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A comprehensive understanding of the wave climate at a site of interest is essential for offshore and coastal
engineering applications such as flood risk analysis, structural reliability assessment, or the design of coastal
interventions. Specifically, the significant wave height, Hs, plays a central role in these designs and assessments,
as it characterizes the severity of each sea state and, therefore, governs the loads on coastal and offshore structures,
controls key coastal morphodynamic phenomena, among other processes.

To conduct these designs and assessments, practitioners need reliable wave data for statistical characterization.
Several sources are available, such as buoys and reanalysis data. Buoy records are the ideal option but they are often
spatially and temporally scarce. Therefore, reanalysis data has become more popular in recent decades, providing
more continuous and longer time series. However, it is necessary to understand to what extent is reanalysis data
representing reality.

This study, conducted in the Canary Islands, Spain, focuses on comparing the temporal evolution of wave conditions
derived from reanalysis data and from a spatially overlapping buoy in probabilistic terms. Each database is clustered
through the K-means++ algorithm to identify wave conditions by using the main metocean variables. In order to
estimate the optimal number of clusters, the Elbow method is used. It yields a value of £ = 5 for both datasets.
Afterwards, an autocorrelation analysis is performed for each database and clusters; in general, higher correlations
are observed for the reanalysis time series.

Bivariate copulas are used to model the temporal dependence of the significant wave height in each cluster, i.e., the
joint distribution of Hs(t) and Hs(t + 1). Both, the fitted copulas and empirical marginals are compared for each
cluster and database observing significant differences. Overall, relevant differences are observed between reanalysis
and buoy data from a probabilistic perspective that might have consequences in design.

Keywords: Bivariate copulas, temporal dependence, significant wave height, dataset validation, stochastic modelling,
wave climate, probabilistic models.

1. Introduction titioners and researchers to describe the long-term
wave conditions in a given location. H charac-
terizes the severity of individual sea states and
governs loads on coastal and offshore structures,
and controls main coastal morphodynamic pro-

Offshore and coastal areas have high strategic
value from both a social and an economic perspec-
tive (e.g., Guerra-Medina and Rodriguez, 2021).
In order to plan, design, and assess the effective-
ness and resilience of offshore and coastal infras-
tructures, it is fundamental to understand the wave
conditions in the area of interest. The significant
wave height, H, is commonly employed by prac-

cesses, among others (e.g., Mares-Nasarre et al.,
2022; Branch et al., 2026; Mares-Nasarre and van
Gent, 2020). Therefore, reliable oceanographic
data is required to properly characterize the loads
to plan and make well-informed decisions con-
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cerning coastal and offshore interventions.

In-situ buoy records are generally regarded as
the most accurate source of wave information;
however, they are spatially and temporally scarce,
and commonly, also intermittent due to mainte-
nance or operational problems. To overcome these
limitations, reanalysis datasets derived from nu-
merical wave models have become increasingly
used over recent decades, offering multi-decadal
temporal coverage and extensive spatial domains
that support regional to global assessments (e.g,
Go6mez Lahoz and Carretero Albiach, 2005; C3S,
2018). Nevertheless, it is essential to evaluate the
degree to which reanalysis data is representing
real observations.

Local wave climate is often the result of various
meteorological systems. Depending of the loca-
tion, a site may experience local wind-waves or
swell waves, both separately in time, as well as
both simultaneously. Consequently, most methods
in the scientific literature rely on the use of cluster-
ing to group similar wave conditions (e.g. Camus
et al., 2019; Mares-Nasarre et al., 2023). This is,
sea states generated by the same meteorological
system and, thus, belonging to the same statistical
population are identified to simplify the study of
the local wave climate.

Copulas are a powerful statistical model that
allow to model the statistical dependence between
variables separately from their marginal distribu-
tions (Sklar, 1959). Their use has become increas-
ingly popular to characterize the probabilistic re-
lationship between oceanographic variables (e.g.,
Jaeger and Morales-Ndpoles, 2017; Lucio et al.,
2020). However, most of the existing studies as-
sume that the dependence between the variables of
interest is properly described using Gaussian cop-
ulas (e.g., Camus et al., 2019; Lucio et al., 2020).
Nevertheless, other authors such as (Jaeger and
Morales-Napoles, 2017) or (Antdo and Guedes
Soares, 2014) have shown how the joint behavior
of oceanographic variables may not be properly
captured using Gaussian copulas, especially when
dealing with extremes.

In this study, reanalysis data from the Spanish
Ports Authority —called SIMAR- is compared to a
spatially overlapping buoy record in probabilistic

terms focusing on the temporal evolution of Hy.
To do so, a methodology similar to the state of
the art is applied to wind and wave data (see
Camus et al., 2019; Lucio et al., 2020). First,
the clustering algorithm K-means++ (Arthur and
Vassilvitskii, 2006) is applied to each dataset to
identify the different wave conditions (see Sec-
tion 2). Once defined, clusters from each database
are compared to each other through the empirical
marginal distribution of H, and the dependence
of successive H using bivariate copulas. In sum-
mary, this manuscript presents a statistical com-
parison between reanalysis and buoy datasets with
a special focus on the temporal behavior of H.

2. Datasets

This study employs overlapping datasets of buoy
and reanalysis (SIMAR), at coordinates 28.20° N,
15.80° E. Itis located in the archipelago of Canary
Islands (Spain), specifically, to the northwest of
Gran Canaria island. These datasets belong to the
Spanish Port Authority.

Both datasets consist of hourly data. The
SIMAR record begins in 1958, while the buoy
was installed in 2003. To ensure a consistent com-
parison between the two, only the overlapping
period (2003-2024) is considered. The selected
metocean variables are:

e Significant wave height, H, (m), both datasets
provide the significant wave height estimated
from the wave spectra.

e Peak wave period, 7T}, (s), the wave period asso-
ciated with the most energetic component in the
wave spectra.

e Mean wave direction, 6 (°). Angles are ascen-
dant in a clockwise direction with 0° and 90°
being the N and E respectively.

e Wind speed, ws (m/s), defined as the magnitude
of northward and eastward components of neu-
tral wind at 3 and 10 meters above the sea sur-
face for buoy and reanalysis data respectively.

e Mean wind direction, 0, (°). Angles are ascen-
dant in a clockwise direction with 0° and 90°
being the N and E respectively.

More detailed definitions and datasets informa-
tion can be found in Puertos del Estado.
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3. Methodology

The methodology is divided in the following sub-
sections. First, the data is preprocessed to ensure
the logic of the wave and wind angles, standard-
ized and clustered. Afterwards, each dataset and
cluster are compared in terms of the empirical
marginals of H, and dependence between consec-
utive H, as well as the autocorrelation of the time
series of H,. The dependence between H at time
t and £+ 1 is modeled here using bivariate copulas.
The best-fitting copula models for each cluster are
finally validated using in-sample validation.

3.1. Preprocessing and clustering

3.1.1. Data preprocessing

The variables used here are Hy, T, ws, 0, and
O.ws, as explained in Section 2. These metocean
variables are used only in the clustering step and
are preprocessed and standardized for it. First, the
directional variables, 6 and 6,,,, are transformed.
The circular means are used as reference and the
values of the variables are wrapped around them
to express the resulting angles within [—180, 180].
Mathematically,

0(i) = mod(A(i) — 0 + 180°,360°) — 180° (1)

where 6 is the circular mean and mod stands for
modulus, basic modular arithmetic notation which
specifies a value over which angles must wrapped
around (Proakis and Manolakis, 1988).

3.1.2. Clustering

Each database is clustered based on the meto-
cean variables defined in Section 2, so that sea
states generated by the same meteorological con-
ditions are grouped together. For clustering, the
K-means++ algorithm, an improved version of the
K-means, is applied to each database.

The K-means is an unsupervised classifica-
tion algorithm that minimizes the intra-cluster
variation. This is, the algorithms aims to mini-
mize the sum of squared Euclidean distances be-
tween the centroid of each cluster and the ob-
servations belonging to it. K-means algorithm re-
quires the initialization of the centroids, typically
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done randomly. Differently to K-means, the K-
means++ selects the initial centroids more effec-
tively by randomly choosing the centroids well
spread throughout the data, which translates into
a faster convergence (Arthur and Vassilvitskii,
2006).

This algorithm requires the user to define the
number of clusters, k. Then, an appropriate value
of the hyperparameter k needs to be carefully
selected. Here, £ = 2,3,...,15 are considered,
and the Elbow method is used to estimate the
optimal value. This method is based on the inertia
computed for each clustering attempt, that is, for
each k. Inertia is defined as the sum of squared
distances of each observation to its closest cen-
troid. Therefore, a lower value is desired. The goal
of the Elbow method is to identify the inflection
point in the curve of decreasing inertia values
as k increases. This is, the point beyond which
increasing k only yields a slight improvement of
the inertia (Thorndike, 1953).

3.2. Datasets comparison

Once the clusters are identified, the study fo-
cuses on comparing the temporal dependence
of H, between datasets. Different comparisons
are conducted based on autocorrelation, empirical
marginal distributions, and bivariate copulas.

3.2.1. Autocorrelation

The temporal dependence of H, is of special
importance in many practical applications such
as those related to sea state persistence (Goda,
2010). Therefore, reanalysis data, ideally, should
reproduce the memory of the process given by the
buoy.

In order to study the autocorrelation of H, the
Spearman’s rank correlation coefficient (Spear-
man, 2010) is estimated for lags between 1 and 48
hours. Similarly, once clustering is performed, the
autocorrelation is estimated for each cluster and
dataset and compared among them.

The Spearman’s rank correlation coefficient, r,
is defined as

_ CorlRX),R(Y)]

IR(X)TR(Y)
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where Cov[R(X), R(Y)], or(x) and op(y) are
the covariance and standard deviations of the
ranked variables respectively. r € [—1,1] where
r = —1 and r = 1 mean a perfect negative
and positive monotonic relationship between vari-
ables, respectively. 7 = 0 means no correlation.

3.2.2. Empirical Marginals

The empirical margins of the different clus-
ters from each dataset are defined and com-
pared visually through exceedance probability
plots in logarithmic scale, as well as statistically
using Kolmogorov-Smirnov test (Kolmogorov,
1933; Smirnov, 1948). Here, the two-sample
Kolmogorov-Smirnov test is performed.

3.2.3. Bivariate Copulas

Bivariate copulas, or just copulas, are joint distri-
butions whose marginal distributions are uniform
n [0,1]. (Sklar, 1959) states that any multivari-
ate joint distribution can be quantified using two
components: a set of univariate marginal distribu-
tions and a copula that captures the dependence
between them.

In the bivariate case, the joint distribution func-
tion H xy (x,y) can be expressed as:

Hxy(z,y) = C(Fx(z),Gy(y)), ()

where Fx(z) and Gy (y) are the marginal distri-
bution functions of X and Y, respectively, and
C' is a copula defined in the unit square 2 =
[0,1] x [0, 1]. Eq. (3) holds for all (z,y) € R?.

Bivariate copulas are used in this study to model
the probabilistic dependence between H at time
t, Hy(t), and at time ¢ + 1, Hs(t 4+ 1). First, for
each cluster in each dataset, the empirical copula
is visually compared to those of the other dataset.
The empirical copula, C), is defined as

I Ry Sk
Cn(u,) = ﬁk;l (n+1 T ”)
“)
where {(Ry,Sy)} are the ranks associated to a
random sample { (X%, Vi) k=1,..,n,u,v €1
and 1 is an indicator function (Salvadori et al.,
2007).

Cramer-von-Misses statistic, CvM and its cor-
responding p-value (Genest and Favre, 2007) are
used to compare the copulas for a given cluster
and dataset to the copulas of all the clusters of the
other dataset. In order to perform such comparison
using CvM, the copulas need to be evaluated
in the same joint probabilities. Therefore, here,
parametric copulas are fitted to each cluster.

The best-fitting copula for each cluster in each
dataset is first selected using the Python library
Pyvinecopulib by Nagler and Vatter (2025), which
fits 12 parametric copulas to the observations and
chooses the best-fitting one based on the Akaike
Information Criterion (AIC) (Akaike, 1998). The
goodness of fit of this selected parametric copula
is compared to the one provided by Gaussian,
Gumbel, Frank, and Clayton copulas using Cv M
and its associated p-value, as well as the semi-
correlation values (Joe, 2014).

Semi-correlations quantify the asymmetries in
the dependence structure and assess whether those
are captured by the fitted models. To this end,
semi-correlations compute Pearson’s correlation
coefficient (Pearson, 1895) of the data trans-
formed into standard normal space and divided
into four quadrants. They are computed for both
the data and simulations of each adjusted copula
and compared.

3.3. Validation

In addition to the previously goodness of fit anal-
ysis, the performance of the best fitting copulas
are assessed through in-sample validation. To do
so, time series of consecutive 51 hours are ex-
tracted from each cluster. For each time series,
Hy(t), with t = 0,1,...,49 [h], is used as input
to conditionalize the fitted copula and estimate
the conditional distribution of H,(t + 1) using
500 samples. From the resulting simulated dis-
tributions, the 5*”, 50", and 95" percentiles are
computed. Then, the original time series (from ¢ =
1,2,...,50) are compared against the simulated
percentiles, which are presented as error bars to
visually assess the predictive performance of the
copula models.
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4. Results and discussion

In this section, the results derived from the
methodology in Section 3 are described and dis-
cussed.

4.1. Clustering results

According to the Elbow method, an optimal num-
ber of clusters k=5 is obtained for each dataset.
The clusters are named B for the buoy and St for
SIMAR with7 = 0,1, ..., 4.

Figures 1 and 2 show an overview of how the
different observations are clustered for the studied
variables. The diagonal panels show the distribu-
tion of each variable per cluster, while the off-
diagonal panels are scatter plots of the different
pairs of variables.

Some similarities and differences are observed
in the clustering results of the two datasets. For
example, B1 and S2 present similar conditions:
H, < 2m, small values of T}, moderate W.S, and
0 and 60, mainly from N to NE. This corresponds
to wind-waves generated by the wind trades of this
region. However, other clusters present notable
differences. For instance, in Figure 2, cluster S4
corresponds to wave conditions comprising mod-
erate H, and WS, mid-values of T, and with ¢
and 0,5 ranging from around 180° to 359° and
from 0° to 20°. This cluster is the least populated
and seems to represent any wave conditions dur-
ing which the wind flows from the south west,
channeled by the orography of Gran Canaria and
Tenerife. However, in the buoy dataset, the wave
conditions in S4 seem to be splitted into B0 and
B4. In this case, H,, T}, and 6,,, are similar for
both clusters with differences in # and W.S. B0
comprises wave conditions coming mainly from
NNW to NNE (# = 320° to 30°) and mostly
WS > 6 m/s. In contrast, for B4, wave con-
ditions come mainly from WSW to WNW (0 =
230° to 310°) and mostly WS < 6 m/s. Despite
these differences, clusters in both datasets can
be interpreted as representative for different wave
conditions given in the area.

4.2. Autocorrelation

Figure 3 shows the autocorrelation of the signifi-
cant wave height for lags between 0 and 48 hours

for both datasets before clustering. Both datasets
exhibit a similar pattern, indicating a similarity in
the temporal dependence structures.
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Fig. 1. Pairplot of the buoy metocean variables used
in this study —Hs, Tp, 6, ws, and O s— per cluster.
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Fig. 2. Pairplot of the SIMAR metocean variables
used in this study —Hs, T}, 0, ws, and 05— per cluster.

Autocorrelation decay is nearly identical, which
might imply that the characteristic timescales over
which the process losses memory are consistent
between datasets. However, SIMAR dataset re-
tains a slightly higher correlation (= 4%) than the
buoy dataset.

Although not presented in this document, the
autocorrelations are also computed for the dif-
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ferent clusters and compared between datasets.
This is, each cluster from one dataset is compared
against all the clusters from the other dataset. Re-
sults show that in 85% of the comparisons SIMAR
retains more correlation than the buoy.

1.0
Buoy
8 - SIMAR
£0.8
£0.6
0.4
0 20 40
Lag 7 {h]
Fig. 3. Autocorrelation function of the significant

wave height, Hs, computed for lags 0 to 48 hours.

4.3. Empirical marginals

Empirical margins are used to compare H; of each
cluster. Since the upper tail is of special interest,
the survival function is presented in logarithmic
scale, as displayed in Figure 4.

In Figure 4, the comparisons for the buoy
cluster B3 are presented as an example. B3 is
compared against all the SIMAR clusters, SO to
S4. As expected, for most cases, the exceedance
probability curves are far from each other. For
instance, while B3 consists of values of H, >
2 m, S2 and S3 are representative of milder wave
conditions. S0 and S1 show the closest visual
agreement, and S4 seems to have a similar behav-
ior but shifted towards smaller values. However,
regardless of the degree of agreement, the tails be-
have differently. Kolomogorov-Smirnov test was
computed finding significant differences for all
comparisons.

4.4. Copula models validation

Once the best fitting copulas for each cluster are
selected, these are validated using an in-sample
validation procedure as explained in Section 3.
Figure 5 shows an example for clusters 54 and
S4. Note that each cluster is modeled separately

and they do not correspond to the same time
frame. They are plotted together for comparison
of the predicted uncertainty between datasets.
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Fig. 4. Exceedance probabilities of the empirical
marginals of H in logarithmic scale for buoy cluster 3,
B3, and the different clusters from the SIMAR dataset.

Table 1. Copula distributions that best modeled the
relationship between H(t) and Hs(t + 1) for each
cluster.

Cluster B/S BUOY SIMAR
0 Frank Gumbel
1 Gumbel (rot=180) Gumbel
2 Gaussian Gaussian
3 Gaussian Gaussian
4 Frank Gaussian

As shown in Figure 5, SIMAR presents a
smoother line with few oscillations, as well as nar-
rower 90% intervals. The 5th and 95th are close to
the median, with 90% interquantile ranges reach-
ing a maximum of 30cm. However, the time series
from the buoy shows more oscillations. Conse-
quently, the simulated buoy values show larger
90% interquantile ranges up to 96cm. Despite
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the wider distribution simulated for values in B4,
they tend to fall within the predicted 90% range.
Similar patterns are observed for other clusters.
Overall, SIMAR presents smoother time series
due to a higher correlation which is translated
to the bivariate copulas and the variability of the
modeled values.

B4-54 BUOY

3.0 SIMAR
(] SIM-BUOY
25 TR ¢ SIM-SIMAR

0 10 20 A0 10 5l
Time [h]

Fig. 5. Validation example of copula models for clus-
ters B4, and S4. 5%, 50% and 95% percentiles of the
inferred distribution of H(t + 1) are depicted.

5. Conclusions

In this study, a set of methods have been used for
analysing and comparing the statistical structure
of Hy(t) and H,(t + 1) for two different datasets,
buoy and reanalysis data (SIMAR). Clustering and
bivariate copulas were employed to identify cli-
matic wave patterns and compare the dependence
structure with views to further research towards
the development of a wave generator. This study
has been developed in Canary Islands (Spain), but
the proposed methods can be applied to different
locations and datasets.

It is concluded that there are significant statis-
tical differences between datasets, with SIMAR
presenting a higher correlation due to smoother
time series with few oscillations. Therefore,
SIMAR is not able to fully capture the natural
oscillations of Hg over time which might lead
to underestimations of extremes similar to other
reanalysis datasets (e.g. Hersbach et al., 2018).
Should extremes or those oscillations become rel-
evant for the analyst, SIMAR data would not be
the optimal dataset to use.

Regarding the dependence structure, clusters
in the buoy dataset are mainly symmetric, with
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only one cluster presenting a notable lower tail
dependence. However, two clusters in the SIMAR
dataset present a notable upper tail dependence.

Finally, in-sample validation of the bivariate
copulas fitted to the clusters is performed by esti-
mating the distribution of H(t + 1) given H(t);
the methodology shows promising results as simu-
lations is able to capture the oscillations observed
in the original time series.
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