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Abstract: In this article, we investigate the dependence of extreme surges on the North Atlantic
weather regime variability across different timescales using the North Atlantic Oscillation (NAO)
and Scandinavian blocking (SCAND) indices. The analysis was done using time series of surges
along the North French Coast, covering long time periods (43 to 172 years of data). Time series
that exhibited gaps were filled using linear interpolation to allow spectral analyses to be conducted.
First, a continuous wavelet analysis on monthly maxima surges in the North French Coast was
conducted to identify the multi-timescale variability. Second, a wavelet coherence analysis and
maximum overlap discrete wavelet transform (MODWT) were used to study the timescale-dependent
relationships between maxima surges and NAO or SCAND. Finally, NAO and SCAND were tested as
physical covariates for a nonstationary generalized extreme value (GEV) distribution to fit monthly
maxima surge series. Specific low-frequency variabilities characterizing these indices (extracted
using MODWT) were also used as covariates to determine whether such specific variabilities would
allow for even better GEV fitting. The results reveal common multi-annual timescales of variability
between monthly maxima surge time series along the North French coasts: ~2–3 years, ~5–7 years,
and ~12–17 years. These modes of variability were found to be mainly induced by the NAO and
the SCAND. We identified a greater influence of the NAO on the monthly maxima surges of the
westernmost stations (Brest, Cherbourg, Le Havre), while the SCAND showed a greater influence
on the northernmost station (Dunkirk). This shows that the physical climate effects at multi-annual
scales are manifested differently between the Atlantic/English Channel and the North Sea regions
influenced by NAO and SCAND, respectively. Finally, the introduction of these two climate indices
was found to clearly enhance GEV models as well as a few timescales of these indices.

Keywords: long-term extreme surges variability; climate drivers; non-stationary GEV analysis

1. Introduction

In the present context of sea level rise induced by global warming, coastal areas remain
increasingly vulnerable to marine flooding and coastal erosion [1]. To assess coastal risks, it
is necessary to better understand extreme sea levels and, particularly, natural processes that
lead to extreme surges and sea states. Surges are the positive difference between observed
sea levels and predicted sea levels. They have a primarily meteorological origin and are
induced by low atmospheric pressure levels and winds. Extreme surges are generally
described as surge levels that either exceed a given threshold or as maxima levels within a
year or month which, combined with a high tide, may lead to marine flooding. In previous
decades, many authors have focused on drivers of the multi-timescale variability of extreme
sea levels for the purpose of producing accurate estimations of these fluctuations [2–4].
The purpose is to achieve better predictions of coastal risks, allowing the establishment
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of adaptation strategies to reduce the impacts of marine flooding and/or coastal erosion.
Except for the trend for the increase in sea level related to global warming, long-term
variability in the sea level is mainly induced by various types of fluctuation: tide cycles, a
seasonal component, and stochastic fluctuations (interannual to decadal variability) directly
linked to climate and oceanic variability [5]. Obviously, long-term climate and oceanic
variability contribute to extreme sea level variability [2,3,6,7].

At the global scale, the occurrence and intensity of extreme sea levels have increased [6].
Nevertheless, analyses of the evolution of surge intensity have not shown a significant
increase. Hence, an increase in extreme sea levels seems to only be related to the mean sea
level rise and not to an increase in the stormy events magnitude [6]. The North French
coast is also concerned [8–10], and it has been shown that the evolution of the intensity
of sea level extremes at the regional scale has followed the rise in the mean sea level
(around +1.5 mm/year along the English Channel according to the study presented in [11]).
However, in terms of the future, most studies have foreseen a north and eastward shift in
the storm track that could lead to a potential increase in storminess conditions in Western
Europe [12]. The impact of the nodal cycle (18.6 years) on the extreme sea level intensity
was also highlighted by [10]. While a significant portion of extreme long-term dynamics
can be related to the mean sea-level rise and to nodal cycles, the interannual to decadal
dynamics are also impacted by large-scale climate drivers.

A few authors have explored the link between the long-term dynamics of the sea
level and associated extremes in European seas and the large-scale climate fluctuations.
The link between sea level fluctuations and the North Atlantic Oscillation (NAO) over the
NW European Continental Shelf was first highlighted by [13] using spatial correlations.
Then, [14] exhibited the influences of the NAO and Arctic Oscillation (AO) at different
timescales of variability on European sea levels by means of wavelet coherence. The link
with the NAO and the AMO (Atlantic Multidecadal Oscillation) was also underlined by [15]
using an empirical mode decomposition (EMD) analysis. Additionally, [6] showed the
importance of the NAO, the AO, the EAP (East Atlantic Pattern), and SCAND (Scandinavian
blocking) on European extreme sea level variability by estimating their sensitivity levels to
such patterns. Other works have pointed regional coherence in the extreme sea level/surge
variability (both in frequency and intensity) or even in the extreme skew surges, which
is directly induced by these large-scale climate drivers [7,16,17]. As these authors have
underlined the impact of large-scale climate fluctuations on extreme surges or sea level,
climate indices have been introduced into nonstationary probabilistic approaches by some
of them [6,17–19]. In most cases, taking the nonstationarity generated by large-scale climate
variability into account using climate indices allows the improvement of GEV models.

At the English Channel scale, [10] also investigated the interannual and interdecadal
extreme surges and their strong relationship with the NAO index. The results showed
weak negative correlations throughout the Channel and strong positive correlations at the
Southern North Sea boundary. More recently, [2] examined the multi-timescale variability
of sea-level changes in Seine bay (NW France) in relation to regional climate oscillations
from sea level pressure (SLP) composites. They demonstrated dipolar patterns of high-low
pressures, suggesting positive and negative anomalies at the interdecadal and interannual
timescales, respectively. They used wavelet approaches to quantify the nonstationary
behavior of extreme surges and their relationship with the regional atmospheric circulation
at different timescales along the English Channel coast (NW France). In addition, they
implemented a nonstationary GEV model for each spectral component of monthly maxima
surges, in which the corresponding spectral component of some climate covariates was
introduced. The results demonstrated a clear improvement in the GEV models for each
timescale of variability.

In the present study, we considered the dependence of monthly surge extremes, which
themselves oscillate over multiple timescales, on climate variability over the Euro-Atlantic
sector. As discussed above, large-scale climate circulation and variability over this area
can be well described by three main patterns: NAO, EA, and SCAND patterns. The first of
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these represents the main pattern of atmospheric circulation over the North Atlantic (espe-
cially during winter) and essentially describes western circulation over the Euro-Atlantic
sector and exerts strong control over the European climate (temperature, precipitation,
wind) [20–22]. It expresses the normalized difference in sea level pressure (SLP) between
Lisbon, Portugal, and Reykyavik, Iceland [23]. The EA is also one characteristic pattern of
the large-scale climate dynamics and circulation over the North Atlantic: it corresponds to
similar, although southeast-shifted, centers of action to those of the NAO. On the contrary,
the SCAND pattern is a blocking weather regime that is described by a primary center of
action above Scandinavia with weaker centers of opposite signs above Western Europe and
over Mongolia [24]. These three patterns interact with each other to describe the overall
climate variability over Europe [22]. These patterns and their corresponding indices are
usually derived from the sea level pressure (SLP) or 500 hPa geopotential height (z500) over
the Euro-Atlantic sector, for instance, by using an Empirical Orthogonal Function (EOF)
analysis, which consists of a linear decomposition of fields with a strong orthogonality
constraint. As such, their physical meaning remains questionable. However, [22] noted a
high degree of resemblance between these patterns and the North-Atlantic weather regimes
defined in [25], and in [21], it was shown that the first EOF of SLP corresponds well to the
positive or negative NAO regimes, the second EOF (EA) matches the Atlantic Ridge regime,
and the third EOF (SCAND) matches the so-called blocking regime.

In this study, we focused on the NAO and SCAND patterns using their respective in-
dices, the first representing the state of western circulation, and the second representing the
blocking regime impairing western circulation, in order to investigate the multi-timescale
variability of extreme surges (monthly maxima) along the North French coast. We also
aimed to determine whether improvements in GEV models can be obtained by introducing
NAO and SCAND as covariates and whether even better GEV fitting can be obtained using
only low-frequency variabilities of SCAND and NAO as covariates.

To reach this aim, this paper is structured as follows:

(i) The data and methodology are presented in Section 2;
(ii) A multi-timescale analysis of extreme surges on the North French coast and their

relationship with the NAO and SCAND indices is presented in Section 3.1;
(iii) An analysis of extreme surges using GEV models and the impact of low-frequency

components of NAO and SCAND over them is presented in Section 3.2;
(iv) A discussion of the results of this study is presented in Section 4, followed by conclu-

sions and perspectives in Section 5.

2. Materials and Methods
2.1. Sea Level and Climate Dataset

In this study, four stations were selected along the north French coast (Figure 1):
(i) Dunkirk station (51◦02′53.0′′ N, 2◦22′00.0′′ E), which is a few kilometers away from the
Belgian border in the North Sea; (ii) Le Havre station (49◦29′00.0′′ N, 0◦7′00.0′′ E), situated
on the right bank of the estuary of the Seine river; (iii) Cherbourg station (49◦39′6.6′′ N,
1◦37′58.2′′ W), located on the Cotentin Peninsula and at the opening of the Atlantic Ocean;
and (iv) Brest station (48◦23′00.0′′ N, 4◦30′00.0′′ W), situated in the Bay of Brest.

Sea level data were provided by the French national hydrographic service (Shom), and
data are available on data.shom.fr. These stations provide time series of hourly observations
qualified as “valid” and spanning over at least 30 years. The observations are referenced
to the zero tide gauge, which corresponds to the Chart datum (hydrographic datum).
Nevertheless, the time series used present some gaps, and the average data availability is
~89% (from the first year of measurement to 2018) for Brest station, ~58% for Cherbourg
station, ~59% for Le Havre station, and ~81% for Dunkirk station (Figure 2).
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With the aim of studying how extreme surges can be impacted by climate variability,
two indices were chosen to conduct this work: SCAND and NAO. Monthly North Atlantic
Oscillation data were provided by the NCAR (https://climatedataguide.ucar.edu/climate-
data/hurrell-north-atlantic-oscillation-nao-index-station-based, accessed on 1 June 2019),
and SCAND monthly data were provided by the CPC (https://www.cpc.ncep.noaa.gov/
data/teledoc/scand.shtml, accessed on 1 June 2019).

2.2. Methodology
2.2.1. Pre-Processing of Data

In order to extract surges, harmonic analyses were performed to calculate the har-
monic components of the astronomic tide with a software developed and used by the
French Hydrographic Office (Shom). This program, called MAS, allows the calculation of
143 harmonic components, defined by the phase and range of each tidal harmonic, using the
least-squares method. Then, a prediction can be made and is subtracted from observation
data to obtain surges (i.e., the nontidal residual).

https://climatedataguide.ucar.edu/climate-data/hurrell-north-atlantic-oscillation-nao-index-station-based
https://climatedataguide.ucar.edu/climate-data/hurrell-north-atlantic-oscillation-nao-index-station-based
https://www.cpc.ncep.noaa.gov/data/teledoc/scand.shtml
https://www.cpc.ncep.noaa.gov/data/teledoc/scand.shtml


Atmosphere 2022, 13, 850 5 of 21

Due to the temporal variability of harmonic components where the phase and range
are not constant over the time, dephasing between the prediction and measurements can be
observed, which induces a periodicity of 12 h and 25 min in the surges. In order to get rid
of this bias, authors regularly consider skew surges, which are the difference between the
maximum observed sea level and the nearest high tide [10]. In this study, sea level surges
were calculated for each time step in order to extract the maximum residual, regardless of
the timing during the tidal cycle.

Then, the semidiurnal component was omitted from the surge signal using the maxi-
mum overlap discrete wavelet transform (MODWT) analysis, as used in [26]. Contrary to
the most widely used method, the discrete wavelet transform (DWT), MODWT multireso-
lution analysis prevents phase-shift of the transform coefficients at all scales by avoiding
downsampling coefficients at each scale, unlike DWT. Wavelet and scaling coefficients at
each level then remain aligned with the original time series, i.e., the variance explained by
these coefficients is actually located where it truly is in the time series analyzed [27]. This
property becomes absolutely fundamental as soon as use of the wavelet details released by
the multiresolution analysis for the purpose of physical interpretation become of concern,
and it has been used, for instance, in [26].

In this study, extreme surges were defined as monthly maxima (Figure 3). In order to
be sure to extract independent events, a separation criterion of 48 h was used. This temporal
criterion corresponds to the mean storm dissipation time [28]. Therefore, maximum surges of
two consecutive blocks will always be separated by at least 48 h. To manage gaps in temporal
series, years that contain more than 20% of gaps were omitted from the analysis [29]. This
allowed us to avoid maxima that are not the real maxima of a block to be considered.
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To maximize the temporal lengths of these time series and to prevent the loss of
information, the start years used to analyze these datasets were not equal in this study.
Dunkirk station was analyzed between 1957 and 2018, Le Havre station between 1972 and
2018, Cherbourg station between 1975 and 2018, and Brest station between 1846 and 2018.



Atmosphere 2022, 13, 850 6 of 21

2.2.2. Analysis of the Time-Frequency Variability of Monthly Maxima Surges and
Relationship with SCAND and NAO

A continuous wavelet transform was conducted to identify typical timescales of
variability in monthly maxima surges. The application of this method produced a timescale
contour diagram with time indicated on the x-axis, period or scale on the y-axis, and
amplitude or power or variance on the z-axis. More details, as well as explanations on the
methodology and applications for environmental signals, can be found in [30–33].

As for many (but not all) spectral methods, it is necessary to get data without gaps. In
this work, gaps were filled by linear interpolation to address this issue. The Matlab package
«Grinsted Wavelet Coherence» was used to perform the continuous wavelet transform [34].
Second, MODWT was employed to decompose monthly maxima surges into different
internal components corresponding to different timescales of variability. This is an iterative
filtering method for the time series that uses a series of low-pass and high-pass filters. It
produces one high-frequency component, called “wavelet detail”, and one lower frequency
component, called “approximation” or “smooth” at each scale. The smooth component
is then decomposed into a wavelet detail and a smooth, and the latter is decomposed
again until it can no longer be decomposed. The original signal can be rebuilt by summing
up all wavelet details and the last smooth. In summary, the total signal is separated
into a relatively small number of wavelet components from high to low frequencies that
together explain the total variability of the signal. This is illustrated later using the monthly
maxima of surges. Finally, for each wavelet detail, we estimated a percentage of energy
that represents the importance of the detail in the total variability.

The relationship between monthly maxima surges and SCAND or NAO was detected
with wavelet coherence. This allowed us to identify regions in the time–frequency space
where signals covariate [30]. This method describes the intensity of the relation on a scale
from 0 to 1. If the value is 0, the signals are not correlated. If the value is 1, a linear correlation
exists between the two signals at time t and scale a. The Matlab package «Grinsted Wavelet
Coherence» allowed us to conduct wavelet coherence and estimate the dephasing of two
signals according to the timescale. Simultaneously, we also used the MODWT to visualize the
covariability between corresponding climate indices and monthly maxima surges timescales.

2.2.3. Nonstationary Analysis of Monthly Maxima Surges

In this study, the block maxima theory was used with a generalized extreme value
distribution [35]. The cumulative distribution function (CDF) of the GEV is given by

G(z, µ, ψ, ξ) =

 exp
{
−
[
1 + ξ

(
z−µ

ψ

)]−1/ξ
}

ξ 6= 0

exp
{
−exp

[
−
(

z−µ
ψ

)]}
ξ = 0

(1)

where µ is the location parameter, ψ is the scale parameter, and ξ is the shape parameter.
Depending on the shape parameter, there are several GEV families: Weibull (ξ < 0), Gumbel
(ξ = 0), and Fréchet (ξ > 0). The three parameters of the GEV (location µ, scale ψ, shape
ξ) can be estimated with the maximum likelihood estimation (MLE). As presented before,
years containing more than 20% gaps were not considered in the analysis.

Figure 4 displays the seasonal patterns of the extreme monthly surges; they seem to be
shaped similarly between the different stations with alternating phases of low and high
energy associated with the periods of April–October and November–March, respectively.
Hence, an harmonic function was introduced into the three GEV parameters [36]. This
harmonic function was mathematically expressed by [18,19,37] as
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µs(t) = β0 +
Pµ

∑
i=1

[β2i−1 cos(iωt) + β2isin(iωt)] (2)

ψs(t) = α0 +
Pψ

∑
i=1

[α2i−1 cos(iωt) + α2i sin(iωt)] (3)

ξs(t) = γ0 +
Pξ

∑
i=1

[γ2i−1 cos(iωt) + γ2i sin(iωt)] (4)

where t is given in months; β0, α0, and γ0 are mean values; βi, αi, and γi are the amplitudes
of the harmonics; Pµ, Pψ, and Pξ are the number of sinusoidal harmonics considered
within a year, and ω = 2π/Ts is the angular frequency of the seasonal components where
Ts = 12 months.
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Figure 4. Boxplots of monthly maxima surges at Brest, Cherbourg, Le Havre, and Dunkirk. The lower
parts of the boxes represent the 1st quartiles, the red lines represent the medians, and the upper parts
represent the 3rd quartiles. The upper part and lower part of the dashed lines are, respectively, the
maximum and minimum values for each month considered. The red marks are the outliers, i.e., values
that are more than 1.5 times the interquartile range. Please note that the analysis using boxplots started
in different years for the different stations (1846 for Brest, 1975 for Cherbourg, 1972 for Le Havre, 1957 for
Dunkirk) but ended in 2018 for all stations. Note also that outliers were not omitted from the time series
and computations in this article, since these values are not measurement errors but real extreme levels.

Then, climate covariates were introduced into the location and scale parameters, as
expressed by [35]

µ(t) = β0,µ + β1,µY1 + . . . + βn,µYn (5)

ψ(t) = β0,ψ + β1,ψY1 + . . . + βn,ψYn (6)

where β0, β1, . . . , βn are the coefficients, and Yi is the covariate.
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First, this was conducted separately for the two climate indices considered in the
study: NAO and SCAND. Second, these climate indices were decomposed into spectral
components by multiresolution analysis, and each component was introduced separately
into the GEV parameters (location and scale) as a covariate. The aim was to identify which
component(s) enhanced the GEV model the most.

The quality of the nonstationary GEV model was evaluated by the Akaike criterion
(AIC) [38] using the following relation:

AIC = −2l + 2K (7)

where l is the log-likelihood value estimated for the fitted model, and K is the number of
model parameters. The best model minimizes this criterion: the lower the criterion, the
better the model. Furthermore, a likelihood ratio test was conducted to test the statistical
significance of the inclusion of the covariates into GEV parameters [35]. For this study, a 5%
threshold was chosen. Thus, when the p-value was equal or lower than 0.05, we considered
the covariate to significantly improve the model.

3. Results
3.1. Multi-Timescale Analysis of Extreme Surges
3.1.1. Extreme Surge Variability along the North French Coast (Brest to Dunkirk)

The wavelet spectra (Figure 5) displayed common timescales of variability: ~1 year,
~2–3 years, ~5–7 years, and ~12–17 years. The ~1-year variability can be related to the
seasonality of monthly maxima surges with most of the higher maxima happening in
winter every year. Sometimes, this variability showed an increased amplitude, such as
1990 at Brest, Cherbourg, Le Havre, when the winter monthly maxima were particularly
high. When this happened for several years, we observed an increase in the amplitude
of the ~2–3-year variability (e.g., for years around 1990). Indeed, between 1987 and 1991,
there were numerous storm events of exceptional strength (e.g., the hurricane (1987), Daria
(1990), Meteo France database (http://tempetes.meteofrance.fr/, accessed on 1 June 2019)).
At Dunkirk, the ~2–3-year variability appeared to be particularly intense before the 1990s
and then showed a decrease in amplitude after the 1990s. A similar phenomenon was
found for the ~5–7-year variability.

Continuing at lower frequencies, all stations situated in the English Channel and
Brest showed an increase in the ~5–7-year variability from around 1980 to the present
day, whereas this increase appeared approximatively between 1965 and 1990 at Dunkirk.
Dunkirk and Le Havre also displayed a ~12–17-year variability over the entire time series,
while in Brest, this variability was statistically significant between 1890 and 1960 (Figure 5).

Most of the low frequencies (i.e., timescales higher than one year in this study) were not
statistically significant, especially for time series starting after ~1960 (Cherbourg, Le Havre,
Dunkirk). In contrast to these three stations, the monthly maxima at Brest showed a statistically
significant ~12–17-year variability before 1950. This could indicate a decrease in variance for
the ~12–17-year variability after 1950 for all stations. In parallel, the ~20–32 year variability
in Brest was statistically significant, but this did not appear in the Cherbourg, Le Havre,
and Dunkirk time series, because they are too short. The standard deviation and energy of
wavelet details defined by the multiresolution analysis (MODWT) are presented in Table 1.
It is clear that, individually, low frequencies show lower variance (percentage of energy
lower than 10%) than the annual variability (percentage of energy ranging from 25% to 40%),
regardless of the sea-level station considered. Although low-frequency variabilities were
generally not statistically significant and explained a small part of the total variability, they
remained responsible for the increase in amplitude of the monthly maxima surges at some
specific periods. Moreover, the spots of increased variability appeared over the same periods
for different stations (e.g., for the ~5–7-year variability from around 1980 for stations in the
English Channel and Brest). Therefore, these common patterns might have been generated by
the same large-scale atmospheric drivers that we investigate in the next section.

http://tempetes.meteofrance.fr/
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Table 1. Fourier periods (Fperiod—years), standard deviation (Sd—m), and percentage of energy
(Energy—%) of each wavelet detail (D) and the smooth (S) of monthly maxima surges. The total
energy (Sum—%) of all wavelet details and the last smooth is also indicated.

Dunkirk D1 D2 D3 D4 D5 D6 D7 D8 D9 S9 Sum

Fperiod 0.23 0.5 1 2 3.9 6.9 12.4 31 62 - -
Sd 0.14 0.09 0.16 0.10 0.07 0.05 0.05 0.07 0.13 0.01 -

Energy 19.9 9.0 27.9 10.8 4.9 3.1 2.5 5.1 16.6 0.1 100

Le Havre D1 D2 D3 D4 D5 D6 D7 D8 D9 S9 Sum

Fperiod 0.28 0.49 1 1.84 4.5 7.36 16.2 27 81 - -
Sd 0.11 0.08 0.12 0.05 0.05 0.05 0.07 0.06 0.05 0.03 -

Energy 22.1 12.1 29.3 4.3 4.1 4.2 9.2 7.4 5.1 2.1 100

Cherbourg D1 D2 D3 D4 D5 D6 D7 D8 D9 S9 Sum

Fperiod 0.2 0.46 1 2 4.9 6.29 14.67 22 44 - -
Sd 0.09 0.07 0.11 0.04 0.03 0.03 0.01 0.01 0.01 0.00 -

Energy 30.5 17.2 40.2 5.9 2.9 2.4 0.32 0.43 0.28 0.0 100

Brest D1 D2 D3 D4 D5 D6 D7 D8 D9 D10 D11 S11 Sum

Fperiod 0.23 0.38 1 1.88 3.84 7.86 14.42 28.83 57.67 86.5 173 - -
Sd 0.09 0.07 0.09 0.05 0.03 0.03 0.03 0.03 0.01 0.01 0.01 0.00 -

Energy 30.9 18.4 28.4 8 4.3 3.2 3.0 2.4 0.8 0.5 0.1 0.0 100
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3.1.2. Influence of Large-Scale Atmospheric Circulation on Extreme Surges

Wavelet coherence and a MODWT analysis were conducted to identify large-scale
atmospheric drivers responsible for the low-frequency variability in monthly maxima
surges (Figures 6 and 7). The standard deviation and wavelet detail energy of the climate
indices defined with the MODWT are presented in Table 2.
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(c) Le Havre, and (d) Dunkirk. The arrows represent the phase between two signals: if the arrow
points to the left, the signals are in antiphase; if the arrow points to the right, the signals are in phase;
and if the arrow points at 90◦, the signals are in quadrature. Surrounding spots are statistically
significant (Monte–Carlo test).

Table 2. Fourier periods (Fperiod—years), standard deviation (Sd—m), and percentage of energy
(Energy—%) for each wavelet detail of monthly NAO and SCAND. The total energy (Sum—%) of all
wavelet details and the last smooth is also indicated. Details highlighted in red are those introduced
into GEV parameters in Section 3.2.2.

NAO D1 D2 D3 D4 D5 D6 D7 D8 D9 D10 S10 Sum

Fperiod 0.17 0.50 1.00 2.39 3.56 7.65 17.00 30.6 76.5 153.0 - -
Sd 1.140 0.879 0.670 0.453 0.335 0.281 0.168 0.102 0.112 0.084 0.033 -

Energy 43.7 25.9 15.1 6.9 3.8 2.6 0.9 0.3 0.4 0.2 0.0 100

SCAND D1 D2 D3 D4 D5 D6 D7 D8 D9 S9 Sum

Fperiod 0.17 0.50 1.00 1.98 4.00 8.65 17.30 34.62 69.25 - -
Sd 0.648 0.497 0.401 0.270 0.172 0.145 0.077 0.086 0.131 0.030 -

Energy 42.7 25.1 16.4 7.4 3.0 2.1 0.6 0.7 1.7 0.1 100

For Brest station, coherence between the monthly maxima and NAO was observed
for the ~5–7-year and ~12–17-year variabilities (Figure 7(Ia)). The increase in the ~5–7-year
variability at Brest from 1990 to the present could be related to the increase in variability of
the NAO at this timescale (Figure 6). The coherence of the ~12–17-year variability between
the monthly maxima and NAO was particularly significant over the 1900–1940 time period,
which could be related to a rise in NAO variability that entails the same phenomenon in
extreme surges (Figures 5–7(Ia)). Unlike NAO, SCAND was shown to have less impact
on Brest station (Figure 7(IIa)). Sporadic coherences were still noticeable at multi-annual
timescales. Nevertheless, for the ~1.5–2.5-year variability, the coherence was higher than
0.8 in phase between 1995 and 2005. This element means that, during this period and
for this timescale, monthly maxima surges are mainly impacted by SCAND. Beyond
the ~1.5–2.5-year variability, all spots at lower frequencies presented rather low levels
of coherence (still higher than 0.5) that were not statistically significant. Although the
coherence of these spots was quite low, the two signals exhibited good phasing (e.g.,
around 1960–1965 for the ~2–3-year variability; 1970–1985 for the ~5–7-year variability).
Furthermore, the significant spot at the ~20–32-year timescale for the monthly maxima
surges did not seem to be related to the NAO, because there was no coherence at this
timescale. No conclusion was reached for SCAND, because the timeseries is only available
from 1950.

The monthly maxima for Cherbourg displayed roughly similar behavior to that of
Brest: this station appeared to be more impacted by the NAO than SCAND. It also exhibited
reasonably important coherence with the NAO for the ~5–7-year variability since the 2000s,
and the two signals were found to be perfectly in phase (Figures 6 and 7(Ib)). Nevertheless,
the continuous wavelet transform of the Cherbourg monthly maxima displayed few differ-
ences in variance for the series before 2000 and after 2000: the spectral power remained
significant over the whole period ~1985–2018 (Figure 5). Before 2000, the power was not
much lower than in the 2000s. This could indicate that another factor could be part of the
significant power of the ~5–7-year variability along with NAO. This other driver did not
appear to be SCAND, because there were no common fluctuations with monthly maxima
surges for this particular timescale from 1985 to the 2000s (Figures 6 and 7(IIb)). As for
Brest station, the Cherbourg monthly maxima exhibited sporadic coherence with SCAND,
regardless of the considered timescale, although the coherence was higher.

The last station that exhibited strong coherence between its monthly maxima surges
and NAO for the ~5–7-year and ~12–17-year variabilities was Le Havre (Figure 7(Ic)). As
for Brest station, we noticed an increase in the ~5–7-year variability since the 1990s that
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might be related to the increase in the variability of NAO at this timescale since the 1970s
(Figure 6). Moreover, the ~5–7-year variability of NAO and the monthly maxima surges has
been almost in phase since the 1990s (Figures 6 and 7(Ic)). Another coherence was seen for
the ~12–17-year variability with NAO until 1980; however, no conclusions can be drawn
from this, since many large gaps are present in the surge time series of Le Havre during
this period. After 1995, monthly maxima surges were also found to be perfectly in phase
with NAO at this timescale (Figures 6 and 7(Ic)). Although the monthly maxima surges at
Le Havre seem to be less impacted by SCAND than NAO, particularly for the ~5–7-year
variability, large coherence with a significant phase shift was displayed by wavelet coherence
for the ~12–17-year variability throughout the studied period (Figure 7(IIc)). Despite the phase
shift between the two signals, we observed that variability and changes in the amplitude
of monthly maxima surges and SCAND were quite similar: SCAND presented a decrease
in amplitude from 1980 to the present (as did NAO) just like the monthly maxima surges
(Figure 6). Therefore, the ~12–17-year variability of monthly maxima surges for Le Havre
station could be impacted by NAO and SCAND.

Connections with these two regional large-scale atmospheric drivers appeared differ-
ently for Dunkirk station. Unlike other stations (Brest, Cherbourg and Le Havre), monthly
maxima surges at Dunkirk appeared to be impacted by SCAND to a greater extent than
NAO, particularly the ~5–7-year variability (Figure 7(Id,IId)). Although wavelet coherence
with SCAND displayed coherence for most of the timescales, this was not constant over
time. Indeed, between 1975 and 1985, the ~2–3-year variability of the monthly maxima
surges expressed an important level of coherence that could be linked to an increase in
SCAND variability that increased their variability (Figures 6 and 7(IId)). We also identified
a break in the coherence at around 1978, which might have contributed to a decrease in
the monthly maxima surge variability (Figures 5–7(IId)). As seen in the last section, the
~2–3-year variability of the monthly maxima surges at Dunkirk was characterized by a huge
difference in variability before 1990 (stronger) and after 1990 (weaker) (Figures 5 and 6), but
this pattern did not seem to be related to SCAND (Figure 7(IId)). If that had been the case,
we would have had a constant coherence for the ~2–3-year variability between SCAND
and monthly maxima surges throughout the studied period.

At a lower frequency (~5–7 years), SCAND seemed to be linked to the increase in
the Dunkirk monthly maxima surge variability between 1975 and 1990 due to its own
increase in variability, and on the contrary, it was linked to the decrease in variability
from 2000 to the present (Figures 6 and 7(IId)). Finally, the ~12–17-year variability of the
monthly maxima surges was highly coherent with SCAND (Figure 7(IId)). However, a
decrease in coherence was noticeable in 1985, and SCAND did not express an increase in
variability after 1990, which could have led to a noticeable increase in variability in the
monthly maxima surges for Dunkirk after this date (Figures 5–7(IId)). This means that,
for the ~12–17-year variability, the monthly maxima surges at Dunkirk should have been
dependent on another driver after 1990. This could be related to NAO, which exhibited
an increase in variability after 1990 at this timescale and good coherence with the monthly
maxima surges at Dunkirk (Figures 6 and 7(Id)).

To summarize, monthly maxima surges at Dunkirk station showed different behavior
to those at other stations. Indeed, monthly maxima surges at Dunkirk seemed to be more
affected by SCAND (on the ~2–3-year, ~5–7-year, and ~12–17-year timescales) than other
stations (particularly Brest and Cherbourg), which appeared to be more affected by NAO.
In the English Channel, only Le Havre station on a ~12–17-year timescale seemed to be
really impacted by SCAND. NAO appeared to primarily affect the low-frequency variabil-
ities of Brest, Cherbourg, and Le Havre and, more specifically, the ~5–7 year variability
from around 1985 where an increase in NAO variability generated a rise in the monthly
maxima surge variability, while the ~5–7-year variability of the monthly maxima surges at
Dunkirk seemed to be affected by SCAND. NAO was also shown to impact the ~12–17-year
variability of the monthly maxima surges at Brest, Le Havre, and Dunkirk; while SCAND
also impacted this variability at Le Havre and Dunkirk. Nevertheless, some amplitude



Atmosphere 2022, 13, 850 13 of 21

modifications of some variabilities did not seem to be related to SCAND and NAO but
were certainly due to another weather regime.

3.2. Analysis of Extreme Surges with Nonstationary GEV Models Using Climate Indices
3.2.1. Insertion of NAO and SCAND into the GEV Adjustment

Extreme surge events and surge variability are affected by large-scale atmospheric
circulation. Thus, climate indices were introduced as covariates in the GEV parameters
with the purpose of improving the GEV model quality. The results are expressed with the
quality criterion described in Section 2.2.3. and are presented into the Tables 3 and 4.

Table 3. Improvement of the GEV model quality of monthly maxima surges through the introduction
of NAO as a covariate to the location and location + scale parameters. Nonstationary models (SC
and NAO) that express a lower AIC than that of the stationary model are better. Models that are
highlighted in green were improved significantly (likelihood ratio test), and the p-value of the test is
stated (threshold of 0.05). First, the introduction of the seasonal component was tested (likelihood
ratio test between the stationary model and the nonstationary model with the introduction of the
seasonal component). Second, the introduction of NAO as a covariate was tested (likelihood ratio
test between the stationary model and the nonstationary model with NAO as a covariate). This study
was not performed on the same temporal periods between stations due to climatic and sea-level
data availability.

Brest Cherbourg Le Havre Dunkirk

Stationary
model AIC −1424 −433 −84 152

Seasonal
Component (SC)

AIC
p-value

−1948
2 × 10−16

−650
2 × 10−16

−358
2 × 10−16

−140
2 × 10−16

NAO
(µ)

AIC
p-value

−1430
0.0061

−436
0.0277

−88
0.0139

152
0.1104

NAO
(µ + ψ)

AIC
p-value

−1429
0.0183

−443
0.0010

−104
7 × 10−6

146
0.0051

Table 4. Same as Table 3 but for the monthly SCAND.

Brest Cherbourg Le Havre Dunkirk

Stationary
model AIC −653 −447 −78 152

Seasonal
Component (SC)

AIC
p-value

−933
2 × 10−16

−671
2 × 10−16

−355
2 × 10−16

−146
2 × 10−16

SCAND
(µ)

AIC
p-value

−667
6 × 10−5

−449
0.0569

−77
0.2385

152
0.1300

SCAND
(µ + ψ)

AIC
p-value

−667
0.0001

−447
0.1481

−75
0.4985

147
0.0102

First, the seasonal component clearly enhanced the GEV fitting of all stations because
of the seasonal variability in the monthly maxima surges; this is well described by the
annual timescale in the continuous wavelet spectra (Tables 3 and 4, and Figure 5). The
insertion of NAO improved the GEV models for Brest, Cherbourg, and Le Havre stations
(Table 3). This is consistent with Section 3.1.2: these stations are mainly affected by NAO
(Figure 7I). Dunkirk station fitting was also enhanced by NAO. Indeed, NAO was also
found to be a driver of the low-frequency variability at Dunkirk station, particularly for the
~12–17-year variability and for lower-frequency timescales (Figure 7(Id)).

Simultaneously, the insertion of SCAND as a covariate allowed the GEV models to be
improved for the Brest and Dunkirk stations (Table 4). For Dunkirk station, this is consistent
with the wavelet coherence presented in Section 3.1.2., which shows that monthly maxima
surges are highly dependent on the SCAND variability (Figure 7(IId)): the introduction
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of SCAND as a covariate in the GEV model for Dunkirk improved the quality of the
fitting. On the contrary, the wavelet coherence between the monthly maxima surges at
Brest and SCAND did not show such significant coherence for low frequencies (greater
than ~1 year) (Figure 7(IIa)). Nevertheless, we noticed the existence of a few spots showing
a coherence higher than 0.5 with signals perfectly in phase (e.g., around 1992–2010 for the
~1.5–2.5-year variability; 1960–1965 for the ~2–3-year variability; and 1970–1985 for the
~5–7-year variability). Consequently, the introduction of this climate index improved the
GEV model because few parts of these extremes were still forced by the low-frequency
variability of the SCAND. The phasing of the low frequencies of the two signals (monthly
maxima surges and climate indices) seems to be an important factor in obtaining a better
fitting than that produced with the stationary model. Hence, despite the higher coherence
values for the ~12–17-year variability for Le Havre (than those of Brest), the signals were
not in phase, which certainly did not allow for better fitting. Concerning Cherbourg, the
model expressed a lower AIC when SCAND was introduced as a covariate in its model,
which might be related to the high level of coherence between 1995 and 2005 for the ~2-year
variability with signals almost in phase. The nonsignificance of this improvement could be
explained by the small part of variability expressed by these extreme surges at this period
and timescale, as shown on the continuous wavelet with low power (Figure 5).

It is also interesting for Dunkirk station to see that the enhancement of fittings was
realized only when a climate index (SCAND or NAO) was introduced into the location and
scale parameters (Tables 3 and 4). Therefore, the sensitivity of extreme surges to the climate
variables at Dunkirk is more important on the dispersion parameters. Overall, when the
introduction of these climate covariates allowed the quality of models to improve, in most
cases, the models were better when SCAND or NAO was introduced to the location and
scale parameters (Cherbourg, Le Havre, and Dunkirk). However, for Brest station, the GEV
fitting was better when NAO and SCAND were introduced only on the location parameter
(Tables 3 and 4).

3.2.2. Insertion of NAO and SCAND Spectral Components into the GEV Models

After assessing the effect of the NAO and SCAND “raw” indices (i.e., without de-
composition) on the fitting quality, we aimed to assess whether the insertion of specific
spectral components into GEV parameters could also allow the enhancement of the model
quality (and under what conditions) and whether this improvement was better than the
one obtained with the raw index.

The Brest GEV model was improved by the insertion of the ~2-year variability of NAO
and SCAND (Tables 5 and 6). Despite the noticeable coherence at lower frequencies with
NAO, signals were generally out of phase when looking at the corresponding timescales
on the wavelet coherence spectrum (Figure 7(Ia)). This probably did not allow the GEV
model to be improved by the lower frequencies of NAO (Table 5). Concerning the ~2-year
variability of SCAND, the improvement was certainly due to the high coherence (with
signals in phase) between 1995 and 2005 (Table 6 and Figure 7(IIa)). Furthermore, monthly
maxima surges and SCAND were in phase at the ~8.5-year timescale, but the coherence
was quite low (~0.5). The phasing of signals certainly allowed the AIC criterion to be lower
than the AIC of a stationary model, while the reasonably low coherence did not allow this
improvement to be statistically significant. Moreover, the ~2-year variability of the monthly
maxima surges at Brest contained a greater percentage of energy (8%) compared with the
~8-year variability (~3%), which could also explain why the enhancement by the latter was
not statistically significant (Table 1).

The Cherbourg GEV model was not improved by the introduction of NAO or SCAND
spectral components (Tables 5 and 6). This was rather unexpected considering the high
coherence between the low frequencies of Cherbourg monthly maxima surges and NAO,
for instance (Figure 7(Ib)). Nevertheless, this could be explained by the fact that low
frequencies at Cherbourg station only represent a small part of the total energy (~12%)
(Table 1). Thus, most of the extreme surge variability at Cherbourg can be explained by
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local effects expressed at higher-frequency timescales, while regional climate effects seem
to be less marked.

Table 5. Same as for Tables 3 and 4 but with NAO spectral components.

Brest Cherbourg Le Havre Dunkirk

Stationary
model AIC −1424 −433 −84 152

Seasonal
Component (SC)

AIC
p-value

−1948
2 × 10−16

−650
2 × 10−16

−358
2 × 10−16

−140
2 × 10−16

~2.5 years
(µ)

AIC
p-value

−1428
0.0149

−432
0.4121

−84
0.1832

154
0.9715

~2.5 years
(µ+ψ)

AIC
p-value

−1426
0.0517

−431
0.4431

−86
0.0743

155
0.4538

~3.5 years
(µ)

AIC
p-value

−1422
0.9567

−432
0.3094

−83
0.5020

152
0.1877

~3.5 years
(µ+ψ)

AIC
p-value

−1422
0.3761

−430
0.5412

−81
0.7014

149
0.0269

~7.5 years
(µ)

AIC
p-value

−1423
0.3340

−432
0.3579

−88
0.0139

154
0.4365

~7.5 years
(µ + ψ)

AIC
p-value

−1422
0.4559

−432
0.2667

−93
0.0021

153
0.1949

~17 years
(µ)

AIC
p-value

−1424
0.1636

−431
0.5250

−83
0.4208

152
0.1526

~17 years
(µ + ψ)

AIC
p-value

−1424
0.2182

−430
0.6986

−85
0.1056

150
0.0546

Table 6. Same as for Tables 3 and 4 but with SCAND spectral components.

Brest Cherbourg Le Havre Dunkirk

Stationary
model AIC −653 −447 −78 152

Seasonal
Component (SC)

AIC
p-value

−933
2 × 10−16

−671
2 × 10−16

−355
2 × 10−16

−146
2 × 10−16

~2 years
(µ)

AIC
p-value

−657
0.0143

−446
0.4364

−76
0.8227

154
0.7850

~2 years
(µ + ψ)

AIC
p-value

−656
0.0380

−445
0.4839

−75
0.5169

153
0.2616

~4 years
(µ)

AIC
p-value

−652
0.3141

−445
0.9150

−77
0.2297

154
0.6138

~4 years
(µ + ψ)

AIC
p-value

−650
0.5879

−445
0.3381

−75
0.4333

150
0.0598

~8.5 years
(µ)

AIC
p-value

−652
0.4300

−446
0.4420

−76
0.5533

154
0.7038

~8.5 years
(µ + ψ)

AIC
p-value

−655
0.0582

−444
0.6963

−74
0.8286

156
0.9293

~17.5 years
(µ)

AIC
p-value

−652
0.2534

−447
0.2277

−80
0.0408

154
0.7318

~17.5 years
(µ + ψ)

AIC
p-value

−652
0.2203

−445
0.4090

−78
0.0934

154
0.3142

The Le Havre GEV model was improved significantly by only one component of
each index: the ~7.5-year variability of NAO and the ~17.5-year variability of SCAND
(Tables 5 and 6). The NAO-related improvement is probably due to the high coherence
between the monthly maxima surges and NAO for the ~7.5-year variability since 1995,
while the signals presented good phasing (Figure 7(Ic)). The enhancement induced by the
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introduction of the ~17.5-year variability of SCAND could be related to the extremely high
coherence (~1), even though signals were in quadrature (Figure 7(IIc)). This particular case
is the only one in the present study that allowed better fitting while signals were not almost
in phase.

Finally, the Dunkirk GEV model was never statistically significantly improved by
the introduction of SCAND spectral components on the location and scale parameters
(Table 6). This result was quite unexpected considering that the inclusion of the SCAND
raw index improved the fitting and that a high coherence with SCAND was observed at
some specific timescales (e.g., the ~4-year timescale). Nonetheless, the AIC still revealed
better fitting when the SCAND ~4-year variability was introduced into the location and
shape parameters of the GEV fitting. This SCAND variability was the only one to exhibit
covariability in phase with that of the monthly maxima surges at Dunkirk. Simultaneously,
the NAO ~3.5-year and ~17-year variabilities allowed for a better fitting quality (Table 5).
Thus, as expressed in Section 3.2.1., the NAO ~17-year component is probably one of the
two key components allowing for the enhancement of fittings in Dunkirk by NAO. The
NAO ~3.5-year variability appeared to be the most significant component allowing for
better fitting. When we look at the wavelet coherence between the monthly maxima surges
at Dunkirk and NAO, a relatively high degree of coherence with signals almost in phase
occurred from 2008 for this timescale (Figure 7(Id)). It is also interesting to highlight the
better quality of models when these spectral components were introduced on the location
and scale parameters as well as the NAO raw index (Tables 3 and 5).

These results highlight the importance of phasing between low frequencies of SCAND
or NAO and those of the monthly maxima surges for the improvement of GEV fitting.
They also underline the fact that there is not a specific spectral component of a given
climate index that allows for better enhancement of models. It is highly dependent on the
considered station and the covariability of the low frequencies between monthly maxima
surges and climate indices. Thus, spectral components of NAO that allow for better fitting
than a stationary model are, respectively, the ~2.5-year variability for Brest, the ~7.5-year
variability for Le Havre, and the ~3.5 year and ~17 year variabilities for Dunkirk. Simul-
taneously, spectral components of SCAND that allow for better fitting than a stationary
model are, respectively, the ~2-year variability for Brest and the ~17.5-year variability for
Le Havre.

Generally, the best fitting was achieved when the NAO spectral components were
introduced into the location and scale parameters (Table 5). This was the case for Le
Havre and Dunkirk stations. In contrast, for Le Havre, the best fitting with the ~17.5-year
SCAND spectral component was obtained when it was introduced only in the location
parameter (Table 6). For Brest station, this was the insertion of the SCAND or NAO spectral
component only on the location parameter, which allowed the GEV fitting to be improved
(Tables 5 and 6). Except for the introduction of the SCAND ~17.5-year variability in the Le
Havre GEV model, these results are identical to those obtained with raw climate indices.

4. Discussion

The impact of NAO on the sea-level variability has been analyzed in several studies. For
Atlantic European coastlines, [39,40] described the proportionality between NAO values and
the increase in winter storms, which affect extreme surges. For the Bristol Channel/Severn
Estuary, [41] highlighted the influence of NAO on wind speed. According to their study,
positive NAO phases induce higher wind speeds and, therefore, cause increases in the
maximum extreme and mean sea levels. Moreover, several studies have addressed the
physical mechanisms explaining the effects of continuous changes in NAO patterns on the
sea-level variability [7,42].

The investigation of the low-frequency variability of sea levels has shown the existence
of long-term oscillations that originate from large-scale, reginal climate variability and, thus,
control the interannual extreme surges. The present analysis of monthly maxima surges
across the North French coast exhibited the ~2–3-year and ~5–7-year variabilities. These
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variabilities were also investigated in several studies that explored sea-level variability
and are commonly discussed in the literature, particularly for the Baltic sea [14,43,44].
These two typical variabilities were also identified in the total sea level and surges for
Dunkirk, Le Havre, and Cherbourg in [3]. These oscillations were associated with large-
scale atmospheric circulation and, in particular, with NAO [14]. We also distinguished
a ~12–17-year variability in the monthly maxima surges at Brest that we attributed to
NAO variability according to the wavelet coherence. This specific variability was also
identified by [14] for the sea level at Brest, and they suggested that this may be related
to the 13–15-year variability in SST exhibited by [45] and to the thermohaline circulation
variability in the Atlantic Ocean [46–48]. Knowing the physical links between internal
ocean variability and atmospheric circulation, it is expected that these two phenomena
(thermohaline circulation and NAO) can be defined as two drivers of sea level/surge
variability. For instance, [49] suggested that Gulfstream front interannual oscillations
induce variability at the same timescale in the North Atlantic atmospheric circulation (i.e.,
in NAO). Thus, the ~12–17-year variability of the monthly maxima surges at Brest can be
related to NAO and the thermohaline circulation variability.

In the present study, we focused on stations located on the northern French Coast, and
two climate indices were chosen to represent two different weather patterns: NAO, repre-
senting zonal circulation, and SCAND, representing a blocking regime. Wavelet coherence
and multiresolution analysis showed a higher influence of NAO on monthly maxima surges
at Brest, Cherbourg, and Le Havre, while SCAND seemed to have a higher influence on
the monthly maxima at Dunkirk. This is consistent with the study presented in [17], which
showed a significant correlation between NAO and the 99th percentile of total sea level
anomaly at Le Havre and Cherbourg. Nevertheless, their study did not show any significant
correlations between NAO and the Brest time series.

These discrepancies in the correlations could be explained by the variable chosen to
describe the extreme events (e.g., values above a threshold, monthly maxima, etc.), or by the
climate indices used (e.g., winter or monthly NAO). In addition, previous studies demon-
strated correlations between sea levels or surges and climate indices are not constant over
time [14]. In the present work, wavelet coherence highlighted the dependence of correlation
on the timescale and the time period. In this part of the study, it was demonstrated that
variations in extreme surges (monthly maxima) are related to different atmospheric patterns
(NAO and SCAND) according to the timescale and time period. On the other hand, these
two indices did not explain the entire low-frequency variability of the monthly maxima
surges, because there were periods where no coherence was expressed. Therefore, other
weather patterns could have affected surges during these time periods (e.g., the Atlantic
Ridge regime well represented by the EAP) or even the multidecadal oceanic variability.
Nevertheless, in this study, each timescale was shown to have its best relationship with
SCAND or NAO for a given time period. It should be highlighted that these two climate
drivers act as regulators, controlling the extreme surge multi-timescale variability along
the north French coast.

The introduction of the SCAND and NAO climate indices as covariates clearly im-
proved GEV fitting in some previous studies [6,18,19]. In the present study, similar results
were eventually reached, with a degree of model improvement found to depend rather
significantly on the station considered but also on the nonstationarity of correlations over
time. In [6], significant sensitivity of extreme sea levels to SCAND was found for the Brest
and Dunkirk stations, while for Cherbourg, the sensitivity to SCAND was not significant,
which was also the case in our study (Table 4). Indeed, the introduction of the SCAND as
a covariate into the GEV parameters improved significantly Brest and Dunkirk models.
In [6], results concerning NAO were similar to ours with a significant sensitivity found for
Brest (Table 3). Le Havre station was not explored in their study; our analysis revealed an
enhancement of the fitting when NAO was introduced as a covariate into the GEV model.
This result is probably strongly related to the location of this station at the mouth of the
Seine river, and its streamflow variability is known to be impacted by NAO [33]. This area
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is, therefore, highly impacted by NAO and the streamflow variability also impacts the
sea level variability at Le Havre via surges [50]. These similar results to [6] enhance the
idea that extreme surges induced by climate pattern are the main factor responsible for
extreme sea level variability. Similar model enhancements to those shown in our study
were found with NAO for Cherbourg and Dunkirk stations, and this can easily be explained
by wavelet coherence.

Thus, we expect that the introduction of the spectral components of NAO and SCAND
could also improve GEV fitting. This assumption was made, because these indices demon-
strated great coherence with the corresponding monthly maxima surge spectral components.
In most cases, the results showed that GEV fitting was improved when the coherence was
higher than 0.5 with signals (monthly maxima surge spectral components and the correspond-
ing of NAO or SCAND) roughly in phase at specific temporal periods. On the contrary, the
model did not show any improvement if there was no coherence or when the signals were
not approximatively in phase. This observation suggests that wavelet coherence is a powerful
tool that may allow us to better understand the improvement of GEV models.

Sometimes, when we look at specific timescales on the wavelet coherence spectrum, we
can clearly identify high coherence with signals in phase. Therefore, we can assume that
this specific timescale of the considered climate index will allow significant improvement
of the GEV model. Nevertheless, it is not always the case. A plausible interpretation of this
phenomenon could be that the variety of components constituting the monthly maxima surges
contributes to the established relationship between the corresponding spectral components of
the two variables being hidden. Therefore, the relationship is no longer obvious.

Simultaneously, tests were carried out (not shown) in which a mathematical seasonal
component and a spectral component of NAO and SCAND were combined in the nonsta-
tionary GEV model. It turned out that, for some specific components (such as the ~2-year
component of SCAND in the GEV model), this association led to a decrease in model
quality. Consequently, this highlights that the seasonal component introduced into the
model can sometimes interfere with the results, masking the covariability with the spectral
component of the given climate index.

The introduction of selected spectral components of either NAO or SCAND as covari-
ates into GEV parameters did not allow for better improvement of the models, compared
to that achieved with the raw climate index (higher AIC). Two plausible interpretations can
be suggested to explain this result:

1. The multi-year, low-frequency components of climate indices, even if retrieved in
monthly maxima surges, never represented a very significant part of the total variance
of the monthly maxima surge signals. Indeed, these components explained less than
50% of the explanatory percentage of energy for all stations. Multi-year to multi-
decadal components explained, respectively, ~43% of total variance for Dunkirk, ~36%
for Le Havre, ~22% for Brest, and only ~12% for Cherbourg. As a result, although
correlation (as indicated by the wavelet coherence) seemed clear at such timescales, it
would only allow for a small part of the extreme surges to be modelled. Thus, it could
easily explain why the GEV models for Cherbourg station never improved with the
introduction of the low-frequency spectral component of the NAO index, while the
raw index allowed it.

2. The nonstationarity of the large-scale climate relationships with local surge processes,
as the wavelet coherence results showed that the large-scale/surge relationships were
not constant over time for any timescale. This means that different low-frequency
components would be involved in the relationships over time. As a result, considering
each component separately as a covariate would only partially improve the GEV models.

Although the introduction of low-frequency components of climate indices did not
improve the GEV models better than raw indices, it allowed us to highlight some interesting
results. For instance, for Le Havre station, the introduction of NAO ~6–10-year variability
induced a significant improvement in the GEV model. It was revealed that this NAO
component is the main driver of extreme surges variability by influencing the 5–7-year
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surge variability. This NAO variability displayed significant coherence with the monthly
maxima surges from approximatively 1990 onwards, which is also consistent with the
results of [2], who showed that for a ~7-year oscillation timescale, the variability of monthly
maximum surge amplitudes could be associated with a dipolar pattern of SLP fields over
the North Atlantic Ocean, reminiscent of typical NAO-like western circulation. The exact
same result was highlighted by [26] for both precipitation in northern France and Seine
river streamflow. Since Le Havre station is located at the Seine mouth, the similar findings
for Le Havre surges and the Seine river hydrological variability seem appropriate.

5. Conclusions

The aim of this study was (i) to identify the main timescales of variability for monthly
maxima surges along the northern French coast and (ii) to examine their statistical links with
two typical weather regimes: the zonal circulation (NAO) and blocking (SCAND) regimes.
Continuous wavelet transform revealed common multi-year modes of variability in monthly
maxima surges for the 4 stations studied: ~2–3 years, ~5–7 years, and ~12–17 years. The
wavelet coherence results showed better correlations between low-frequencies of monthly
maxima surges at Brest, Cherbourg, and Le Havre and NAO, while monthly maxima surges
at Dunkirk seemed more covarying with SCAND. The coherence for each timescale was
not constant over time, which demonstrated the nonstationary behaviour of the large-scale
climate and extreme surge relationship. This finding explains the key role of climate patterns
in extreme surge multi-timescale variability.

NAO and SCAND were introduced as covariates into parameters of GEV models
to allow us to determine whether their introduction would improve the models; this
was confirmed. Then, the characteristic timescales of these two climate indices were
introduced into GEV models separately in order to identify the most forcing frequency
on the GEV models and to assess whether this approach could improve the models even
further. The results demonstrated that climate index spectral components with a coherence
level of higher than 0.5 and good phasing with the corresponding spectral component of
monthly maxima surges allowed for improved stationary GEV models. This highlights
the usefulness of wavelet coherence to interpret these results. Nevertheless, compared
with GEV models in which the raw index was introduced, only accounting for particular
low-frequency components was less efficient overall.

Our results suggest that, as climate indices cannot explain all of the low-frequency
variability in the monthly maxima surges, it would probably be more appropriate for
prediction purposes to define an index from either the SLP or another large-scale field (e.g.,
500 mb geopotential heights). Moreover, the integration of climate patterns into extreme
models improves interannual forecasting and could be useful for General Circulation Model
(GCM) simulations, which are designed to investigate physical mechanisms explaining
teleconnections between the atmospheric circulation and sea-level variability.
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