
 
 

Delft University of Technology

Document Version
Final published version

Licence
CC BY

Citation (APA)
van Essen, S. M., & Seyffert, H. C. (2026). Design loads for wave impacts — The Probabilistic Adaptive Screening
(PAS) method for extreme non-linear hydrodynamic loads and responses of maritime structures. Ocean Engineering,
357, Article 125440. https://doi.org/10.1016/j.oceaneng.2026.125440

Important note
To cite this publication, please use the final published version (if applicable).
Please check the document version above.

Copyright
In case the licence states “Dutch Copyright Act (Article 25fa)”, this publication was made available Green Open
Access via the TU Delft Institutional Repository pursuant to Dutch Copyright Act (Article 25fa, the Taverne
amendment). This provision does not affect copyright ownership.
Unless copyright is transferred by contract or statute, it remains with the copyright holder.
Sharing and reuse
Other than for strictly personal use, it is not permitted to download, forward or distribute the text or part of it, without
the consent of the author(s) and/or copyright holder(s), unless the work is under an open content license such as
Creative Commons.
Takedown policy
Please contact us and provide details if you believe this document breaches copyrights.
We will remove access to the work immediately and investigate your claim.

This work is downloaded from Delft University of Technology.

https://doi.org/10.1016/j.oceaneng.2026.125440


 

Contents lists available at ScienceDirect

Ocean Engineering

journal homepage: www.elsevier.com/locate/oceaneng  

Research paper

Design loads for wave impacts — The Probabilistic Adaptive Screening  (PAS) 
method for extreme non-linear hydrodynamic loads and responses of 
maritime structures
Sanne M. van Essen a,b ,∗, Harleigh C. Seyffert a
a Department of Maritime & Transport Technology, Delft University of Technology (TU Delft), Delft, The Netherlands
b Ships Department, Maritime Research Institute Netherlands (MARIN), Wageningen, The Netherlands

A R T I C L E  I N F O

Keywords:
Extreme value prediction
Design loads
Wave impacts
Ships
Offshore structures
Coastal structures
Non-linear loads
Probabilistic design
Reliability
Green water
Slamming

 A B S T R A C T

Wave impact loads on maritime structures can cause casualties, damage, pollution of the sea and operational 
delays. Consequently, their extreme values should be accounted for in the design of these structures. However, 
this is challenging, as wave impact events are both rare and highly complex, requiring both high-fidelity 
simulations and long analysis durations to reliably quantify the associated design loads. Moreover, existing 
extreme value prediction methods are neither specifically developed nor adequately validated for wave impact 
phenomena. We therefore introduce the new Probabilistic Adaptive Screening (PAS) method for predicting 
extreme non-linear loads on maritime structures. The method integrates copula-based statistical dependence 
modelling with multi-fidelity screening and adaptive sampling. This framework enables efficient extreme value 
prediction by statistically mapping low-fidelity indicator variables to high-fidelity impact loads. The method 
allows for efficient linear potential flow indicators to be used in the low-fidelity stage, even for strongly 
non-linear load cases. The statistical framework of the method is validated against four weakly and strongly 
non-linear test cases, including non-linear waves, ship vertical bending moments, green water impact loads, 
and slamming loads. It is concluded that PAS with optimal settings accurately estimates both the short-term 
distributions and extreme values in these test cases, with most probable maximum (MPM) values within 2–15% 
of the reference brute-force Monte-Carlo Simulation (MCS) results. In addition, PAS achieves this performance 
very efficiently, requiring in the order of 1–3% of the high-fidelity simulation time needed for conventional 
MCS. These results demonstrate that PAS can reliably reproduce the statistics of both weakly and strongly 
non-linear extreme load problems, while significantly reducing the associated computational cost compared to 
MCS.

1. Introduction and background

1.1. Wave impacts

A wave impact on a ship, offshore, or coastal structure is a dy-
namic loading event that occurs when a water wave hits the structure, 
causing a rapid transfer of momentum. It may occur when such a 
maritime structure encounters large and steep waves, experiences large 
wave-induced motions, or some combination of both (see Fig.  1). The 
resulting loads can cause significant damage, endanger crew or inhabi-
tants, cause pollution of the sea by lost cargo, decrease performance of 
the structure, or (in rare occasions) endanger the structure itself. Exam-
ples include green water and slamming on ships, wave-in-deck loads on 
offshore structures, and impacts on wind turbines, breakwaters, dams, 
jetties, bridges, and other coastal infrastructure. Severe wave impact 
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accidents are documented on sailing ships (Dallinga and Gaillarde, 
2001; Kapsenberg, 2018; Pereira, 2023; Reuters, 2023) and offshore 
structures (Halsne et al., 2022; Ersdal and Kvitrud, 2000; Zhang et al., 
2025; Viste-Ollestad et al., 2016; Havtil, 2025). Wave impacts also 
affect the structural reliability of various coastal structures, ranging 
from breakwaters (Cuomo et al., 2011a; Zhou et al., 2023), offshore 
wind turbines (Han et al., 2025), bridges (Cuomo et al., 2009), port 
infrastructure (Lucio et al., 2024), lighthouses (Antonini et al., 2021), 
to residential buildings (McCann et al., 2024; Hansom et al., 2015). 
This makes accurate prediction of the distributions and extreme values 
of strongly non-linear loads, such as those due to wave impacts, es-
sential. Waves and wave-induced processes are inherently stochastic, 
necessitating probabilistic design approaches. Even if a high-fidelity 
(HF) model could perfectly predict the loads associated with a specific 
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Fig. 1. Two examples of wave impacts on marine structures: a wind turbine foundation near Fécamp in 2023 (left, photo: K. King) and research vessel Discoverer
on the Bering Sea in 1979 (right, photo: R. Behn/NOAA).

wave event, this information alone has limited practical value. Without 
knowledge of the event’s probability of occurrence, it is impossible to 
assess the overall risk or to make reliable design decisions. In other 
words, the statistics of wave events and wave-induced loads are at the 
core of the problem.

1.2. Requirements for accurate prediction of extreme wave impact loads

As also discussed in van Essen and Seyffert (2025a), obtaining 
extreme values for wave impact loads is particularly challenging be-
cause such events are both rare and highly non-linear. Accurate and 
converged statistics of rare events require long-duration analyses, while 
HF simulations are needed to resolve the detailed physics. HF mod-
els in this context can include Computational Fluid Dynamics (CFD) 
simulations or basin experiments. HF models in this context include 
CFD simulations and basin experiments. Although CFD can increasingly 
reproduce wave impact loads for individual events (see Section 1.3), 
simulating durations in the order of the lifetime of the ship remains 
computationally infeasible for practical design applications. This moti-
vates the use of dedicated extreme value prediction methods (EVPM), 
which estimate design loads without assessing very long time series 
with an HF model. Here, EVPM refers to any method that can obtain 
extreme values of strongly non-linear responses or loads. By combining 
probabilistic methods with low- and high-fidelity (LF and HF) simula-
tions, EVPMs focus computational effort on events that matter most for 
design. While the statistics of wave events remain a key aspect of the 
problem, the choice of LF and HF models and the physical processes 
they represent is also crucial, as these decisions directly influence 
the accuracy of the predicted extreme loads. In this way, an EVPM 
connects the stochastic nature of waves, model selection, and design 
considerations. As concluded from van Essen and Seyffert (2023), an 
EVPM for strongly non-linear loads should then:

1. Integrate multiple fidelity levels, combining suitable HF models 
for accurate physical modelling with LF models to efficiently 
capture rare-event statistics;

2. Account for the practical limitation that only a few wave events 
can be simulated with an HF model during the design stage;

3. Allow for some wave non-linearity in the LF model, since linear 
models neglect important factors such as wave breaking and 
higher-order interactions that drive wave impact complexity;

4. Preserve consistent LF and HF time profiles, because peak loads 
are not always most relevant for structural dynamics (rise times 
or impulses can be more critical);

5. Have a flexible framework that allows case-specific LF and HF 
models while preserving the overall methodology, enhancing 
general applicability;

6. Provide accurate extreme values for strongly non-linear loads, 
validated using real-world cases;

7. Be efficient and practical for use in design.

1.3. Low- and high-fidelity models

Multi-fidelity EVPMs are only as reliable as the underlying physical 
modelling and the selected combination of LF and HF models. The 
HF model must resolve all relevant physical processes with sufficient 
numerical or experimental fidelity, including appropriate spatial and 
temporal resolution and geometric representation. For wave impact 
problems, the available HF modelling approaches are currently CFD 
simulations or basin experiments. Historically, experiments were the 
only reliable source of wave impact load data and they remain the 
primary reference in most existing standards and guidelines (DNV, 
2019a, 2018, 2019b; BV, 2015, 2019; ABS, 2020, 2021; ITTC, 2017a). 
However, several studies have demonstrated that CFD can accurately 
replicate experimental breaking wave events (e.g., Düz et al., 2020) 
and wave impact loads when both wave kinematics and ship motions 
are properly represented (e.g., Bandringa and Helder, 2018; Bandringa 
et al., 2020; Pákozdi et al., 2022; Gramstad et al., 2023; Bunnik et al., 
2015; Scharnke and Helder, 2023; van Essen et al., 2021). While 
numerous HF modelling choices and numerical settings exist, a detailed 
discussion is beyond the scope of the present paper. As discussed in the 
next section, many existing EVPMs also rely on an LF indicator variable 
that is used to identify critical events for subsequent HF evaluation. 
This LF variable may, but does not need to, represent the same physical 
quantity as the HF response at a lower resolution. The first requirement 
to define an LF indicator is that it exhibits similar order statistics (ranked 
values arranged in ascending or descending order) to those of the 
target HF variable. While this requirement is more easily satisfied when 
LF and HF models represent the same variable, this study demon-
strates that physically related but different indicators can be effective, 
particularly for strongly non-linear wave impact problems. A second 
essential requirement is that the LF model should be computationally 
inexpensive, as it must be evaluated over durations corresponding to 
several times the lifetime of the structure. This does not mean that 
the LF model has to be linear; it can be linear or weakly non-linear, 
and be an analytical model, potential flow model, higher-order spectral 
wave model, or even a coarse-mesh CFD model. Identifying a suitable 
LF indicator model that satisfies both requirements is challenging and 
typically relies on engineering judgement and prior experience, as the 
suitability of an indicator cannot be assessed beforehand. This reliance 
on expert model selection is common to most EVPMs. Guidance is 
therefore usually drawn from previous studies. van Essen and Seyffert 
(2023) provides a detailed review of suitable indicator variables for 
different types of wave impact loading. Most of these studies employ 
either peak values of (relative) wave elevation or related kinematic 
measures obtained from linear or weakly non-linear potential flow 
simulations, or wave impact loads computed using coarse-mesh CFD as 
LF indicators. Furthermore, van Essen et al. (2021) demonstrated that 
LF indicator results can provide effective inputs for HF CFD simulations.
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Table 1
Most important nomenclature.
 𝑥′/𝑥′′ LF/HF version of variable 𝑥 RWE Relative Wave Elevation 𝑛𝑤 # wave encounters in MCS  
 𝑥 MPM of variable 𝑥 VBM Vertical Bending Moment 𝑁 # seeds in MCS  
 AS Adaptive Screening method 𝐶 Wave crest height 𝑃exp PoE level corr. to 𝑇exp and 𝑇𝑝,𝑒  
 CFD Computational Fluid Dynamics 𝐶(𝑢, 𝑣) Fitted copula model 𝑅19/𝑅bow RWE at station 19 or bow  
 EVPM Extreme Value Prediction Method [𝐝∗ ,𝐡∗] Predicted HF distribution 𝑇exp Target/exposure duration  
 HF High-Fidelity

[

𝐝cop𝐻,𝑏 ,𝐡
cop
𝑏

]

Distribution HF copula draw 𝑏 𝑇1/𝑇1,𝑒 Mean wave (encounter) period  
 LF Low-Fidelity

[

𝐝mcs𝐿 , 𝐥mcs
]

Distribution all LF samples in MCS 𝑇𝑝/𝑇𝑝,𝑒 Peak wave (encounter) period  
 MCS Monte-Carlo Simulation [

𝐝sel𝐿 , 𝐥
sel] Distribution present LF samples 𝑉𝑠 Forward speed of the ship  

 MD Acquisition function 𝐹𝑠 Bow-flare slamming force 𝑉ℎ𝑜𝑔/𝑉𝑠𝑎𝑔 Hogging/sagging VBM  
 MVPD Acquisition function 𝐹𝑥 Green water force 𝑉𝑟,19 RRV at station 19  
 MPM Most Probable Maximum 𝐡sel Present HF samples 𝑧 # bootstrapping copula draws  
 PAS Probabilistic Adaptive Screening 𝑙0,init/𝑙0 Input/updated LF threshold 𝜖1/𝜖2 Case-specific stopping criteria limits 
 POT Peak-over-threshold 𝑚 # present HF samples 𝜇 Wave heading w.r.t. structure  
 RRV Relative Rise Velocity 𝑛 # LF indicator peaks in MCS 𝜔/𝜔𝑒 Wave (encounter) frequency  

1.4. Existing EVPMs

Extreme value prediction is similar to reliability analysis; the former 
focuses on extreme loads, while the latter considers failure probability 
𝑃𝑓 = 𝑃 (𝑅 − 𝑆 ≤ 0), where 𝑅 is resistance and 𝑆 loads. Since they 
are related, we review both, but structural resistance is not considered 
further. A comprehensive literature review of maritime EVPMs is given 
in van Essen and Seyffert (2023, 2025a) added recent literature on both 
EVPMs and reliability methods. Here we summarise the key studies 
relevant to the present work and briefly discuss developments since the 
review paper. Response-conditioning methods generate critical wave 
events conditioned on a given response, using transfer functions, wave 
spectra, and phase assumptions. They produce single (Adegeest et al., 
1998) or multiple wave profiles (Taylor et al., 1997; Torhaug et al., 
1998; Jensen, 2009), usually via FORM/SORM. They are efficient and 
event-based but mostly assume linear Gaussian waves; extensions using 
higher-order models (Takami et al., 2023; Dermatis et al., 2025b,a) 
are promising but have not been validated for strongly non-linear im-
pact cases. Screening methods use LF indicator variables, as described 
above, to identify critical events for HF analysis by ranking waves 
according to their LF responses (Stansberg, 2008; Bunnik et al., 2018, 
2019; Stansberg, 2020; van Essen et al., 2021). Such methods meet 
most EVPM criteria and could suit strongly non-linear cases, but are 
associated with a non-conservative bias when the indicator is poorly 
chosen. This comes from assuming a monotonic relation between the 
order statistics of the LF and HF variables; when a non-perfect LF 
indicator seeks the largest magnitude event in a time record, it will 
invariably sometimes indicate the second, or third (or so on) largest 
event instead of the true extreme. This always leads to a biased un-
derestimation of the extremes. Such a bias can be mitigated with a 
safety factor, but this is not ideal. Different types of rare event sampling 
methods also reduce the number of HF simulations compared to Monte-
Carlo simulation (MCS). Examples are importance sampling (Tabandeh 
et al., 2022; Chiron et al., 2023; Fernandez Castellon et al., 2023), 
subset sampling (Chan et al., 2022), adaptive sampling, or combi-
nations (Cheng et al., 2023; Yuan et al., 2024; Cheng et al., 2025). 
Adaptive sampling (or sequential sampling/Bayesian model updating 
/ Bayesian experimental design/active learning) seems most suitable 
for an EVPM, as it can guide exploration towards the extremes by 
learning from previous iterations. Adaptive sampling uses surrogates, 
which can be polynomials, polynomial chaos expansion (Nguyen and 
Manuel, 2024b,a), support vector regression (Roy et al., 2018; Fang 
et al., 2024), neural networks (Chojaczyk et al., 2015; Bao et al., 2024), 
or especially Gaussian Process Regression (GPR, or Kriging) (Fuhg et al., 
2021; Forrester et al., 2007; Kennedy and O’Hagan, 2000). Applications 
of adaptive sampling with GPR include extreme weakly non-linear 
wave-induced loads on maritime structures (Mohamad and Sapsis, 
2018; Gramstad et al., 2020; Guth and Sapsis, 2022; Guth et al., 2023; 
Tang et al., 2023; Abaei et al., 2024). Adaptive sampling has to stop at 
convergence; criteria are studied in Huang et al. (2006), Zhang et al. 
(2024). Multi-fidelity sampling for ship motions was studied by Kim 

et al. (2025). Response Surface Methods (RSM) use similar surrogates 
for reliability problems (see e.g., Kim and Lee, 2015; Zhao et al., 2017; 
Kim et al., 2011; Wilkie and Galasso, 2021; Kingston et al., 2011; 
Saraygord Afshari et al., 2022), with optimisation strategies discussed 
in Marrel and Iooss (2024b,a), Li and Wang (2022), Li et al. (2020). 
Adaptive sampling methods with GPR satisfy most EVPM criteria, but 
their implementations remain case-specific and untested for strongly 
non-linear wave-induced loads. Summarising, some existing methods 
meet multiple EVPM criteria, but their implementations remain case-
specific and untested for strong wave impacts. Consequently, industry 
practice relies on standards (e.g., DNV, 2019a, 2018, 2019b; BV, 2015, 
2019; ABS, 2020, 2021; ITTC, 2017a), specifying plate thicknesses 
or using experiments with multiple 0.5-3 h wave seeds to estimate 
short-term extreme responses.

To address these limitations of the existing methods, we previously 
developed the Adaptive Screening (AS) method (van Essen and Seyffert, 
2025a). AS is a multi-fidelity approach for predicting extreme non-
linear HF wave-induced loads, combining elements from screening, 
adaptive sampling and GPR. It uses an LF indicator to select critical 
events for HF evaluation, and builds a surrogate HF distribution from 
which the design loads are derived, iteratively adding HF samples 
until convergence. The steps of the method are briefly discussed in 
Appendix  A. AS was validated with good results for a weakly non-linear 
case (second-order waves) and a moderately non-linear case (vertical 
bending moments), and further tested in a pilot study of a strongly 
non-linear green water impact on a containership.1 Further work (van 
Essen and Seyffert, 2025b) studied the effect of the acquisition function, 
one of the elements of AS. Most data and all scripts are available 
in van Essen and Seyffert (2025e,c). The strength of AS for strongly 
non-linear loads lies in its flexibility, allowing a wide range of LF 
indicators, including non-linear ones if necessary, and in its efficiency, 
as it minimises the number of HF simulations. This makes it well-suited 
for problems with sparse datasets. However, for complex cases, the LF 
indicator may need to be a relatively expensive model, such as the 
coarse-mesh CFD used in Case 3 of van Essen and Seyffert (2025a), 
which increases computational cost. As with other screening methods, 
a poorly chosen indicator can introduce a systematic non-conservative 
bias. Consequently, AS meets all requirements in Section 1.2 for simple 
cases, but in complex problems it cannot always be both accurate and 
efficient. AS is used as reference method throughout this study.

Existing methods, including AS, generally do not capture the full 
probabilistic dependence or joint extremes of LF and HF variables, 
which may explain some limitations. Copula models provide a flexi-
ble framework for multivariate distributions, separating marginal be-
haviour from dependence. They can be used to interpolate the joint 

1 In van Essen and Seyffert (2025a), we used the term non-linear responses to 
emphasise the method’s applicability to hydrodynamic motions, accelerations, 
green water loads etc. However, as discussed in Section 1.4, extreme value 
prediction aligns with reliability analysis, where loads is the standard term. 
We therefore now use loads for all hydrodynamic responses.
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distribution learned from a limited number of samples. Further details 
are given in Appendix  B. Copula models have recently been applied 
to reliability analysis of slopes in spatially variable soils with limited 
samples (Xu and Liu, 2026; Wang et al., 2025), systems of dependent 
equipment components (Qiao et al., 2025; Bru-Cordero et al., 2025), 
reliability-based design optimisation for correlated variables (Zhang 
et al., 2026; Lu et al., 2025), and assessment of joint risks for breakwa-
ter overtopping (Mares-Nasarre et al., 2024). In extreme value analysis, 
copulas have been used to model joint tail distributions of multiple 
variables (Krupskii and Joe, 2019) and the dependence between moor-
ing line loads and sea state parameters (Santjer et al., 2025). Copula 
models have long been used by oceanographers to capture the joint 
statistics of dependent environmental variables (Vanem et al., 2024; 
Duan et al., 2024; Fang et al., 2024; de Waal and van Gelder, 2005) 
and to account for spatial dependence between extreme environmental 
variables (Beck et al., 2020; Ghosh and Mallick, 2010; Davison et al., 
2012). For wave impact loading, copula models have been used to 
describe the joint distribution of quasi-static and impulsive components 
of measured deck pressures (Wei et al., 2022), wave impact maxima 
on a coastal bridge conditioned on rise time (Serinaldi and Cuomo, 
2011), extreme stresses at multiple deck locations of a container ves-
sel (Gaidai et al., 2016), interactions among parameters in experimental 
dam break impacts (Shen and Liu, 2024), maxima and rise times of 
breakwater loads (Cuomo et al., 2011b), and to derive the most likely 
wave impact load profile on a floating wind turbine based on wave 
conditions (Yang et al., 2025). Copula models have previously been 
integrated with multi-fidelity approaches: (Kramer et al., 2019; Pe-
herstorfer et al., 2016) developed multi-fidelity importance sampling, 
and Proppe (2019) combined multi-fidelity modelling with a copula to 
establish a reliability model hierarchy. Copulas have also been paired 
with adaptive sampling: (Li et al., 2025; Ma et al., 2026) combined 
Bayesian model updating with MCS and copulas for reliability analysis, 
while (Bracken et al., 2018) used a Bayesian model with a copula to 
capture joint annual extremes of time-varying climate variables.

Despite their promise, copula-based approaches have not yet been 
combined with multi-fidelity or adaptive sampling frameworks to im-
prove the efficiency of extreme value prediction for strongly non-linear 
loads such as wave impacts. The closest work (Peherstorfer et al., 2016; 
Kramer et al., 2019) relies on importance sampling rather than adaptive 
sampling and has not been tested on real-world strongly non-linear 
cases. Adaptive sampling is generally considered more flexible and 
robust for complex tail behaviour.

1.5. Objectives & contribution of the present paper

As discussed above and in van Essen and Seyffert (2025a), a new 
EVPM is needed for wave impact loads, as serious maritime incidents 
still occur and existing methods are insufficiently validated for this 
problem. This study is also motivated by the observation that statis-
tical aspects in maritime applications are often treated less rigorously 
than they could be, despite the inherently stochastic nature of waves 
and their responses. This work therefore focuses on the statistical 
framework of the EVPM rather than on LF or HF model details. We 
propose a new variant of AS that addresses its limitations for complex, 
strongly non-linear cases. Unlike classical AS, which relies heavily on 
LF order statistics as surrogates for HF extremes, the proposed method 
introduces a probabilistic coupling between LF indicators and HF loads. 
This reduces dependence on expensive LF models and enables the use 
of simpler, cheaper indicators while maintaining robust and accurate 
extreme-value predictions. The related objectives of this paper are to:

1. Introduce a modification of AS, called Probabilistic Adaptive 
Screening (PAS), which improves the statistical handling of ex-
treme values of strongly non-linear loads, and complies with the 
requirements in Section 1.2.

2. Validate that the method can (more) accurately and efficiently 
predict short-term extreme values (than AS and MCS) for a range 
of realistic strongly non-linear applications.

3. Demonstrate that the approach can be applied using practical LF 
indicator models derived from linear potential flow calculations, 
instead of relying on coarse-mesh CFD.

The novelty of PAS lies in integrating existing method elements 
into a unified multi-fidelity framework. By combining screening and 
adaptive sampling with probabilistic LF-HF modelling, PAS enables 
efficient and statistically consistent prediction of extreme wave impact 
loads. While PAS can in principle predict both long- and short-term 
extremes, this work focuses on short-term extremes due to validation 
data availability. Overall, PAS offers a new, efficient, and accurate 
EVPM tailored to wave impact loads.

Section 2 presents the new PAS method, and Section 3 introduces 
four case studies for its validation and comparison with AS and MCS. 
In addition to wave impact cases, simpler problems are included to 
assess robustness and illustrate performance across varying levels of 
non-linearity and modelling complexity. Section 4 describes the per-
formance metrics, Section 5 presents and discusses the results, and 
Section 6 concludes the study. Table  1 provides a brief nomenclature.

2. The Probabilistic Adaptive Screening (PAS) method

Multi-fidelity extreme value methods link LF indicators and HF 
loads at different statistical levels (see Fig.  2). Retaining more informa-
tion (left) improves accuracy but increases complexity and simulation 
cost, while simplification (right) reduces cost at the risk of losing 
critical information. AS uses LF order statistics as surrogates for HF 
extremes, linking them at the level of the marginal distributions in 
a deterministic way. While efficient, it struggles with strongly non-
linear problems, where a single LF value can be associated with a 
range of HF values. This makes its performance sensitive to outliers 
in the LF indicator, and costly LF models seem to be required for good 
wave impact results. The proposed Probabilistic Adaptive Screening (PAS) 
method replaces the deterministic link between LF and HF marginal 
order statistics with a probabilistic connection between paired LF-HF 
peaks (as indicated on Fig.  2). PAS retains the screening and adap-
tive sampling of AS, but replaces the order-statistics surrogate with 
a probabilistic copula model fitted to the LF-HF pairs. This captures 
their variability, enabling accurate HF distribution estimates from few 
HF samples and reducing sensitivity to the LF indicator in strongly 
non-linear cases. This allows for flexible dependence modelling and 
efficient prediction of wave impact design loads from simple linear LF 
indicators.

2.1. Steps

The goal of PAS in the present implementation is to predict the 
most probable maximum (MPM) value in exposure duration 𝑇exp of 
a target HF non-linear variable. The appropriate 𝑇exp depends on the 
problem and user requirements, and is typically between 20 min and 
3 h (depending on the ergodicity of the operating conditions at sea). 
PAS uses a peak-over-threshold (POT) approach. The method consists 
of the steps outlined below, numbered according to the schematic 
overview of PAS in Fig.  3.

Step 1 LF indicator: Define an LF indicator variable with an expected 
strong order-statistics relationship with the target HF response, 
as in other response-conditioning and screening methods (see 
Section 1.3). The indicator signal is not necessarily the same 
physical quantity as the target HF response at a lower fidelity 
level; it may also be a different but physically related signal. An 
ideal indicator exhibits a monotonic correspondence between 
the highest LF indicator values and the largest HF response 
events. A review of suitable wave impact indicators is provided 
in van Essen and Seyffert (2023).
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Fig. 2. Some of the possible statistical levels where multi-fidelity methods can derive or learn the relation between an LF indicator variables (black) and HF 
non-linear loads (red), including the location of AS and PAS. Modified from van Essen and Seyffert (2025a).

Fig. 3. Schematic illustration of PAS, where the numbers roughly correspond to the method steps in Section 2.1. The left plot only shows a small part of the 
MCS time traces, and only a few HF samples are included in the middle and right distributions to illustrate the principle.

Step 2 LF Monte-Carlo simulation: Perform LF MCS for a large 
number 𝑁 of wave seeds, each of duration 𝑇exp. See van Essen 
et al. (2023), Scharnke et al. (2023) for an example of the 
required 𝑁 for converged extreme values of wave crests, green 
water impact forces, and wave-in-deck impact forces. The total 
MCS duration 𝑇tot follows from 𝑇tot = 𝑁 ⋅ 𝑇exp. Also determine 
the total number of zero up-crossing encountered wave crests 
𝑛𝑤 within 𝑇tot. This can be estimated as 𝑛𝑤 ≈ 𝑁𝑇exp∕𝑇1,𝑒, or 
counted directly from the underlying wave record. The mean 
wave period is taken as 𝑇1 = 𝑇𝑝∕1.98 (for a JONSWAP spectrum 
with 𝛾 = 3.3). The corresponding mean encounter period for 
a sailing ship follows from Eq. (1), with wave frequency 𝜔 =
2𝜋∕𝑇 , ship forward speed 𝑉𝑠, and wave heading 𝜇 relative to 
the vessel (with 𝜋 denoting head seas). 

𝜔𝑒 = 𝜔 − 𝜔2𝑉𝑠 cos𝜇∕𝑔 → 𝑇1,𝑒 = 𝑇1
/(

1 − (2𝜋𝑉𝑠 cos𝜇)∕(𝑇1𝑔)
)

(1)

Step 3 LF peaks over threshold: Identify the 𝑛 ordered LF indicator 
peaks 𝐥mcs that exceed the threshold 𝑙0,input in the MCS duration 
𝑇tot, using a POT crossing procedure (see Eq. (2)). Such a 
threshold can be straightforward to define for some problems, 
for example when only relative wave elevation (RWE) values 
above a deck level lead to an impact. By ignoring all LF 
samples below this threshold, excessive sampling in the region 
where the HF response is likely to be zero can be avoided. 
𝐥mcs =

(

𝑙1, 𝑙2,… , 𝑙𝑛
)

, 𝑙𝑗 > 𝑙0,input, 𝑗 = 1,… , 𝑛 (2)

Step 4 LF distribution: Calculate the LF exceedance probability for 
all indicator peaks 𝐝mcs𝐿 = {𝑑mcs𝐿,𝑖 |𝑖 = 1, 2,… , 𝑛}, related to the 
number of wave encounters, by applying Eq. (3). 𝑛𝑤 from Step 
2 forms the common basis for all exceedance distributions in 
PAS. By thus normalising both LF indicators and HF responses, 
we correct their exceedance probabilities for differing numbers 
of peaks and express them on a common exposure scale, which 
enables consistent relations between LF and HF distributions 

and physical durations. The largest LF indicator peak value has 
an exceedance probability of 1∕𝑛𝑤 and the smallest 𝑛∕𝑛𝑤. This 
yields LF indicator peak exceedance probability distribution 
[

𝐝mcs𝐿 , 𝐥mcs
]

, with 𝐝mcs𝐿  in ascending order. 

𝐝mcs𝐿 = 𝑛
𝑛𝑤

⋅ 𝑃 (𝐥mcs ≥ 𝑙) (3)

Step 5 Initial LF samples: Select 𝑚 initial samples from the LF 
exceedance distribution. The selected set is called [𝐝sel𝐿 , 𝐥sel

]

, 
where 𝐝sel𝐿 = {𝑑mcs𝐿,𝑘 |𝑘 = 1, 2,… , 𝑚} and 𝐥sel = {𝑙mcs𝑘 |𝑘 =
1, 2,… , 𝑚}. Different sampling strategies can be used to choose 
the indices 𝑘 and the associated exceedance probability levels 
[𝑝1, 𝑝2,… , 𝑝𝑚], as explained in Section 2.5. Using Eq. (4), we 
select the LF MCS exceedance distribution elements closest to 
these levels and assemble them in subset [𝐝sel𝐿 , 𝐥sel

]

. 

𝑑sel𝐿,𝑘 = arg min
𝑑∈𝐝mcs𝐿

|𝑝𝑘 − 𝑑|, 𝑘 = 1, 2,… , 𝑚 (4)

Step 6 Corresponding HF samples: Obtain the HF loads for the 
selected indicator peaks in [𝐝sel𝐿 , 𝐥sel

] by running an HF model 
for the corresponding wave events. The HF model must cap-
ture all relevant physical processes, including appropriate grid 
resolution, time stepping, and numerical settings. For wave 
impacts, this typically requires fine-mesh CFD or model ex-
periments, with robust initialisation of HF events based on LF 
simulations (approaches for this are discussed in Section 5.7). 
The selected samples may turn out to be true positives (the LF 
indicator correctly predicted an impact) or false positives (the 
LF indicator predicted an impact that did not occur). Only true 
positives (with HF load values greater than zero) are included 
in the matched LF-HF dataset, to avoid introducing a strong 
non-conservative bias for rare events. The resulting HF dataset 
is 𝐡sel = {ℎ𝑘|𝑘 = 1, 2,… , 𝑚}, where ℎ𝑘 is the HF maximum for 
event 𝑘. False positives are also removed from [𝐝sel𝐿 , 𝐥sel

] to keep 
the LF-HF datasets consistent, while still being counted in the 
total number of evaluated HF samples and iterations.
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Step 7 Temporary outlier removal: Temporarily remove LF-HF pairs 
whose HF responses strongly deviate from the overall trend. 
A quadratic model ℎ̂𝑘 = poly2(𝑙𝑘) is fitted to the matched 
data, residuals 𝑟𝑘 = ℎ𝑘 − ℎ̂𝑘 are computed, and samples with 
|𝑟𝑘| > 3 ⋅ RMS(𝑟) are identified as outliers. These samples are 
excluded only for the current iteration and are reconsidered 
later as new LF-HF pairs are added. The remaining data are 
then used for copula fitting, which improves the stability of 
the fit.

Step 8 Copula fitting: Fit a joint copula probability model to the 
LF-HF paired samples [𝐥sel,𝐡sel]. Before fitting the model, the 
samples are converted to empirical pseudo-observations [𝐮, 𝐯]
on the unit interval [0,1]. This is expressed in Eq. (5), where 
rank() denotes the statistical rank of the LF or HF elements, and 
𝐹𝐥sel  and 𝐹𝐡sel  are the empirical marginal distributions of the LF 
and HF samples, respectively. This is necessary because copula 
models are defined on [0, 1]2. The copula model selection and 
fitting procedures are explained in Section 2.2, and the fitting 
is illustrated in Fig.  4. This yields a fitted copula 𝐶 for the joint 
exceedance probability 𝑃 (𝐻 ≥ ℎ,𝐿 ≥ 𝑙 ∣ 𝐻 > ℎ0, 𝐿 > 𝑙0), where 
𝐿 and 𝐻 are random variables corresponding to the LF and HF 
samples. The copula is only defined over the sample range, so 
𝑙0 = min(𝐥sel) (which may equal or exceed the initial 𝑙0,input) 
and ℎ0 = min(𝐡sel). 

𝑢𝑖 =
1

𝑚 + 1
rank(𝑙sel𝑖 ) ≈ 𝐹𝐥sel (𝑙

sel
𝑖 )

𝑣𝑖 =
1

𝑚 + 1
rank(ℎsel𝑖 ) ≈ 𝐹𝐡sel (ℎ

sel
𝑖 ), 𝑖 = 1,… , 𝑚

(5)

Step 9 Draw conditional HF samples: Draw 𝑧=10 Monte Carlo real-
isations of HF values from the fitted copula model, conditioned 
on all LF values in 𝐥mcs from Step 4 above 𝑙0 (because the 
copula is not defined below this value). We call this new 
conditioning set 𝐥mcs0  (with elements 𝑙mcs0,𝑗 |𝑗 = 1,… , 𝑛0). Multiple 
realisations are drawn to quantify sampling variability. First, 
theoretical marginal distributions 𝐹𝑙,𝑡 and 𝐹ℎ,𝑡 are fitted to the 
LF and HF samples, as explained in Section 2.3. Next, the 
LF pseudo-observations 𝐮mcs are computed using the fitted LF 
marginal CDF (see Eq. (6)). For each realisation 𝑏 = 1, 2,… , 𝑧
and each conditioning point 𝑗, a uniform random variable 𝑟𝑗,𝑏
is drawn, and the corresponding conditional copula quantile 
𝑣cop𝑗,𝑏  is computed from the fitted copula model 𝐶 (see Eq. (7), 
where 𝜀 is a small constant to avoid numerical instabilities). 
𝑣cop𝑗,𝑏  represents the rank of the HF value conditional on the LF 
value. The HF samples ℎcop𝑗,𝑏  (assembled in 𝐡cop𝑏 ) in real space 
are then obtained using the inverse of the fitted HF marginal, 
as formulated in the last part of Eq. (7). 
𝐮mcs = 𝐹𝑙,𝑡(𝐥mcs0 ) (6)

𝑟𝑗,𝑏 ∼ U(𝜀, 1 − 𝜀)

𝑣cop𝑗,𝑏 = 𝐶−1
𝑉 |𝑈

(

𝑟𝑗,𝑏 ∣ 𝑢mcs𝑗

)

ℎcop𝑗,𝑏 = 𝐹−1
ℎ,𝑡

(

𝑣cop𝑗,𝑏

)

, 𝑗 = 1,… , 𝑛0, 𝑏 = 1,… , 𝑧, 𝜀 = 10−6

(7)

Step 10 HF distribution realisations: Compute an exceedance proba-
bility distribution for each set of drawn HF samples 𝐡cop𝑏 . The 
drawn samples from the copula model are biased, as we only 
fitted the copula to samples above a threshold. They are de-
biased by relating the exceedance probabilities to the number 
of wave encounters instead of the number of LF conditioning 
values (similar as for the LF distribution in Step 4). This is 
formulated in Eq. (8), which defines exceedance probabilities 
𝐝cop𝐻,𝑏 corresponding to 𝐡

cop
𝑏 . The largest HF predicted sample 

drawn from the copula then has an exceedance probability of 

1∕𝑛𝑤 and the smallest 𝑛0∕𝑛𝑤. For each realisation we now have 
an HF exceedance probability distribution dataset 

[

𝐝cop𝐻,𝑏,𝐡
cop
𝑏

]

. 

𝐝cop𝐻,𝑏 =
𝑛0
𝑛𝑤

⋅ 𝑃 (𝐡cop𝑏 ≥ ℎ) (8)

Step 11 Mean HF distribution: Compute the mean distribution [𝐝∗,𝐡∗]
and estimate its U95% sampling uncertainty 𝐡∗𝑈95 over these 
realisations (see Eq. (9) and (10), where 𝝈ℎ is the standard de-
viation over the realisations). Since the exceedance probability 
range 𝐝cop𝐻,𝑏 is fully determined by the conditioning values, it is 
the same for every realisation 𝑏. 
𝐝∗ = 𝐝cop𝐻 , with 𝐝cop𝐻 = 𝐝cop𝐻,𝑏 ∀𝑏 (9)

𝐡∗ = 1
𝑧

𝑧
∑

𝑏=1
𝐡cop𝑏 and 𝐡∗𝑈95 ≊ 𝐡∗ ± 1.96𝝈ℎ (10)

Step 12 Estimate MPM: Estimate the 𝑇exp-duration MPM 𝐻̂ from the 
mean predicted distribution [𝐝∗,𝐡∗]. The exposure duration 
and prevailing wave conditions define the target exceedance 
probability 𝑃exp (Eq. (11)), where 𝑛exp is the average number of 
wave encounters during 𝑇exp. The MPM follows from the POT 
exceedance distribution by evaluating it at 𝑃exp (Eq. (12)). For 
rare events, this provides a close approximation of the prob-
ability that the maximum within the exposure period exceeds 
the specified threshold. 
𝑃exp = 1∕𝑛exp ≊ 𝑇1,𝑒∕𝑇exp (11)

𝐝∗(𝐻̂) = 𝑃exp,  therefore: 𝐻̂ = 𝐝∗−1(𝑃exp) (12)

Step 13 Adaptive sampling: Start the adaptive sampling procedure, 
iterating over Step 6 to Step 13. Each iteration, an acquisition 
function is applied to define a new sample. The new samples 
are selected from [𝐝mcs𝐿 , 𝐥mcs

] defined in Step 4, without re-
placement. The acquisition function is discussed in Section 2.4. 
If the new HF sample is not a false positive, it is added to 
the LF selected set [𝐝sel𝐿 , 𝐥sel

] of Step 5 and the number of 
selected samples 𝑚 is updated, after which Step 6 to Step 13 are 
repeated. If the new sample is a false positive (with HF value 
zero), it is only counted towards to total numbers of evaluated 
iterations and HF samples. A new sample is then selected using 
the acquisition function, and the procedure is repeated.

Step 14 Convergence: When convergence is reached according to a 
stopping criterion (Section 2.6), the result is the converged 
prediction for the HF distribution 𝐡∗ over prediction range 𝐝∗, 
the associated MPM value 𝐻̂ , and the MPM uncertainty.

The steps of PAS are presented in general terms, making the method 
flexible and adaptable to any strongly non-linear problem with suitable 
LF and HF analysis tools. The following sections describe the specific 
choices made for the applications in this study: copula fitting and 
selection (Section 2.2), marginal distributions (Section 2.3), acquisition 
functions (Section 2.4), initial sampling (Section 2.5), and stopping 
criteria (Section 2.6). The selection of LF and HF models as well as 
the applied LF thresholds are case-specific and are discussed in the cor-
responding case descriptions. Assumptions are discussed in Section 2.7, 
and implementation details are given in Section 2.8.

PAS is not a physics-free method, as both the LF and HF solvers 
are based on hydrodynamic principles. PAS establishes a statistical 
mapping between multi-fidelity models that already embed the relevant 
physics. Physical consistency is inherited from the governing equations, 
while the statistical component efficiently transfers information across 
fidelity levels. Similar multi-fidelity principles are used in many al-
ternative EVPMs, as discussed in Section 1. PAS should therefore be 
applied with appropriate LF and HF models, selected on a case-by-case 
basis.
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Fig. 4. Example copula-fitting procedure, with from left to right: scatter diagram of LF-HF data in real space, the corresponding empirical pseudo-observations in 
uniform U,V-space, the fitted copula model in U,V-space, and the transformed data from the copula model in real space (transformed back using fitted marginal 
distributions).

The brief description of AS in Appendix  A indicates which steps are 
inherited from AS and which steps are new or modified. The similarity 
requirements between the LF indicator order statistics and the HF load 
order statistics are less stringent in PAS than in AS. This simplifies indi-
cator selection and, by permitting lower-fidelity indicators, accelerates 
Step 2 compared to AS.

2.2. Copula fitting and selection

As mentioned in the introduction, a copula model can be used to 
model the dependence between two variables, here the LF and HF 
variables. The basics of copula theory are provided in Appendix  B. 
In Step 8, the best-fitting copula for the paired LF-HF data is not 
known a priori and may vary between iterations. We therefore fit 
several candidate copulas at each iteration and select the best model. 
We consider Gaussian, Frank, Clayton, Gumbel, and Student-T copu-
las (Appendix  B.2), which together cover symmetric and asymmetric 
dependence, with no, one-sided, or symmetric tail dependence. These 
relatively simple models are robust for small sample sizes. This makes 
them suitable for repeated fitting within the iterative framework. When 
an LF threshold is applied, the data are treated as conditional on LF 
tail events, and all candidate copulas are fitted accordingly. Extreme-
value copulas (Güdendorf and Segers, 2010) were also tested, but 
showed unstable fits for small samples and no performance gain for 
larger samples. This is consistent with their reliance on asymptotic tail 
behaviour (Lavaud, 2018). First, each candidate copula was fitted to the 
paired empirical pseudo-observations [𝐮, 𝐯] from Eq. (5). We used the 
default fitting methods from the used copula packages; see Section 2.8 
for implementation and fitting details.

Formal goodness-of-fit tests such as Cramér–von Mises or
Kolmogorov–Smirnov do not work well for small datasets, as we have 
in PAS. The goal is to select the most plausible copula at each iteration, 
not to identify the true model. We therefore use the Akaike Information 
Criterion (AIC, Akaike, 1974) in Eq. (13) to choose among the five 
candidates. The log-likelihood 𝓁 in Eq. (14) is computed from the 
copula density 𝑐 at pseudo-observations [𝐮, 𝐯], using fitted parameters 
𝜽̂ (via maximum likelihood or rank-based inversion of Kendall’s tau). 
AIC balances fit and complexity; most copulas have one parameter 𝑘, 
except Student-T with two. To limit volatility in model selection across 
iterations, a new copula is adopted only if its AIC is at least 4.0 lower 
than the previous model; otherwise, the previous model is retained 
(following Burnham and Anderson, 2002). 

AIC = 2𝑘 − 2𝓁(𝜽̂) (13)

𝓁(𝜽̂) =
𝑚
∑

𝑖=1
log 𝑐(𝑢𝑖, 𝑣𝑖; 𝜽̂) (14)

2.3. Marginal distribution fitting

In Step 8, the LF-HF paired samples are transformed to empiri-
cal pseudo-observations, without requiring parametric marginals. Full 
marginal distributions are needed only in Step 9 to interpolate con-
ditional copula samples back to physical space. For small samples, 
interpolation using parametric fits is preferred, as linear interpolation 
can create kinks and kernel smoothing may distort tails. The copula is 
valid only over the fitted LF-HF ranges, so these marginals are used 
solely for interpolation.

For this purpose, we fit three-parameter Weibull cumulative dis-
tributions (Eq. (15)) to the available LF and HF samples separately. 
Weibull-type tails correspond to a negative shape parameter (𝜉 < 0) 
in the generalised extreme value (GEV) or generalised Pareto (GP) 
framework. While the GP distribution represents the asymptotic limit 
for threshold exceedances, its maximum likelihood estimates are highly 
variable and sensitive to the threshold in small samples (e.g., Davidson 
and Smith, 1990; Jonathan et al., 2021). The three-parameter Weibull 
provides a more stable and accurate interpolation of the empirical 
tail over the observed range and is commonly used in the field (see 
e.g., ITTC, 2017b; DNV, 2018; Haver, 2017). We apply least-squares 
fitting, as recommended for tail modelling (e.g., DNV, 2019a). 

𝑃 (𝑋 ≤ 𝑥) = 1 − exp
(

−
(𝑥 − 𝜃

𝛼

)𝛽)

(15)

Because the Weibull fit is formally valid only for independent POT 
values, an optional upper-tail fitting mode is provided when no thresh-
old is set. For very small samples (< 10), all data are used; for large 
samples (> 30), only the upper 80% is fitted, with a linear transition 
from 100 to 80% for intermediate sizes (10–30). When a threshold is 
specified, the full dataset is always used.

2.4. Adaptive sampling and acquisition function

Step 13 of PAS uses an acquisition function to define the next best 
sample to evaluate. We select one new HF sample per iteration. In van 
Essen and Seyffert (2025b), AS was evaluated with seven acquisition 
functions. Those distributing samples uniformly along the logarithmic 
exceedance probability axis or concentrating near 𝑃exp were most effec-
tive. However, the HF distribution in PAS is constructed differently, and 
copula fitting requires samples across a wider range. Accordingly, PAS 
uses the maximum-distance (MD) acquisition function, which selects 
new samples based on their largest separation from existing HF points 
on the logarithmic exceedance probability axis.

For each iteration 𝑖, we have the set of LF selected samples 𝐝sel𝐿
and the set of HF selected samples [𝐝sel𝐻 ,𝐡sel] in Step 5, with 𝐝sel𝐻 =
{𝑑𝑠1 , 𝑑

𝑠
2 ,… , 𝑑𝑠𝑚} ordered such that 𝑑𝑠1 < 𝑑𝑠2 < ⋯ < 𝑑𝑠𝑚. Here we drop the 

iteration index 𝑖 for convenience. We now define 𝑝new as the optimal 
exceedance probability for adding a new LF sample to the set. The 
new point is located halfway between ln(𝑑𝑠𝑘) and ln(𝑑𝑠𝑘+1), where the 
gap [ln(𝑑𝑠𝑘+1) − ln(𝑑𝑠𝑘)] is the largest among all pairs of consecutive 
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selected samples. The function operates on the logarithm of exceedance 
probability to focus on the tail of the distribution. 

𝑝mdnew = argmax
𝑘∈{1,…,𝑚−1}

(

ln(𝑑𝑠𝑘+1) − ln(𝑑
𝑠
𝑘)

2
+ ln(𝑑𝑠𝑘)

)

(16)

This would be the best new sample value to add to 𝐝sel𝐿,𝑖 on a 
continuous scale (including iteration subscript 𝑖 again). However, in 
PAS, we only have the discrete LF samples in the available LF MCS 
sample pool of Step 4. We therefore select the sample closest to 𝑝mdnew,𝑖
from the available pool 𝐝mcs𝐿 ⧵𝐝sel𝐿,𝑖, without replacement (i.e., excluding 
already selected samples; see Eq. (17)). The new sample 𝑑𝐿,𝑖 is added 
to the existing LF pool 

[

𝐝sel𝐿,𝑖, 𝐥
sel
𝑖

]

 in Step 5 for the next iteration. 

𝑑𝐿,𝑖 = argmin
𝑑∈𝐝mcs𝐿 ⧵𝐝sel𝐿,𝑖

|

|

|

ln(𝑝mdnew,𝑖) − ln(𝑑)
|

|

| (17)

The risk associated with this MD function when the physical thresh-
old in the input is not properly set is that it may oversample zero HF 
values, which do not contribute to characterising the HF extremes. To 
mitigate this, we implemented a stabilising mechanism: if 5 consecutive 
zero HF values (or false positives) occur and the exceedance probability 
of a new sample exceeds that of any existing sample in [𝐝sel𝐿 , 𝐥sel

]

, the 
LF threshold 𝑙0 is increased by 2% of the maximum LF value in 𝐥mcs0  for 
the next iteration.

Choosing MD as the acquisition function results in a semi-adaptive 
scheme: the next sample is determined by the previously selected con-
ditioning points rather than the outcomes of the previous iteration, so 
adaptivity only enters through the stopping criterion and the adaptive 
threshold explained above. Fully adaptive sampling functions can still 
be employed in PAS, but in practice they tend to perform worse than 
MD.

2.5. Initial sampling

Bayesian and adaptive sampling methods can be sensitive to ini-
tial samples, as early data shape the first predictions and subsequent 
updates. Poor initial coverage may slow convergence or bias results. 
Although PAS combined with MD is not fully Bayesian, initial sampling 
can still influence outcomes. To reduce this sensitivity, we use an initial 
sampling strategy that is consistent with the MD acquisition function: 
four samples selected at uniformly spaced indices over ln(𝐝mcs𝐿 ) from 
Step 4.

2.6. Stopping criterion

We stop the iterative adaptive sampling procedure when new itera-
tions no longer produce significant changes in the predicted exceedance 
probability distributions. This is done using a stopping criterion con-
sisting of two parts. The first part sets a limit 𝜖1 for the mean absolute 
difference between each set of subsequently predicted distributions, av-
eraged over a number of the last iterations. The second part sets a limit 
𝜖2 for the coefficient of variation (COV) of the MPM value, averaged 
over a number of the last iterations. The complete formulations for this 
stopping criterion are in Appendix  C. This appendix also explains how 
this criterion is different from the criterion used for AS in van Essen 
and Seyffert (2025a).

2.7. Assumptions

The most important assumption in PAS is the similarity between the 
order statistics of the LF indicator and the HF response in Step 10. Most 
alternative methods, such as response-conditioning methods and other 
screening techniques discussed in van Essen and Seyffert (2023), also 
rely on this assumption. Its validity depends on the indicator choice; 
a poorly chosen indicator can significantly reduce the result accuracy. 
However, introducing the copula fitting technique in PAS reduces the 
weight of this assumption, as it makes the LF-HF coupling probabilistic 

instead of deterministic. This reduces the impact of outliers in the 
order statistics comparison. Another critical assumption in Step 6 is that 
the HF tool accurately calculates the true HF event response. Previous 
studies have shown that CFD can effectively predict wave impact loads 
if wave kinematics and ship motions are modelled well (as discussed in 
Section 1.3). Additionally, van Essen et al. (2021) demonstrated that 
screening results could serve as effective inputs for such calculations. 
Finally, PAS assumes that the LF-HF mapping of each problem fits one 
of the candidate copula models discussed in Section 2.2. The dynamic 
best-fitting selection procedure in Step 8 already reduces the method’s 
reliance on a single copula model. The present study shows that these 
assumptions work for a wide range of considered test problems.

2.8. Implementation

The PAS framework, including its iterative procedure, acquisi-
tion functions, and stopping criteria, was implemented in Python
(v3.8.20). It supports the integration of copula models from various 
sources. In this study, we use Gumbel, Clayton and Frank copula 
models from the Python copulas package (v0.12.0), and Gaussian 
and Student-T copula models from the R (v4.5.2) library copula
(v1.1.6) (Hofert et al., 2016, 2018) via an embedded Python interface 
(using package rpy2, v3.6.4). R provides access to a wider range 
of models than Python, including extreme-value copulas. For the 
copulas from the Python copulas package, model parameters were 
estimated using the default rank-based procedure based on inversion of 
Kendall’s tau (which has a fixed relation with the copula parameters, 
see Appendix  B.2). For the copulas from the R copula package, 
model parameters were estimated using maximum likelihood via the
fitCopula function (method = ‘ml’). All scripts are available in the 
4TU repository: (van Essen and Seyffert, 2025d). Although the code is 
still research-grade and not yet optimised for speed, the computational 
time required to run the PAS scripts for a single iteration is negligible 
compared to the LF and, in particular, the HF physical models. Running 
PAS for one iteration typically takes only a few seconds to one minute 
on a single laptop core.

3. Test cases

We applied PAS (and AS for reference) to four cases, each with 
a variation. Table  2 summarises the cases, with the corresponding 
wave and ship operating conditions listed in Table  3, and the ground-
truth MPM values from the validation dataset provided in Table  4. 
The cases increase in complexity. Case 1 (waves) is a simple analytical 
wave-only, weakly non-linear problem, where the LF and HF models 
resolve the same variable at different fidelity levels. Case 2 (vertical 
bending moments, VBM) is a fully numerical, weakly non-linear ship 
response problem, again with LF and HF models resolving the same 
variable. Case 3 (green water) introduces strongly non-linear HF wave 
impact loads and combines numerical LF indicators with experimen-
tal HF measurements, demonstrating that PAS can link LF and HF 
models even when they resolve different physical variables. Additional 
complexity is due to threshold behaviour and the presence of false 
positives. Finally, case 4 (slamming) represents an even more non-
linear case, again combining numerical LF indicators with experimental 
HF measurements, adding the complexity of large outliers in the LF-
HF relation. The magnitude of slamming loads strongly depends on 
relative wave-ship timing and shape, explaining the occurrence of such 
outliers. The green water and slamming cases include two sea states, 
while the wave and VBM cases each use other wave conditions. PAS 
accounts for these wave conditions in the underlying LF and HF models. 
By considering eight sub-cases involving in total four wave conditions, 
we evaluate the robustness and accuracy of PAS across a range of wave 
environments, including steep and strongly non-linear waves. Together, 
these cases cover a large spectrum of non-linearity, complexity, and 
LF-HF model combinations. The focus is on strongly non-linear wave 
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Table 2
Summary of considered cases, where AC = accommodation, BF = bow flare, GW = green water, PF = potential flow, RWE = relative wave elevation, RRV = relative 
rise velocity, VBM = vertical bending moment and 𝑇MCS = MCS duration. The variable 𝑃exp for an exposure duration (𝑇exp) of 1 h for all cases is defined in 
Eq.(11), and 𝑛𝑤 in Step 2 of PAS. Cases 1a,b and 2a are identical to those evaluated with AS in van Essen and Seyffert (2025a).
 Case Structure HF variable HF source LF indicator LF source Conditions 𝑇MCS 𝑛𝑤 𝑃exp  
 Table  3 [h] [–] [–]  
 1a – 2nd-order waves Analytical Lin. waves Analytical A 50:00 16,364 2.55 × 10−3 
 1b – 2nd-order waves Analytical Lin. noisy waves Analytical A 50:00 16,364 2.55 × 10−3 
 2a Ferry Hogging VBM Non-linear PF Hogging VBM Linear PF B 30:00 14,359 1.74 × 10−3 
 2b Ferry Sagging VBM Non-linear PF Sagging VBM Linear PF B 30:00 14,359 1.74 × 10−3 
 3a Ferry GW force AC Experiments RWE bow Linear PF Heavy 34:49 15,198 1.91 × 10−3 
 3b Ferry GW force AC Experiments RWE bow Linear PF Extreme 23:43 10,900 1.82 × 10−3 
 4a Ferry Slam force BF Experiments RRV st19 Linear PF Heavy 34:49 15,198 1.91 × 10−3 
 4b Ferry Slam force BF Experiments RRV st19 Linear PF Extreme 23:43 10,900 1.82 × 10−3 

Table 3
Summary of irregular wave conditions (all with a JONSWAP spectrum) and operational conditions used in the cases, where 𝐻𝑠 is significant 
wave height, 𝑇𝑝 is peak wave period, 𝑠 = 2𝜋𝐻𝑠∕(𝑔𝑇 2

𝑝 ) is non-dimensional wave steepness, 𝛾 is the JONSWAP peak enhancement factor, ℎ is water 
depth, 𝜇 is the wave direction w.r.t. the ship (180 deg is head waves), 𝑉𝑥 is the forward speed of the ship or structure, 𝑉𝑦 is its transverse drift 
speed, and 𝑇𝑝,𝑒 is the corresponding peak wave encounter period (Eq.(1)). The names of the last two conditions were defined in the corresponding 
experimental campaign.
 Name 𝐻𝑠 [m] 𝑇𝑝 [s] 𝑠 [–] 𝛾 [-] ℎ [m] 𝜇 [deg] 𝑉𝑥 [m/s] 𝑉𝑦 [m/s] 𝑇𝑝,𝑒 [s] Comment 
 A 10.0 11.0 0.053 3.3 30.0 – – – – No ship  
 B 13.2 10.0 0.085 3.0 1000.0 180 5.1 0.0 7.5  
 Heavy 8.1 9.4 0.059 3.3 179.9 150 2.4 0.4 8.2  
 Extreme 8.3 10.0 0.053 3.3 179.9 150 5.0 0.6 7.8  

impact problems, where alternative extreme value prediction methods 
are limited or inapplicable. Accordingly, wave impact cases 3 and 4 are 
most relevant for PAS. The simpler cases, which may also be solvable 
with more efficient methods or even direct HF MCS, are included to 
demonstrate the robustness and performance of PAS across increasingly 
complex scenarios.

3.1. Cases 1 (second-order waves) and 2 (vertical bending moments)

Cases 1 and 2 are identical to those used in van Essen and Seyffert 
(2025a) to validate AS, so their description is only briefly repeated in 
Appendix  D.
Summarising case 1:

• HF target extreme value: one-hour MPM of second-order wave 
crest height 𝐶 ′′.

• LF indicator: linear wave crest height 𝐶 ′
good (case 1a), linear noisy 

wave crest height 𝐶 ′
worse (case 1b).

Summarising case 2:

• HF target extreme value: one-hour MPM of weakly non-linear 
hogging 𝑉 ′′

ℎ𝑜𝑔 (case 2a) and sagging 𝑉 ′′
𝑠𝑎𝑔 (case 2b) VBM.

• LF indicator: linear hogging 𝑉 ′
ℎ𝑜𝑔 (case 2a) and sagging 𝑉 ′

𝑠𝑎𝑔 (case 
2b) VBM.

3.2. Case 3 (strongly non-linear): green water impact forces

Case 3 considers a strongly non-linear problem: predicting extreme 
green water impact forces on the accommodation of a 190 m ferry (the 
same vessel as in Case 2) in extreme irregular waves, under two severe, 
steep bow-quartering wave conditions (Heavy and Extreme in Table  3). 
The HF green water impact forces in longitudinal ship direction on the 
accommodation, called 𝐹 ′′

𝑥 , were obtained from long-duration model 
experiments. Details of the experiments are described in van Essen 
et al. (2023, 2024), with selected aspects (e.g., a discussion of potential 
scale effects) summarised in Appendix  E.2. Details of the test conditions 
are provided in Table  2, showing test durations of 34:49 h for the 
Heavy condition and 23:43 h for the Extreme condition. As discussed 
in van Essen et al. (2023), this is sufficiently long to have a converged 
HF validation reference for the one-hour MPM. Some pictures of the 

experiments are shown in Fig.  5. The impact forces were measured at a 
sample frequency of 800 Hz full-scale with 40 force panels (van de Bunt 
et al., 2021) on the front of the accommodation (total area 9.0 × 14.4 m 
full-scale), with 𝐹 ′′

𝑥  representing the instantaneous sum of all panel 
measurements. Previous studies have shown that the relative wave 
elevation (RWE) around the ship’s bow can be an effective indicator 
for green water events (see e.g., van Essen et al., 2021; Hoffman and 
Maclean, 1970; Hong et al., 1993; Ogawa et al., 2002; van ’t Veer and 
Vlasveld, 2014). Accordingly, the selected LF indicator for this case is 
𝑅′
bow, generated using a linear potential flow simulations. The location 

of the RWE probe in the simulations mirrors that in the experiments 
(see Fig.  5). van Essen and Seyffert (2025a) demonstrated that accurate 
green water predictions were achieved for a pilot case using AS in 
combination with an LF indicator generated from coarse-mesh CFD. If 
linear potential flow can be used instead to generate an indicator for 
green water impact loads (in combination with PAS), this can have a 
large advantage in computational time. The LF-HF peak scatter plots 
are shown in Appendix  E.1. The plot shows that, as expected, the 
LF and HF peaks for this case have less similar order statistics than 
those of case 2. Because the experimental green water force peaks 
(ground truth HF validation data) have a large tail variability, we 
fitted a three-parameter Weibull distribution (Eq. (15)) to the 30% 
highest force peaks, to derive the reference ‘true’ distribution. Appendix 
E.3 provides more details on the potential flow simulations used to 
generate the LF data. We used an LF threshold of 12.0 m in Step 3 
of PAS. This value was chosen slightly above the local freeboard at the 
bow (10.5 m). RWE values below this level are expected to generate 
many false positives. Due to the ferry’s large bow flare angle, events 
with RWEs only marginally exceeding the freeboard are often deflected 
to the sides, preventing water from flowing onto the deck and thus 
avoiding green water loads on the accommodation. Summarising:

• HF target extreme value: one-hour MPM of green water impact 
force 𝐹 ′′

𝑥  in the Heavy (case 3a) and Extreme (case 3b) condition.
• LF indicator: linear potential flow RWE at the bow 𝑅′

bow.

3.3. Case 4 (strongly non-linear): bow-flare slamming forces

Case 4 studies another strongly non-linear problem, based on the 
same experiments as case 3. Here we predict extreme values of the bow-
flare slamming forces on the ferry, sailing in the same two irregular 
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Fig. 5. MARIN ferry 2 and the relevant instrumentation around the bow before the CRS SCREAM experiments (left), example green water impact (middle) and 
example bow-flare slamming impact (right).

Heavy and Extreme bow-quartering wave conditions. The HF slamming 
impact forces, denoted 𝐹 ′′

𝑠 , were obtained by summing the measured 
peak forces for each wave event across three force panels located in 
the bow flare (see Fig.  5). The size of each of these panels 41, 42 and 
43 was 1.8 × 1.8 cm full-scale, and they were sampled at a frequency 
of 800 Hz full-scale. Previous studies have shown that the relative 
velocity between the wave crest and the ship’s bow flare can be an 
effective indicator for slamming events (see e.g., Bunnik et al., 2018, 
2019; Kapsenberg, 2018; Ochi, 1964). Motivated by this, we adopt 
the relative rise velocity (RRV) at station 19, denoted 𝑉 ′

𝑟,19, as the 
LF indicator. For each wave event, the RRV is defined as the peak 
RWE divided by its rise time, with the rise time measured from the 
RWE’s zero up-crossing to the subsequent peak. The RWE used to 
compute the RRV is obtained from linear potential flow simulations 
on the weatherside at station 19 (located at 19/20 of the ship length 
from the stern; see Fig.  5). The LF-HF peak scatter plots are shown in 
Appendix  E.1, which shows that the LF and HF peaks for this case have 
a distinctly different relation than those of the other cases. The true HF 
MPM values from the experiments in Table  4 were again derived from 
a 3-parameter Weibull fit to the 30% highest force peaks. Appendix 
E.3 provides more details on the potential flow simulations used to 
generate the LF data. We did not use an LF threshold value in Step 
3 of PAS for the RRV, because no clear threshold can be identified 
for the occurrence of slamming events at the panels. This would differ 
if, for example, peaks in RWE would be used as the indicator, as this 
would naturally introduce a threshold at some distance above the panel 
underside measured from the calm waterline (2.875 m). Summarising:

• HF target extreme value: one-hour MPM of bow-flare slamming 
force 𝐹 ′′

𝑠  in the Heavy (case 4a) and Extreme (case 4b) condition.
• LF indicator: linear potential flow relative rise velocity at station 
19 𝑉 ′

𝑟,19.

4. Method used to validate PAS

In a practical design procedure for a maritime structure, HF CFD 
simulations or experiments would need to be performed for new wave 
events at every iteration in Step 6 to obtain the required HF loads. In 
the present validation study, however, we circumvent this requirement: 
rather than running CFD simulations, we extract the corresponding HF 
load responses directly from the validation datasets for each selected 
wave event. This allows us to validate the statistical framework of PAS 
without mixing it with CFD load prediction accuracy (following the 
same approach used in van Essen and Seyffert (2025a) for AS). Earlier 
studies have shown before that accurate HF wave event impact loads 
can be obtained with CFD (see Section 1.3).

For cases 1 and 2, obtaining identical deterministic wave inputs for 
the LF and HF variables was straightforward. For cases 3 and 4, this 
was achieved by combining experimentally measured waves recorded 
next to the ferry (propagated to the vessel’s centre of gravity), with 

the linear frequency-domain potential flow database of RWE response 
functions. This ensured that the wave phasing of the LF time traces 
closely matched that of the experimental waves. These simulations 
were previously performed in van Essen et al. (2024), where the full 
procedure is described in detail.

The performance of PAS compared to the validation material is 
assessed using three metrics: 𝑀1 for efficiency, and 𝑀2 and 𝑀3 for 
accuracy. 𝑀1 (Eq. (18)) is the ratio of HF samples required to reach 
convergence, 𝑛𝑐 , to the total number of HF samples without PAS, 
𝑛𝑤 (the total number of wave events in the validation dataset). 𝑀2
measures the mean deviation of the MPM prediction over the last 10 
true positive iterations at convergence, 𝐻̂𝑖𝑐 ,10, from the ground truth 
𝐻𝑡 (Eq. (18)), where 𝑖𝑐 is the converged iteration number. Finally, 𝑀3
quantifies the maximum deviation of the predicted distribution from 
the ground truth over an exceedance probability range [0.5𝑃exp, 2𝑃exp]
(Eq. (19)), again averaged over the last 10 true positive iterations at 
convergence, with 𝐡∗ran,𝑖𝑐 ,10(𝑘) and 𝐡𝐭,𝐫𝐚𝐧(𝑘) denoting the mean pre-
dicted and true distributions over this range with elements 𝑘, respec-
tively. Convergence of PAS can be somewhat erratic; the averaging over 
a number of iterations reduces this noise. Smaller absolute values of all 
three metrics indicate better performance. Note that 𝑀2 and 𝑀3 may 
also be negative, indicating whether predictions are conservative. In 
theory, the convergence criteria should take care of the accuracy of 
the prediction. However, 𝑀2 and 𝑀3 are used to check whether the 
results converge towards the ground truth and not towards a biased 
value. These criteria are similar, but not identical, to those used for AS 
in (van Essen and Seyffert, 2025b). 

𝑀1 =
𝑛𝑐
𝑛𝑤

𝑀2 =
𝐻̂𝑖𝑐 ,10 −𝐻𝑡

𝐻𝑡

(18)

∆(𝑘) = 𝐡∗ran,𝑖𝑐 ,10(𝑘) − 𝐡𝐭,𝐫𝐚𝐧(𝑘) → 𝑘absmax = argmax
𝑘

|∆(𝑘)|

→ 𝑀3 =
∆(𝑘absmax)

𝐻𝑡

(19)

The performance of PAS is compared to that of AS and the brute-
force MCS approach. An overview of the steps in AS that differ from 
PAS and some relevant formulations and settings are included in Ap-
pendix  A. It is important to note that throughout this study, PAS and 
AS are evaluated using the same analytical and linear potential-flow 
LF indicators. This represents a deviation from the approach used for 
pilot-case 3 in van Essen and Seyffert (2025a), where the AS method 
was used in combination with an LF indicator derived from coarse-
mesh CFD simulations. That AS-coarse mesh CFD combination yielded 
accurate distributions of green water impact loads on a containership 
in the pilot study, but using this in practice would be associated with 
a high computational cost.

5. Results and discussion

Before comparing PAS and AS results to each other and to the MCS 
ground truth, we define stopping criteria for 𝑆(𝑗) in Eq.  (30): 𝜖1 for 
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Fig. 6. Case 3 - green water: convergence of one-hour MPM as a function of number of samples (top) and final converged distributions (bottom) from AS and 
PAS, both with linear potential flow indicator 𝑅′

bow. The copula in the name of the PAS results is the utilised model in the last iteration.

Fig. 7. Case 4 - slamming: convergence of one-hour MPM as a function of number of samples (top) and final converged distributions (bottom) from AS and PAS, 
both with linear potential flow indicator 𝑉 ′

𝑟,19. The copula in the name of the PAS results is the used model in the last iteration.

the maximum absolute distribution difference between iterations, and 
𝜖2 for the coefficient of variation (COV) of the one-hour MPM. We 
used 𝜖2 = 0.1 for all cases (standard deviation 10% of mean). The 
𝜖1 value is case-specific, as it shares the units of the predicted quantity. 
For consistency across cases, we selected round numbers approximately 
1%–2% of the maximum HF value in each validation dataset: 𝜖1 = 0.2 m 
wave crest height for Case 1, 2×107 Nm VBM for Case 2, 200 kN green-
water force for Case 3, and 20 kN slamming force for Case 4. These 
limits are more lenient than those used for case 1 and 2 with AS in van 
Essen and Seyffert (2025a). To ensure a fair comparison, we applied 

these to both AS and PAS. Section 5.6 includes a brief discussion of the 
sensitivity of the results for these stopping criteria.

The resulting converged distributions from AS and PAS for the wave 
impact cases are presented in Fig.  6 (cases 3a,b) and Fig.  7 (cases 
4a,b), together with the iterative convergence of the MPM for each 
case. The corresponding figures for the simpler cases 1 and 2 can be 
found in Appendix  D. The performance of the methods across all cases 
is summarised in Fig.  8, using the metrics defined in Section 4. As a re-
minder, 𝑀1 measures efficiency relative to the HF ground truth, 𝑀2 the 
deviation of the predicted HF MPM, and 𝑀3 the maximum deviation 
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Fig. 8. Performance metrics 𝑀1, 𝑀2 and 𝑀3 defined in Section 4 for all considered cases.

Table 4
Summary of the results for all cases.
 Case 1a Case 1b Case 2a Case 2b Case 3a Case 3b Case 4a Case 4b
 Predicted one-hour MPM at convergence
 unit m m Nm Nm kN kN kN kN
 HF MCSa 10.53 (U95% 0.10) 1.10 × 109 9.00 × 108 1.85 × 103 4.92 × 103 1.71 × 103 2.44 × 103

 AS 10.55 10.76 1.06 × 109 8.06 × 108 0.55 × 103 2.79 × 103 0.85 × 103 1.14 × 103

 PAS 10.59 10.53 1.11 × 109 9.44 × 108 1.78 × 103 4.84 × 103 1.46 × 103 2.56 × 103

 Required number of HF samples for convergence
 HF MCSb 16,364 16,364 14,359 14,359 15,198 10,900 15,198 10,900
 AS 7 8 7 11 38 28 35 35
 PAS 15 15 15 31 47 59 155 160

 LF duration to simulate (analytical/linear potential flow)
 HF MCS – – – – – – – –
 AS 50 h 50 h 30 h 30 h 34:49 h 23:43 h 34:49 h 23:43 h
 PAS 50 h 50 h 30 h 30 h 34:49 h 23:43 h 34:49 h 23:43 h
 Expected HF duration to simulate (CFD/experiments)
 HF MCS 50 h 50 h 30 h 30 h 34:49 h 23:43 h 34:49 h 23:43 h
 AS (estimatec) ∼2 min ∼3 min ∼2 min ∼4 min ∼13 min ∼9 min ∼12 min ∼12 min
 PAS (estimatec) ∼5 min ∼5 min ∼5 min ∼10 min ∼16 min ∼20 min ∼52 min ∼53 min
a Ground truth.
b All waves.
c Assuming HF events with a duration of 20 s each as discussed in Section 5.

between predicted and ground-truth distributions. The ground truth for 
each case is always derived from the HF validation MCS datasets. The 
predicted MPM at convergence is also included in Table  4. The MPM 
data underlying Fig.  8 differs slightly from the table, as the table shows 
the results for the converged iteration, whereas the MPM used for 𝑀2
is averaged over the last 10 iterations at convergence (see Section 4).

5.1. Accuracy

The figures in Appendix  D and Table  4 show that AS and PAS both 
provide accurate predictions for cases 1 and 2. PAS outperforms AS 
for both cases, but still does not predict the true tail of the sagging 
distribution (case 2a in Fig.  15(b)) well. 𝑀2 in Fig.  8 shows that PAS 
predicts MPM values within 2% error for these two cases. Similar 
results were found in van Essen and Seyffert (2025a) for AS, where 
the USMV acquisition function produced slightly more accurate results 
than the current AS with MVPD for Case 2. However, the results for 
cases 3 and 4 clearly highlight the advantage of PAS over AS when 
combined with a linear potential flow indicator. Although PAS also 
relies on a screening indicator, the inclusion of probabilistic copula 
fitting substantially reduces the bias associated with indicator quality. 
This is particularly important when the LF and HF order statistics are 
not very similar, a situation in which AS performs poorly while PAS 
remains robust. The 𝑀2 values show that PAS is able to predict the 

target extreme MPM values with an accuracy (averaged over the last 
10 iterations before convergence) within 2% for both variations of case 
3, and within 15% for both variations of case 4, whereas AS shows 
consistently non-conservative deviations of up to 75%. With the current 
settings, PAS predicts the one-hour MPM over all four cases within 
15% accuracy at convergence. Similar results are observed for 𝑀3; the 
maximum deviations of the PAS distributions compared to the ground 
truth are within 19% of the MPM for all test cases. It should be kept in 
mind that the present results rely on combining both PAS and AS with 
linear potential flow indicators, offering a computationally cheap way 
to examine these extreme responses.

5.2. Uncertainty

When comparing the extreme values from the validation datasets 
with those obtained using (P)AS, their respective uncertainties must be 
considered. The distributions in Figs.  6, 7, 14 and 15 also show the 
U95% sample uncertainty from the fitted copula model for PAS, and 
the U95% MF-GPR uncertainty for AS. These uncertainty measures are 
not directly comparable, but they show that the sample uncertainty 
from PAS is small around 𝑃exp for all eight case variations (whereas 
the MF-GPR uncertainty band from AS is much larger).

For cases 1 and 3, the sample variability across multiple realisations 
of the same wave condition is available for the validation datasets. 
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This is not directly applicable to the present validation, as the LF 
simulations reproduce only one wave realisation (see Section 4); in-
stead, the relevant uncertainty is the repeatability of the experimental 
HF measurements. Although not directly available, previous studies 
(e.g., van Essen, 2021 on wave impact loads measured in a seakeeping 
basin) indicate that this uncertainty is comparable to or smaller than 
the sample variability. We therefore compare the PAS uncertainty with 
the HF sample variability across multiple realisations of the same wave 
condition to assess whether our validation is meaningful.

For case 1, the HF validation sample uncertainty is 0.1 m (∼1% of 
the true MPM value, see Table  4 and van Essen and Seyffert (2025a)). 
The U95% sample uncertainty of the PAS results at the converged 
iteration is 0.0 m (case 1a) and 0.07 m (case 1b), which corresponds 
to ∼0-0.7% of the true MPM values. For green water case 3, the root-
mean-square errors (RMSE) of extreme values in the HF validation 
data are detailed in van Essen et al. (2023, 2024), with the latter 
showing convergence to well below 0.1% of the one-hour MPM in 
both test conditions. Assuming U95% ≈ 1.96 RMSE, this corresponds 
to an uncertainty below 0.2% of the MPM. By comparison, the U95% 
uncertainty of the one-hour MPM predicted by PAS is 176 kN (Case 3a) 
and 722 kN (Case 3b), roughly 10% and 15% of the true MPM values, 
respectively. The uncertainty of extreme values in the HF validation 
data was not assessed for Cases 2 and 4, but it is expected to lie between 
that of Cases 1 and 3 for Case 2, and to be comparable to Case 3 for 
Case 4.

Because the uncertainty in the extreme values of the validation data 
is small and of similar or lower order than that of the PAS results, the 
validation comparison is meaningful.

5.3. Efficiency

When accuracy would be the only metric for the performance of 
an EVPM, MCS would always be preferred. The objective of PAS is to 
make accurate predictions in a more efficient way. 𝑀1 in Fig.  8 shows 
that both AS and PAS reduce the required HF samples to under 1.5% of 
those needed for MCS across all cases. PAS is the more reliable method 
for accurate and efficient predictions, especially for complex cases. It 
requires fewer than 0.2% of HF events compared to MCS for Cases 1a,b 
and 2a,b, and less than 1.5% for Cases 3a,b and 4a,b. The exact number 
depends on the stopping criteria, which are case-specific; optimal limits 
for new cases depend on design requirements, acceptable risks, target 
quantiles, and possibly class society regulations. For simpler problems 
(Cases 1 and 2), AS is nearly as accurate and more efficient, making it 
a viable alternative.

In all cases, this greatly reduces the number of HF events compared 
to MCS or experiments. Assessing PAS feasibility for a new vessel re-
quires translating these numbers into simulation durations. As Section 4 
notes, CFD was not performed for the selected HF events in the present 
validation. We can therefore only estimate the required durations. 
However, extensive literature shows that HF CFD can accurately repro-
duce wave impact loads when it closely matches experimental wave 
and ship motion data. The duration per event varies in these studies, 
ranging from 4𝑇𝑝 (Gramstad et al., 2023), 50 s (Bunnik et al., 2015), 
35 s (Bandringa and Helder, 2018), ∼20 s (Bandringa et al., 2020), to 
even as short as 3 s (Pákozdi et al., 2022). There are also studies that 
initialise the CFD simulations from an LF tool instead of experiments 
(as done in a screening method); this can be done with 52 s (Guth 
et al., 2023) or 12 s (van Essen et al., 2021) event durations. When 
fully non-linear wave kinematics and ship motions are provided by the 
LF tool, only short simulations per event are needed. In contrast, longer 
durations are required if waves and motions must be initialised from 
linear wave elevations or further from the structure. In our study, it is 
reasonable to assume that the waves in CFD can be initialised close to 
the structure, and that the ship motions can be imposed from the linear 
potential flow simulations. This should make it possible to reduce the 
duration per HF event to ∼20 s (following the procedure in the green 

water impact study Bandringa et al., 2020). Using this assumption, 
we can translate the required number of HF events to HF simulation 
durations (see Table  4). This results in total durations to simulate with 
HF CFD or experiments in the order of 2 to 53 minutes, which seems 
feasible in the design stage of a ship. In comparison, the HF validation 
datasets used between 23 and 50 h of HF experiments. Based on this, 
it is estimated that the PAS converged results can be obtained by 
analysing between 0.04% and 2.2% of the HF MCS durations with an 
HF tool across all cases. Note that these percentages are roughly twice 
the 𝑀1 values, because with typical wave periods of around 10 s, a 20 s 
event corresponds to two wave encounters.

The computational time required for these simulations (in CPU 
hours, CPUh) also depends on the HF tool used to simulate these 2-
53 minutes, as well as the chosen grid size, domain, and time-step 
settings (in case of CFD) for each case. When using PAS, the full MCS 
duration must be simulated with an LF tool, but with frequency-domain 
potential flow or analytical methods (as in all cases here) the cost 
is negligible compared to HF simulations. For example in cases 2 to 
4, the frequency-domain SEACAL calculations (see Section 2.8, 1–2 
speeds and 1–2 headings) required approximately 0.25 CPUh per case 
on a standard laptop, with analytical linear wave simulations requiring 
even less. Conservatively, we estimate a maximum of 1 CPUh for LF 
simulations, including the transformation from frequency to linear time 
domain. Running PAS itself requires at most 1 min per iteration (0.017 
CPUh), resulting in a total of approximately 2–3 CPUh for all iterations. 
Overall, the expected computational cost is roughly 1 CPUh for LF sim-
ulations, 2-3 CPUh for PAS, plus the time for HF CFD or experimental 
simulations, which typically cover up to one hour of simulated time 
divided over 7–160 events. The HF simulations dominate the total cost. 
A future study implementing the full PAS workflow with HF simulations 
will enable a more precise estimate.

5.4. Possible error sources

PAS is not guaranteed to converge to the exact HF exceedance 
distribution, even with increasing LF-HF samples. This is inherent to 
exceedance probability estimation, which is based on binary events (ex-
ceeds or not), and is therefore very sensitive to individual observations, 
especially in the tails. For instance, a single low-indicator but high-HF-
load value can substantially shift the HF exceedance distribution, as 
also observed in AS and other screening studies (Bunnik et al., 2018, 
2019; van Essen and Seyffert, 2025a). Consequently, adding more 
samples does not always improve tail estimates monotonically. New 
observations change the empirical pseudo-observations, the fitted cop-
ula and marginal parameters, and redistribute exceedance probabilities. 
Finite-sample effects mean that these updates can introduce noise, slow 
convergence, or shifting tail behaviour rather than refining it. In this 
context, convergence means stabilisation of the fitted model under the 
chosen sampling and modelling assumptions, rather than asymptotic 
convergence to the true distribution. This risk is lower with a copula 
model than in sampling approaches without it, as the copula introduces 
a probabilistic joint dependence structure rather than a deterministic 
one. The outlier removal feature also dampens this effect.

A risk when combining copula modelling with adaptive sampling 
is bias introduced by using targeted samples. In general, adaptive 
sampling can produce non-i.i.d. data (independent and identically dis-
tributed) and deform dependence estimates by over-representing cer-
tain regions. Copula models treat the transformed marginals as if they 
were draws from a uniform distribution (see e.g., Nelsen, 2006; Genest 
and Favre, 2007). Small or concentrated samples can violate this as-
sumption and increase bias and instability. In the present case, this risk 
is mitigated by using an acquisition function that distributes samples 
approximately uniformly over the logarithm of the LF exceedance 
probability space, rather than focusing on tails or uncertainty. This 
leads to a balanced coverage over the probability levels.
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Fig. 9. Different copula models fitted to the LF-HF sample data at converged PAS iteration 47 (51 HF samples of which 28 true positives), for green water case 
3a. The plots are ordered by lowest AIC (best-fitting) on the left to highest AIC on the right.

Fig. 10. Exceedance probability distributions (mean and U95%) resulting from 10 conditional draws from the copula models fitted to the LF-HF samples at 
iteration 47 and 150, for green water case 3a.

Large differences in order statistics between the LF indicator and 
the target HF variable (i.e., a poor indicator choice) can also distort 
the fitted dependence structure, especially in the tails, and lead to 
biased HF exceedance estimates. For example, in the green water case, 
a large bow flare may deflect water to the sides. A high RWE (LF 
indicator) would then not correspond well to the green water load 
on the deck (HF load). Other potential errors come from imperfect 
copula choices and uncertainty in picking the best model from a limited 
set, errors in marginal distribution fitting and interpolation, Monte-
Carlo sample variability in conditional simulation, and the fact that 
the stopping criterion reflects stability between iterations rather than 
consistency with the true exceedance distribution (necessary because 
the true distribution is unknown in a real design case).

5.5. Sensitivity to copula model

Since PAS results are largely driven by the fitted copula, and this 
step differs from AS, we evaluated the sensitivity of the results to the 
selected copula model in more detail.

Firstly, convergence of the copula selection process is discussed in 
Appendix  F. As explained in Section 2.2, the AIC-based copula selection 
in PAS adapts to the currently available HF samples rather than seeking 
a single ‘true’ copula model. The preferred copula may therefore change 
as new samples are added. The appendix shows that, over all cases, 
the Gaussian copula is most often selected. This is likely due to its 
robustness with sparse data combined with the stabilising effect of the 
AIC threshold. When an alternative model is chosen, it is typically the 
Clayton copula, consistent with the observed dominance of lower-tail 
dependence (especially for cases 3 and 4, see Fig.  16).

Secondly, we assess the sensitivity of predicted distributions to 
the copula model, by analysing green water Case 3a at iteration 47. 
Fig.  9 shows the 28 true positive samples at this iteration, together 
with the five candidate copula models fitted to these samples. This 
shows that the fitted copulas are quite similar overall, but there are 
also differences. The plots are ordered by AIC value from low (left, 

best-fitting) to high (right); the Gumbel and Gaussian copulas fit the 
dataset best at this iteration. Fig. 10(a) shows the drawn conditional 
distributions from each of these models at the same iteration. This 
shows that the distribution differences are limited at 𝑃exp, but the tails 
can be significantly different. Selecting the most-likely copula model 
per iteration instead of a priori selecting one model can therefore pay off 
in the prediction of the extremes. The same is plotted for PAS iteration 
150 in Fig.  10(b). This shows that the difference in the tail reduces with 
an increasing number of samples. In other words, for a large number of 
samples, all copula models seem to converge to a similar distribution.

5.6. Sensitivity to other parameters

In addition to the copula model, PAS includes many internal param-
eters and user-defined inputs that can be adjusted. For most settings, we 
selected values that perform robustly across the considered problems, 
as demonstrated by the four cases in this study. Here, we present a 
sensitivity analysis of the most influential choices: the LF indicator, LF 
threshold and initial sampling, and we further discuss the impact of the 
acquisition function and stopping criteria.

First, we consider the sensitivity of the green water results (Case 3) 
for indicator choice, LF threshold, and initial sampling. We ran PAS 
with three LF indicators: bow RWE from potential flow (𝑅′

bow𝑝, the 
original case with added subscript 𝑝 to emphasise its source), station-
19 RWE from potential flow (𝑅′

19𝑝), and bow RWE from experiments 
(𝑅bow𝑒). We also tested two alternative LF thresholds (11 m and 13 m, 
versus the original 12 m) and two additional initial sample sizes (5 
and 6, versus 4), all selected as in Section 2.5. Results are summarised 
in Fig.  11, using a modified COV stopping criterion of 5% instead 
of 10%. While 10% was identified as the optimal choice across all 
four cases, a stricter criterion was required for case 3 alone to ensure 
convergence across all its variations; consequently, the results for the 
original case differ slightly from those shown in Fig.  6. A similar plot 
is shown for two variations of the slamming case in Fig.  12 (with the 
same COV criterion as used for Fig.  7). Here, we ran PAS with two LF 
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Fig. 11. Sensitivity of the green water results for indicator choice, LF threshold choice and number of initial samples (with modified COV criterion 5%, so results 
of the original case differ slightly from Fig.  6), expressed as performance metrics, with some example distribution plots. Ind = indicator, thr = LF threshold, init 
= number of initial samples, and 𝑅𝑋𝑝 = RWE at location X from potential flow, 𝑅𝑋𝑒 = RWE at location X from experiments.

Fig. 12. Sensitivity of the slamming results for indicator choice and LF threshold choice, expressed as performance metrics, with some example distribution plots. 
Ind = indicator, thr = LF threshold, init = number of initial samples, and 𝑉 ′

𝑟,𝑋𝑝 = RRV at location X from potential flow, 𝑅′
𝑋𝑝 = RWE at location X from potential 

flow.
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indicators: the RRV at station 19 from potential flow (𝑉 ′
𝑟,19𝑝, the original 

case) and the RWE at station 19 from potential flow (𝑅′
19𝑝). We also 

varied the LF threshold from no threshold (original case) to 2 m/s. 
For both cases, all other settings were kept unchanged. The results 
shown are converged according to the combined criterion, implying 
some dependence on the stopping limits. Nevertheless, the comparison 
provides a clear indication of the sensitivities.

Based on the order-statistics assumption that is the foundation 
of screening-based methods, the choice of indicator is expected to 
strongly influence results. This was also observed in van Essen and 
Seyffert (2025a), where AS with a coarse-mesh CFD RWE indicator 
produced accurate green water distributions, whereas the potential-
flow RWE indicator used here did not. The copula model in PAS was 
introduced to reduce sensitivity to indicator choice by modelling LF-HF 
relation probabilistically rather than deterministically, thereby limiting 
the influence of outliers. The three green water indicators in Fig.  11 
support this idea: the difference in results between the two potential-
flow indicators is small, indicating that the specific choice does not 
strongly affect the results. This is likely because these variables are 
internally statistically consistent. Interestingly, using the experimental 
bow RWE as indicator yields poorer results than the linear potential-
flow RWE, probably due to measurement noise in the experimental 
signal. For the two slamming indicators in Fig.  12, we see something 
slightly different; both perform well in one case but less so in the 
other. This is also visible when comparing the predicted slamming 
distributions with indicator 𝑅′

19𝑝 in Figs.  12(b) and 12(c) to those 
of the original indicator 𝑉 ′

𝑟,19(𝑝) in Fig.  7. This suggests that neither 
indicator is fully adequate and that indicator choice is more critical 
for slamming than for green water. As discussed before, we did not 
know ‘the best’ indicators for our cases, but selected a good candidate 
indicator based on experience and earlier work. There could be even 
better indicators, with fewer false positives for these cases, especially 
for slamming (such as e.g., the Wagner model (Hermundstad and Moan, 
2007) or momentum theory (Kapsenberg, 2018)).

Fig.  11 also shows the sensitivity of the green water results to the 
selected LF threshold. The original threshold of 12 m provides very 
good results under both test conditions, whereas lowering the threshold 
to 11 m or increasing it to 13 m both leads to deteriorated performance. 
Setting the threshold is challenging. A value that is too high creates 
unbalanced sampling that focuses on extreme events, reducing the 
quality of the copula fit to the full dataset. A value that is too low 
on the other hand complicates the definition of the HF distribution 
zero-crossing, and reduces the efficiency by increases the number of 
false negatives (though this effect is not yet pronounced for 11 m, 
see 𝑀1 in Fig.  11). Choosing a threshold slightly above the physical 
threshold (in this case the freeboard of 10.5 m) appears to be a good 
compromise, with 12 m performing well. For the slamming case, we 
also introduced a rise velocity threshold of 2 m/s (see Fig.  12) to assess 
whether this sensitivity to threshold selection is also valid for other 
cases. This threshold similarly leads to an overestimation of the MPM 
and its distribution, as sampling becomes more focused on the tail of 
the distribution.

Fig.  11 also shows that the influence of the number of initial samples 
is negligible, as expected since they are defined analogously to the MD 
function.

In van Essen and Seyffert (2025b), we evaluated seven acquisition 
functions for AS. For PAS, coverage of the full exceedance probability 
domain is especially important (as explained in Section 2.4). While 
we did not repeat the full sensitivity study, we tested most previous 
functions: only the MD function consistently performed well with the 
copula, as most other functions focus on subregions. A variant of MD 
aiming for uniform coverage of the full domain on linear instead of 
logarithmic scale also worked, but was less efficient and occasionally 
produced badly-behaving tail predictions.

PAS results are sensitive to the stopping criterion settings: averag-
ing windows 𝐾1 and 𝐾2 and convergence thresholds 𝜖1 and 𝜖2 (see 

Appendix  C). Ideal settings depend on the case and are generally 
unknown: noisier LF-HF statistics may converge best with relatively 
lenient criteria and large averaging windows, while smoother cases 
quickly converge with strict limits and short windows. Long averaging 
windows generally improve stability of the convergence, but also slow 
it down (which is expensive if every extra sample requires a CFD 
simulation). For robustness across our four test cases, we chose 𝐾1 =
𝐾2 = 20, 𝜖1 ≈1%–2% of the expected maximum HF value, and 𝜖2 = 0.1
(10% COV of the MPM). These settings typically indicate convergence 
once the MPM and distribution stabilise over 20 iterations, but Fig. 
13(b) shows that ‘stable’ predictions do not always reflect the true 
converged value; results may still shift with more iterations. The figure 
also shows that the current averaging window is short for sensitive 
cases like slamming (Fig.  13(b)) but more than sufficient for simpler 
cases (Fig. 13(a)). The chosen settings represent a practical balance.

5.7. Future work

In the present validation approach (see Section 4), the HF response 
is not obtained by explicitly running CFD simulations but is instead 
extracted directly from the validation dataset. As a result, the po-
tential impact of CFD simulation errors on PAS performance is not 
accounted for. Two distinct aspects are involved: (i) the numerical 
accuracy of the CFD simulations themselves, and (ii) the statistical 
equivalence between LF wave events and their replication in HF CFD 
simulations. Both aspects are related to substantial research questions, 
beyond the scope of the present study. With respect to CFD accuracy 
(aspect i), some insight is available from earlier work, as discussed 
in Section 1.3. In particular, Bandringa et al. (2020) showed that 
CFD could successfully reproduce experimental green water loads for 
case 3a, supporting its suitability for capturing the relevant physics. 
As noted in Section 2.1, initialising HF event simulations in Step 6 of 
PAS using the LF screening results is not straightforward (aspect ii). No 
universally accepted method exists to correlate linear (or weakly non-
linear) wave events with equivalent fully non-linear wave events, or 
to define the corresponding acceptable tolerances in wave parameters. 
Potential solutions include event-matching procedures (Johannessen 
and Lande, 2018; Gramstad et al., 2023) or using coarse-mesh CFD as 
an LF tool (van Essen et al., 2021). The first method is less suitable 
for sailing ships, and the second requires costly CFD. An alternative 
is to perform MCS with a fully non-linear wave-only tool (e.g., a 
higher-order spectral method, HOS) and then apply linear potential-
flow screening to the resulting wave traces, allowing HF simulations to 
be initialised directly from the corresponding HOS events. A promising 
direction for future research is to perform the full validation of PAS 
including HF simulations, using a suitable CFD tool paired with this 
HOS-initialisation approach.

PAS could potentially be further improved and made more robust 
for broader applications, for example by using different marginal and 
copula models for tail versus body (to improve tail predictions in the 
simpler cases), selecting multiple new samples per iteration for parallel 
HF simulations, or incorporating copula fit quality over the LF range 
into the acquisition function. PAS could also use event frequencies 
instead of exceedance probabilities, or adopt a block-maximum/return-
period approach instead of POT. This would improve interpretability, 
align with industry practice, and allow easier application to non-wave 
problems by referencing fixed-duration blocks rather than variable 
wave events. However, it would reduce efficiency, since each block 
spans many waves (e.g., 47 samples would require 47 block simulations 
instead of 47 wave events). Validating a block-maximum approach in 
a similar context as used here would require further research to define 
representative paired peaks, either as the block’s maximum HF response 
or the HF response of the wave with the maximum LF value.

The MPM predicted in Step 12 of PAS corresponds to the 𝑞 =
𝑒−1 ≈ 0.368 quantile of the short-term distribution for linear Gaussian 
processes (see e.g., Ochi, 1990). Accordingly, the probability that the 
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Fig. 13. Stopping criteria and convergence limits for simple and complex example cases, both combined with an 𝜖1 criterion in the range of 1%–2% of the 
maximum HF value in the validation dataset (middle plot), and 𝜖2 = 0.1 (bottom plot). Top plot shows MPM as a function of the number of HF samples.

maximum response over the target exposure duration exceeds the MPM 
is 62.3%. In offshore design, higher quantiles are often preferred. These 
can in theory be estimated by replacing 𝑃exp in Eq. (12) with 𝑃𝑞 =
1 − 𝑞𝑚∕𝑛 (DNV, 2019b), but this requires substantially longer LF MCS 
to ensure convergence. Further work is therefore needed to assess the 
method’s applicability at higher quantiles.

As noted in Section 1.5, this study validates PAS only for short-term 
extremes. In practical applications, sea states and long-term statistics 
must also be handled, which could be addressed with PAS as well, 
with minor modifications (e.g., to Step 2). Alternatively, a version of 
the environmental contour method, as described in Winterstein et al. 
(1993), Huseby et al. (2013), Mackay et al. (2025), could be used. 
This approach is widely accepted in the offshore industry (e.g., DNV, 
2019a), though it can sometimes fail to accurately characterise the 
joint distribution of environmental variables (Speers et al., 2024; Hasel-
steiner et al., 2021; de Hauteclocque et al., 2022). Another option is to 
use another adaptive sampling method for the long-term screening, as 
proposed by Gramstad et al. (2020), Wang et al. (2024).

Interpreting the significance of PAS wave impact extreme value 
errors (2%–15% in the MPMs of the green water and slamming case) 
in an engineering context is challenging. As discussed in Section 1.4, 
there is no universally accepted extreme value prediction framework 
for wave impact loads, and in practice the industry usually follows 
prescriptive standards or relies on direct analysis using experiments. 
Such approaches are typically combined with substantial safety mar-
gins and prediction of higher quantiles. Exact values of these margins 
are difficult to obtain, but they are generally understood to exceed 
the 2%–15% level associated with the MPM error reported here. The 
relationship between such margins and the statistical uncertainty of 
experimental extreme value estimates is, however, not clearly defined. 
Embedding the use of PAS and its associated uncertainties within 
a formal design context, including safety margins and workflow, is 
considered an important topic for future research.

As a framework for combining LF and HF model data, PAS has no 
inherent application limitations beyond those of the underlying LF and 
HF models. It could also be generalisable to non-linear extreme value 
problems in other fields (possibly with some small modifications to 
account for non-wave-based problems). Nonetheless, its performance 
should be validated again when applied to very different types of 
problems (e.g., in other fields).

6. Conclusions

Based on the present work, it can be concluded that the newly 
proposed extreme value prediction method PAS provides accurate and 
efficient estimates of exceedance distributions and extreme values for a 
range of non-linear wave-induced response problems, compared to the 
available full brute-force MCS datasets. The method uses a probabilistic 
approach with copulas to model the joint distribution of low-fidelity 
(LF) and high-fidelity (HF) variables. This enables the use of efficient 
linear potential-flow indicators in the LF stage, even for strongly non-
linear loads. PAS then predicts extreme HF responses by statistically 
linking these LF indicators to a limited set of HF samples, effec-
tively learning the dependence between the two fidelity levels. Results 
are iteratively updated using adaptive sampling, until convergence is 
reached. PAS with optimal settings achieves a most probable maximum 
(MPM) accuracy of 2%–15% for all considered cases in the present 
study, including non-linear waves, vertical bending moments, green 
water impact loads, and slamming loads. In addition, PAS achieves 
this performance very efficiently, requiring in the order of 1%–3% of 
the high-fidelity simulation time needed for conventional MCS over 
all cases. While PAS is similarly accurate and slightly less efficient 
than its predecessor AS for the simpler cases (non-linear waves and 
vertical bending moments), it proves significantly more reliable for 
the more complex cases (green water and slamming loads). These 
results demonstrate that PAS can reliably reproduce the statistics of 
both weakly and strongly non-linear extreme load problems, while 
significantly reducing the associated computational cost.

PAS is largely insensitive to the choice of copula, though tail predic-
tions can vary for small sample sizes; selecting the best-fitting copula 
from five candidates at each iteration helps mitigate this sensitivity. 
PAS green water predictions are less sensitive to indicator choice than 
those from AS, performing well with different potential-flow indicators. 
Slamming predictions are more sensitive, suggesting potential for im-
proved indicators. For cases with a physical LF threshold below which 
many HF loads are zero, the selected input LF threshold strongly affects 
results: too high reduces the quality of the copula fit across the full 
exceedance range, too low decreases efficiency. A value slightly above 
the threshold is a good compromise, while zero is best when no phys-
ical threshold exists. PAS is also sensitive to the acquisition function 
(only the MD function reliably covers the full exceedance probability 
domain), and to the stopping criteria, which must balance accuracy for 
complex cases with efficiency for simpler ones. The number of initial 
samples has negligible effect under the current selection method.
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The present study validates the statistical PAS framework. PAS 
does not impose explicit theoretical limits on structure type or wave 
conditions. Its applicability is limited by the availability of a suitable 
LF indicator with order statistics comparable to the HF response. The 
cases studied here demonstrate feasibility for the investigated scenarios 
but do not define hard boundaries of the method. Further work should 
focus on validating the full procedure including CFD load simulations, 
assessing long-term extremes and extremes at higher quantiles, embed-
ding the use of PAS within a formal design context, and possibly testing 
it against strongly non-linear problems beyond wave-related scenarios.
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Appendix A. Details of the Adaptive Screening (AS) method

Here, the steps of AS are briefly summarised. This is a shortened 
reproduction of the full description and formulations in van Essen and 
Seyffert (2025a). Steps 1 to 6 of AS are identical to Step 1 to Step 6 
described in Section 2.1. The next three steps are different. They are 
described here in general terms (for details, see van Essen and Seyffert, 
2025a). Step 7 estimates the sample HF distribution, by assuming 
that the order statistics of 𝐥sel and 𝐡sel are identical. This is a critical 
screening assumption that only works if a suitable indicator signal is 
chosen. It indicates that the HF distribution [𝐝sel𝐻 ,𝐡sel] can be estimated 
using 𝐝sel𝐻 ≈ 𝐝sel𝐿 . Step 8 defines an exceedance probability range 𝐝∗ ∈
[0, 1] around 𝑃exp, over which to estimate the HF distribution. Step 9
constructs the surrogate HF distribution 𝐡∗ over ln (𝐝∗) using single- or 
multi-fidelity Gaussian Process Regression (GPR). With single-fidelity 
GPR, we use the HF sample dataset [ln (𝐝sel𝐻 ),𝐡sel] as input. With multi-
fidelity MF-GPR, we use the same HF sample dataset [ln (𝐝sel𝐻 ),𝐡sel]
as input, and LF dataset [ln (𝐝mcs𝐿 ), 𝐥mcs

] from Step 3. After that, steps 
10 to 12 of AS are identical to Step 12 to Step 14 of PAS again. As 

in Section 2.4, AS adds one new HF sample per iteration using an 
acquisition function. In van Essen and Seyffert (2025a), the USMV 
function balanced uncertainty and upper-tail sampling. Later, van Essen 
and Seyffert (2025b) showed that MVPD, which balances sampling 
around the target probability and the upper tail, is more efficient. When 
AS is used in this study it is combined with two initial samples, MF-GPR 
and MVPD (Eq.  (20), where 𝐡∗𝑛 is the normalised mean HF prediction 
from the previous iteration and 𝐝∗ are the corresponding exceedance 
probabilities). The closest MCS sample is then selected and added to 
the LF pool for the next iteration, as in PAS. 

𝑝mvpdnew = argmax
[

𝐡∗𝑛 ⋅
( 𝐟𝟐
max(𝐟𝟐)

)]

where:
{

𝐟𝟏 = 1 − (ln(𝐝∗) − ln(𝑃exp))2

𝐟𝟐 = 𝐟𝟏 −min(𝐟𝟏)

(20)

Appendix B. Copula basics

B.1. General theory

Copulas are multivariate distribution functions with uniform
marginals on the interval [0, 1]. If 𝐹  is a joint cumulative distribution 
function (CDF) with marginals 𝐹1, 𝐹2,… , 𝐹𝑑 , then there exists a copula 
𝐶 defined in Eq. (21). If the marginals are continuous, then the copula 
𝐶 is unique and can be written as Eq. (22) (Sklar’s theorem, Sklar 
(1959)). Copulas model dependence between random variables by sep-
arating marginal distributions from the dependence structure, allowing 
flexible joint modelling, particularly in the tails. Compared to empirical 
distributions, they require less data and support reliable interpolation 
and extrapolation, making them well suited for surrogate modelling, 
uncertainty quantification, and multivariate extreme value analysis. 
𝐹 (𝑥1, 𝑥2,… , 𝑥𝑑 ) = 𝐶(𝐹1(𝑥1), 𝐹2(𝑥2),… , 𝐹𝑑 (𝑥𝑑 )) (21)

𝐶(𝑢1, 𝑢2,… , 𝑢𝑑 ) = 𝐹 (𝐹−1
1 (𝑢1), 𝐹−1

2 (𝑢2),… , 𝐹−1
𝑑 (𝑢𝑑 )) (22)

B.2. Copula families and formulations

Copula families are commonly grouped into elliptical and
Archimedean copulas. Elliptical copulas, derived from distributions such 
as the Gaussian or Student-T, model symmetric dependence, while 
Archimedean copulas use a generator function and allow asymmetric 
and tail-dependent behaviour. This work uses Gaussian and Student-T 
copulas from the former class, and Clayton, Gumbel, and Frank copulas 
from the latter, restricted to the bivariate case. Overall dependence be-
tween variables is measured by Kendall’s tau 𝜏, which can be estimated 
empirically and related to copula parameters via the formulations 
below. Similarly, lower and upper tail dependence are quantified by 
the coefficients 𝜆𝐿 and 𝜆𝑈 . For example, 𝜆𝑈 = 0.81 indicates an 81% 
probability that one variable is extreme given that the other is.

The Gaussian copula (Eq. (23)) is defined using the standard nor-
mal CDF 𝛷 and the bivariate normal CDF 𝛷𝜌, with correlation pa-
rameter 𝜌 ∈ [−1, 1]. It models symmetric dependence with no tail 
dependence; 𝜆𝐿 = 𝜆𝑈 = 0, and 𝜏 = 2

𝜋 arcsin(𝜌). The Student-T copula 
(Eq. (24)) uses the univariate and bivariate Student-T CDFs, 𝑡𝜈 and 
𝑡𝜌,𝜈 , parameterised by correlation 𝜌 ∈ [−1, 1] and degrees of freedom 
𝜈 > 0. It exhibits symmetric upper and lower tail dependence for finite 
𝜈, with 𝜏 = 2

𝜋 arcsin(𝜌). The Clayton copula (Eq. (25)) is parameterised 
by 𝜃 > 0 and captures lower-tail dependence only, with 𝜆𝑈 = 0, 
𝜆𝐿 = 2−1∕𝜃 and 𝜏 = 𝜃∕(𝜃 + 2). The Gumbel copula (Eq. (26)) has 
parameter 𝜃 ≥ 1 and captures upper-tail dependence only, with 𝜆𝐿 = 0, 
𝜆𝑈 = 2−21∕𝜃 and 𝜏 = 1−1∕𝜃. The Frank copula (Eq. (27)) is defined by a 
dependence parameter 𝜃 ∈ R⧵0, where the sign of 𝜃 determines positive 
or negative dependence. It has no tail dependence (𝜆𝐿 = 𝜆𝑈 = 0) and 
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𝜏 = 1− 4
𝜃

(

1 −𝐷1(𝜃)
)

, where 𝐷1(𝜃) =
1
𝜃 ∫

𝜃
0

𝑡
𝑒𝑡−1 , 𝑑𝑡 is the Debye function. 

𝐶gaussian𝜌 (𝑢, 𝑣) = 𝛷𝜌(𝛷−1(𝑢), 𝛷−1(𝑣)) (23)

𝐶Student-T𝜌,𝜈 (𝑢, 𝑣) = 𝑡𝜌,𝜈 (𝑡−1𝜈 (𝑢), 𝑡−1𝜈 (𝑣)) (24)

𝐶clayton𝜃 (𝑢, 𝑣) =
(

𝑢−𝜃 + 𝑣−𝜃 − 1
)−1∕𝜃 , 𝜃 > 0. (25)

𝐶gumbel𝜃 (𝑢, 𝑣) = exp
(

−
[

(− ln 𝑢)𝜃 + (− ln 𝑣)𝜃
]1∕𝜃) , 𝜃 ≥ 1. (26)

𝐶 frank𝜃 (𝑢, 𝑣) = −1
𝜃
ln
(

1 +
(𝑒−𝜃𝑢 − 1)(𝑒−𝜃𝑣 − 1)

𝑒−𝜃 − 1

)

, 𝜃 ∈ R ⧵ {0}. (27)

Appendix C. PAS stopping criterion

The stopping criterion in PAS has two components: one monitors the 
convergence of the predicted distribution shape, and the other monitors 
the convergence of the resulting MPM value. The criterion ignores 
iterations where a false positive sample was added. The first component 
is based on the mean absolute difference 𝐸(𝑗) between successive 
predicted distributions over an exceedance probability range, 𝐡∗ran(𝑗−1)
and 𝐡∗ran(𝑗) for iteration 𝑗. This range is taken between 𝑃exp∕2 and 
𝑃exp ⋅ 2, to focus on the distribution shape around 𝑃exp. Part one of 
the stopping criterion 𝐸𝐾1

(𝑗) is then defined in Eq.  (28), by taking the 
average 𝐸(𝑗) over the last 𝐾1 iterations. This is done to ensure a smooth 
convergence. When 𝑗 < 𝐾1, all available iterations are used, but we set 
a convergence threshold at 𝐾1∕3 (convergence can only be declared 
after this number of iterations). 

𝐸𝐾1
(𝑗) = 1

𝜓

𝑗
∑

𝑖=𝜒
𝐸(𝑖)

where:
⎧

⎪

⎨

⎪

⎩

𝐸(𝑗) = mean |
|

𝐡∗ran(𝑗) − 𝐡∗ran(𝑗 − 1)|
|

𝜒 = 1 and 𝜓 = 𝑗 for 𝑗 = 1, 2,… , 𝐾1 − 1
𝜒 = 𝑗 −𝐾1 + 1 and 𝜓 = 𝐾1 for 𝑗 ≥ 𝐾1

(28)

The second part is based on a convergence criterion on the coeffi-
cient of variation (COV) of the MPM value over the last 𝐾2 iterations: 
𝐶𝐾2

(𝑗). This is expressed in Eq.  (29), where 𝐻̂(𝑗) is the MPM value 
predicted in iteration 𝑗. Again, we took the COV over the available 
iterations when 𝑗 < 𝐾2. 

𝐶𝐾2
(𝑗) =

𝜎𝐾2
(𝑗)

𝜇𝐾2
(𝑗)

where:

⎧

⎪

⎪

⎪

⎨

⎪

⎪

⎪

⎩

𝜇𝐾2
(𝑗) = 1

𝜓
∑𝑗
𝑖=𝜒 𝐻̂(𝑖)

𝜎𝐾2
(𝑗) =

√

1
𝜓
∑𝑗
𝑖=𝜒

(

𝐻̂(𝑖) − 𝝁𝐾2
(𝑖)
)2

𝜒 = 1 and 𝜓 = 𝑗 for 𝑗 = 1, 2,… , 𝐾2 − 1
𝜒 = 𝑗 −𝐾2 + 1 and 𝜓 = 𝐾2 for 𝑗 ≥ 𝐾2

(29)

The total stopping criterion 𝑆(𝑗) is provided in Eq.  (30), where 
𝐾1 = 𝐾2 = 20 limit the influence of outliers and the minimum number 
of iterations for which convergence can be detected. Stopping criteria 
𝜖1, 𝜖2 are chosen case-dependently, using acceptable tolerances for the 
problem at hand. 

𝑆(𝑗) =

⎧

⎪

⎨

⎪

⎩

stop if 
(

𝐸50(𝑗) < 𝜖1
)

∩
(

𝐶50(𝑗) < 𝜖2
)

continue otherwise
(30)

Compared to the stopping criterion used for AS in van Essen and 
Seyffert (2025a), we removed the rejection criterion for distribution 

shapes that violate distribution assumptions (as drawing from the 
copula model in Step 9 of PAS always produces a proper distribution), 
we added a range over which Eqs.  (28) and (29) are calculated (this was 
natural in AS because most steps considered such a range, but not in 
PAS), we used the mean absolute difference instead of the maximum 
absolute difference in Eq.  (28), we used 𝐾1 = 𝐾2 = 50 instead of 
20 (to ensure smoother convergence), and we added the convergence 
threshold.

Appendix D. Details cases 1 and 2

D.1. Case 1 (weakly non-linear): second-order wave crest heights

Case 1 from van Essen and Seyffert (2025a,b), with related datasets 
in van Essen and Seyffert (2025e,c), addresses a weakly non-linear 
problem. We predict extreme values of ‘HF’ second-order wave crest 
heights 𝐶 ′′, in long-crested steep waves (condition A in Table  3). The 
HF validation dataset consisted of analytical second-order wave time 
traces according to Sharma and Dean (1979). Two LF indicators were 
defined: linear Gaussian wave crests 𝐶 ′

good (case 1a) and crests in the 
same linear Gaussian waves including an additional noise wave system 
𝐶 ′
worse (case 1b). The LF MCS of Step 2 was done for 50 h duration. 
Since the HF variable is analytically tractable, it was easy to generate 
long HF ground truth time traces for this example case. Appendix  E.1 
shows a scatter plot of LF indicator versus HF validation response 
peaks. This plot shows that the LF and HF order statistics align closely, 
but not perfectly. To generate a new HF sample in each iteration, we 
used the matched LF and HF peaks. When an event was selected based 
on its LF indicator value (in Step 5 or Step 13), the corresponding HF 
value was drawn from the matched LF-HF peaks. This is only possible 
because we have an analytically traceable HF variable; in reality, each 
iteration would require a new HF event calculation. Details of the 
simulation methods are provided in Appendix  E.3. We aim to predict 
the HF one-hour MPM value 𝐶 ′′. We did not use an LF threshold value 
of PAS; no false positives were expected for this case.

D.2. Case 2 (weakly non-linear): vertical bending moments

Case 2 from van Essen and Seyffert (2025a,b), with related datasets 
in van Essen and Seyffert (2025e,c), studies a moderately non-linear 
problem. We predict extreme values of hogging vertical bending mo-
ments (VBM) on a 190 m ferry in extreme irregular head waves 
(condition B in Table  3). The HF VBM in hogging 𝑉 ′′

hog and sagging 
mode 𝑉 ′′

sag were generated using a non-linear (Froude–Krylov) potential 
flow simulation, while the LF VBM in hogging 𝑉 ′

hog and sagging mode 
𝑉 ′
sag were generated using a linear potential flow simulation. The hog-
ging peaks were defined by the zero up-crossing troughs in these VBM 
simulations; the sagging peaks by the zero up-crossing peaks. Unlike 
in case 1, this HF response is not analytically tractable, but 30-hour 
HF MCS non-linear simulations to produce validation material were 
feasible. Details of the simulation methods are provided in Appendix 
E.3. The LF-HF peak scatter plots are shown in Appendix  E.1. This 
shows that, as expected, the LF and HF VBM peaks have less similar 
order statistics than those of the first- and second-order wave crests 
in case 1. For further details on the case, see van Essen and Seyffert 
(2025a). We aim to predict the HF one-hour MPM values 𝑉 ′′

ℎ𝑜𝑔 and 𝑉 ′′
𝑠𝑎𝑔 . 

We did not use an LF threshold value of PAS; no false positives were 
expected for this case.

D.3. Cases 1 and 2: convergence and predicted distributions

Similar plots as shown for the complex cases in Section 5, are shown 
here for the simpler verification cases 1 and 2. Fig.  14 shows these 
results for cases 1a,b, Fig.  15 and for cases 2a,b. Discussion of these 
results is included in Section 5.
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Fig. 14. Case 1 - waves: convergence of one-hour MPM as a function of number of samples (top) and final converged distributions (bottom) from AS and PAS. 
The copula in the name of the PAS results is the used model in the last iteration.

Fig. 15. Case 2 - VBM: convergence of one-hour MPM as a function of number of samples (top) and final converged distributions (bottom) from AS and PAS. 
The copula in the names of the PAS results is the used model in the last iteration.

Appendix E. Extra case information: implementation, specifica-
tions and experimental details

E.1. Scatter plots

Scatter plots of LF indicator peaks versus matched HF response 
peaks from the validation data for all cases are shown in Fig.  16, 
illustrating the screening assumption that LF and HF order statistics are 
comparable. Each plot includes Kendall’s 𝜏 and tail dependence coeffi-
cients 𝜆𝑈  and 𝜆𝐿 (see Appendix  B.2), quantifying the rank correlation 
between LF and HF peaks and indicating the suitability of a copula 
for modelling their joint behaviour. Perfectly matched order statistics 
would yield a monotonically increasing line with 𝜏 = 1, but the plots 
show varying correspondence across cases. Cases 3 and 4 additionally 

reflect the 100 kN per-panel threshold applied in the original experi-
mental data to remove measurement noise and low-frequency inertial 
effects.

E.2. Experimental details and scale effects

For cases 3, 4 and 5, the HF validation datasets were generated 
using experiments at a scale of 1:35.986 in the Seakeeping and Manoeu-
vring Basin of MARIN in Wageningen, The Netherlands. More details 
about these experiments can be found in van Essen et al. (2023, 2024). 
We used standard Froude scaling to obtain HF full-scale RWEs, green 
water and slamming forces. Seakeeping responses are predominantly 
governed by inertia, so scale effects on most global (relative) motions 
and first-order loads are expected to be small. Scale effects may occur in 
the impact loads when air inclusions occur during wave impact events 
(see e.g. Scharnke and Helder, 2023; Ezeta and Düz, 2025). However, 
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Fig. 16. Scatter plots of LF indicator peaks and matched HF validation peaks for all cases, including the associated Kendall’s 𝜏 and upper/lower tail dependence 
coefficients 𝜆𝑈  / 𝜆𝐿 (defined in Appendix  B.1).

Fig. 17. AIC of the five copula candidate models as a function of the number of HF samples, for green water case 3a (which is converged at 47 HF samples).

no significant air inclusions were observed in the green water impacts 
of the present dataset. In most cases a horizontal ‘jet’ was formed over 
the foredeck, which subsequently hit the accommodation; this does not 
easily produce air pockets (see e.g., Buchner, 2002). This is supported 
by the full-scale CFD calculations with single-phase code ComFLOW 
in Bandringa et al. (2020), which were able to replicate a few of the 
Froude-scaled largest green water impact force events very accurately 
for this case. Small air inclusions may locally violate the assumptions 
underlying Froude scaling for the slamming impacts, but no reliable 
alternative scaling approach is available. Visual observations during 
the experiments indicated that the occurrence of such inclusions seems 
limited.

E.3. Simulation details

For case 1, the HF validation dataset of second-order wave elevation 
time traces was analytically generated with the Python PySeaWave
package, using the random phase method and a frequency bandwidth 
of 0–5 rad/s for second-order interactions. The linear wave LF indi-
cator time traces for case 1a were also derived from this package; 
the additional noise time traces for case 1b were added to this. For 
case 2, the HF validation dataset of non-linear VBM time traces was 
generated using the PRETTI_R program (v19.0.1), which is a non-
linear Froude–Krylov solver using linear RAO inputs (in this case from 
linear frequency-domain potential flow diffraction method SEACAL). 
The linear VBM LF indicator time traces were generated with SEACAL
(v7.2.0) in the zero speed Green’s function mode. The ferry hull was 
described with 3327 panels (a figure of the mesh is included in van 
Essen and Seyffert, 2025a). For cases 3, 4 and 5, the linear LF vertical 
bow motions and RWE indicator time traces were generated with
SEACAL in the Rankine-source mode. The relative rise velocity per 
wave event used for case 5 was derived from the RWE time traces with 
a custom Python script. The Generalised Pareto fit to the ground truth 
HF validation data for cases 3, 4 and 5 was made using the Python
scipy.stats.genpareto package.

Appendix F. Convergence of copula selection process

Firstly, we evaluate how the iterative copula selection procedure 
converges for all considered cases. The AIC-based copula selection 
procedure, described in Section 2.2, aims to identify the candidate 
copula that best fits the currently available HF samples, rather than 
to determine which copula performs best on the full validation dataset. 
Convergence to a single copula model for each case is therefore not 
required; new insights from the Bayesian adaptive sampling procedure, 
based on new HF samples, may change which model is most likely. This 
is visualised in Fig.  17, which shows the AIC for case 3a as it evolves 
over successive iterations. A lower AIC is better. Fig.  18 provides an 
overview of the selected copula for each case and each iteration (up 
to a number of iterations past convergence). These figures show that 
although the Gumbel copula has a slightly lower AIC value when ∼5-
80 HF samples are available for case 3a, PAS retains the Gaussian 
copula identified in the first iteration as the most likely model. This 
is due to the utilised AIC difference threshold of 4.0 (see Section 2.2); 
only when the AIC difference between models exceeds this threshold 
is an alternative model considered significantly better. Fig.  17 also 
shows that the Gaussian and Gumbel models are both good models 
for the full validation dataset. Fig.  6(a) showed that this case was 
converged and quite accurate at 47 HF samples already. It is therefore 
not necessary to arrive at a ‘true copula model’ before predicting the 
distributions; the most likely model with fewer HF samples already 
produces a sufficient result. Fig.  18 shows a consistent preference for 
the Gaussian copula across cases, likely because it fits very sparse 
datasets well at low iteration numbers. In later iterations, it is replaced 
only when a significantly better model is identified (𝛥AIC > 4.0). While 
this may introduce a slight bias in the convergence process (especially 
as the Gaussian model does not fit all combinations of 𝜏, 𝜆𝑈  and 𝜆𝐿 in 
Fig.  16 equally well), the results remain acceptable and the procedure is 
stabilised by the flexibility of the Gaussian copula. When an alternative 
model is selected, it is most often the Clayton copula, consistent with 
the generally stronger lower-tail than upper-tail dependence observed, 
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Fig. 18. Selected copula model per case and iteration, plotted until convergence in each case.

Fig. 19. Convergence of samples and fitted copula models in real space, including histograms of the associated empirical marginals on the sides, at approx. every 
20th iteration (top), and the convergence of the predicted distributions at approx. every 10th iteration (bottom), both for green water case 3a from PAS. This 
case was considered converged with 47 HF samples (Fig.  6(a)). The nearest iteration is plotted whenever a false positive sample was found in one of the targeted 
iterations (it. = iteration).

particularly for cases 3 and 4 (see Fig.  16). Finally, Fig.  19 shows the 
evolution of HF samples, fitted copula model and predicted distribu-
tions with an increasing number of iterations for case 3a. This shows 
that the copula model and distributions move somewhat over the first 
∼40 iterations, but then stabilise to the converged values (as correctly 
detected by the convergence criterion at 47 samples).

Data availability

All scripts underlying this publication, the full datasets of case 1 and 
2, and the relevant parts of the experimental dataset for cases 3 and 4 
are available in the 4TU repository: van Essen and Seyffert (2025d).
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