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Abstract

The sea level along the Dutch coast contains a robust interannual variability, of which a substantial part is due
to wind forcing. Correcting sea level observations for the wind influence helps to improve estimates of long-term
rates of sea-level rise. We study the wind influence on multi-decadal sea-level variability and trend along the
Dutch coast by using three physically-based, multi-linear regression models. These models relate sea level and
wind forcing either using zonal and meridional wind speeds or large-scale pressure patterns. We use annual
mean sea level observations from six tide gauge stations spread along the Dutch coast covering 1890 to 2020, and
surface wind and pressure data from the ERA5 and the Twentieth Century Reanalysis data sets, covering 1950
to 2020 and 1836 to 2015, respectively. The results from the regression analysis show a robust multi-decadal
variability of wind influence on sea-level change with an amplitude of around 1 cm and a period of 40 to 60
years. This multi-decadal mode of variability is responsible for an average drop in sea level of 0.5 mm/yr over
the last 40 years. Furthermore, it is shown that the multi-decadal wind variability is related to the Atlantic
Multidecadal Variability (AMV). A regression analysis relating the low-frequency variability and AMV from
1950 to 2015 shows that the AMV explains a large part of the wind variability. Finally, the three regression
models are applied to Coupled Model Intercomparison Project 6 (CMIP6) historical and future climate scenario
data to make projections of the wind impact on sea-level change along the Dutch coast for the 21st century.
We do not find significant effects of wind on sea-level rise for the Dutch coast during the 21st century, which
contrasts earlier findings for the German Bight.
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Plain Language Summary

Global mean sea levels are rising. The main cause of sea-level rise since the industrial revolution is global
warming due to greenhouse gas emissions caused by human activity. As a result of global warming, ocean
temperatures are increasing, causing the volume of oceans to increase as well. Also, ice masses around the globe
are melting, and meltwater ends up in the oceans. Due to these processes and others, over the last century,
global mean sea level has risen faster than in any century since late prehistory. Measurements show that the
rate of global mean sea-level rise has been accelerating since the late 1960s and is expected to further accelerate
throughout the 21st century. Since the North Sea is connected to the global oceans, an acceleration of sea-level
rise is also expected to be measured along the Dutch coast. However, on a regional scale, sea-level changes can
depart from the global mean due to mechanisms of which the impact vanishes when you take a global average.
Also, annual sea level measurements along the Dutch coast show a large interannual variability partly driven
by wind forcing. This large variability makes estimates of changing rates of sea-level rise harder to detect.
Therefore, understanding the influence of the wind effect on sea-level changes helps to correct the sea level
measurements for some of the interannual variability and thereby can help to detect an acceleration of sea-level
rise. We focus on the multi-decadal wind influence over a long period of almost two centuries.

The wind impacts sea level because it exerts a stress force on the water surface by blowing over it, which
causes the transport of water masses. The effect of this wind forcing is more significant for shallower water
masses. Since the North and Wadden Sea are relatively shallow, wind forcing substantially impacts sea-level
changes along the Dutch coast. Along the Dutch coast, the highest sea levels are caused by north-westerly
winds. The number and strength of storms as well as consistent north-westerly winds can impact annual sea
level by 10 cm.

We find a structural trend in the wind influence on sea-level changes of about 0.1-0.3 mm/yr since 1836. How-
ever, on shorter time scales of several decades, the wind influence shows a multidecadal variability with an
amplitude of 1 cm and a period of 40 to 60 years. This means that over some decades, the wind raised sea
level by 1.0 mm/yr and for other decades, the wind dropped sea level by 0.5 mm/yr, which happened between
1980 and 2020. This negative wind effect on sea level occurred when global mean sea levels were accelerating.
Removing the effect of the wind from sea level measurements also shows an acceleration of sea-level rise along
the Dutch coast. The negative wind impact that we see for recent decades thus played an important role in
masking the acceleration of sea-level rise along the Dutch coast.

As a next step, we investigated whether we could find large-scale drivers of the multidecadal variability in
the wind influence on sea-level changes. We focus on the Atlantic Multidecadal Variability (AMV), a known
pattern of multidecadal sea surface temperature (SST) variability. The AMV is an important driver of multi-
decadal climate variability in the North Atlantic region. Therefore, it’s interesting to study its influence on the
multidecadal variability of wind influence on sea-level changes along the Dutch coast. We find that the AMV
is indeed an essential driver of the wind-driven multidecadal sea-level variability. The AMV is a large-scale
phenomenon constructed from sea surface temperature (SST) measurements. To better understand its connec-
tion to the wind-driven sea-level variability, we also study the influence of SST measurements from the North
Atlantic region on the wind-driven sea-level variability. We can link SST measurements to the wind-driven
sea-level variability for some regions. These regions include the Northern waters around Greenland, including
the Labrador, Irminger, and the Greenland Sea, and waters along the east coast of America, including the
Caribbean Sea.

Finally, we investigated what can be expected of wind-driven sea-level changes for the 21st century. We first
performed the same analysis between wind and sea-level changes over the historical period using climate model
data. The results show that some climate models can reproduce the wind-driven sea-level variability. These
climate models are used to project the wind influence on sea-level changes for the 21st century. Our results
show that the natural variability of the wind effect on sea-level changes continues throughout the 21st cen-
tury with an amplitude of 1 cm. The climate models cannot reproduce the linear trend we found for the wind
influence over the historical period. Also, no significant trend is found for the wind influence for the 21st century.

In this study, we thus found that, over past centuries, the wind influence on sea-level changes was domi-
nated by natural variability that we can link to the AMV. Over recent decades the wind tended to decrease sea
level, thereby masking an acceleration of sea-level rise along the Dutch coast. Since this drop in sea level was
caused by natural variability, which is expected to continue throughout the 21st century, future sea-level rise
will catch up from this drop, and we expect to see a further acceleration of sea level along the Dutch coast.
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1 Introduction

Rising sea levels are an essential indicator and well-known consequence of global warming resulting from anthro-
pogenic greenhouse gas (GHG) emissions [Slangen, Church, et al. 2016; Fox-Kemper et al. 2021]. Global mean
sea level (GMSL) has risen during the 20th century at an accelerated rate and is expected to continue to rise at
an accelerated rate throughout the 21st century [Fox-Kemper et al. 2021; Church and White 2011; Dangendorf,
Marcos, et al. 2017; Gehrels and Woodworth 2013; Kopp et al. 2016; Meyssignac and Cazenave 2012; Slangen,
van de Wal, et al. 2014; Wöppelmann et al. 2009]. The rising ocean levels have a broad socio-economic and
environmental impact on coastal zones and communities around the world, especially for low-lying countries
like the Netherlands [Hinkel et al. 2014; Nauels et al. 2017; Nicholls et al. 2019]. In the Netherlands, sea-level
rise threatens almost a third of the land which is located below the sea level of the North and Wadden Sea
[van Koningsveld et al. 2008]. This is an essential social and economic region where 9 million people live and
70% of the gross domestic product is earned. In addition, sea-level rise is a threat for vulnerable regions like
the Wadden Sea World Heritage area, where even small external changes may disturb the ecosystem’s delicate
equilibrium [Vermeersen et al. 2018; Kirwan and Megonigal 2013]. Hence, making reliable projections of future
sea-level rise is crucial to make the best mitigation and adaptation decisions.

The recent sixth assessment report (AR6) of the Intergovernmental Panel on Climate Change (IPCC) [Fox-
Kemper et al. 2021] shows that GMSL rose 20 [15-25] cm over the period from 1901 to 2018 with a corresponding
rate of 1.7 mm/yr which was faster than in any prior century over the last three millennia. Observations of
GMSL are shown by the orange and purple lines in Figure 1. These observations show that GMSL rise has
accelerated since the late 1960s. The AR6 report indicates that GMSL is expected to accelerate throughout the
21st century. GMSL rise is the net result of many individual geophysical and climatological processes of which
the main contributors are ocean thermal expansion, mass loss from glaciers, and mass loss from ice sheets [Fox-
Kemper et al. 2021; Frederikse et al. 2020; Vermeersen et al. 2018]. The GMSL rise and its major constituents
are depicted in Fig 1.

Sea levels along the Dutch coast are monitored using a network of tide gauges and satellite altimetry which is
analyzed and explained to policymakers by the Zeespiegelmonitor, published by Deltares [Baart, Rongen, et al.
2019]. The Zeespiegelmonitor shows that since 1901 sea-level rise along the Dutch coast rose 22 cm, close to the
globally observed average. On regional scales, mean sea-level changes can depart from GMSL rise [Meyssignac,
Slangen, et al. 2017; Fox-Kemper et al. 2021; Church and White 2011; Meyssignac and Cazenave 2012; Ray and
Douglas 2011; Douglas 1992] For the Dutch coast, regional differences are caused by vertical land motion, water
temperature, salinity, air pressure, wind forcing, and changes in the Earth’s gravitational field due to mass loss
from ice sheets. For instance, a quarter of the sea-level rise along the Dutch coast over the past century was due
to subsidence. The regional differences caused by these processes vanish when the global average is obtained.
For the sea level observations along the Dutch coast, these processes also result in a more considerable inter-
annual variability, as can be seen in Fig. 1. Due to this large interannual variability, detecting an acceleration
of sea-level rise is harder. However, since the North Sea is connected to global ocean waters, the acceleration
of sea-level rise is also expected to be measured along the Dutch coast. We know that a large part of the
sea-level variability along the Dutch coast is caused by wind forcing. Wind blowing over a water surface can
influence coastal sea level since it exerts a stress force on the water surface, leading to water transport. For the
Dutch coast, north-westerly winds induce the most considerable sea-level changes. Wind forcing leads to higher
surges for shallower seas. Since the North and Wadden sea are relatively shallow seas with average depths of
respectively 90 and 10 m, wind forcing can influence annual sea-level changes of 6 cm standard deviation. Large
differences can be caused by the occurrence and strength of both consistent northwestern winds and storms.

In this thesis, we study the long-term wind influence on sea-level changes as these results can help to de-
tect an acceleration of sea-level rise. In addition, a preliminary budget analysis of contributions to sea-level rise
along the Dutch coast showed that wind had the influence to drop sea level by 0.5 mm/yr over the period from
1979 to 2018. Therefore, we want to know if the wind dropped sea level over recent decades and whether this
might mask a possible acceleration of sea-level rise. Additionally, it is essential to understand whether this drop
was caused by natural variability and future sea levels might catch up from this drop or whether it was due
to a structural change that might protect the Dutch coast from a fraction of future sea-level rise. Using three
multiple linear regression models, the long-term wind influence on sea-level change along the Dutch coast.

When the wind influence on sea-level changes is obtained, we study whether we can identify large-scale drivers
of the wind-driven sea-level variability. The Atlantic Multidecadal Variability (AMV) is a multi-decadal mode
of sea surface temperature (SST) variability in the North Atlantic Ocean. The AMV is an important driver
of decadal climate variability in the North Atlantic region. Therefore, we study the influence of the AMV on
wind-driven sea-level variability. Additionally, we also study the influence of local SST in the North Atlantic
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region on wind-driven sea-level variability. Thereby we aim to better understand which regions of SST in the
North Atlantic Ocean influence wind-driven sea-level variability along the Dutch coast. Again, we use linear
regression for these analyses.

As a final step, we study what we can expect of the wind influence for the 21st century. We perform the
same regression analysis between wind and sea-level data over the historical period as for the observations.
However, we now use climate model data from the Coupled Model Intercomparison Project 6 (CMIP6). The
regression results using climate model data are compared to the regression results using observations. Climate
models that can show similar results as we found for the observations are then used to make projections for the
21st century.

To summarize, in this study we aim to answer the following research questions:

1. What was the wind influence on sea-level change along the Dutch coast over the historical
period?

2. Can we identify large-scale drivers of the wind-driven sea-level variability?

3. What can be expected of the wind influence for the 21st century?

Figure 1: Observed global mean sea level, shown by the orange [Dangendorf, Hay, et al. 2019] and purple [Frederikse
et al. 2020] lines and observed sea level along the Dutch coast, shown by the blue line [Baart, Rongen, et al. 2019]. The
figure is obtained from KNMI’s Klimaatsignaal’21 [KNMI 2021].
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2 Data

2.1 Observational and Reanalysis Data

2.1.1 Sea Level Height Observations

We use annual sea level height measurements from 6 tide gauges along the Dutch coast to study the wind
influence on sea-level changes. These measurements are provided by the Permanent Service for Mean Sea Level
and are adjusted to the Revised Local Reference datum [PSMSL 2021; Holgate et al. 2013]. We use the same
6 tide gauge stations were used in the Zeespiegelmonitor: Delfzijl, Den Helder, Harlingen, IJmuiden, Hoek van
Holland and Vlissingen (Baart, Rongen, et al. 2019). Tide gauges are measurement tools that have sensors
to measure the height of the surrounding sea level, which they do relative to a benchmark on nearby land.
Therefore the measured sea level height is called relative sea level (RSL). As a vertical motion of land will result
in a measured sea-level change, the measurements are corrected for vertical land motion by using predictions
of vertical land movement and the Global Navigation Satellite Systems (GNSS) [Holgate et al. 2013]. The tide
gauge observations have a long temporal coverage and are uniformly distributed along the Dutch coast. While
the time series for the different stations start between 1862 and 1872, only the data from 1890 to 2020 is used
for the analysis. We obtain anomalies of the observations over the given period. The data will be referred to as
relative sea-level change (RSLC).

Both the 18.6 yr lunar nodal cycle and the inverse barometer effect (IBE) can play an important factor in
the decadal variability of regional sea level [Baart, van Gelder, et al. 2012; Stammer and Höttemann 2008].
Therefore, we correct the RSLC data by removing their contribution to sea-level changes. The influence of the
nodal cycle is obtained using the method described in [Hermans et al. 2020; Woodworth 2012]. For each latitude
λ of a given tide gauge station and for each year t, the nodal correction is given by:

A = 0.44(1 + 0.298− 0.6032) · 20 ·
(
3 sin2 λ− 1

)
(1)

nodal correction = A · cos

(
2π · (t− 1922.7)

18.61
+ π

)
(2)

The influence of the nodal cycle on sea-level changes is minor, as can be seen in Fig. 2a where the non-corrected
tide gauge data and the tide gauge data corrected for the nodal cycle are shown for Hoek van Holland. Using
the equations above, we find that the amplitude of the nodal cycle varies between 0.5 and 0.6 cm for the different
tide gauge stations. The inverted barometer response to local RSLC can be expressed as:

η(t) = −pa(t)

ρ0g
(3)

where pa is the atmospheric pressure, ρ0 = 1030 kg/m3 is the water density and g is the local gravitational
acceleration Piecuch, Thompson, and Donohue 2016; Stammer and Höttemann 2008; Jeffreys 1916; Wunsch
and Stammer 1997. To obtain the IB response, reanalysis pressure data is used. Values near the tide gauge
station are selected, whereof time anomalies are obtained. After that, the IB response for each tide gauge
station is calculated using equation 3, of which again anomalies are obtained. A plot of the tide gauge record
for Hoek van Holland corrected for the IBE can is shown in Fig. 2a. The IBE has a standard deviation of 1.3 cm
and reaches maximum values between 4.3 and 4.7 cm for the different tide gauges stations. After the tide gauge
data is corrected for the nodal cycle and the inverse barometer effect for the data from each tide gauge station,
also the average of the different stations is obtained and used for analysis. The resulting tide gauge data that
is used in further research is shown in Fig. 2b.

(a) Annual tide gauge relative sea-level change for Hoek van
Holland. Data without applying a correction and corrected
for the nodal cycle or the inverse barometer effect is shown.

(b) Annual tide gauge relative sea-level change for six dif-
ferent tide gauge stations and their average. The tidal nodal
cycle and inverse barotropic effect have been removed from
the time series.

Figure 2: Observational sea level height data from different tide gauge stations along the Dutch coast.
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2.1.2 Atmospheric Reanalysis Data

We use atmospheric data fields from two reanalysis products to study the wind influence. First, monthly av-
eraged data on single levels from the ERA5 reanalysis (ERA5) from the Copernicus Climate Change service
Climate Data Store is used [Hersbach, Bell, and Berrisford 2021]. The ERA5 reanalysis data has a spatial
resolution of 0.25°×0.25° and we use data from 1960 to 2020. The data over this period consists of a data
set over the period from 1979 to the present (Hersbach, Bell, and Berrisford 2021) and a preliminary data set
over the period from 1950 to 1978 [Bell et al. 2021]. The latter data set is called preliminary as it suffers from
some unrealistic behaviour, tropical cyclones are sometimes too intense, compared to the data set over the more
recent period [Bell et al. 2021; Hersbach, Bell, Berrisford, et al. 2020]. To establish the wind influence on RSLC,
wind stress forcing and sea level pressure fields are analysed. Therefore, we use 10 m zonal and meridional wind
speed and mean sea level pressure.

Second, the Twentieth Century Reanalysis Version 3 (20CRv3) from the National Oceanographic and At-
mospheric Administration (NOAA) is used [PSL 2021]. Also, monthly averaged data on single levels is used.
The data covers 1836 to 2015 and has a spatial resolution of 1.0°×1.0°. We use the same variables as for the
ERA5 reanalysis data set.

2.1.3 Sea Surface Temperature Data

Also, the influence of sea surface temperature on wind-driven sea-level variability is studied. For this, two dif-
ferent data sets from the NOAA are used. From the 20CRv3 data set, the monthly averaged skin temperature
at the surface is used [PSL 2021]. Second, monthly averaged data from the Extended Reconstructed Sea Surface
Temperature V5 (ERSSTv5) is used [Huang et al. 2017]. This data set has a spatial resolution of 2.0°×2.0° and
we use data from 1854 to 2020. We obtain annual averages to use for the analysis.

Three AMV records were used to study the influence of the Atlantic Multidecadal Variability (AMV) on the
atmospheric contribution to sea level. The monthly averaged data is taken over the region 0°N to 60°N and
80°W to 0°E and has been deseasonalised and detrended as described in [Jüling, von der Heydt, and Dijkstra
2021]. The AMV records are obtained using three data sets from sea surface temperature observations. First,
the Hadley Centre Sea Ice and Sea Surface Temperature dataset (HadISST) extending from 1870 to 2018 is
used [Rayner et al. 2003]. Further, the COBE-SST2 and the ERSSTv5 data sets from NOAA are used and are
used for the same period [Hirahara, Ishii, and Fukuda 2014; Huang et al. 2017]. All data sets have a spatial
resolution of 1.0°×1.0°.

2.2 CMIP6 Model Data

To study the wind influence on sea-level changes for the 21st century, we use data from climate models from the
Coupled Model Intercomparison Project 6 (CMIP6). We use CMIP6 historical simulations to compare the results
of the climate models to observations. The historical simulations run from 1850 to 2014 and the projections from
2015 to 2100. Three Shared Socioeconomic Pathways (SSPs or scenarios) are used for the projections. Scenarios
are connected to pathways of future radiative forcing known as Representative Concentration Pathways (RCP).
The used scenarios lead to low radiative forcing (SSP1-RCP2.6), intermediate forcing (SSP2-RCP4.5) and high
forcing (SSP5-RCP8.5) [van Vuuren et al. 2011]. The climate model data has a grid size of 1.0°×1.0°. For
the analysis, we use annual mean dynamic sea level above the geoid, annual zonal and meridional 10 m wind
speed and annual air pressure at sea level. The dynamic sea level does not include the inverse barometer effect
[Stammer and Höttemann 2008]. The dynamic sea level data is plotted for a selection of models in Fig. 3.
Climate models are chosen that are available for all variables, scenarios, and periods, including 28 models from
17 modelling centres. The used models are given in Appendix Sect. D.
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Figure 3: Plots of the annual dynamic sea level over from 1850 to 2100 for some of the models that are bold in Tab. 6
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3 Methods

3.1 The Wind Influence on Sea-Level Change over the Historical Period using
Observations

The long-term wind influence on sea-level change is analysed using three different multiple linear regression
models, referred to as the NearestPoint, Timmerman and Dangendorf regression models. Using three different
models reduces arbitrary methodological choices that might arise from using a single method. The three
regression models reconstruct observed annual sea level anomalies from the 6 tide gauge stations and their
average. Therefore, the annual time series of RSLC are used as the dependent variable in the regression models.
Each regression model uses different forcing parameters to find the wind influence on RSLC. The analyses are
performed using the atmospheric data from both the ERA5 and 20CRv3 reanalysis data sets. The regression
analysis is performed over the overlapping period of sea level and wind data, using ERA5 from 1950 to 2020
and using 20CRv3 from 1890 to 2015. However, for comparison of the different reanalysis products and the
climate model data, the analysis is also performed over the overlapping period from 1950 to 2014. Estimates
of the linear trend also depend on the analysed period. Therefore, performing the analysis for the overlapping
period allows making a good comparison between results of the linear trend for different reanalysis data sets
and climate model data. The following section explains the multiple linear regression method, after that, the
three regression models that are used in the analysis are presented, and finally, it is discussed how we analyse
the results of the regression analyses and the performance of the different regression models.

3.1.1 Multiple Linear Regression

A multiple linear regression model estimates the relationship between a dependent variable (y) and multiple
explanatory variables (x1, x2, ..., xn) [Tranmer and Elliot 2008; Thomson and Emery 2014]. The multiple linear
regression model described here is an ordinary least squares linear regression. It is called linear as the dependent
variable is expected to be related to a linear combination of the explanatory variables. If the variables are time
series, the model can be expressed as:

y(t) = α+ β1 · x1(t) + β2 · x2(t) + ...+ βn · xn(t) + ε(t). (4)

Here, α is a constant, ε(t) is an error term for each time step and β1 till βn are the regression coefficients that
represent the influence of each explanatory variable on the dependent variable. [Heij et al. 2004].

An advantage of using regression models over more advanced but accurate models like coupled barotropic
or baroclinic ocean-atmosphere models is that they are computationally cheap. This makes the use of regres-
sion models well suited for the study where many different aspects are studied.

We include the trend as an explanatory variable in each regression model in our analysis. Each model in
our analysis thus includes:

η(t) = α+ βtr · tr(t) + ...+ ε(t) (5)

where η(t) is the RSLC and tr(t) denotes the trend and βtr its regression coefficient. The trend is a linear series
of numbers from zero to the period length. We include the trend in the regression to separate the long-term
structural change caused by wind forcing from the long-term structural change caused by other mechanisms. A
similar method was applied in the Zeespiegelmonitor [Baart, Rongen, et al. 2019].

3.1.2 NearestPoint Regression Model

Of the three regression models, the NearestPoint model is based on the approach used in the Zeespiegelmonitor
[Baart, Rongen, et al. 2019]. It uses local wind speed measurements to parametrise zonal and meridional wind
forcing as explanatory variables in the regression with RSLC. In the NearestPoint regression model, for the
location of each tide gauge station, the nearest wind observations above the North or Wadden sea are selected.
The locations whereof wind speed measurements are obtained are shown in Fig. 4a. The local 10 m zonal and
meridional wind velocities are used to represent the wind forcing by multiplying their values with the absolute
value, and the resulting time series are shown in Fig. 5. In the NearestPoint regression model, the RSLC is
thus reconstructed using the zonal and meridional wind forcing and, as described before, the trend caused by
other processes than wind forcing. For each tide gauge station, the reconstructed RSLC can thus be expressed
as:

η(t) = α+ βtr · tr(t) + βu · U(t)|U(t)|+ βv · V (t)|V (t)|+ ε(t). (6)

Each β indicates a resulting regression coefficient, and tr represents the trend, and U(t)|U(t)| and V (t)|V (t)|
are the parametrisations of the zonal and meridional wind forcing nearby the tide gauge station. Additionally,
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(a) Locations of reanalysis and CMIP6 data used for the
NearestPoint regression model.

(b) The 6 regions that are used to take averages of wind
data from for the Timmerman regression model.

Figure 4: Locations of which wind data is obtained to use for the NearestPoint and Timmerman regression models.

the average RSLC of the tide gauge stations is regressed with the average zonal and meridional wind forcing
of the 6 stations using the same equation. Using equation 6, the RSLC can be reconstructed over the whole
available period for the wind data. The wind influence on sea-level changes is reconstructed using the underlined
expression in equation 6.

(a) ERA5 zonal wind forcing. (b) ERA5 meridional wind forcing.

(c) 20CRv3 zonal wind forcing. (d) 20CRv3 meridional wind forcing.

Figure 5: Wind forcing data used in the NearestPoint regression model. The time series are obtained by selecting wind
data nearest to the tide gauge station and above the sea. The locations of which data is retrieved can be found in Fig.
4a.

3.1.3 Timmerman Regression Model

The surge or lowering of water levels along the Dutch coast is not only due to local wind forcing. Therefore,
including wind forcing data from a broader region might yield different results. The Timmerman regression
model does take that into account by using averages of wind forcing from 6 regions across the North Sea and the
English Channel, and these regions are shown in Fig. 4b. This regression model is inspired by the Timmerman
surge model that KNMI has long employed to predict surges along the Dutch coast [Timmerman 1975]. Zonal
and meridional wind forcing from these Timmerman regions are the explanatory variables in this regression
model. For each region, the 10 m zonal and meridional wind speeds are averaged and used to represent wind
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forcing by multiplying their values with the absolute values. The resulting time series of wind forcing are shown
in Fig. 6. For each tide gauge station and their average, RSLC is reconstructed using the average zonal and
meridional wind forcing of the 6 regions. Thus, the Timmerman regression model can be expressed as:

η(t) = α+ βtr · tr(t) +

6∑
i=1

[
βu,i · Ui(t)|Ui(t)|+ βv,i · Vi(t)|Vi(t)|

]
+ ε(t). (7)

In this equation, the summation sign denotes the summation over the six regions of which wind stress averages
are obtained. RSLC can be reconstructed for the whole available wind data period using the equation above.
Again, the underlined part of equation 7 denotes the wind influence on sea-level change (AC).

(a) ERA5 zonal wind forcing. (b) ERA5 meridional wind forcing.

(c) 20CRv3 zonal wind forcing. (d) 20CRv3 meridional wind forcing.

Figure 6: Wind forcing data used in the Timmerman regression model. The time series are obtained by averaging wind
data within the 6 Timmerman regions. These regions are shown in figure 4b.

Since the Timmerman regression model includes many more forcing variables than the other regression models,
the chances of overfitting are higher. Therefore, a least absolute shrinkage and selection operator (LASSO)
regression model is used for this model rather than a linear regression model. LASSO is a regression analysis
where both variable selection and regularisation are applied to encourage a sparse model, with fewer parameters
[Tibshirani 1996]. More simply said, the LASSO regression model shrinks some regression coefficients and sets
others to zero to avoid taking the same process into account more than once. As the wind forcing of the different
regions is expected to show multicollinearity, the LASSO model regularises this by giving penalties, and some
forcing variables are excluded from the model. The LASSO model uses an L1 regularisation which minimises
the absolute value of the sum of the magnitude of the coefficients. Thus, the algorithm minimises:

T∑
t=0

(
η(t)−

∑
i

(βu,i · Ui(t)|Ui(t)|+ βv,i · Vi(t)|Vi(t)|)

)2

+ α

6∑
i=1

|βu,i + βv,i|. (8)

Here, α represents the strength of the L1 regularisation, and T represents the final year of the time series
included in the regression. When α is zero, the linear regression model is retained. An automated model is
used that is fitted repeatedly using different values for α and selects the best value for α, having the highest
explained variance, using cross-validation.

3.1.4 Dangendorf Regression Model

The third regression model we use takes wind influence from an even larger region into account. The Dangendorf
regression model uses sea level pressure fields over Scandinavia and South-West Europe, as was done similar in
[Dangendorf, Wahl, et al. 2014.] The detrended RSLC of the tide gauge stations and their average is correlated
with sea level pressure (SLP) fields over an area extending from 0°N to 90°N and from 90°W to 90°E using
the ERA5 and 20CRv3 reanalysis data. These correlations show a robust negative correlation between RSLC
and SLP over Scandinavia and a strong positive correlation over the Iberian Peninsula and the Maghreb, as
is shown in Fig. 7. These plots show the correlation results over the overlapping period from 1950 to 2015
for both reanalysis data sets. However, the correlation resulting from both data sets shows a similar negative
correlation region, the positive correlation region is weaker for the 20CRv3 results. The positive and negative
correlation regions are obtained for different periods. Similar as Dangendorf found for the German Bight, the
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centres of correlation are a stable phenomenon for the Dutch coast. As stated in [Dangendorf, Wahl, et al.
2014], these correlation patterns reflect zonal wind flow over the North Sea and indicate the dominant influence
of zonal wind stress on sea-level variability. [Dangendorf, Wahl, et al. 2014] shows how persistent wind blowing
over the North Sea drives a counter-clockwise circulation and piles up water at the southeastern coastlines. In
the Dangendorf regression model, the positive and negative correlation areas represent wind stress forcing. The
average SLP is obtained over the positive correlation area (20°W-20°E, 25°N-45°N) and the negative correlation
area (0°E-40°E, 55°N-75°N). The resulting time series can be found in Fig. 8. RSLC is reconstructed using the
average SLP from the positive and negative correlation areas for each tide gauge station and their average. The
Dangendorf regression model can thus be expressed as:

η(t) = α+ βtr · tr(t) + βn · Pn(t) + βp · Pp(t) + ε(t). (9)

Here, Pn and Pp represent the average sea level pressure over the negative and positive correlation areas.

(a) ERA5 reanalysis data. (b) 20CRv3 reanalysis data.

Figure 7: Map of the correlation between average sea-level change of the six tide gauges along the Dutch coast and sea
level pressure over Europe and the Northern Atlantic region over the period from 1950 till 2015. Also, the regions used
to take averages of sea level pressure for the Dangendorf regression model are shown.

(a) ERA5 reanalysis data. (b) 20CRv3 reanalysis data.

Figure 8: Mean sea level pressure averaged over the positive and negative correlation regions as depicted in figure 7.

3.1.5 Analysis of the Regression Results and Model Evaluation

After performing the regression analyses, we can analyse the wind influence on sea-level changes along the
Dutch coast over the historical period. Using these time series, we can study the structural change of the wind
influence by obtaining linear trends. To study the long-term variability of the wind influence, the time series are
smoothed using a Locally Weighted Scatterplot Smoothing (LOWESS) function with a 31-year window. Also,
we study the wind-driven variability by obtaining linear trends of the wind influence over periods of 39 years
from the whole time series.

There are different metrics to evaluate the performance of regression models. The root mean squared error
(RMSE) and R Square (R2) are studied. RMSE is an absolute measue of how well the model is fitted and is
calculated using:

RMSE =

√√√√ 1

N

N∑
i=1

(yi − ŷi)2. (10)

In this equation, N is the number of observations, y denotes the dependent variable, which is the RSLC in
this study and ŷ is the predicted output from the regression model. Therefore, yi − ŷi denotes the prediction
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error. RMSE explains how much the predicted results deviate from the RSLC and is an excellent metric for
comparing different models [Heij et al. 2004]. R2 is the square of the Correlation Coefficient and is also called
the coefficient of determination. It measures the fraction of total variation of the dependent variable that is
explained by the model and is calculated using:

R2 = 1−
∑

i(yi − ŷi)2∑
i(yi − y)2

. (11)

In this equation, again, y is the dependent variable, the RSLC, ŷ is the predicted output and y is the mean
of the RSLC. This means that the numerator is the unexplained variance, and the denominator is the total
variance. Thus indeed, R2 represents the fraction of total variance that is explained by the regression model
and has a value between 0 and 1 [Heij et al. 2004].

3.2 The Influence of the Atlantic Multidecadal Variability on Wind-Driven Sea-
Level Variability

To identify large-scale drivers of the wind-driven sea-level variability, we study the influence of the AMV using
again a linear regression analysis. Yet, in this case, the dependent variable is the wind-driven sea-level variability
and we now use a single variable linear regression. Thus, the AMV time series is the only explanatory variable.
The used regression model thus reconstruct the wind-driven sea-level variability, or atmospheric contribution
to sea-level change (AC), and can be expressed as:

AC(t) = α+ βAMV ·AMV (t− l) + ε(t). (12)

Again, α is a constant, βAMV is the regression coefficient, and ε is an error term for each moment in time. The
underlined expression in equation 12 represents the reconstructed influence of the AMV on the AC. As there
might be a time lag in the influence of the AMV and the AC, the regression is performed for shifting the AMV
distribution forward in time using different lags (l). Therefore, in equation 12, l represent the lag in years which
is varied between 0 and 20 years. This regression analysis is performed using the three different data sets for
AMV, HadISSTv2, ERSSTv2 and COBE-SST2, the AC resulting from the ERA5 and 20CRv3 reanalysis and
the NearestPoint, Timmerman and Dangendorf regression models. The regression using the ERA5 reanalysis
data is performed from 1950 to 2018, and the regression using the 20CRv3 reanalysis data is performed from
1870 to 2015. Since we want to study the influence of the AMV on the multi-decadal variability, we use time
series that are detrended and smoothed with a 31 yr window. The resulting time series for the AMV are shown
in Fig. 9. After performing the regression, the influence of the AMV can be reconstructed over the period from
1870 to 2018. To analyse the difference in the results between the two reanalysis data sets, the regression is also
performed over the overlapping period from 1950 to 2015. R2 resulting from the regression analyses is studied
to understand the variance explained by the AMV. The sign of the regression coefficients are examined to see
whether there is a direct or inverse relationship between the AMV and wind-driven sea-level variability.

Figure 9: Plot of the detrended and smoothed time series of the Atlantic Multidecadal Variability for the HadISSTv2,
ERSSTv5 and COBE-SST2 data sets. The time series are smoothed using a 31-year LOWESS function.

3.3 The Influence of Sea Surface Temperature on Wind-Driven Sea-Level Vari-
ability

The AMV is a multi-decadal mode of variability that is constructed from sea surface temperature data over a
region in the Northern Atlantic ranging from 0°N to 60°N and from 80°W to 0°E. However, some subregions
might contribute more or less to the multidecadal variability of wind influence along the Dutch coast. Therefore,
the influence of local sea surface temperature (SST) in the North Atlantic region on the AC is investigated. A
similar approach is used as described in the previous section. For each SST data point located between 0°N
and 90°N and 100°W and 10°E, the influence on the AC is analysed using linear regression. Again, the SST
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and AC time series are detrended, and a LOWESS function with a 31-year window is applied. A simple linear
regression is performed using the sea surface temperature as a forcing variable, and the reconstructed AC can
thus be expressed as:

AC(t) = α+ βSST · SST (t) + ε(t). (13)

As before, α is a constant, βSST is the regression coefficient and ε is a residual for each moment in time. Unlike
the regression analysis with the AMV, the regression is now executed without a lag. The regression analysis
is performed with the SST ERSSTv5 data and SKT 20CRv3 data and the atmospheric contribution resulting
from ERA5 and 20CRv3 data using the NearestPoint, Timmerman and Dangendorf regression models. Again,
the coefficients of determination are studied to understand the explained variance and the sign of the regression
coefficients are examined to see if the relationship is direct or inverse.

3.4 The Wind Influence on Sea-Level Change over the Historical Period using
Climate Models

After we studied the wind influence on sea-level change along the Dutch coast using observations and reanal-
ysis data and three regression models. We perform the same analysis over the historical period using CMIP6
climate model data. As the dependent variable, we use the annual mean dynamic sea level, which of which
we obtain the nearest neighbour data points for each tide gauge station. These locations are shown in Fig.
4a. The dynamic sea level data does not have to be corrected for the nodal cycle and the IBE. For the Near-
estPoint regression model, we obtain wind speed from the same locations as the dynamic sea level data. For
the Timmerman and Dangendorf models, we average data from the climate models over the same regions as
used for the observational data. Otherwise, the method for the three regression models is the same as de-
scribed in Section 3.1. However, the regression analysis is only performed for the average sea-level change along
the Dutch coast and not for the individual stations but in this case using all 28 climate models as given in Tab. 6.

After performing the regression, two methods are used to validate how well the climate models reproduce
the wind influence on sea-level change we found using observations. First, a multitaper spectral analysis is
performed [Thomson 1982]. Similar to the well known Fourier analysis, the multitaper method is a technique
to estimate the power spectrum. However, compared to the Fourier analysis, there is more temporal precision
for high-end and low-end frequencies making this a valuable method to use for our time series with substantial
interannual variability and a multi-decadal variation Yiou, Baert, and Loutre 1996; Babadi and Brown 2014.
The multi-taper analysis is performed for the 20CRv3 wind influence on sea-level change and the climate model
data from 1850 to 2015 for the results of the three regression models. Before performing the spectral analysis,
we detrend the time series. As a next step, the power spectral density is used to calculate the variance of the
entire signal (total variance) and the variance of the signal having a period between 30 and 80 years (partial
variance) as this is the time scale of results that is most relevant for this study. Then, for the results of each
regression model, the climate model results are compared to the observational results. The results of the total
variance are plotted against the partial variance, and the euclidean distance between the observational result
and each climate model data result is calculated. As a final step, the average Euclidean distance of the three
regression models is obtained, and the climate models are selected as best performing when their average eu-
clidean distance is smallest.

Thereafter, also a Kolmogorov-Smirnov-test (KS-test) is performed, as was similarly done in Dangendorf, Wahl,
et al. 2014. The KS-test is a nonparametric test for the equality of continuous, one-dimensional probability
distributions. It examines whether two samples are drawn from the same statistical population by measuring
the distance between the empirical distribution of both samples:

DKS = max
x
|FX(x)− FY (x)|. (14)

In this study, the distance is calculated between wind influence resulting from the regression analyses with the
20CRv3 reanalysis and climate model data from 1850 to 2014. Climate models perform best when the distance
resulting from the KS-test is most minor, and the results are statistically significant. Again, we use detrended
time series in the KS-test. The best performing climate models are selected as the 50% that perform best for
both tests for further analysis. After that, the linear trends of these climate models and the resulting time
series of the wind influence on sea-level change are compared to the observational results. As climate models
are only a simulation of the actual physical system and are restricted to understanding physical processes, the
models can not be expected to perfectly reproduce the wind influence as found using the observational data.
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3.5 Projecting the Wind Influence on Sea-Level Change into the 21st Century

When the wind influence on sea-level change has been analysed over the past period, and it is validated which
climate models can reproduce this wind influence, the output from these climate models over the historical
period can be used to make projections of the wind influence on sea-level change for the 21st century.

As described in Section 3.4, the regression analysis with the three regression models is also executed using
CMIP6 historical model data. Thereby for each climate and regression model, regression coefficients are ob-
tained that we use for the projections. In the NearestPoint regression model, for each climate model and each
scenario again, zonal and meridional wind speed data is obtained from the exact locations described in the
previous section. The average zonal and meridional wind speed of the 6 locations is obtained and used together
with the regression coefficients obtained over the historical period to obtain projections for the 21st century.
The wind influence, or atmospheric contribution (AC) is thus obtained using:

AC(t) = βu · U(t)|U(t)|+ βv · V (t)|V (t)| (15)

In the Timmerman regression model for each climate model and each scenario, zonal and meridional wind
speed averages of each Timmerman region are obtained. These averages are used to obtain projections of the
atmospheric contribution to sea-level change using:

AC(t) =

6∑
i=1

[
βu,i · U(t)|U(t)|+ βv,i · V (t)|V (t)|

]
(16)

where again the coefficients βu,i and βv,i result from the regression over the historical period.
In the Dangendorf regression model, sea level pressure data is averaged over the regions of positive and negative
correlation for each climate model and each scenario. Again, these averages are used to obtain projections of
atmospheric contribution to sea-level change using:

AC(t) = βn · Pn(t) + βp · Pp(t). (17)

Again, the regression coefficient results from the regression over the historical period.
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4 Results

4.1 The Wind Influence on Sea-Level Change over the Historical Period using
Observations

First, the results are shown to answer the most critical question: What was the wind influence on sea-level
changes over the past period? Before analysing the results to answer this question, we compare the performance
using the different regression models and reanalysis data sets. The RMSE and R2 results from the regression
analysis are shown in Tab. 1. The RMSE values of the different regression analyses lie close together. These
values suggest that the Timmerman model performs slightly better than the other two. We do not only calculate
R2 for the whole model (R2

total) but also for only the part of the model that reconstructs the wind influence
(R2

wind). The values of R2
total are much higher than the values of R2

wind which is due to the fact that the trend
is included in the regression models and explains the most considerable fraction of the total variance of the
RSLC. The values of R2

wind show that using the 20CRv3 data and the Timmerman regression model is best
at reconstructing the wind influence. Using the ERA5 data, both the Timmerman and Dangendorf regression
models better reconstruct the wind influence than the NearestPoint regression model. The Dangendorf regression
model’s R2 values are higher for the ERA5 data. This might be caused by the fact that the reanalysis data
of mean sea level pressure before 1950 is less good. Also, Figure 7 shows that the positive correlation area is
weaker for the 20CRv3 data than the ERA5 data. This indicates that using the mean sea level pressure data
as a proxy for wind forcing works less well for the 20CRv3 data than the ERA5 data.

Table 1: Results from the regression with the three regression models for observational and reanalysis data for the
average RSLC. The regression is performed using ERA5 data from 1950 to 2020 and 20CRv3 data from 1836 to 2015.

NearestPoint Dangendorf Timmerman
Metric ERA5 20CRv3 ERA5 20CRv3 ERA5 20CRv3

RMSE [cm] 2.1 2.1 2.0 2.2 1.9 1.9

R2
total [%] 86 93 87 92 89 94

R2
wind [%] 19 29 36 29 33 40

The regression analyses are performed for each tide gauge station and their average. In this section, only the
results for their average are shown. More detailed results for the individual stations can be found in the Ap-
pendix Section A. There are no substantial differences between the results of the average of the stations and
the individual stations. The regression coefficients resulting from the regression analysis are shown in Tab. 2.
These regression coefficients and the atmospheric reanalysis data are used to reconstruct the wind influence on
sea-level changes. Figure 10 shows for the different regression models the contributions to the wind influence.
For the NearestPoint and Timmerman model, the zonal and meridional contributions are shown, and for the
Dangendorf model, the contribution of the negative and positive correlation areas. These results show that the
zonal contribution plays a dominant role in explaining the sea-level variability. For the Dangendorf model, the
contribution of both mean sea level pressure time series is quite similar. This would also be expected as the
gradient between the pressure differences drives the wind forcing over the North sea.
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Table 2: Results from the regression with the three regression models for observational and reanalysis data for the
average RSLC.

Regression NearestPoint Dangendorf Timmerman
coefficients ERA5 20CRv3 ERA5 20CRv3 ERA5 20CRv3

α 7.38 -4.09 α 7.38 -4.59 α 7.38 -3.99
βtr 4.54 9.52 βtr 4.08 9.54 βtr 4.16 9.09
βu2 2.32 2.13 βn -1.44 -1.53 βChannel

u2 0.43 0.12
βv2 -0.29 -0.13 βp 1.18 1.03 βChannel

v2 0.20 1.07
βSouth
u2 0 0.43
βSouth
v2 0 -0.31

βMid-West
u2 0 0.26
βMid-West
v2 0 0
βMid-East
u2 2.09 0.74
βMid-East
v2 -0.04 0

βNorth-West
u2 0 0.81
βNorth-West
v2 -0.71 -0.78
βNorth-East
v2 -0.07 0
βNorth-East
v2 0 0.13

(a) NearestPoint regression model and ERA5 reanalysis
data.

(b) NearestPoint regression model and 20CRv3 reanalysis
data.

(c) Timmerman regression model and ERA5 reanalysis
data.

(d) Timmerman regression model and 20CRv3 reanalysis
data.

(e) Dangendorf regression model and ERA5 reanalysis
data.

(f) Dangendorf regression model and 20CRv3 reanalysis
data.

Figure 10: Time series of the zonal and meridional wind contribution to sea-level change resulting from the NearestPoint
and Timmerman regression model and the contribution of the negative and positive correlation areas to sea-level change
from the Dangendorf regression model.

Table 3: Linear trends of the atmospheric contribution to sea-level changes resulting from the regression analyses with
observational sea level data and atmospherical reanalysis data. The time series whereof the trends are calculated are
shown in Figs. 11a and 11b. The trends have units mm/yr and an error of one standard deviation (σ).

NearestPoint Dangendorf Timmerman
Period ERA5 20CRv3 ERA5 20CRv3 ERA5 20CRv3 RSLC

1950 - 2020 0.04± 0.13 - 0.27± 0.14 - 0.21± 0.14 - 2.1± 0.2

1836 - 2015 - 0.14± 0.03 - 0.27± 0.03 - 0.20± 0.03 -
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For each regression analysis the wind influence on sea-level change is obtained and shown in Figs. 11a and 11b.
These plots show that the wind influence varies around zero, raising and lowering sea level with maximum values
between 5.1 and 7.4 cm and a standard deviation between 2.1 and 2.5 cm for the results of the different analyses.
We used these time series to obtain linear trends to examine the structural change of the wind influence on
sea-level changes. The resulting linear trends are shown in Tab. 3. The results range from 0.04 ± 0.13 mm/yr
for the NearestPoint model using ERA5 data to 0.27±0.14 mm/yr for the Dangendorf model using ERA5 data.
The standard deviations are more minor for the results using the 20CRv3 data, which indicate a linear trend
between 0.1 and 0.3 mm/yr where the result with the highest R2

wind, from the Timmerman, lies precisely in the
middle with 0.20± 0.03 mm/yr. These values suggest that the fraction of the total long-term structural change
in sea level due to wind influence lies between 5% and 15%.

The long-term wind-driven sea-level variability becomes apparent when the atmospheric contribution to sea-
level change is smoothed. Therefore, a LOWESS function with a 31-year window is applied. This result is
shown in Fig. 11c. This plot shows the importance of the structural change of the wind influence over centuries,
but over shorter periods also, a robust multi-decadal mode of variability is essential. When the atmospheric
contribution is detrended before applying the smoothing function, as is shown in Fig. 11d, it can be seen that
this multi-decadal wind-driven sea-level variability has an amplitude of 1 cm and a period of 40 to 60 years.
From 1950 to 2010, the wind-driven multi-decadal sea-level variability is similar for the results from different
regression models and reanalysis products. However, before 1950 the results from the analyses with different
regression models are less similar. Between about 1960 and 1990, the wind influence increased and decreased
again between 1990 and 2005. The results obtained using the ERA5 reanalysis, which extends until 2020, show
that the wind influence has stabilised over the last decade. Fig. 11e shows the evolution of the linear trends
obtained over periods of 39 years. The multidecadal mode of variability is also apparent in these results. The
linear trends vary between plus 1 mm/yr and minus 0.5mm/yr and for recent decades, the wind dropped sea
level by about 0.5 mm/yr. These linear trends over 39 years show that the wind influence on sea-level change
started decreasing since the late 1960s. Fig. 11f shows the evolution of the linear trends obtained over periods
of 19 years. Also, the results show the multidecadal variability seen in the wind-driven sea-level variability.
Calculated over shorter periods, the linear trend reaches above 1.0 mm/yr and below -1.0 mm/yr. These plots
also show that the trend of the wind influence decreased since about 1970 but started increasing again around
1990 and has been near zero over the last decade.

We study the impact of these changes of the wind influence by correcting the RSLC averaged over the 6
tide gauges along the Dutch coast for the wind influence as shown in Fig. 11a and 11b. Both the RSLC and the
corrected RSLC are smoothed with a 31 yr window and shown in Fig. 12. These plots show that an acceleration
of sea-level rise can be observed after removing the wind effect. The best results of the wind influence for the
last decade are obtained using ERA5 data, which extends till 2020. Fig. 11d already showed that since 2005
the wind effect stabilized and slightly increased again. In Fig. 12a, it can be seen that indeed for the last 10 or
15 years the trend of the wind effect was zero.

If the wind-driven variability continues its past behaviour as shown in Fig. 11c, for coming decades, the
wind influence will increase again and thus raise sea levels. In that case, an acceleration of sea-level rise might
also become apparent in the non-corrected tide gauge sea level observations.
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(a) Annual time series of atmospheric contribution to sea-
level change using ERA5.

(b) Annual time series of atmospheric contribution to sea-
level change using 20CRv3.

(c) Annual smoothed time series using LOWESS with a
31-year window applied.

(d) Annual detrended and smoothed time series using
LOWESS with a 31-year window applied.

(e) Linear trends calculated over periods of 39 years. The
resulting trend is plotted at the centre of that period.

(f) Linear trends calculated over periods of 19 years. The
resulting trend is plotted at the centre of that period.

Figure 11: Annual time series of the atmospheric contribution to sea-level change resulting from the
regression with observational sea level data and atmospherical ERA5 and 20CRv3 reanalysis data using the
NearestPoint, Timmerman and Dangendorf regression models as well as a plot of the linear trends of the
atmospheric contribution calculated over periods of 39 years. The bold lines are ERA5 and the transparent
lines 20CRv3.

(a) ERA5 reanalysis data. (b) 20CRv3 reanalysis data.

Figure 12: Time series of the sea level measurements averaged over six stations along the Dutch coast smoothed with
a 31 yr window and the same time series corrected for the wind influence resulting from the analysis with the three
regression models and ERA5 and 20CRv3 reanalysis data
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4.2 The Influence of the Atlantic Multidecadal Variability on Wind-Driven Sea-
Level Variability

In this section, we show the results of the regression analyses between the detrended and smoothed AMV time
series and the multi-decadal wind-driven sea-level variability as shown in Fig. 11d. We study the influence
of the AMV to answer the question whether we can identify large-scale drivers of the multi-decadal sea-level
variability. The analysis is performed over the overlapping period between the used atmospheric reanalysis
product and the AMV data. For the ERA5 reanalysis data, this is from 1950 to 2018, and for the 20CRv3 data
from 1870 to 2015. The resulting R2 values and regression coefficients are shown in respectively Fig. 13a and 13b.

The plots in Fig. 13a show that for all results, the explained variances are highest for a lag between 5 and 10 yr.
For these lags, using the ERA5 reanalysis data, for all three regression models, the explained variance reaches
values between 50% and 78%. For the 20CRv3 reanalysis results, the results for the different regression models
are not consistent. Where the explained variance for the NearestPoint and Timmerman models is only between
0% and 26% at largest, the results for the Dangendorf model are between 35% and 68%. Some of our results do
thus indicate that the AMV plays a role as a driver of the multi-decadal sea-level variability. The difference in
the results of the regression analyses we find for using the ERA5 or 20CRv3 reanalysis is caused by the different
periods used for the study. When the regression analysis is performed for the overlapping period from 1950
to 2015 using the different reanalysis data sets yields similar results as is shown in appendix Section B. Fig.
13b shows that all regression coefficients are negative for most different data products an inverse relationship
between the AMV and wind-driven sea-level variability is found. This implies that when AMV values increase,
this leads to a sea level drop along the Dutch coast.

(a) R2 results of the regression. (b) Regression coefficient (βAMV ) results of the regression.

Figure 13: Plots of R2 and the regression coefficient (βAMV ) for the regression between the detrended and smoothed
AMV and wind-driven sea-level variability. Both R2 and βAMV are plotted against the time lag (l).

The AMV influence on sea-level changes resulting from the regression analysis with the wind-driven sea-level
variability are shown in Figs. 14 and 15. These plots show the results obtained from the regression with respec-
tively the ERA5 or 20CRv3 wind-driven sea-level variability as the dependent variable. For the ERA5 results,
the regression is performed from 1950 to 2018. Over this period, the wind-driven sea-level variability shows one
peak, making it easier to obtain a good fit for the AMV data. Especially for a lag of 5 or 10 years the AMV
data is fitted well. However, for some results these fits show that before 1950 the AMV influence on wind-driven
sea variability has a larger amplitude than 1 cm. This would imply that the AMV influence on the wind-driven
sea-level variability would be larger than the amplitude of the wind-driven sea-level variability we found, which
is intriguing. This might indicate that the period used for the regression with the ERA5 wind-driven sea-level
variability is too short since it only includes one period of the multi-decadal variability. Using the 20CRv3
results, the regression is performed from 1870 to 2015 and thus includes more periods of the multi-decadal
variability. However, before 1950 the different regression models match less. For the regression using 20CRv3
wind-driven sea-level variability, the R2 values are highest for the Dangendorf regression model. The resulting
time series, shown in Fig. 15, also show that the AMV is fitted best for the Dangendorf regression model. The
link between the AMV and the wind-driven sea-level variability does not look convincing for the NearestPoint
and Timmerman models, which agree with the low values for R2. Nevertheless, the link between the AMV and
the multi-decadal sea-level variability does look convincing for the results of the Dangendorf regression model
for lags of 0, 5 and 10 years.
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Figure 14: Plot of the dependent variable, ERA5 wind-driven sea-level variability, and the AMV influence on sea-level
change resulting from the regression analysis using lags of 0, 5, 10 and 15 yr.
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Figure 15: Plot of the dependent variable, 20CRv3 wind-driven sea-level variability, and the AMV influence on sea-level
change resulting from the regression analysis using lags of 0, 5, 10 and 15 yr.
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4.3 The Influence of Sea Surface Temperature on Wind-Driven Sea-Level Vari-
ability

The previous section showed that we could link the AMV to the multi-decadal wind-driven sea-level variability.
The AMV is a multi-decadal mode of variability obtained from sea surface temperatures in the North Atlantic
Ocean. To better understand the link between the AMV and the wind-driven sea-level variability in this section,
we show the results of the influence of SST in the North Atlantic Ocean on the wind-driven sea-level variability.
For some regions in the North Atlantic Ocean the link between SST and the wind-driven sea-level variability
along the Dutch coast might be stronger than for others. Therefore, we again perform a regression analysis with
the wind-driven sea-level variability as the dependent variable. However, now local time series of SST are the
explanatory variable and no lag is taken into account. In this section we only show the result of the analysis
with ERSSTv5 SST data as they are similar to the results using surface skin temperature (SKT) data, whereof
the results are shown in appendix Section C.

Maps showing the resulting R2 values and regression coefficients of the analysis are shown in Fig. 16. From
these maps some regions can be identified with higher values for R2 (Figs. 16a and 16b), especially for the anal-
ysis with ERA5 data and the NearestPoint regression model and 20CRv3 data and the Dangendorf regression
model. These are the same regression analyses with higher R2 values for the regression with the AMV data for a
lag of 0 years as is shown in Fig. 13a. For the analysis using ERA5 data and the NearestPoint regression model,
explained variances up to 70% are found along the Eastern American coast, from the Equator to the latitude
of New York, as well as around southern Greenland and Iceland. For the analysis using 20CRv3 data and the
Dangendorf regression model, explained variances up to 60% are also found along the Eastern American coast
extending even more towards the middle of the ocean. For this analysis, explained variances up to 40% are found
for regions along the coast around the North Atlantic gyre. However, the explained variances around Greenland
and Iceland are much lower. Similar to the results of the analysis with the AMV, the regression coefficients are
negative for all these regions. For the analysis using 20CRv3 data and the Timmerman regression model, high
R2 values can be found above 60%, in the southeast part of the North Atlantic Ocean. However, these high
explained variances are connected to positive regression coefficients.

(a) Coefficients of determination resulting from the regres-
sion with ERA5 reanalysis data over the period from 1950
to 2018.

(b) Coefficients of determination resulting from the regres-
sion with 20CRv3 reanalysis data over the period from 1870
to 2015.

(c) Regression coefficient resulting from the regression with
ERA5 reanalysis data over the period from 1950 to 2018.

(d) Regression coefficient resulting from the regression with
20CRv3 reanalysis data over the period from 1870 to 2015.

Figure 16: Results of the regression between SST and atmospheric contribution to sea-level change using ERSSTv5.
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4.4 The Wind Influence on Sea-Level Change over the Historical Period using
Climate Models

In previous sections, we showed the results of the wind influence on sea-level change over the historical period
using observational data. This section will show the same analysis results using climate model data. The 50%
of models that are selected as best performing after applying the multi-taper spectral analysis and KS-test
are shown in bold in Tab. 6. The wind influence on sea-level change for these best models, smoothed with a
31 yr window, is shown in Fig. 17. It can be seen that indeed some models also show a multi-decadal mode of
variability with an amplitude of 1 cm and have periods ranging between 20 and 50 years. What stands out in
the results of the climate models is that the wind influence on sea-level change resulting from the three different
regression models agrees very well. The difference in the results between the different regression models was
much larger for the observational analysis.

Again, we also calculate the linear trends of the non-smoothed wind influence on sea-level change, which are
given in Tab. 4. These results show that the linear trends resulting from the analysis with climate models
are much smaller than the trends from the study with observations and most are not statistically significant.
Climate models with trends closest to the observations are CanESM5, CMCC-CM2-SR5 and MPI-ESM1-2-HR.
Their trends lie between 0.05 and 0.10 mm/yr.

Figs. 18 and 19 show the wind influence on sea-level change resulting from both the climate model and observa-
tional (20CRv3) analysis to conclude which climate models can be used for the projections of the 21st century.
While none of the climate models perfectly reproduce the wind influence found in the observational analysis,
which can also not be expected, the model that best looks like the observational results is CAMS-CSM1-0.
Other models of which the wind influence is most similar to the observational results are ACCESS-ESM1-
5, CanESM5-CanOE, CNRM-CM6-1, GFDL-ESM4 and EC-Earth3-Veg-LR. These models are used for the
projections.

Table 4: Linear trends of the wind influence on sea-level change resulting from the regression analyses with climate
model data from 1850 to 2014. The trends have units mm/yr and are reported with an error of one standard deviation
(σ). The bold names have trends closest to the observations.

Model NearestPoint Timmerman Dangendorf

ACCESS-CM2 −0.02± 0.04 −0.01± 0.04 −0.02± 0.03
ACCESS-ESM1-5 −0.01± 0.03 −0.02± 0.05 −0.01± 0.03
BCC-CSM2-MR −0.01± 0.02 0.00± 0.02 0.02± 0.02
CAMS-CSM1-0 0.02± 0.03 0.01± 0.03 0.02± 0.03
CanESM5 0.05± 0.03 0.05± 0.03 0.10± 0.03
CanESM5-CanOE 0.03± 0.03 0.03± 0.03 0.06± 0.03
CMCC-CM2-SR5 0.05± 0.03 0.08± 0.03 0.08± 0.03
CMCC-ESM2 −0.02± 0.02 −0.02± 0.02 −0.06± 0.03
CNRM-CM6-1 0.03± 0.04 0.03± 0.04 0.03± 0.04
EC-Earth3-Veg-LR −0.02± 0.04 −0.02± 0.04 −0.04± 0.03
GFDL-ESM4 −0.04± 0.03 −0.02± 0.04 0.04± 0.03
MIROC-ES2L 0.00± 0.03 −0.02± 0.02 −0.04± 0.02
MPI-ESM1-2-HR 0.06± 0.05 0.05± 0.04 0.08± 0.04
NESM3 0.08± 0.04 0.08± 0.04 0.03± 0.03

20CRv3 0.15± 0.14 0.28± 0.15 0.26± 0.13
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Figure 17: Time series of the wind influence on sea-level change resulting from the regression analyses using climate
model data. The time series are shown for the 50% of the climate models that reconstruct the wind influence best
compared to the 20CRv3 results.

Figure 18: Part 1: Time series of the wind influence on sea-level change resulting from the regression analyses using
20CRv3 and climate model data. Only the time series are shown for the 50% of the climate models that reconstruct the
wind influence best compared to the 20CRv3 results.
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Figure 19: Part 2: Time series of the wind influence on sea-level change resulting from the regression analyses using
20CRv3 and climate model data. Only the time series are shown for the 50% of the climate models that reconstruct the
wind influence best compared to the 20CRv3 results.
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4.5 Projecting the Wind Influence on Sea-Level Change into the 21st Century

In this final section, we show the results of the wind influence for the 21st century. We project the wind in-
fluence using the regression coefficients of the analysis over the historical period using three different climate
scenarios: SSP1-RCP2.6, SSP2-RCP4.5, SSP5-RCP8.5. The resulting, smoothed time series for the 6 climate
models selected in the previous section are shown in Fig. 20. There are some differences for the different climate
models and scenarios but the results for the different regression models are quite similar. All climate models
show a continuation of the natural variability of the wind with amplitudes smaller or close to 1 cm. There are no
substantial differences in the results for the different scenarios and regression models for most climate models.
The linear trends of the wind influence obtained from 2001 to 2100 are shown in Tab. 5. The models ACCESS-
ESM1-5, CAMS-CSM1-0, CNRM-CM6-1 and EC-Earth2-Veg-LR have trends close to zero with little difference
between the results of the different regression models. The linear trends for the model CanESM5-CanOE are
negative, between -0.1 and 0.0 mm/yr and for GFDL-ESM4 trends are largest between 0.0 and 0.4 mm/yr with
higher trends for the high-end emission scenario. While most models indicate no significant increase of the wind
influence for 2100, at largest an increase of 3 cm for the GFDL-ESM4 climate model using Dangendorf and
SSP5-RCP8.5 is found. These results of the trends for the 21st century contradict the results found in [Dangen-
dorf, Wahl, et al. 2014] where a change in long-term wind is found being able to raise sea level in 2100 by 5-6 cm.

Fig. 21 shows the projections of the ensemble of the 50% best-performing climate models. The median and 5th

and 95thpercentiles of the climate models are shown with a 10 yr running average applied. From these plots it
can be seen that there is no difference in the results of the wind influence for the different scenarios and the
different used regression models. These plots show that the natural variability of the wind influence continues
throughout the 21st century with an amplitude around 1 cm and no structural change of the wind effect.

The results over the historical period of the climate models CAMS-CSM1-0 and EC-Earth3-Veg-LR is most
similar to the observations. From the results of these two models for coming decades, as shown in Fig. 20, the
wind influence on sea-level change increases after a drop and is close to zero.

Table 5: Linear trends of the wind influence on sea-level change resulting from the projections for the 21st century. The
linear trends are calculated from 2001 to 2100 and have units mm/yr and are reported with an error of one standard
deviation.

Model Scenario NearestPoint Timmerman Dangendorf

SSP1 0.05± 0.03 −0.03± 0.04 0.15± 0.03
ACCESS-ESM1-5 SSP2 0.03± 0.03 0.02± 0.04 0.07± 0.04

SSP5 0.02± 0.03 −0.02± 0.04 0.05± 0.03

SSP1 0.02± 0.03 0.05± 0.03 0.02± 0.03
CAMS-CSM1-0 SSP2 0.04± 0.03 0.04± 0.03 0.01± 0.03

SSP5 0.10± 0.04 0.04± 0.04 0.02± 0.03

SSP1 0.02± 0.04 0.04± 0.03 0.06± 0.03
CNRM-CM6-1 SSP2 0.02± 0.04 0.04± 0.03 0.07± 0.03

SSP5 0.07± 0.04 0.06± 0.04 0.13± 0.03

SSP1 −0.06± 0.03 −0.05± 0.04 −0.04± 0.04
CanESM5-CanOE SSP2 −0.09± 0.03 −0.09± 0.03 −0.09± 0.04

SSP5 −0.01± 0.04 −0.06± 0.03 −0.05± 0.03

SSP1 −0.01± 0.03 0.01± 0.04 0.04± 0.03
EC-Earth3-Veg-lR SSP2 −0.03± 0.03 −0.03± 0.03 −0.01± 0.04

SSP5 0.04± 0.03 0.05± 0.04 0.06± 0.04

SSP1 0.10± 0.07 0.02± 0.1 0.23± 0.03
GFDL-ESM4 SSP2 0.21± 0.06 0.07± 0.10 0.27± 0.05

SSP5 0.17± 0.06 0.30± 0.11 0.32± 0.05
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(a) Results for the NearestPoint regression model.

(b) Results for the Timmerman regression model.

(c) Results for the Dangendorf regression model.

Figure 20: Projections of the wind influence on sea-level change for the 21st century using three climate scenarios.
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Figure 21: Projections of the wind influence on dynamic sea-level change for the 21st century of the ensemble of the
50% best-performing climate models. The median and 5th and 95th percentiles of the projections are shown for the
NearestPoint, Timmerman and Dangendorf regression models. The projections are obtained for the scenarios SSP1-
RCP2.6, SSP2-RCP4.5 and SSP5-RCP8.5. A running average of 10 years has been applied.
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5 Conclusions and Discussion

5.1 Conclusions

Now that our results have been presented, we can answer the research questions formulated in the Introduction,
Sect. 1.

1. What was the wind influence on sea-level change along the Dutch coast over the historical
period?
From our regression analysis using observational sea level data and reanalysis atmospheric data, we find
both a structural change of the wind influence on sea-level changes between 0.1 and 0.3 mm/yr over the
period from 1836 to 2015 and a solid wind-driven multi-decadal sea-level variability that has an amplitude
of 1.0 cm and a period of 40 to 60 years. On decadal time scales, the changes of the wind influence are thus
dominated by natural variability. The wind influence increased between about 1960 and 1990, decreased
again between about 1990 and 2010 and stabilised over the last decade. When we correct the sea level
measurements for this wind effect, we see an acceleration of sea-level rise. The negative trend of the wind
influence over recent decades thus played a role in masking an acceleration of sea-level rise along the Dutch
coast.

2. Can we identify large scale drivers of the wind-driven sea-level variability?
The multi-decadal wind-driven sea-level variability can be linked to the Atlantic Multidecadal Variability
(AMV) and sea surface temperature (SST) in the North Atlantic Ocean. Our results using 20CRv3
data and the Dangendorf regression model indicate that the AMV explains between 35% and 68% of the
variance in the wind-driven sea-level variability. However, using 20CRv3 data and the NearestPoint or
Timmerman regression model, explained variances are lower, between 0% and 26%. These differences are
due to differences in the time series of the wind-driven sea-level variability before 1950. Using ERA5 data,
we find that the AMV explains between 50% and 78% of the wind-driven sea-level variability. Though,
the period included in this regression analysis only includes one period of the multi-decadal variability of
the AMV and wind-driven sea-level variability which lessens the credibility of these results. R2 values are
highest for a lag between 5 and 10 years. For the regression using SST from the North Atlantic Ocean, we
find explained variances up to 70% for ocean waters around southern Greenland and Iceland and along the
eastern American coast. The wind-driven sea-level variability can thus directly be linked to the SST for
these regions in the North Atlantic Ocean. An inverse relationship with the multi-decadal wind variability
is found for both the AMV and SST results.

3. What can be expected of the wind influence for the 21st century?
We find that for the 21st century, changes in the wind influence on sea level are driven by natural variability,
as was also seen for the historic period. There is no sign of a structural change of the wind influence over
the 21st century which contradicts our findings using historical observations. While the wind was able to
mask part of the acceleration of sea-level rise over recent decades, this is not expected for coming decades.
Therefore, it is expected that an acceleration of sea-level rise will become apparent during the coming
decades.
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5.2 Discussion

We found that the wind influence on sea-level change using observational data agreed well for the used regres-
sion models and reanalysis data after 1950. However, before 1950 there are differences between the time series
resulting from the regression models. Especially the Dangendorf regression model departs from the other two.
Reanalysis data products can be expected to perform less good further back in time, as less good measurements
and no satellite observatory is available. An evaluation of the 20CRv3 data set indeed showed that the perfor-
mance is less good for the 19th century compared to the 20th century and start of the 21st century [Slivinski
et al. 2021]. The Dangendorf regression model uses sea level pressure, whereas the other two models use wind
speed. This might cause the difference between their results for the period where the reanalysis data products
perform less well; however, at this moment, which variables are better can not be said. Also, there is a difference
in the spatial scale of the data retrieved for the different regression models. The Dangendorf model obtains
data on a scale of thousands of kilometres; the Timmerman model on a scale of hundreds of kilometres, and the
NearestPoint model on a scale of tens of kilometres. Although the 20CRv3 data set is evaluated to perform well
on both spatial scales, as described in [Slivinski et al. 2021], there might be a difference for the 19th century.
However, again, on what scale the data performs better is not known. Further knowledge of different aspects
of the performance of the 20CRv3 data for the 19th century are thus essential to get a better understanding
of the wind influence for that period. The Timmerman and NearestPoint models use wind measurements and
multiply these by their absolute values to obtain wind forcing variables to use in the regression. The Dangen-
dorf model uses a difference of pressure anomalies comparable to the North Atlantic Oscillation (NAO). The
difference of these pressure anomalies influences sea level not only through zonal wind stress forcing but also
through other mechanisms like the IBE and precipitation [Dangendorf, Wahl, et al. 2014; Tsimplis et al. 2006;
Chen et al. 2014]. The Timmerman and NearestPoint models mainly show sea-level changes resulting from wind
speed changes. The Dangendorf model can also show sea-level changes resulting from changes in wind direction.
These differences between the regression models might drive the differences between their results for the wind
influence. As shown in Sect. 4.1, the RMSE and R2 values indicated that the Timmerman model performed
best using the 20CRv3 data. However, this model contains many more explanatory variables. While the LASSO
regression does exclude some variables, it still contains double or triple as many explanatory variables depending
on the used reanalysis dataset.

The regression analysis between the AMV and the wind-driven sea-level variability showed that the explained
variances are highest for the regression using the ERA5 data. However, the ERA5 analysis is performed over a
much shorter period, including only one period of the multi-decadal variability which attenuates the credibility
of these regression results. Therefore, the results using the 20CRv3 data are important since it covers a period
going further back in time. However, for the analysis using 20CRv3 data, we found a difference in the correla-
tion results for the different regression models. While using the Dangendorf model indicates explained variances
between 35% and 68%, using the other models results in explained variances between 0% and 26%. These differ-
ences are caused by the difference in the time series of the wind influence before 1950, which were described in
the previous paragraph. It is thus essential for the study of the influence of the AMV on the wind-driven sea-level
variability to have a better understanding of the atmospheric variables before 1950. Our study of the influence
of the AMV on the multi-decadal wind-driven sea-level variability showed that the correlation is strongest for
a lag between 5 and 10 yr. This implies that an increase of the AMV leads to lower sea levels along the Dutch
coast 5 to 10 years later. In Sec. 4.3 we showed that the multi-decadal wind-driven sea-level variability can be
directly linked to the SST in some regions of the North Atlantic Ocean. These regions include ocean waters
along America’s east coast and southern Greenland and Iceland. The wind-driven sea-level variability thus does
not seem to relate directly to the AMV but rather to SST changes from certain parts of the North Atlantic Ocean.

An essential difference between the wind influence on sea-level change is the long-term trend that has been
found for the results from observations but not for the results from climate model data. This indicates that
either the observations are correct and there is a structural wind-driven sea-level change between 0.1 and
0.3 mm/yr or the climate models are correct. The majority indicate that there is no statistically significant
change. When the climate models are wrong, this has implications for our projections. If no long-term trend
has been observed over the historical period, this trend will also not be present in the projections. An earlier
study for the German Bight, using climate model data from CMIP3, found a structural change of the wind
effect resulting in a sea-level rise of 3 to 6 cm for 2100 [Dangendorf, Wahl, et al. 2014]. Extending the current
study region to the German Bight could show whether the difference in results is caused by the difference in
used climate model data or the study region. It might also be that the trend found using observations is a result
of natural variability, which is less strong in the climate models. Also, Chapter 8 of KNMI’s Klimaatsignaal’21
shows that there have been no significant increases in storm surges due to wind along the Dutch coast and that
they do also not show up in the projections [KNMI 2021]. Since sea-level rise along the Dutch coast is expected
to accelerate throughout the 21st century and have increased between 30 to 120 cm by 2100, this structural
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wind effect will decrease in relevance over time.

Next to wind forcing also air pressure can have an important effect on annual sea-level changes of 10-30%
[Piecuch, Thompson, and Donohue 2016]. Therefore, to understand the wind influence best, it is also essential
to understand the pressure influence on sea-level changes. In this analysis, we correct the sea level data for the
inverted barometer response before performing the regression analysis as described in Sect. 2.1.1. Uncertainties
in the pressure data from the reanalysis data sets lead to uncertainties in this correction [Piecuch, Thompson,
and Donohue 2016]. To bypass the uncertainties in the reanalysis data sets, one could analyse the tide gauge
surge data and use harmonic analysis to correct these for sea-level changes due to tidal forces.

In the analysis, time series are detrended by removing the linear trend. However, some time series, like sea
surface temperatures, include an accelerating signal resulting from global warming. In such a case, using a
linear detrending method might cause spurious correlations in the regression analysis.
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A The Wind Influence on Sea-Level Change using Observations
from Individual Tide Gauge Stations

The regression analysis studying the wind influence on sea-level change using the NearestPoint, Timmerman
and Dangendorf regression models is not only performed for the average of the 6 tide gauge stations but also
for each individual tide gauge station. The resulting time series of the wind influence, smoothed with a 31-year
window are shown in Fig. 22. The resulting linear trends obtained over 39-year periods are shown in Fig. 23.

Figure 22: Annual time series of the wind influence on sea level changes smoothed using a 31-year window. The 20CRv3
results are the transparent lines and the ERA5 results are the bold lines.

Figure 23: Annual time series of the wind influence on sea level changes smoothed using a 31-year window. The 20CRv3
results are the transparent lines and the ERA5 results are the bold lines.
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B The Influence of the AMV on Wind-Driven Sea-Level Variability

B.1 Analysis over the Period from 1950 to 2015

The difference in the explained variances resulting from the regression between ERA5 and 20CRv3 data might
be explained from the fact that a different time period is analysed. To check this, the regression analysis is also
performed using both ERA5 and 20CRv3 data from 1950 to 2015. The resulting R2 values are shown in Fig.
24. The results are very consistent for the analyses using different data sets and regression models. Again, the
explained variances are highest for a lag between 5 and 15 years. For such lags the explained variances are very
high reaching between 86% and 96%. We also found very high variances for the analysis using ERA5 data over
the period from 1950 to 2018.

Figure 24: Plots of the R2 results of the regression between detrended and smoothed AMV data and the wind-driven
sea-level variability over the period from 1950 to 2015.
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B.2 Analysis using Smoothing Functions with a Window of 11 and 21 Years

The analysis between the AMV and wind-driven sea-level variability is performed using detrended and smoothed
functions. Because we studied the multidecadal variability we used a smoothing function with a 31 yr window.
This resulted in time series showing the interdecadal variability but no interannual variability. To check the
influence of the window used for smoothing the time series, the analysis is repeated using windows of 11 and 21
years. The R2 values resulting from these analyses are shown in Fig. 25. These results show that the explained
variances are still highest for a window above 5 years. However, using a smaller window leads to smaller lags
having the highest explained variances. This becomes clear when we study for each lag, for how many analysis
this lag had the highest explained variance. These results are shown in the bar plots in Fig. 26.

(a) Results of the analysis using a window of 11 years. (b) Results of the analysis using a window of 21 years.

Figure 25: Plots of the R2 results of the regression between detrended and smoothed AMV data and the wind-driven
sea-level variability using a window of 11 or 21 years to smooth the time series.

Figure 26: Bar plots showing for how many analyses the lag with the highest explained variance lies in a specific range
of lags for the regression analysis performed using time series smoothed with a 11, 21 or 31 yr window.
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C The Influence of SST on Wind-Driven Sea-Level Variability using
SKT data

The study of the influence of SST on wind-driven sea-level variability is also performed using 20CRv3 SKT data.
The resulting R2 values and regression coefficients are shown in Fig. 27. There are no substantial differences
to the results presented in Sec. 4.3.

(a) Coefficients of determination resulting from the regres-
sion with ERA5 reanalysis data.

(b) Coefficients of determination resulting from the regres-
sion with 20CRv3 reanalysis data.

(c) Regression coefficient resulting from the regression with
ERA5 reanalysis data.

(d) Regression coefficient resulting from the regression with
20CRv3 reanalysis data.

Figure 27: Maps showing the results of the regression between SKT and wind-driven sea-level variability using 20CRv3
reanalysis SKT data.
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D The CMIP6 climate models

The CMIP6 climate models used in this study are listed in Tab. 6. The names in bold are the 50% of the
climate models that are best at reconstructing the wind influence on sea-level changes.

Table 6: Information about the 28 Climate Models (CMIP6) used in the analysis. The names in bold are
the 50% of the models that are best at reconstructing the wind influence on sea-level changes.

Model Institute, Country

ACCESS-CM2 Commonwealth Scientific and Industrial Research Organisation, Australia
ACCESS-ESM1.5 Commonwealth Scientific and Industrial Research Organisation, Australia
BCC-CSM2-MR Beijing Climate Center, China
CAMS-CSM1-0 Chinese Academy of Meteorological Sciences, China
CAS-ESM2-0 Chinese Academy of Sciences, China
CMCC-CM2-SR5 Euro-Mediterranean Centre on Climate Change, Italy
CMCC-ESM2 Euro-Mediterranean Centre on Climate Change, Italy
CNRM-CM6-1 National Centre for Meteorological Research, France
CNRM-ESM2-1 National Centre for Meteorological Research, France
CanESM5 Canadian Centre for Climate Modelling and Analysis, Canada
CanESM5-CanOE Canadian Centre for Climate Modelling and Analysis, Canada
EC-Earth3 Consortium of 30 institutes from 12 European countries
EC-Earth3-Veg Consortium of 30 institutes from 12 European countries
EC-Earth3-Veg-LR Consortium of 30 institutes from 12 European countries
GFDL-ESM4 Geophysical Fluid Dynamics Laboratory, United States
GISS-E2-1-G NASA Goddard Institute for Space Studies, United States
HadGEM3-GC31-LL Met Office Hadley Centre, United Kingdom
HadGEM3-GC31-MM Met Office Hadley Centre, United Kingdom
INM-CM4-8 Institute of Numerical Mathematics, Russia
INM-CM5-0 Institute of Numerical Mathematics, Russia
IPSL-CM6A-LR Institut Pierre-Simon Laplace, France
MIROC-ES2L Technology, Atmosphere and Ocean Research Institute, Japan
MIROC6 Technology, Atmosphere and Ocean Research Institute, Japa
MPI-ESM1-2-HR Max Planck Institute for Meteorology, Germany
MPI-ESM1-2-LR Max Planck Institute for Meteorology, Germany
MRI-ESM2-0’ Meteorological Research Institute, Japan
NESM3 Nanjing University of Information Science and Technology, China
UKESM1-0-LL UK Centre for Ecology and Hydrology, United Kingdom
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E Python Code

The code used in this thesis project can be found at: https://github.com/iris-keizer/Thesis-KNMI
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