed to their exposure to the dominant south to south-west
storm direction (Suselj et al., 2010; de Winter et al., 2013) and the
influence of a long wind fetch. Same applies to the deeper locations 9
to 12, whereas locations 1, 2 and 6 to 8 are relatively sheltered by the
coastline.

4.5. Evaluation of tension rates for different conditionalisation scenarios

The results above in Section 4.4 are here compared to two condi-
tionalising cases. The power of the GCBN to conditionalise on certain
variables is done here for several reasons. First, conditionalising on
certain variables provides further insights into the characteristics of
the conditioned extreme tension rates and thus helps to assess the
reliability of a floating structure under certain conditions. Therefore,
by holding certain variables constant, uncertainties in the analysis
of extreme tension rates can potentially be reduced. Furthermore, if
information about specific variables is available, its impact on tension
rates in the mooring lines can be assessed. The two conditionalising
cases per location / considered here are:

1. Conditionalising on the 80th percentiles of Hg and T

2. Conditionalising on the 80th percentiles of H¢ and 0::5

The first case is selected as waves are earlier identified as most
influential for the tension rates. Additionally, they are comparably easy
to measure. The second case is chosen by assuming that information
about the tension at the fairlead is available, e.g. due to an installed
sensor between the mooring line and the floating structure. This helps
to receive information about rope positions p below the fairlead, in-
cluding the anchor. Regarding the first case, it is important to note
that for the RefLoc 4, conditionalising on Tp has no influence on the
tension rates, if Hg is known. This is due to conditional independence
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Table 4

80th percentile values for variables used for conditionalisation.
Location [ Hg [m] Tp [s] %‘ [kN/s]
1 - - -
2 2.84 8.49 2.88
3 2.63 8.20 1.80
4 2.98 8.73 2.93
5 2.84 8.49 2.88
7 3.11 8.89 3.21
6 2.86 8.60 2.89
8 3.00 8.44 3.35
9 3.16 8.57 5.00
10 3.09 8.74 5.23
11 3.11 8.64 5.77
12 3.34 9.22 7.20

of tension rates and Tp given Hg (see the structure of BN, 4 in Fig.
C.13(d) in Appendix C). BANSHEE (Paprotny et al., 2020; Koot et al.,
2023) is used to generate sets of n = 1.000.000 samples conditionalised
on certain variables and values per location /, which are shown in Table
4.

Similar to the results described in Section 4.4 for the uncondi-
tionalised case, GEV distributions are fitted to the tension rates and
the obtained values corresponding to 90th and 95th percentile are
analysed. In Figs. 10 and E.15 in Appendix E, the results for the condi-
tionalising cases 1, indicated by %, and 2, indicated by o, are presented
for the 90th and 95th percentiles, respectively. With regard to the water
depths, a similar behaviour for the conditionalised tension rates for the
90th percentile is observed compared to the unconditionalised case.
The larger the water depth, the higher the 90th percentile of tension
rates. Additionally, for most of the locations / and rope positions p, the
90th percentile of conditionalised tension rates are lower than those
of the unconditionalised case (marked as v). Details of the RefLoc 4
are displayed in Table 5. The reason for these unexpected observations
lies in the heavy-tailed distributions of the tension rates. Therefore,
there is a (relatively) high probability of extreme values and thus large
variance, as the variance is sensitive to the square of the deviations
from the mean per variable. By holding certain variables constant at
their 80th percentile, extremes are eliminated and thus, the variance of
tension rates is reduced and generally (uninventively) lower compared
to the unconditionalised case.

The difference between the two conditionalising cases is most signif-
icant for the deep locations 9 to 12 (see Fig. E.15 in Appendix E). This is
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Table 5
Tension rate values [kN/s] for 90th and 95th percentile for RefLoc 4 for three
conditionalisation cases.

r0 rl r2 r3 r4 r5
P(X < xg9) 4.22 3.31 3.23 3.85 4.30 4.62
P(X < xg9|Hg,Tp) 3.95 2.33 2.63 2.61 3.02 3.27
P(X < xg9|Hg, T, %) 4.01 2.31 2.64 2.87 2.96 -
P(X < xg5) 7.42 5.08 5.00 5.80 6.35 6.67
P(X < x95|Hg,Tp) 5.19 2.58 3.00 3.06 3.47 3.71
P(X < xg5|Hg,Tp, a:—(") 5.19 2.53 2.98 3.05 3.03 -

similar to the above described results, as the tension rate distributions
at these locations seem to have a heavier tail.

Finally, comparing the conditionalising cases 1 and 2, differences
in tension rates for the lower rope location r,_, are marginal. Thus in
this case, where H is found to have the most influence on the tension
rates, it is sufficient to conditionalise only on Hg in order to analyse
extreme tension rates under specific conditions.

5. Discussion

Gaussian copula-based Bayesian Networks (GCBNs) were used in
this study to model the multivariate dependence of hydrodynamic
variables, i.e. wave and current variables, and tension rates at different
positions in a mooring line. It helped to analyse extreme tension rates as
an indicator of snap loads in a mooring line of a floating structure. This
was done exemplarily for a seaweed cultivation structure for several
different study locations across the south-eastern North Sea, each with
different offshore conditions and water depths. The results presented
here are, however, transferable to any other floating structure.

Some considerations potentially influencing the results are not ad-
dressed in this study. Even though study locations with different water
depths are selected, the bathymetry at each location is not considered
further. This might be relevant because according to Desiré et al.
(2023), accounting for the bathymetry has a significant effect on snap
loads. Furthermore, the present study assumes that waves and currents
are consistently in-line with the structure. Mooring lines are modelled
two-dimensionally on the axes x and z, see Fig. 2. However, this way
the complexity of the environment is not fully taken into account (Her-
mawan and Furukawa, 2020; Feng et al., 2021). Additionally, in this
study, one single mooring line is considered, while different tensions
are expected for different mooring lines of a floating structure. For
example, in aquaculture structures, an increase in biomass results in
higher tensions in several lines, particularly in the downstream mooring
lines, but reduces the maximum tensions in the upstream mooring
lines (Feng et al., 2021).

It was found that influences of hydrodynamic variables on the
tensions or tension rates appear to be different for certain conditions.
While Nguyen et al. (2019) observed in field experiments that cur-
rents significantly influence mooring line tensions in low to mid-tidal
levels, this study determined the significant wave height to be the
main driver for tensions. However, the average water depths of the
field experiments conducted by Nguyen et al. (2019) was 2.5 m. In
the presented study, the depths varied between 12.6 to 44.7 m. The
correlation between current magnitudes and tension rates was found
to be mainly between —0.19 and 0.35, different from the correlation
between significant wave heights and tension rates (0.81 to 0.98). Thus
for snap loads, the current magnitudes can be neglected, as they are
rather relevant for static pre-tensions than snap loads.

This study calculates mooring line tension rates using GCBNs, which
account for the multivariate dependence between hydrodynamic vari-
ables and tension rates. These results are then compared to tension
rates obtained under two conditionalising cases: one conditioned on
the 80th percentile of significant wave height (Hg) and peak wave
period (Tp), and the other conditioned on Hg and anchor tension
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rate. At the RefLoc 4, the results for the first conditionalising case are
independent of Tp given Hg. Thus, in this specific case it is sufficient
to conditionalise only on Hg. Therefore, computational efforts can be
minimised given conditional independent variables for certain GCBN
structures. Additionally, the results show that tension rates for the two
conditionalising cases are lower compared to the unconditionalised
case. This can be attributed to the heavy-tailed distributions of the
tension rates, as there is a high probability of extreme values. Thus, con-
ditionalising on certain variables leads to an “‘elimination” of extremes
and therefore, both the 90th and 95th percentiles are lower compared
to those of the unconditionalised case. Although this was observed in
the presence of heavy-tailed tension rate distributions, the mooring line
design should be based on a conservative case, considering most ex-
treme tension rates. Uncertainties are reduced when information about
specific hydrodynamic variables is available, and conditionalising on
this reduces uncertainties leading to increased safety and reliability of
the structures.

The structure chosen for this study is based on a pilot case at
RefLoc 4. Consequently, as outlined in Section 2.3, the mooring line
dimensions for other locations are scaled according to their respective
water depths to ensure a consistent surge restoring stiffness across all
locations (refer to Table 3). Thus, the results will differ in magni-
tude for different design parameters or even different moored floating
structures, such as offshore wind turbines, vessels or floating solar
panels. However, the characteristics are expected to be similar and the
method can be applied to any moored floating structure. The method
presented here is chosen for several reasons. It not only identifies which
hydrodynamic variables significantly influence tension rates but also
enables spatial analysis to compare variations across locations and es-
timate expected tension rates. Additionally, GCBNs offer computational
efficiency in modelling the multivariate dependencies among variables,
which Montes-Iturrizaga and Heredia-Zavoni (2016) identified as a
crucial next step in the reliability assessment of mooring lines, as
dependencies among variables often affect failure mechanisms. This
has been further shown by using the GCBN to conditionalise on certain
variables and analyse the resulting tension rates.

For the GCBN, the Gaussian copula is selected to model the multi-
variate distribution among variables. The selection of the Gaussian cop-
ula might not be the best chosen copula model. The results of Montes-
Iturrizaga and Heredia-Zavoni (2016) show that selecting the Gaussian
copula model can over- or underestimate the failure probability. In
general, the results are sensitive to the choice of copula model. How-
ever, the results of the Cramér—von Mises statistic, which was applied
as one out of two goodness-of-fit measures (see Sections 4.1 and 4.3),
show that the Gaussian copula is a reasonable fit to model the de-
pendence among the studied variables. Additionally, the d-calibration
score was used to assess whether the GCBN properly represents the
multivariate dependence structure of the selected variables, together
with a pairwise correlation comparison (see Section 4.3). Both conclude
that the individual GCBN per studied location are a suitable fit to model
the multivariate dependence of studied variables. The presented GCBN
enables to determine marginal distributions of tension rates influenced
by multiple factors, or given specific conditions (see Section 4.5). Thus,
GBCN’s are employed to quantify the sensitivity of tension rates at dif-
ferent rope positions to certain hydrodynamic factors. Since empirical
data is used as input to the GCBNSs, the model can be updated given new
observations to improve its accuracy. To account for different copula
models among variable pairs and also to model tail dependencies such
as those observed among tension rates, vine copula models (Joe, 2015;
Morales-Napoles et al., 2023) are a potential next step. However, due
to their complexity and fitting all possible structures of vine copula
models to the data, they are limited in application to a small number
of variables. Considering 13 variables, as done in this study via GCBNs,
would make the investigation of all possible vine copulas for the data
unfeasible.
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Fig. A.11. Overview of significant wave height (H) and peak wave period (T,) distributions for each location /. Light red shading represents the 10th-90th
percentile range, dark red shading represents the 25th-75th percentile range, and the median is indicated by a black horizontal line. (For interpretation of the
references to colour in this figure legend, the reader is referred to the web version of this article.)

6. Conclusion

Gaussian copula-based Bayesian Networks (GCBNs) have been used
in this study to model the multivariate dependence and thus the influ-
ence of hydrodynamic variables on the tension rates in a mooring line
of a floating structure. This has been done to gain more understanding
of critical snap loads, which put the structure at risk.

The presented method allows for inference for unconditional and
conditionalising cases. GCBNs rely on a single one-parameter copula,
which is the Gaussian copula.

It has been applied at 12 study locations, conditionalising on vari-
ables highly correlated with tension rates, which have an effect on the
marginal distributions of the tension rates. This approach is particularly
of advantage when data for such variables are available, as it reduces
uncertainty in predicting tension rates under specific conditions. The
results show that conditionalising on harsh hydrodynamic conditions,
the snap loads are counter-intuitively lower due to their heavy-tailed
marginal distributions. This highlights the need to account for the de-
pendence among hydrodynamic variables and tension rates, to improve
structures’ safety.

The current study establishes a framework for constructing a
Bayesian Network that correlates sea state conditions with mooring line
tension. The analysis was conducted under a simplified assumption that
the floater moves with the wave particles. This assumption facilitates
reproducibility and ensures that the analysis is not constrained by
specific floater properties. In future work, we intend to extend the
Bayesian Network to incorporate floater properties and their corre-
sponding dynamic responses. These properties will serve as additional
inputs to the network, enabling a more comprehensive and realistic
representation of the system behaviour.
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Appendix A. Overview of wave characteristics

See Fig. A.11.

Appendix B. Example hydrodynamic model data

See Fig. B.12.

Appendix C. GCBN structures for each study location

See Fig. C.13.

Appendix D. Comparison of cumulative distribution functions

See Fig. D.14.

Appendix E. Additional results on tension rate percentiles

See Figs. E.15 and E.16.
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Fig. B.12. Pairwise scatter plots of the data from the hydrodynamic model (DCSM) transformed to unit space for RefLoc 4 are presented in the lower-left part,
together with their one-dimensional uniform margins on the diagonal and rank correlation coefficients above the diagonal. This hydrodynamic data serves as

input for BN, .
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(8) GCBN structure for location 9

(j) GCBN structure for location 12

Fig. C.13. Structure of the GCBNs for each studied location /. The hydrodynamic BN, ,, marked in green on the left, are extended by tension rates to receive
BN,,,, presented here.
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Fig. D.14. Comparison of the empirical cumulative distribution function (cdf) for the tension rate at the anchor, derived from BN, with n = 1,000,000 samples,
against the cdf of a fitted Generalised Extreme Value (GEV) distribution for RefLoc 4.
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Fig. E.15. The 95th-percentile design values of tension rates are presented for six rope positions (r), including the anchor and fairlead, for three conditionalising

cases.
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Fig. E.16. The 90th-percentile design values of tension rates, normalised by their static pretension, are presented for six rope positions (r), including the anchor

and fairlead, for three conditionalising cases.
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