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Abstract. Extreme sea levels pose significant risks to coastal communities and infrastructure. Joint probability methods are
widely used to estimate return levels of extreme sea levels by combining tidal and non-tidal components, but most
implementations assume independence between tide and surge. This assumption is not always valid, and neglecting correlation
can affect the estimation of return levels and their associated uncertainties. Here, we introduce a Copula Joint Probability
Method (CJPM) that explicitly accounts for non-linear correlation between peak tides and skew surges, generalising the Skew
Surge Joint Probability Method (SSJPM). Using long tide gauge records (=100 years) from 23 locations, we assess how
incorporating correlation affects both central estimates and confidence intervals of estimated return levels. We find that
accounting for this correlation can shift estimated return levels by up to approximately 10 cm at some locations. Importantly,
uncertainty in the peak tide—skew surge correlation can be a statistically significant contributor to the width of confidence
intervals, in some cases exceeding the contribution from uncertainty in the extreme skew surge distribution. At other locations,
correlation has a negligible effect, and CJPM and SSJPM estimates are indistinguishable. These results demonstrate that
explicitly representing correlation and its uncertainty provides a more complete quantification of return levels and their
associated confidence intervals, and helps determine whether correlation materially affects return level estimation. The CJPM
provides a flexible framework that can be applied across a wide range of settings without requiring assumptions about the
strength or cause of any correlation.

Short summary (500-character incl. spaces). Extreme sea levels pose a risk to coastal communities. We present a joint
probability method that uses a copula to account for non-linear correlation between peak tides and skew surges. Accounting
for this correlation can shift central estimates of return levels by up to about 10 cm. We further quantify how uncertainty in
this correlation affects confidence intervals, allowing assessment of whether correlation plays a statistically significant role in

return level estimation.

1 Introduction

Extreme sea levels (ESLs) pose an increasing risk to coastal communities and ecosystems (Diaz, 2016; Hinkel et al., 2014). In

2018, about 748 million people (10 % of 2018 global population) lived within 5 km of the coast and 2.86 billion (38 %) within
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100 km (Cosby et al., 2024). In 2020, 896 million people (11 % of 2020 global population) lived in areas less than 10 m above
sea level and hydrologically connected to the sea (Haasnoot et al., 2021). This number may increase beyond 1 billion by 2050
(Oppenheimer et al., 2019). Furthermore, infrastructure and assets worth 6.5—11 trillion USD are located at sites assessed to
flood with a probability of at least 1 % per year (Haasnoot et al., 2021; Kirezci et al., 2020; Kulp et al., 2019). Accurate
estimation and prediction of ESLs help ensure that flood defences are neither under- nor over-engineered, both of which have
social and financial cost implications (Batstone et al., 2013; Tebaldi et al., 2021).

ESLs refer to the occurrence of exceptionally high or low sea levels relative to mean sea levels (Gregory et al., 2019). These
deviations from the mean are caused by tides, storm surges, and waves. For many purposes, including this study, it is useful
to regard sea level as the sum of three components: the mean sea level, tides, and non-tidal residuals (Pugh and Woodworth,
2014a). Tide gauges are a common source of sea level data, typically providing observations at a temporal resolution of 15
minutes to 1 hour. This temporal resolution is insufficient to capture the instantaneous effects of waves. Consequently, the
term “sea level” commonly excludes these waves in studies using tide gauge data. Tides refer to the sea level component driven
by astronomical forces, most notably in relation to our Moon, followed by our Sun. Tides are largely periodic and can be
predicted with sufficient precision to be treated as deterministic (Pugh and Woodworth, 2014b). Non-tidal residuals are the
differences obtained after subtracting mean sea level and tides from the observed sea level. Non-tidal residuals are mainly
driven by meteorological effects such as storms but can also include tide—surge interaction, tide gauge errors, or tidal prediction
errors. Hence, non-tidal residuals are also referred to as storm surges, or simply surges, and are treated as a stochastic
component.

Various methods have been developed to estimate ESLs, based on extreme value theory (Coles, 2001), joint probability
methods (Pugh and Vassie, 1978), combinations of both (Tawn, 1992; Batstone et al., 2013; Baranes et al., 2020), or mixture
models (Caruso and Marani, 2022; D’Arcy et al., 2023; Palmer et al., 2024). A commonly used extreme value theory-based
approach involves fitting declustered peak-over-thresholds—hourly (or more frequent), mean-detrended sea level observations
exceeding a specified height threshold and occurring at least a given time interval apart—to the generalised Pareto distribution
(Buchanan et al., 2016; Kopp et al., 2023). However, the peak-over-threshold-generalised Pareto distribution approach does
not explicitly account for the deterministic tidal component of sea level. Ignoring this deterministic tidal component has been
shown to result in biased ESL estimates (Dixon and Tawn, 1999).

In contrast, joint probability methods (JPMs) separate the deterministic tides and the stochastic surges before computing their
combined distribution. In JPMs, tide and surge are treated as random variables. Their sum, the storm tide, is used as a measure
of ESLs. The distribution of annual maximum storm tide is obtained after integrating the joint probability density function
(PDF) of tide and surge. However, the first proposed JPM (Pugh and Vassie, 1978) has three weaknesses. First, it does not
account for the temporal dependence of hourly storm tides, which is generally significantly autocorrelated. Second, it uses the
empirical distributions of tide and surge for the integration, limiting the range of estimable storm tides, particularly at the

extremes which are of interest. Tawn (1992) introduced the Revised JPM, which addressed the first weakness using the
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extremal index (Leadbetter, 1983) and the second by modelling the upper tail of the surge distribution using an extreme value
distribution.

The third weakness is the assumption that tide and surge are mutually independent random variables. However, in reality, tide
and surge can be correlated at certain coasts due to drivers such as tide—surge interaction (Dixon and Tawn, 1994; Olbert et
al., 2013) and confounding variables such as seasonality (Pirazzoli and Tomasin, 2007; Williams et al., 2016). Batstone et al.
(2013) partially addressed this with the Skew Surge JPM (SSJPM), which uses the distribution of peak tide and skew surge
instead of hourly tide and non-tidal residuals. Peak tide and skew surge are often approximately independent (Batstone et al.,
2013; Williams et al., 2016), partially supporting this assumption of independence. However, correlation between peak tide
and skew surge can still be present, particularly at sites where correlation is driven by seasonal relationships (Williams et al.,
2016). Furthermore, Santamaria-Aguilar and Vafeidis (2018) identified non-seasonal correlation between peak tide and skew
surge at locations within shallow continental shelves with mixed semidiurnal tidal regimes. D’ Arcy et al. (2023), Palmer et al.
(2024), and Baranes et al. (2020) are some recent studies that propose variations of the SSJPM that account for seasonal
correlation.

In this paper, we propose an approach that is agnostic to the underlying causes of the correlation and is therefore more general
and potentially applicable under a wider range of circumstances. Correlation affects not only the central estimates of predicted
ESLs, but also contributes to uncertainty in these estimates. Accounting for uncertainty in correlation, which can lead to wider
confidence intervals in predicted ESLs, provides a more complete characterisation of the uncertainty in predicted ESLs. Our
results also show that even weak correlation between peak tide and skew surge can have a statistically significant impact on
estimates of extreme annual maximum storm tides.

To address the challenge that correlation between tide and surge poses to JPMs, we propose a Copula JPM (CJPM). The CJPM
builds on the SSJPM by introducing a copula to account for correlation between peak tide and skew surge. Copulas have been
used to estimate joint probabilities of events such as compound flooding (Lee et al., 2024; Li et al., 2021; Yavuzdogan and
Tanir Kayike1, 2020; Galiatsatou et al., 2019; Masina et al., 2015) or compound weather extremes (Tavakol et al., 2020;
Mesbahzadeh et al., 2019). However, their use for capturing correlation between tide and surge within JPMs has not been
extensively explored. A copula is used to combine the marginal distributions of peak tide and skew surge, derived using the
SSJPM, to obtain their joint PDF (Sklar, 1959; van Vliet, 2023). Copulas can take many functional forms and provide a flexible
framework for representing a wide range of correlation structures, including but not limited to linear correlation. This includes
correlation in the peak tide—skew surge joint PDF, regardless of the underlying drivers of said correlation (e.g. seasonal
relationships and tide—surge interaction). In other words, the CJPM does not assume that peak tide and skew surge are mutually
independent.

To test the robustness of the CJPM, we use long tide gauge records as they provide ample observations for validation. We
apply the CJPM to tide gauge records, from the GESLA 3.0 dataset, with at least a 90 % data completion rate over >100
calendar years. The CJPM and SSJPM are fitted to the qualifying tide gauge records, and the resulting return level estimates
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are compared with empirical return levels. Cross-validation is also used to compare the performance of the CJIPM and the

SSJPM. In addition, we test the sensitivity of the CJPM and SSJPM to the generalised Pareto distribution threshold p.

2 Data and Methodology

2.1 Data

Thunder Bay,

Baltimore

Figure 1. Locations of the tide gauges used in this study. Coordinates and record lengths of each tide gauge are listed in Table 1.

To validate the robustness of the Copula Joint Probability Method (CJPM), numerous long and high-resolution tide gauge
records are required. These were obtained from the Global Extreme Sea Level Analysis (GESLA 3.0) dataset (Caldwell et al.,
2015; Haigh et al., 2023; Woodworth et al., 2017). We note that the GESLA 4.0 dataset is now available and can be used for
future studies. For consistency across tide gauges, records with sampling intervals shorter than hourly were averaged to produce
hourly observations. No additional filtering was applied to the downsampled observations to avoid further data loss, which
also aligns with the default option in the toolkit of Williams et al. (2019). To calculate unbiased annual means at each tide
gauge record, observations in a calendar year were discarded if the calendar year had more than 876 missing hourly
observations (i.c. below 90 % completion rate based on 8760 hourly observations per year). The 40 tide gauge records with
observations remaining in at least 100 calendar years were shortlisted for this study (Table 1). These records originate from 23

unique locations (Fig. 1). At 15 of the 23 locations, two or three alternative records from different contributors are available.

4
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Table 1. Tide gauge records used in this study, contributed by the Marine Environmental Data Section (MEDS), University of Hawaii
Sea Level Center (UHSLC), National Oceanic and Atmospheric Administration (NOAA), Danish Meteorological Institute (DMI),
Réseaux de référence des observations marégraphiques (REFMAR), Copernicus Marine Environment Monitoring Service
(CMEMS), Swedish Meteorological and Hydrological Institute (SMHI), and the Bureau of Meteorology (BOM). A map of these
coordinates is shown in Fig. 1. The length of usable records is given in years. The standard deviations of peak tides ox and skew
surges oy and the maximum recorded peak tide X,,x and skew surge Y., are provided in metres (m).

Continent  Country Tide gauge name Contributor Lat. Lon.  Length Ox Xmax oy Yinax
Canada Thunder Bay Ontario  MEDS 48.4 -89.2 104 0.08 033 011 0.64

Victoria BC UHSLC 484  -1234 107 0.27 142  0.13  0.86

Panama Balboa UHSLC 9.0 -79.6 108 046 326 0.10 0.69

Baltimore NOAA 39.3 -76.6 115 0.10 0.50 021 2.16

Galveston Pier 21 UHSLC 293 -94.8 105 0.09 045 0.14 233

Galveston Pier 21 NOAA 29.3 -94.8 108 0.09 045 014 233

Honolulu NOAA 21.3  -1579 101 0.17 0.64 0.05 0.62

Americas Honolulu Hawaii UHSLC 213 -1579 109 0.17 0.64 0.05 0.62
USA Key West NOAA 24.6 -81.8 103 0.12 0.55 0.08 092

Key West F1 UHSLC 24.6 -81.8 102 0.12 0.55 0.08 092

San Diego NOAA 327 -1172 110 0.31 147  0.07 045

San Diego Ca UHSLC 327 -1172 108 0.31 147  0.07 0.51

San Francisco NOAA 37.8  -1225 120 0.23 1.29 0.08 0.67

San Francisco Ca UHSLC 37.8  -1225 120 0.23 1.31 0.08  0.67

Seattle NOAA 476  -1223 122 0.37 199 0.12  0.82

Germany  Cuxhaven UHSLC 53.9 8.7 101 0.21 202 034  3.65

Gedser UHSLC 54.6 11.9 108 0.07 032 0.21 1.80

Denmark Gedser DMI 54.6 11.9 114 0.07 032 0.21 1.80

Hornbaek UHSLC 56.1 12.5 110 0.08 035 0.21 1.59

Hornbaek DMI 56.1 12.5 117 0.08 035 0.21 1.75

Brest UHSLC 48.4 -4.5 152 0.64 388 013 1.37

France Brest REFMAR 48.4 -4.5 153 0.64 389 013 138

Brest 60Minute CMEMS 48.4 -4.5 104 064 389 013 137

Furuogrund SMHI 64.9 21.2 105 0.12 048 022 123

Furuogrund CMEMS 64.9 21.2 105 0.11 048 022 1.23

Kungsholmsfort SMHI 56.1 15.6 131 0.08 0.35 0.17 120

Europe Kungsholmsfort CMEMS 56.1 15.6 131 0.08 035 0.17 1.20
Landsort SMHI 58.8 17.9 118 0.10 038 0.16 0.85

Landsortl CMEMS 58.8 17.9 118 0.10 037 0.16 0.85

Ratan SMHI 64.0 20.9 129 0.11 046  0.21 1.24

Sweden Ratan CMEMS 64.0 20.9 129 0.11 0.46 0.21 1.24

Smogen SMHI 58.4 11.2 109 0.08 040 0.18 1.47

Smogen CMEMS 58.4 11.2 109 0.08 039 0.18 147

Stockholm UHSLC 59.3 18.1 125 0.10 039 0.16 1.05

Stockholm SMHI 59.3 18.1 132 0.10 039 0.16 1.05

Stockholm CMEMS 59.3 18.1 132 0.10 039 0.16 1.05

Ystad SMHI 554 13.8 100 0.08 034 0.18 1.66

Ystad CMEMS 554 13.8 100 008 034 0.18 1.65

0 . Australi Fremantle BOM -32.1 115.7 106 0.14 0.67 0.14 1.01
ceania USHAA o dney Fort Denison ~ BOM 339 1512 102 021 116 0.08 0.54
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These records, despite originating from the same location, can vary in length. Our results at these locations were generally
similar across alternative tide gauge records. Therefore, for each location, we present results based on the record with the most
calendar years of observations. In case of ties, results based on records provided by the National Oceanic and Atmospheric
Administration (NOAA) and the Swedish Meteorological and Hydrological Institute (SMHI) are presented.

Hourly storm tide observations were obtained by subtracting the annual mean of the hourly tide gauge observations from the
tide gauge records (Rasmussen et al., 2018). Hourly tidal observations for each year were derived using the MATLAB tidal
harmonic-analysis package UTide (Codiga, 2011). To prevent double counting, a tidal cycle was defined as the interval
between one local minimum in the hourly tidal observations and the observation preceding the next local minimum (Koh et
al., 2024). Within each tidal cycle, the maximum tide and storm tide were identified, and their difference was defined as the
skew surge (Batstone et al., 2013). The standard deviations of peak tide and skew surge observations at each tide gauge record

are tabulated in Table 1, along with their maximum recorded values.

2.2 Background on Joint Probability Methods

In general, JPMs require the joint probability distribution fyy of tide X and surge Y (Pugh and Vassie, 1978). In the Skew
Surge JPM (SSJPM), X and Y represent peak tide and skew surge respectively. Storm tide Z is treated as a random variable
and assumed to be the sum of random variables X and Y, i.e. Z = X + Y, with the cumulative distribution function (CDF) of

Z calculated as

Fy(2) = f f ey dydr. (1)

With sufficient observations of X, a good estimator of F;(z) is (Tawn, 1992)

N N
Fy(2) = (1_[ FY|X(Z — X¢lx = Xt)) , (@)

where X, is the tth observation of X when ordered chronologically while the index t numbers tidal cycles from the earliest to

|

the most recent. N is the number of observations of X, and Fyx is the conditional CDF of Y given X. However, due to the
difficulties associated with obtaining fyy and Fy|x, X and Y are often assumed to be independent random variables. Their
assumed independence implies that Fyx is equal to Fy, the marginal CDF of Y, thereby replacing the challenging task of
obtaining Fy|x with the simpler task of determining the univariate marginal distribution Fy.
In the earliest JPM (Pugh and Vassie, 1978), one year of observations was considered sufficient to estimate the marginal
distributions of X and Y. Since Tawn (1992), the preferred estimator of Fy is the piecewise function

F) fory <u,

G() (1 - F‘y(u)) +F@ fory=u, )

F(y) =
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where the empirical CDF of surge Fy is used below a threshold p, while the upper tail (i.e. above the threshold p) is modelled
using an extreme value distribution G. Since Batstone et al. (2013), the preferred parametric distribution for G is the generalised

Pareto distribution (GPD), defined by the CDF

1
6 =1-(1+¢5) %, @
where £ is a shape parameter and o is a scale parameter. In our implementation, u was selected to be the level between the
97.5th (Batstone et al., 2013) and the 99.7th (Baranes et al., 2020) percentiles of skew surge observations—common thresholds
in studies where >100 years of records are available—for which the GPD provided the best fit (according to the Kolmogorov-
Smirnov test). A sensitivity test showed that the SSJPM and CJPM exhibit similar sensitivity to 4 within this percentile range.
Bootstrapping was used to obtain the confidence intervals of ¢ and o, which represent uncertainty in the height of extreme
skew surges and their distribution. While only the empirical CDF of skew surge, Fy, is required for the SSJPM, we also define

the empirical CDFs of peak tide, Fy, and storm tide, F, as

RO =12 A =357 B@I =17 ©

where X; is the ith observation of X when ordered in ascending order, i is the rank of X;, and N is the number of observations
of X.Y}, j, and M are defined analogously for skew surge Y, and Zy, k, and L for storm tide Z. Note that the X;’s referenced
here and the X,’s in Eq. (2) are the same collection of peak tides. Their difference is that X;’s are ordered by magnitude and
X;’s by time. Equations (2)—(5) are combined to obtain F,. In practical applications, it is useful to convert F, into a function

of return level z and return period RP (in years) via the transformation
1

RP(z) = —————,
1-F@(z)

(6)

where T is the average number of observations of Z per year and 6 is the extremal index. The extremal index, 6, accounts for

autocorrelation by reducing T to the effective average number of independent observations of Z per year (Leadbetter, 1983).

Similarly, the empirical return level of storm tides can be estimated as RP(Z,) = [1 — FZTH(Z") z k)]_l. Given L observations
of Z over D years, T can be estimated using T = L/D. 1/6(z) can be interpreted as the mean cluster size—the average length
of time that Z remains above a threshold z before subsiding below z. We used the estimator (Ferro and Segers, 2003; Baranes
et al., 2020)

1 2[SED (1, - D]
0(2) (E@) - D)XEDMU - DU - 2]

(7

where E (2) is the number of observations above z and I, is the interexceedance time. The estimator 1/6(z) was then fit to

the functional form
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witha, b = 0.

2.3 Copula Joint Probability Method (CJPM)

Assuming statistical independence between X and Y may not be reasonable at certain locations (Santamaria-Aguilar and
Vafeidis, 2018; Williams et al., 2016), potentially causing the SSJPM to be unsuitable at those locations. If the joint PDF fyy
can be obtained, then the assumption of independence between X and Y need not be made. To model fyy, we propose using a
copula. Introduced by Sklar (1959) (translated by van Vliet, 2023), Sklar’s theorem states that, in the bivariate case, every joint
CDF Fyy can be expressed in terms of its marginals and a copula C such that
Fyy(x,y) = C(Fx(x): FY()’))- 9
The copula C itself is a valid multivariate CDF that supports marginals uniform in the interval [0,1]. Taking the second-order
mixed partial derivative of Eq. (9) yields
far(x,y) = C(Fx(x),FY(}’))fx(x)fy(Y), (10)

a%c
0FxdFy

where ¢ = is called the copula density of C. One interpretation is that the copula density c(Fx (x), Fy(y)) combines the

marginal PDFs fy and fy to form the joint PDF fyy via the product of the three terms. The CJPM consists of three overall
steps: fitting the marginals following the SSJPM using Eq. (3)—(5), fitting the joint peak tide—skew surge observations to a
copula as described in the following paragraph, and finally combining the copula with Eq. (1) to obtain Eq. (11)—(12) and
consequently F;(z). These steps and those of the SSJPM are shown using a schematic diagram, where their differences can be
visualised (Fig. 2).

To fit our observations to a copula, we require joint observations of peak tide and skew surge (X, Y;)—observations of pairs
of X and Y measured during the same tidal cycle t. After computing the marginals Fy and F,, we transformed the joint

observations to pseudo observations—observations where marginals are uniformly distributed but may not be jointly
uniform—using the probability integral transform (U, V;) = (ﬁX(Xt), Fy(Yt)). Using the Python library pyvinecopulib

(Nagler and Vatter, 2025), we fitted the Transformation local likelihood (TLL) copula (Geenens et al., 2017) to the pseudo
observations (U, V;) using maximum likelihood estimation. Bootstrapping was used to obtain the confidence intervals of the
TLL copula’s parameters, which represent uncertainty in peak tide—skew surge correlation. The TLL copula is a non-
parametric local likelihood density estimator, adapting locally to the empirically observed distribution, making it suitable for
representing both central and tail dependence structures without assuming a parametric form. Mathematical details of the TLL
copula are provided in Appendix A. These properties make the TLL copula suitable for the CJPM for two reasons.

First, just like observations of Z, observations of (X;, ¥;) and, consequently, (U, V;) are generally significantly autocorrelated.
In JPMs, we preserve the autocorrelation in (X;, Y;) and make corrections to Z using the extremal index 6. Local likelihood

density estimators have shown some success at handling autocorrelated observations (Geenens and Wang, 2018).
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Figure 2. Schematic of the SSJPM (orange solid) and CJPM (blue dash-dotted), illustrated using tide gauge records and intermediate
results from Brest, France. In the SSJPM, the marginal distributions of peak tide and skew surge are fitted to observations, then
convoluted to obtain the storm tide distribution. In the CJPM, the marginal distributions are fitted using the same procedure as the
SSJPM. Using the marginal distributions, the joint observations are transformed to joint uniform observations to which the TLL
copula is fitted. The storm tide distribution is subsequently obtained using Eq. (12).

Second, the methodology of JPMs requires the full PDF fyy, although we are most interested in the extremes of Z (e.g. return
periods of at least 10 years). Certain studies into the correlation between tides and surges address this by conditioning on large
values of Z (Arns et al., 2020; Ragno et al., 2024). However, we suspect this introduces collider bias into analyses. We further
explain collider bias and discuss its implications in the discussion section. Hence, we require a copula such as the TLL that
can represent the bulk of the observations while also capturing the characteristics in the upper tails. Local likelihood density
estimators have also been shown to outperform conventional kernel density methods at the copula boundaries and the tails of

the joint distributions (Geenens, 2014; Geenens et al., 2017; Geenens and Wang, 2018).
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The requirement for a copula to fit the full PDF of fyy despite our primary interest being in the extremes of Z also complicates
the use of traditional measures to evaluate the copula's goodness-of-fit. This is because those measures are dominated by the
bulk of the observations in the central tendency, while extremes make up a small proportion of these observations. Even in
cases where the TLL was deemed a worse overall fit to observations than one- and two-parameter parametric copulas, our
testing showed that the TLL outperformed parametric copulas at estimating return levels (see the discussion in Sect. 4 relating
to Fig. 4 and Table 2).

Combining Eq. (1) and (10) and making the change of variables u = Fy(x) and v = F,(y), we obtain

1 (Fy(z-Fglw)
F;(z) =f J ( )c(u, v)dvdu. (11)
0o Jo

With sufficient observations of X, a good estimator of Eq. (11) is

|~

Fy(2) = (chu(Fy(z—xmu =ﬁx(xt))> , (12

where Cyy is the conditional CDF of V given U, and N is the number of observations of X. Note the similarities between
Eq. (2) and (12), where Fyy is replaced by Cyy, Y by Fy(Y), and X by Fy(X). Equation (12) can be expressed in terms of

return levels and return periods by combining Eq. (12) with Eq. (6)—(8).

2.4 Cross-validation

As the CJPM has more parameters than the SSJPM, it is important to assess whether the CJPM exhibits overfitting. Cross-
validation evaluates the performance of the CJPM and SSJPM on their ability to describe the data on which they were trained
and their ability to predict unseen data. In this study, we employed 4-fold cross-validation.

In the 4-fold cross-validation, each tide gauge record was shuffled and divided into four equal subsets. In each iteration, three
subsets were used for training (i.e. the CJPM and SSJIPM were fitted to these subsets), and the remaining subset was used for
validation. During training, the parameters a and b in Eq. (8) were fixed at specified values because shuffling the tide gauge
data destroys the autocorrelation represented by 6. Hence, a and b were set to the values obtained when fitting the JPMs to
the full tide gauge records.

The training error for each JPM was calculated by first determining the empirical return periods of the 20 largest observations
in the training set. Model-predicted return levels for these return periods were then obtained. The mean absolute difference
between the 20 observations and the model-predicted return levels were defined as the training error. The validation error was
calculated analogously using the 20 largest observations from the validation set instead of the training set.

This procedure was repeated for four iterations such that each subset served as the validation set once. The performance of

each JPM was evaluated by aggregating the training and validation errors across all folds.
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However, shuffling a tide gauge record breaks any seasonality that may be present in the record. To preserve the effect that
seasonality may have on the performance of the CJPM and the SSJPM, we also employed an unshuffled 4-fold cross-validation

where each tide gauge record was divided into four equal contiguous subsets without shuffling.

3 Results

We illustrate the impact of incorporating a copula into the SSJPM by highlighting results from three locations (Fig. 3). We
plot return levels as a function of return period, i.e. the inverse of Eq. (6), which represents the average number of years
between two instances of storm tide Z exceeding a given height. For instance, the CJPM curve passes through the coordinates
(50 years, 4.05 m) at Brest (Fig. 3a), indicating that the CJPM estimates Z to exceed 4.05 m on average once every 50 years.

As the estimator 1/60(2) is only valid at large values of z, we limit our discussion to return periods above 10 years.

(a) Brest (REFMAR)

°  Observations
A2 , <] - SSJPM MLE
; LS SSJPM 95% Cl (GPD)
Bl A |t —-- CJPM MLE
I e RN Y CJPM 95% Cl
4.0 A T CJPM 95% CI (GPD)
= Q@8 =
£ r'"‘ ' CJPM 95% ClI (copula)
5 39+ |
1 2
B 10 10
c (b) Balboa (UHSLC) (c) Cuxhaven (UHSLC)
S 3.35 ~ 55
@ A
o | /A‘
3.30 4 R R L-10s :
o | tCiE=" 5.0 =t ==
i s g o s
> o o _ 2pm”
. 4.5 - >
320 - ~605 r’ ,“., et
.../. 3 0../"‘/
- B
3.15 14 404"
10! 102 101 102

Return period (years)

Figure 3. Return levels as a function of return period at three tide gauge locations. Grey points denote empirical return levels. The
SSJPM's central estimate and its 95 % confidence interval are represented by the orange solid line and the vertically hatched shaded
region respectively. The corresponding CJPM results are shown using the blue dash-dotted line and the diagonally hatched shaded
region. The green dotted lines indicate the CJPM’s confidence interval due to uncertainty in GPD parameters (with copula
parameters held constant), while the red dashed lines indicate the CJPM’s confidence interval due to uncertainty in copula
parameters (with GPD parameters held constant).
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The longest available tide gauge record is from Brest, France, with a duration of 153 years, provided by the Réseaux de
référence des observations marégraphiques (REFMAR). Here, there is a clear difference between the estimates of the CJIPM
and the SSJPM (Fig. 3a). When compared to the empirical return levels, the SSJPM appears to overestimate ESLs at Brest.
Pirazzoli and Tomasin (2007) also found that tide—surge interaction and seasonality caused the JPM to overestimate return
levels at Brest, though their results were based on tide and non-tidal residuals instead of peak tide and skew surge. The SSJPM’s
central estimate is 10 cm higher than that of the CJPM’s at a return period of roughly 60 years, further diverging at larger
return periods. A change of the same order of magnitude was also reported by D’ Arcy et al. (2023) when incorporating peak
tide—skew surge interaction into the SSJPM and applying it to tide gauge records of Sheerness, England. Compared to the
SSJPM, the CJPM shows closer visual and numerical agreement with the observed historical ESLs of Brest, with the CJPM’s
confidence intervals encompassing Brest’s empirical return levels. In the CJPM, the uncertainty in peak tide—skew surge
correlation and the uncertainty in the height of extreme skew surges contribute to uncertainty in estimated return levels. The
contributions from each source of uncertainty are shown by the red dashed and green dotted lines respectively, while the blue
shaded region represents their combined effect. Of the two sources of uncertainty, correlation appears to be the larger
contributor to the uncertainty in Brest’s estimated return levels, as indicated by the wider confidence interval. The uncertainty
associated with correlation alone, and the resulting confidence interval, is sufficient to encompass the empirical return levels
and thus capture the observed spread in empirical return levels. On the other hand, uncertainty in the height of extreme skew
surges alone does not appear to fully account for the observed variability in Brest’s empirical return levels. At a return period
of 100 years, the confidence interval of the CJPM has a width of 8 cm when correlation uncertainty is included, and 3 cm
otherwise. By accounting for the uncertainty in peak tide—skew surge correlation, the CJPM produces a more wider confidence
interval which better agrees with empirical return levels. We found similar results at Honolulu, San Diego, San Francisco, and
Thunder Bay, where correlation contributes more to uncertainty than the height of extreme skew surges when estimating return
levels and the CJPM shows closer agreement with empirical return levels than the SSJPM.

Our results at Balboa, Panama, illustrate a scenario where the central estimates of the CJPM and the SSJPM do not diverge
drastically, but the CJPM shows somewhat closer agreement with the empirical return levels by accounting for uncertainty in
peak tide—skew surge correlation (Fig. 3b). The difference in their central estimates is less than 1.4 cm between return periods
of 10 and 100 years. This difference is small when compared to the CJPM’s confidence interval, which has a width of more
than 3 cm and fully encompasses the SSJPM’s estimates. This indicates that the SSJPM’s estimates fall within the range of
plausible outcomes represented by the CJPM. Similar to Brest, uncertainty in the CJPM’s return level estimates is largely
driven by uncertainty in peak tide—skew surge correlation, with relatively small contribution from uncertainty in the height of
extreme skew surges. With the exception of two outliers, the uncertainty associated with correlation encompasses the empirical
return levels, which the uncertainty associated with extreme skew surge distribution does not capture. Other locations where
the CJPM and SSJPM had similar central estimates but the uncertainty in correlation was found to be at least as impactful as

the uncertainty in extreme skew surge heights are Landsort, Seattle, Sydney Fort, and Victoria BC.
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At Cuxhaven, Germany, uncertainty in the height of extreme skew surges is the dominant contributor to uncertainty in return
level estimates, while uncertainty in peak tide—skew surge correlation has a smaller contribution (Fig. 3¢). Here, the uncertainty
associated with extreme skew surge distribution is sufficient to capture most of the variability in empirical return levels.
However, with a central estimate approximately 6 cm lower than that of the CJPM, the SSJPM appears to slightly
underestimate ESLs when compared against empirical return levels. Meanwhile, the empirical return levels lie fully within the
CJPM’s confidence intervals. Nonetheless, this difference between the CJIPM and SSIPM is small relative to their confidence
intervals of about 65 cm wide at the 100-year return period mark. Fremantle and Furuogrund are the other locations where
peak tide—skew surge correlation does not contribute substantially to uncertainty in estimated return levels, but leads to small
differences in central estimates when accounted for.

At the remaining 10 locations, the CJPM produced estimates that do not meaningfully differ from those of the SSJPM. The
central estimates and confidence intervals of both the CJPM and the SSJPM were similar, and the uncertainty in peak tide—
skew surge correlation had negligible influence on the uncertainty of estimated return levels.

In the 4-fold cross-validation, the CJPM and SSJPM had an overall training error of 3.4 cm and 5.1 cm respectively. This
indicates that the CJPM fits the observed data better, consistent with the results shown in Fig. 3 and other tide gauge locations.
The CJPM also performed better than the SSJPM in out-of-sample evaluation, with an overall testing error of 4.6 cm compared
to the SSJPM’s 5.7 cm. The increase in error between the training and testing datasets of 1.3 cm for the CJPM is larger than
the SSJIPM’s 0.6 cm, suggesting a slightly greater tendency for overfitting in the CJPM compared to the SSJPM. This is
expected as the CJPM is a generalisation of the SSJPM and has more parameters, with the SSJPM being a special case of the
CJPM where c(u, v) = 1. Nonetheless, the CJIPM’s lower testing error, together with existing evidence of peak tide—skew
surge correlation (D’ Arcy et al., 2023; Santamaria-Aguilar and Vafeidis, 2018; Williams et al., 2016), suggests that the CJPM’s
increased complexity could be warranted. Furthermore, the cross-validation errors were computed using only the central
estimates of return levels without considering that the CJPM distinguishes correlation-associated uncertainty. Hence, the cross-
validation results do not fully reflect the additional insights the CJPM provides relative to the SSJPM.

Results of the unshuffled 4-fold cross-validation are consistent with these findings. In the unshuffled cross-validation, the
CJPM and SSJPM had an overall training error of 3.5 cm and 5.3 cm respectively, close to those of the shuffled cross-
validation. The overall testing error is 7.8 cm and 8.8 cm for the CJPM and SSJPM respectively. With an increase of 3.2 cm
and 3.1 cm respectively over the CJPM’s and SSJPM’s testing error in the shuffled cross-validation, these results indicate that

seasonality affects the performance of both the CJPM and SSJPM to a similar degree.

4 Discussion

The CJPM generalises the SSJPM by relaxing the SSJPM’s assumption of independence between peak tide and skew surge,
i.e. the SSJPM is a special case of the CJPM with the constraint c(u, v) = 1. Our results highlight two potential advantages of
the CJPM over the SSJPM. First, by accounting for the correlation between peak tide and skew surge, the CJPM’s central
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estimates of return levels were found to be in closer visual and numerical agreement with empirical return levels than the
SSJPM. Second, the CJPM accounts for the uncertainty in peak tide—skew surge correlation. The isolated impact of peak tide-
skew surge correlation on the uncertainty in estimated return levels can be used to determine whether peak tide—skew surge
correlation causes the central estimates of the CJPM and SSJPM to deviate significantly. Combining correlation uncertainty
with other sources of uncertainty can yield a wider, more conservative confidence interval in return level estimates which
could more fully reflect the total uncertainty in ESL estimates.

Sources of correlation between peak tide and skew surge may include tide—surge interaction (Santamaria-Aguilar and Vafeidis,
2018; Olbert et al., 2013; Dixon and Tawn, 1994) and confounding variables such as seasonality (D’ Arcy et al., 2023; Williams
et al., 2016). Tide—surge interaction has been observed to occur in shallow (Idier et al., 2019; Mawdsley and Haigh, 2016) and
enclosed (Costa et al., 2023; Yang et al., 2023) water bodies. These geographical characteristics are found where the Brest and
Thunder Bay tide gauges are located (GEBCO Compilation Group, 2024; Kastrisios et al., 2023)—two locations where the
CJPM and the SSJPM differed by more than 10 cm in their central estimates. However, the CJPM neither identifies the causes
of correlation nor distinguishes between different drivers of correlation. The CJPM only leverages observed correlation to
produce estimates of return levels that account for correlation. Further research will be needed to identify the presence of tide—
surge or peak tide—skew surge interaction at these locations, understand the underlying dynamics, and quantify their effects.
Pirazzoli and Tomasin (2007) also found indications that tide—surge interaction and seasonal correlation between tides and
non-tidal residuals are present at Brest. Artefacts may also manifest in observations of tide due to errors in harmonic analysis
(Horsburgh and Wilson, 2007), which can potentially induce correlation. In cases where a correlation structure between peak
tide and skew surge is absent or negligible, the copula density ¢ = 1 and the CJPM converges to the SSJPM. Additionally, if
hourly tides and non-tidal residuals are independent, we expect the SSJPM and CJPM to converge to the Revised JPM of Tawn
(1992). Conversely, copulas could also be applied to the Revised JPM to account for correlation between hourly tides and non-
tidal residuals.

We also note that the specific value of p, restricted to values between the 97.5th and 99.7th percentile of skew surges, did not
have a statistically significant impact on return levels estimated by either the CJPM and the SSJPM. We chose this percentile
range as it is typical of the thresholds used in similar studies. However, lower percentiles can also be tested and, if viable,
chosen, potentially reducing the uncertainty in the distribution of extreme skew surges. Identifying an appropriate value for u
is challenging, and exploratory analyses of the underlying sea level records remain the most reliable method to do so. To our
knowledge, there is no generalised or global “one-size-fits-all” algorithm for selecting u that can be regarded as a preferred
default across variants of SSJPM. This remains an important question under active investigation and several approaches have
been proposed (Collings et al., 2025; Murphy et al., 2025; Belzile et al., 2023). Incorporating these methods into the CJPM, or
the SSJPM in general, could be explored in future studies. When using the CJPM for local-scale analyses, we recommend
choosing u based on the aforementioned exploratory analysis. However, this approach is most likely impractical for global-

scale analyses.

14



361
362
363
364
365
366
367
368
369
370
371
372
373
374
375
376
377
378
379
380
381
382
383
384
385
386
387
388
389
390
391
392

https://doi.org/10.5194/egusphere-2026-2118
Preprint. Discussion started: 22 April 2026 EG U
sphere

(© Author(s) 2026. CC BY 4.0 License.

Our cross-validation results indicate that the CJPM, despite having more parameters than the SSJPM, does not substantially
overfit to training data; relative to the SSJPM, the CJPM maintains comparable generalisation performance despite its
increased model complexity. In the unshuffled cross-validation, results indicate that seasonality affects the performance of the
CJPM and the SSJPM to a similar extent. Other studies have accounted for seasonality in JPMs by isolating the winter and
summer seasons (Baranes et al., 2020), adding a seasonal covariate to the GPD parameters (D’Arcy et al., 2023), or using a
mixture distribution (Palmer et al., 2024). Similar approaches could be considered for future iterations of the CJPM.
Unfortunately, our methodology and analyses require ample observations for validation. Our criterion for tide gauge records
to be at least 100 years long precludes many regions from our analysis, especially those with shorter records that may be the
most vulnerable to ESLs. Many more tide gauge records could have been included in this study if we reduced our requirements
to, for example, 50 years. However, even our threshold of 100 years leaves us with few observations for cross-validation. With
the shortest possible testing sets of 25 years, only two observations have empirical return periods above 10 years. The third to
twentieth largest observations have empirical return periods between 1.25 and 8.33 years. Hence, long sea level records are
needed for robust cross-validation. However, the use of century-scale tide gauge records also raises potential issues related to
non-stationarity. Although annual de-meaning is applied to remove changes in mean sea level, cases where extremes are non-
stationary over such timescales have been observed (Calafat et al., 2021; D’ Arcy et al., 2023; Palmer et al., 2024). In addition,
stationarity of the correlation between peak tide and skew surge could be of particular interest. Extending the CJPM to account
for non-stationarity via approaches such as time-varying GPD and copula parameters could be an interesting direction for
future research.

Quantifying the differences between the results of the SSJPM and the CJPM may be of scientific interest. The discovery of
substantial and statistically significant differences could motivate further investigation into the underlying causes of the
correlation between peak tide and skew surge. Practitioners can evaluate the copula-associated uncertainty and the differences
in return level estimates at a location to determine whether the additional complexity of the CJPM is warranted, or if the SSJPM
is adequate for their application.

The benefits of using a copula to model the correlation structure between peak tide and skew surge can be challenging to
quantify. Ragno et al. (2024) also utilised copulas when estimating quantiles of storm tide in the Adriatic and Tyrrhenian Seas.
However, following Arns et al. (2020), they selected joint peak tide—skew surge observations by conditioning on a storm tide
threshold. Due to collider bias, also known as Berkson’s paradox, such conditioning can create a false correlation between
peak tide and skew surge (McElreath, 2020). Collider bias occurs when a response variable (the collider) is causally influenced
by two or more explanatory variables that may not necessarily be mutually dependent, as is the case of tide, surge, and their
sum, i.e. storm tide. Conditioning on a collider, such as storm tide, causes a false correlation between the explanatory variables.
This false correlation can cause the benefits of using a copula to be overstated if comparisons are not done fairly and carefully.

When conditioning on large storm tides, the conditioned observations are likely to have a strong negative linear correlation
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396 Figure 4. (a) Illustration of collider bias or Berkson’s paradox using randomly generated Gaussian samples with specified correlation
397 coefficients. Three samples, each of size 100,000, are generated from bivariate Normal distributions with standard Normal marginals
398 and correlation coefficients of —0.7, 0, and 0.7. For each (x,y) pair, we compute z = x + y and identify the 99th percentile of z
399  within each sample. (x,y) pairs for which z is greater than or equal to the 99th percentile (i.e. conditioned data) are highlighted in
400 red. The conditioned data can exhibit a strong negative correlation even when the underlying data do not. When working with
401 conditioned data in isolation, care should be taken when making conclusions about the correlation between x and y. Conversely, the
402  correlation measures of the full sample do not necessarily reflect the correlation structure at extreme values of z. (b) Illustration of
403  collider bias or Berkson’s paradox using tide gauge records from Brest, France.

404 regardless of the correlation (or lack thereof) in the original unconditioned observations (Fig. 4). Hence, if the SSJPM is applied

405 to both the conditioned and unconditioned observations, return levels based on the conditioned observations are likely to be
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overstated compared to results based on unconditioned observations. The SSJPM is not equipped to handle correlation and not
designed to be applied on observations conditioned this way. For this reason, comparisons to the SSJPM should be done against
results obtained from applying the SSJPM to unconditioned observations, as we have done in this paper. On the other hand,
applying the CJPM to either the unconditioned or conditioned observations should yield similar results as the CJPM can
account for the correlation (linear and non-linear) that may be present in either set of observations.

Collider bias may also cause measures of linear correlation between large storm tide-conditioned peak tide and skew surge to
be misunderstood. Such measures, which indicate that peak tide and skew surge (or tides and surges in general) are negatively
correlated at large storm tides, may be misunderstood to imply that extreme surges are more common during lower high tides
(or lower tide levels) and less common during higher high tides (or higher tide levels), even if this is not necessarily the case
(Fig. 4). To date, the most comprehensive set of peak tide—skew surge correlation measures is presented in Arns et al. (2020).
Supplementary Figure 2 of Arns et al. (2020) also helps illustrate how collider bias occurs due to conditioning on storm tides:
at the six locations shown, the Kendall rank correlation coefficient between peak tide and skew surge is close to 0 without any
conditioning but ranges from —0.72 to —0.55 when conditioned on large storm tides.

Linear correlation between peak tide and skew surge in the full length of tide gauge observations tends to be close to 0 as most
observations (e.g. the central tendency) are not correlated. Nevertheless, significant and genuine (not arising from collider
bias) correlation structure, both linear or non-linear, may exist in some subset of the observations’ domain. The existence of
such correlation structure may statistically significantly influence the SSJIPM, as evidenced by our results at Brest, or
potentially JPMs in general. For this reason, we found that measures of linear correlation may be insufficient for assessing the
importance of introducing a copula to the SSJPM for a given location or sea level record. Instead, a popular statistical method
for identifying and quantifying tide—surge interaction uses timing-based measures (Costa et al., 2023; Horsburgh and Wilson,
2007), although they are not useful for modelling peak tide—skew surge correlation in JPMs. This also reflects the difficulty of
defining useful measures of correlation between the magnitudes of tides and surges in the context of JPMs.

To illustrate the limitations of linear correlation measures, we provide a comparison of the TLL copula to parametric copulas
using the tide gauge records from Brest. The parametric copulas used are tabulated in Table 2, where various goodness-of-fit
scores and the Kendall’s t of each copula are also tabulated. The return levels and return periods of each CJPM and the SSJPM
are plotted in Fig. 5. Relative to empirical return levels with return periods of at least 10 years, the TLL-based CJPM achieved
a mean absolute error of 0.9 cm while the parametric copula-based CJPM had an average mean absolute error of 6.3 cm
(Fig. 5). This is despite the TLL copula not necessarily being the best fit to the observations (Table 2). This may be due to
uncorrelated central tendency having significant weight in the copulas’ goodness-of-fit measures. This indicates that a copula
deemed to fit the data better may not produce the best estimates of return levels, hence our decision to use the TLL copula. We
also find that the Kendall’s t of all fitted copulas are similar and small in magnitude (Table 2) despite producing very different
return levels and return periods (Fig. 5). This indicates that the Kendall’s T of peak tide and skew surge would likely be a poor
indicator of the presence of any non-linear correlation structure and whether the copula-based CJPM should be adopted over

the SSJPM. A more helpful assessment of whether a copula is important for a given location could be to apply both the CJPM
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Table 2. Goodness-of-fit scores and Kendall's T of copula families fitted to the Brest (REFMAR) tide gauge record. AIC, BIC, and
mBIC refer to the Akaike, Bayesian, and modified Bayesian information criterion respectively. The best-fitting copula based on each
criterion is emphasised in bold.

Copula T mBIC BIC AIC  Log likelihood
Independence 0 4.61 0 0 0
Gaussian -0.01 -42.60 -42.81 -52.39 27.20
Student's ¢ -0.02 -68.54 -68.76 -87.92 45.96
Clayton -0.02  -21839  -218.60  -228.18 115.09
Gumbel -0.02  -156.77  -156.98  -166.57 84.28
Frank -0.02 -91.05 -91.26  -100.85 51.42
Joe -0.02  -177.38  -177.59  -187.17 94.58
Clayton-Gumbel (BB1) -0.02  -206.80 -207.01  -226.17 115.08
Joe-Gumbel (BB6) -0.02  -165.80 -166.01  -185.17 94.58
Joe-Clayton (BB7) -0.02  -206.80 -207.01  -226.17 115.08
Joe-Frank (BBS) -0.03  -259.38 -259.59  -278.75 141.38
TLL -0.02  -118.03 -118.24  -803.44 473.24

and the SSJPM to a sea level record and determine whether the estimates of the SSJPM lie within the CJPM’s confidence
interval associated with peak tide—skew surge correlation. A statistically significant difference in estimates implies that the
original observations were correlated, at least to a degree that can statistically significantly influence the SSJPM’s results. The
mean absolute error of TLL- and parametric-based CJPMs were also computed for the remaining 22 locations and compared
in the same manner as at Brest. We found that the TLL-based CJPM performs similarly to the parametric-based CJPMs, with
noticeable improvements at some locations including San Francisco, Seattle, Cuxhaven, and Fremantle. This suggests that
while the flexibility and additional complexity of the TLL copula may not be necessary in all cases, it provides a robust and
conservative option in the absence of prior knowledge of the underlying dependence structure, consistent with its qualitative
properties discussed in Sect. 2.3. One potential downside is that the TLL copula can be more data-hungry than its parametric
counterparts. If this is a concern, strategies such as defaulting to independence (i.e. the SSJPM) in the absence of clear evidence
of dependence, selecting copula families via cross-validation with tail-focused scoring, or comparing a small set of standard

parametric copulas (e.g. Gaussian, Student’s t, Clayton, Gumbel, or Frank) can be considered.
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Figure 5. Return level estimates from the parametric copula-based CJPMs (green dotted), the TLL copula-based CJPM (blue dash-
dotted), and the SSJPM (orange solid) at Brest. The parametric copulas used are listed in Table 2.

The CJPM relaxes the assumption that the peak tide and skew surge distributions are independent, making it more general than
the SSJPM and suitable at more locations. We showed that using a copula to account for the correlation structure between peak
tide and skew surge can lead to central estimates different from the SSJPM’s while enabling quantification of correlation-
associated uncertainty. Furthermore, the CJPM is agnostic to the underlying causes of the correlation, and fits a copula purely
based on the empirical correlation structure of the underlying observations. For instance, the CJPM showed closer agreement
with observations at Brest relative to the SSJPM without prior knowledge of whether the correlation between peak tide and
skew surge is due to tide—surge interaction or seasonality. The agnostic nature of the CJPM makes it a good option for sites
with insufficient information on the drivers of potential correlation between peak tide—skew surge and the correlation structure
of their joint distribution. One such region is Southeast Asia, where tide—surge interaction is likely to be present at many coastal
locations, but relatively few studies have been done to investigate its causes and how it may impact the height of storm tides
and ESLs in this region (Koh et al., 2024). However, the sparse spatial distribution of tide gauges and the limited length of
their records pose an additional challenge when estimating ESLs in this region. The performance of the CJPM under such
conditions could be investigated in future studies. The CJPM contrasts with methods such as those proposed by Baranes et al.
(2020), D’ Arcy et al. (2023), and Palmer et al. (2024) that account for correlation due to seasonal relationships. On the other
hand, this makes the CJPM unsuitable for attribution studies. Nevertheless, given the acceptable increase in computational
cost of the CJPM over the SSIPM, the practical downsides of choosing the CJPM over the SSIPM appear limited when the

objective is the estimation of return levels and return periods.
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5 Conclusions

Correlation between peak tide and skew surge can measurably affect the estimation of extreme sea levels using joint probability
methods, but quantifying the correlation structure and attributing correlation to its underlying physical causes is not trivial. We
propose the Copula Joint Probability Method (CJPM), which builds on the Skew Surge Joint Probability Method (SSJPM) by
introducing a copula to quantify the correlation without requiring prior understanding of its physical causes. Differing results
between the SSJPM and CJPM may indicate the presence of non-negligible correlation and can motivate further investigation
into underlying causes or drivers of the correlation, although the CJPM does not directly identify these drivers. In addition, the
CJPM allows the contribution of correlation-associated uncertainty to estimated extreme sea levels to be quantified, providing
additional insight beyond that available from the SSJPM. By not assuming independence between peak tide and skew surge,
the CJPM is more general and may be applicable across a wider range of locations than the SSJPM. Further studies could
evaluate the performance of the CJPM when applied to shorter tide gauge records (e.g., < 30 years) to assess its suitability at
locations with limited data availability, such as Southeast Asia. Incorporating newer and improved methods for threshold

selection of extreme skew surges could also be explored and may further improve the robustness of the CJPM.

Appendix A: Transformation local likelihood (TLL) copula

The TLL copula is obtained by first transforming joint observations (U, V;) from the copula space to a Gaussian layer. Then,
a local likelihood density estimator is used to estimate the PDF in the Gaussian layer before transforming the PDF back to the
copula space to obtain the copula density. The TLL copula is defined as follows. We obtain joint observations in the Gaussian
layer via (A, By) = (CD‘l(Ut), CD‘l(Vt)), where @ is the CDF of the standard normal distribution. The marginals of the joint
observations (4, B;) are standard normally distributed, i.e. A ~ N(0,1) and B ~ N(0,1), and we denote their joint PDF as
fap- According to Eq. (10), the copula density can be written as

f1s(®71 (W), @7 (@)
P(P1(w)p(@~1(v))’

where ¢ is the PDF of the standard normal distribution. Hence, ¢ can be determined from f5. log f,5 is approximated using

c(u,v) = (A1)

a second-order polynomial
log fus (a',b") ~ P(a' —a,b’' —b | a,y)
= Qoy(ap) T 10,00 (@ — @) + A 1;(a,p) (B — b)
+a2,0;(a,b)(a, -a)’ + ®1,1;(a,b) (@ —-a)b'—b) + aO,Z;(a,b)(b, —-b)?, (A2)
where the polynomial coefficients

agp = [Xoap)  Aroap)  Fosab) X20ab) Fiab)  %o2abn]T  (A3)
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are functions of a and b and are fitted to (4., B;). The best fitting polynomial coefficients are obtained by solving the weighted

maximum likelihood problem

N

_ A
a,, = argr;l:l;({ K ([Z] | [Bz],BBT) P(A,—a,B, — b | ayy)
=1

t

- f[ (5] 1 [2) BB enp (P = b = b1 aga) daar], - ae

where

1
Kx|wx) = —E(X—H)E_l(x—u)> (A5)

1
7271 m exp (
is the Gaussian kernel (i.e. the PDF of the multivariate normal distribution) with mean vector pu and covariance matrix X. B is
a bandwidth matrix where BBT = . B = 3N~/ 102‘%2, where £, is the empirical covariance matrix of (4,, B,), has been
found to produce good results and is used in pyvinecopulib’s implementation (Nagler and Vatter, 2025; Nagler, 2018). Finally,

the approximation f,5(a, b) = exp(ao;(a,b)) is made, and the TLL copula density is given by

€Xp (ao;(d>_1(u),¢>_1(v)))
P(P1(w)p(@~1(v))
Renormalisation is applied to Eq. (A6) to ensure that it is a valid probability density that integrates to 1 (Geenens, 2017; Nagler,
2018; Nagler et al., 2017).

(A6)

c(u,v) =

Code and data availability

The analysis code used to produce the figures and tables can be downloaded from https://doi.org/10.5281/zenodo.19312731
(Koh, 2026). The GESLA 3 sea level data set can be downloaded from https:/gesla787883612.wordpress.com (Caldwell et
al.,, 2015; Haigh et al., 2023; Woodworth et al., 2017). The UTide MATLAB functions can be downloaded from

https://www.mathworks.com/matlabcentral/fileexchange/46523 (Codiga, 2011). The pyvinecopulib Python library can be
downloaded from https://doi.org/10.5281/zenodo.14841456 (Nagler and Vatter, 2025).
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