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Abstract.

While a global acceleration of sea-level rise (SLR) during the 20th century is now established, locally acceleration is more

difficult to detect because additional processes play a role which sometimes mask the acceleration. Here we study the rate of

SLR along the coast of the Netherlands from six tide gauge records, covering the period 1890-2000. We focus on the influence

of the wind field and the nodal tide variations on the local sea-level trend. We use four generalised additive models, including5

different predictive variables, and a parametric bootstrap method to compute the sea-level trend. From the sea-level trend, we

obtain the continuous evolution of the rate of SLR and its uncertainty over the observational period through differentiation.

Accounting for the nodal cycle only or both the nodal cycle and the wind influence on sea level reduces the standard error in the

estimation of the rate of SLR. Moreover, accounting for both the nodal and wind influence changes the estimated rate of SLR,

unmasking an acceleration of SLR that started in the 1960s. Our best-fitting statistical model yields a rate of SLR of about10

1.8[1.4− 2.3] mm/yr in 1900-1919 and 1.5[1.1− 1.8] mm/yr in 1940-1959 compared to 3.0[2.4− 3.5] mm/yr over 2000-2019.

If, apart from tidal, wind effects and fluctuations, sea level would have increased at a constant rate, then the probability (the

p-value) of finding a rate difference between 1940-1959 and 2000-2019 of at least our estimate is smaller than 1Our findings

can be interpreted as an unequivocal sign of the acceleration of current SLR along the Dutch coast since the 1960s. This aligns

with global SLR observations and expectations based on a physical understanding of SLR related to global warming.15

A small but significant part of the long-term sea-level trend is due to wind forcing related to a strengthening and northward

shift of the jet stream. Additionally, we detect a multidecadal mode of sea-level variability forced by the wind with an amplitude

of around 1 cm. We argue that it is related to multi-decadal sea surface temperature variations in the North Atlantic, similar to

the Atlantic Multidecadal Variability.

1

https://doi.org/10.5194/egusphere-2022-935
Preprint. Discussion started: 4 October 2022
c© Author(s) 2022. CC BY 4.0 License.



1 Introduction

Understanding the current and past rates of sea level rise (SLR) is essential to make reliable sea-level projections and to adapt

accordingly. In the Netherlands, the current rate of SLR is used to estimate the volume of sand that must be supplied to maintain

the coastline and avoid a retreat of dunes. It also estimates how much salt and gas mining can be allowed under the Wadden

Sea. In addition, local sea-level measurements are important to evaluate sea-level projections (Vries et al., 2014) and could be25

used as an early warning indicator for adaptation measures to uncertain climate change (Haasnoot et al., 2018).

There is now high confidence in an acceleration of global SLR in the 20th century compared to the previous three millennia

and in the period 2006-2018 compared to 1971-2018 (Fox-Kemper et al., 2021). More recently, Walker et al. (2022) estimated

the time when the rate of global SLR emerged from the background variability of the Common Era (0-2000CE) to the middle

of the 19th century. For the North-East Atlantic, they found this emergence to occur around the middle of the 20th century.30

This is in line with Dangendorf et al. (2019) who found a global acceleration of SLR from the 1960s.

Along the coast of the Netherlands, there has been an ongoing debate about whether an acceleration of SLR takes place or not

(Baart et al., 2011; Wahl et al., 2013; Steffelbauer et al., 2022). There are multiple lines of evidence that an acceleration should

already be detectable or will be detectable soon. Global acceleration of SLR is driven by the increasing thermal expansion of

oceans and faster melting glaciers and ice sheets. These mechanisms are also expected to contribute to SLR in the North Sea.35

However, the contribution of mass loss from the Greenland Ice Sheet is much smaller than the globally averaged contribution

due to gravitational effects (Slangen et al., 2012). Additionally, the ocean dynamic sea level is expected to rise along the North-

East Atlantic (Lyu et al., 2020; Hermans et al., 2022) and dynamic sea-level projections based on climate models from the

Coupled Model Intercomparison Project (CMIP5 and CMIP6) also expect an acceleration. Combined, the expectation for the

climate-driven sea-level change along the Dutch coast is close to the global mean changes. (Vries et al., 2014; Fox-Kemper40

et al., 2021).

The data availability along the Dutch coast is much better than for reconstructed global sea level (Dangendorf et al., 2019;

Frederikse et al., 2020). There are six tide gauges measuring sea level with very little missing data since at least 1890. Therefore,

it is interesting to study the local acceleration in SLR. The issue with detecting regional acceleration of SLR comes from the

large interannual to multidecadal variability from atmospheric forcing, especially important for shallow seas like the North45

Sea (Gill, 1982; Hermans et al., 2020), and from similar variations in local steric sea level (Bingham and Hughes, 2012).

Understanding and removing the interannual to multidecadal sources of variability from tide gauge records was found to be

essential for detecting an acceleration of SLR (Haigh et al., 2014). To this end, multilinear regression models between sea levels

and atmospheric variables like sea-level pressure gradients, zonal and meridional wind velocity and sometimes precipitation

as predictive variables have been used by various authors. For example, this approach was applied to Cuxhaven in the German50

Bight by Dangendorf et al. (2013) and multiple regions by Calafat and Chambers (2013). Nevertheless, there is no generally

agreed approach for detecting an acceleration of SLR from tide gauge stations. Sometimes the observed records are extended

by sea-level projections, and the acceleration is defined as a rate of SLR significantly larger than observed, which only allows

for finding an acceleration in the future (Haigh et al., 2014; Dangendorf et al., 2014a). Some studies compared the rate between
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two periods (Calafat and Chambers, 2013; Steffelbauer et al., 2022) and others fitted a second-degree polynomial to the data55

(Haigh et al., 2014; Dangendorf et al., 2019). In general, the variability due to atmospheric forcing was first estimated by

linearly detrending the time series. After that, the variability is removed from the sea level data before estimating the trend

and acceleration. Of these previous studies of SLR in the North Sea, many studies did not find evidence of a significant

acceleration of SLR (Calafat and Chambers, 2013; Wahl et al., 2013; Haigh et al., 2014; Ezer et al., 2016) whereas Steffelbauer

et al. (2022) did. To detect the acceleration of SLR in the North Sea, Steffelbauer et al. (2022) analysed the 100-year time series60

(1919-2018) of eight tide gauges and found a common breakpoint in the early 1990s. The calculated rate of mean SLR of the

stations increases from 1.7±0.3 mm/yr before the breakpoint to 2.7±0.4 mm/yr after the breakpoint implying an acceleration.

Moreover, the prior distribution adopted for the rate of SLR before and after the breakpoint assumes that the latter rate can not

be smaller than the former rate, which implies that acceleration is assumed from the beginning.

In this paper, we use a new time series approach which uses a Generalised Additive Model (GAM), which allows us to65

estimate a nonlinear trend and the optimal multilinear regression model simultaneously. The zonal wind and nodal tide are

included in the GAM as predictive variables. To reduce the uncertainty in the estimated rate of SLR, only the most important

predictor for the atmospheric forcing, the zonal wind, is used, unlike in many previous studies. Also, other authors did not

always include the nodal cycle as a predictive variable. Using the GAM, we avoid making strong assumptions about the shape

of the sea-level trend like a linear shape as was assumed by Calafat and Chambers (2013); Steffelbauer et al. (2022). The70

sea-level trend is obtained as a smooth curve representing the long-term change in the data. This trend is then differentiated

to compute the rate of SLR. Also, using the GAM allows us to obtain an evolution of the rate of SLR over the observational

period, as has not been obtained previously. We also apply a rigorous parametric bootstrap method to estimate the uncertainty

in the rate of SLR, which avoids the assumption that the noise is serially uncorrelated. Furthermore, comparing estimates of the

rate of SLR with and without the effects of zonal wind and nodal cycle allows us to study the influence of these processes on75

SLR along the coast of the Netherlands. We also discuss the physical mechanisms driving the wind-driven sea-level variations

in the North Sea.

2 Data

2.1 Tide Gauge Observations

Annual-mean sea-level measurements are used from the six reference tide gauges along the coast of the Netherlands: Delfzijl,80

Den Helder, Harlingen, IJmuiden, Hoek van Holland and Vlissingen. These stations are used for operational sea level moni-

toring because of their extended temporal coverage and uniform distribution along the Dutch coast (Baart et al., 2019). The

measurements are provided by the Permanent Service for Mean Sea Level (Holgate et al., 2013) and were retrieved on Novem-

ber 1st, 2021 from http://www.psmsl.org/data/obtaining/. While the time series for the different stations start between 1862

and 1872, only 1890 to 2020 are used for the analysis. As was done for other studies, tide gauge data is limited to the period85

after 1890 to avoid the inclusion of a sea-level jump around 1885 (Frederikse and Gerkema, 2018; Baart et al., 2019). From
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that year, the monthly mean sea level is based on mean sea-level readings rather than mean tide level readings, which could

result in a jump in the monthly data (Woodworth, 2017).

2.2 Atmospheric Reanalysis

We use the monthly mean zonal wind at 10 m and atmospheric pressure at sea level from two atmospheric reanalysis products.90

The first product, the ERA5 reanalysis, from the Copernicus Climate Change service Climate Data Store, is available from

1979 to 2020 with a backward extension to 1950 (Hersbach et al., 2020; Bell et al., 2021). ERA5 has a spatial resolution of

0.25°×0.25°. The second product, the Twentieth Century Reanalysis Version 3 (20CRv3) from the National Oceanographic

and Atmospheric Administration (NOAA), is available from 1836 to 2015 (Slivinski et al., 2019). The data from this analysis

has a spatial resolution of 1.0°×1.0°.95

3 Method

3.1 Statistical Models

Four statistical models were developed and used to unravel the influence of different factors on SLR and to extract the back-

ground sea-level trend. All models are based on the Generalised Additive Model (GAM, Hastie and Tibshirani (2017); Wood

(2020)) and are estimated by penalised maximum likelihood. Compared to a multi-linear regression model, a GAM replaces100

the strict assumption of a linear or quadratic shape of the sea-level trend by a sum of many smooth functions. This offers the

advantage that we are not required to make a priori assumptions about the shape of the sea-level trend. In our four models, the

GAM represents the annual-mean sea level averaged over the six tide gauges as a smooth curve (a linear combination of many

smooth cubic B-spline basis functions) plus terms representing the influence of the predictive variables. The smooth curve

represents the background variation in sea level to be estimated; its exact meaning depends on the choice of the predictive105

variables. Its smoothness is controlled by a penalty term subtracted from the log-likelihood, which is proportional to the time-

integral of the squared curvature of the smooth term Wood (2020). The penalty term was assigned a weight tuned to match the

variance of the smooth curve to the variance of a 30-year average.

The first model estimates the sea-level trend only (Tr) without using any predictive variables. This setup is equivalent to

assuming we do not know anything about the drivers of SLR. We use this model as a reference to evaluate the improvements110

achieved by increasing the model complexity. In the second model, the influence of the lunar nodal tide on sea level is added

(TrNc). Two sinusoidal waves in opposition of phase with unknown amplitude and a fixed period of 18.613 years, the period of

the nodal tide potential, are included as a predictive variable for the nodal cycle in the GAM. There has been some debate in the

literature about the best way to estimate the influence of the nodal cycle on sea level in the North Sea. Using linear regression

to estimate the effect of the nodal tide along the Dutch coast shows an increased magnitude and shift in the phase compared to115

the equilibrium tides (Baart et al., 2011). However, using a closed sea-level budget, Frederikse et al. (2016) suggested that there

is no indication that the nodal cycle deviates from the equilibrium tide in the North Sea between 1958 and 2014. We find that
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assuming equilibrium tides leaves a large amount of energy in the spectrum close to the period of the nodal cycle. Therefore,

we decide to use a linear regression model with an undetermined phase and amplitude but a fixed period as in Baart et al.

(2011) even though it might remove some additional variability around the period of nodal tides. Using this second model, the120

influence of the nodal cycle on the trend and variability of sea level can be studied.

The third and fourth models combine trend, nodal cycle and wind. For the third model, wind effects are included by adding

u|u| (TrNcZw), where u is the zonal wind from reanalysis averaged over the closest grid cell of each tide gauge (Fig. 1a). This is

inspired by the wind stress formulation (Dangendorf et al., 2019) but simplified to keep only the zonal wind component. Along

the Dutch coast, the zonal wind is much more important for sea-level changes than the meridional wind (see Figs. 7 and 8 from125

Frederikse and Gerkema (2018) and Fig. 4 from Dangendorf et al. (2014a)) and both wind components are highly correlated.

The fourth model uses a large-scale pressure gradient as a predictive variable for the wind effect on sea level (TrNcPd). As

in Dangendorf et al. (2014b), we compute the Pearson correlation coefficient between linearly detrended sea level along the

Dutch coast and atmospheric pressure at sea level (Fig. 1b). This shows a similar pattern as was previously obtained for the

German bight (Dangendorf et al., 2014b). The pattern is characterised by a region of negative correlation over Scandinavia and130

a positive correlation over southern Europe/northern Africa. Each of these regions defines a box where the average pressure is

computed. Then, instead of using the pressure in both boxes as predictive variables as in Dangendorf et al. (2014b), we take

the difference between the southern and northern boxes. This adds only one variable to the model and is physically motivated

by the fact that the meridional pressure gradient is related to the zonal wind by geostrophy. To cover the period from 1836

to 2020, we combine the variables representing wind effects from the two reanalysis datasets using a linear bias correction135

method (Casanueva et al., 2013). The ERA5 dataset is used as reference data. The mean and standard deviation of the 20CRv3

pressure and zonal wind time series are adjusted over the overlap period, 1950-2015, to match those of ERA5.

3.2 Analysis of Model Output

The wind influence on sea level can be obtained from the results of the TrNcZw and TrNcPd GAMs. Once the linear regression

coefficients are obtained between 1890 and 2020, the wind influence on sea level can be extended back to 1836, the beginning140

of the 20CRv3 atmospheric reanalysis. We estimate the wind-driven sea-level trend using a 3rd-degree polynomial fit to the

annual-mean data. Also, a spectral analysis is performed on the detrended annual-mean data. The spectra are obtained using a

multitaper method (Lees and Park, 1995). To obtain the low-frequency wind influence on sea level, the detrended annual-mean

sea level data is smoothed using a local polynomial regression (LOWESS, Cleveland and Devlin (1988)) with a window of 21

years that effectively removes high-frequency variability.145

Using our four statistical models, we obtain the background sea-level trend. As a next step, the rate of SLR is obtained from

differentiating these estimated smooth sea-level trends. The rates of SLR resulting from the different models do not include the

same physical processes. TrNcZw and TrNcPd do not include the contribution from wind and nodal effects and TrNc does not

include nodal effects while Tr includes all processes.
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3.3 Uncertainty Computation150

To estimate our models from the data, we use a generic method for likelihood-based estimation of GAM (Wood, 2020).

It treats the unknown noise terms as independent identically distributed normal random variables. However, checks of the

residuals reveal that they are serially correlated, so the independence assumption is not warranted. This does not invalidate the

method: since only marginal parameters are estimated, the estimator is consistent under weak assumptions on the dependence;

see Section 2 of Cox and Reid (2004). However, serial dependence of the noise affects the covariance of the estimated model155

parameters, so for deriving confidence intervals and for testing hypotheses, we must account for it. Our estimator for the rate of

SLR (the finite difference of the smooth spline estimate of the variation in sea level) is particularly sensitive to low-frequency

components of the noise. Our error analysis must account for these subtle aspects of serial dependence. Therefore, we apply

a parametric bootstrap method based on the noise spectrum, similar to the Wild Bootstrap version of the technique in Kirch

and Politis (2011): we estimate the noise spectrum, using the same method as described in the previous section, and generate160

random instances of the gaussian process having this spectrum. From these, we obtain instances of the sea level time series

by adding the estimates of the non-random terms. Then we apply the GAM-based estimator for our models to each of these

instances to obtain an estimate of the rate of SLR. This sample of estimates is used to derive the error statistics and to test

hypotheses.

However, because the estimate of the rate of SLR is sensitive to low-frequency noise, we cannot assume that the noise165

spectrum is sufficiently closely approximated by the spectrum of the residuals, as Kirch and Politis (2011) do. Therefore, we

need to estimate the noise spectrum from the spectrum of the residuals. A simple iterative correction scheme solves this inverse

problem. Given a guess of the noise spectrum, we simulate random instances of sea level time series as above. For each, we

estimate the model coefficients, derive the residuals, estimate their spectrum and average these estimates. The quotient of this

average to the guess is the mean effect of model estimation. The spectrum of the residuals is then corrected by dividing it170

by this quotient. The result is used as a guess for the next step. The iteration is initialised with the spectrum of the residuals.

It converges within 3 to 5 iterations. The spectrum of the residuals and the estimated noise spectrum differ only in the low

frequencies, as some of the noise in this band is absorbed in the spline term.

4 Results

4.1 Comparison of the Different GAMs175

The GAM progressively better fits the data, measured by the deviance (Tbl. 1), as the complexity of the model increases (e.g.,

the number of predictive variables increases), measured by the number of degrees of freedom (Tbl. 1). The deviance is used to

compare generalised linear models and is a generalisation of the sum of squares of residuals used to compare linear regression

models (Wood, 2020). Including the nodal cycle reduces the deviance by 12%, and including the wind further reduces the

deviance by an additional 37% for TrNcPd to 58% for TrNcZw implying that the best fit is obtained for TrNcZw. The improved180
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(a) (b)

Figure 1. (a) Location of the six tide gauges used to define the mean sea level along the Dutch coast and of the zonal wind data used from the

atmospheric reanalyses. (b) The correlation coefficient between sea level along the Dutch coast and atmospheric pressure at sea level from

20CRv3 reanalysis between 1890 and 2015. Both variables are linearly detrended.

Degrees of freedom Deviance

Statistical model

Tr : Trend only 4.6 1167

TrNc : Trend and nodal tide 6.6 1031

TrNcPd : Trend, nodal tide and wind (pressure) 7.6 652

TrNcZw : Trend, nodal tide and wind (velocity) 7.6 428

Table 1. Summary of statistical model performance. The number of degrees of freedom includes the number of predictive variables and the

number of basis functions used by the B-spline method. The deviance is a generalisation of the sum of squares of residuals used to compare

linear regression models.

fit for TrNcZw could be explained by the fact that here the local zonal wind is used, whereas for TrNcPd, a simplification of

large-scale zonal wind is used.

The resulting fits can be seen in Fig. 2. When more predictive variables for the wind are included in the model, like the

meridional wind or wind taken at multiple locations in the North Sea, the deviance can be further reduced. However, the

increased degrees of freedom increase the standard error in estimating the trend (not shown). Therefore, we find that using only185

one predictive variable for the wind is the best choice for estimating the sea-level trend.
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Figure 2. Comparison of the annual tide gauge data averaged over 6 tide gauges along the Dutch coast with three Generalised Additive

Models (Tr, TrNc, TrNcZw)

4.2 Wind Influence on Sea Level

Figure 3a shows the resulting wind influence on sea level, where the large interannual variability stands out. From these

annual-mean time series, we estimate the wind-driven sea-level trend as is shown in Fig. 3b. For the second period, 1928-2020,

the wind-driven trend is 0.12 mm/yr and 0.15 mm/yr for respectively TrNcZw and TrNcPd. Long-term strengthening of the190

zonal wind has increased the sea level along the coast of the Netherlands. This long-term strengthening of the zonal wind

is consistent with the observed northward shift and increased speed of the jet stream, which could be due to a decreasing

temperature gradient between the North Pole and the equator at the height of the tropopause (Fig. 7d and 9d from Hallam et al.

(2022)). A long-term influence of atmospheric drivers (zonal and meridional wind and surface pressure) was found earlier

for the period 1953-2003 (Fig. 2c from Dangendorf et al. (2014a)), but our results are in contradiction with the atmospheric-195

driven sea-level drop over the period 1900-2011 found by the same authors. This could be due to an update in the atmospheric

reanalysis (20CRv3 instead of 20CRv2).

After removing the trend from the data in Fig. 3a, a spectral analysis is performed (Fig. 3c). The spectra of the wind-impact

on sea level obtained using both TrNcZw and TrNcPd have a similar shape, but the total variance is larger for TrNcZw compared

to TrNcPd which is a result of the larger interannual variability of TrNcZw as shown in Fig. 3a. For both methods, there is more200
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energy in the signal for periods larger than two decades than for smaller periods. Therefore, the signals are smoothed using

a local polynomial regression (LOWESS, Cleveland and Devlin (1988)) with a window of 21 years that effectively removes

high-frequency variability (dashed lines in Fig. 3c). The resulting detrended and smoothed time series, Fig. 3d, show that

low-frequency wind variability can raise or drop sea level by over 2 cm over a period of 2 to 5 decades. In App. A, this

low-frequency variability lags low-frequency sea-surface temperatures in the North Atlantic that have a similar pattern as the205

Atlantic Multidecadal Variability.

4.3 Rates of SLR

The rates of SLR obtained from differentiating the estimated smooth sea-level trend from each of the four models are shown

in Fig. 4. Reduction of uncertainty is generally the main motivation for removing variability due to known atmospheric drivers

from the sea-level trend (Dangendorf et al., 2014a). The rate of change from TrNc has lower uncertainty than the rate from Tr.210

Including the zonal wind (TrNcZw) as a predictive variable further decreases the uncertainty, whereas including the pressure

difference (TrNcPd) increases the uncertainty again. The standard error in estimating the trend is larger at the time series’ start

and end because there are fewer constraints than in the middle of the time series.

In addition to reducing the uncertainty, the wind also influences the rate of SLR itself. Both TrNcZw and TrNcPd have lower

rates in the first part of the 20th century compared to Tr and TrNc. From the 1960s onward, the rates of SLR of TrNcZw and215

TrNcPd increase rapidly. The TrNcZw model has the smallest standard error and estimates the largest rate of SLR over recent

decades, which reached 3.0[2.4−3.5] mm/yr over the period 2000-2019. For this model, the rate of SLR over periods before the

acceleration in the 1960s is 1.8[1.4− 2.3] mm/yr over the period 1900-1920, 1.7[1.3− 2.0] mm/yr over the period 1920-1940

and 1.5[1.1− 1.8] mm/yr over the period 1940-1960. Table 2 shows for the different GAMs the probability (the p-value) that

the estimated rate difference between the periods 2000-2019 and a previous period (1900-1919, 1920-1939 and 1940-1959)220

would exceed the rate difference found in this study if the sea level had changed at a constant rate. For the Tr model, we

find probabilities between 5 and 23% for the different periods. Having more predictive variables in the GAM decreases these

probabilities. For the TrNC model, the probability is 14% when compared with the period 1900-1919 due to the higher rates of

SLR of this model at the beginning of the 20th century. However, for the other periods, we find probabilities of 1%, implying

that finding these rate differences would be very unlikely if there would have been no acceleration (Mastrandrea et al., 2011).225

For the TrNcZw model, we find probabilities of 0% for all periods, and in the TrNcPd model, we find probabilities smaller

than 5% and only 1% when compared with the period 1940-1959. These probabilities indicate that an acceleration of SLR is

virtually certain (Mastrandrea et al., 2011). We conclude that along the coast of the Netherlands, the sea level has accelerated

since the 1960s, but this acceleration has been masked by wind-field and nodal-tide variations. This agrees with the global

mean sea level that has accelerated since the 1960s (Dangendorf et al., 2019).230

All models indicate a decrease in the rate of SLR from the beginning of the 20th century until about 1960", with a minimum

in the 1940s for Tr and TrNc and in the 1960s for TrNcZw and TrNcPd. This decreasing rate of SLR could be due to the strong

Arctic warming from 1900 to 1930, followed by an Arctic cooling from 1930 to 1970 (Fig. 4, Bokuchava and Semenov (2021)).

This could have influenced sea level through glacier mass loss followed by gain or local steric sea level changes. Since the
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Figure 3. Comparison of the wind influence on sea level along the Dutch coast obtained from two different regressors: average zonal wind

of the 6 tide gauge stations (TrNcZw) and the pressure difference between the Northern and Southern boxes (TrNcPd) of Figure 1. (a) Time

series of annual averages. (b) Trend computed using a 3rd-degree polynomial fit with linear trend values over the first half and the second

half of the total period. (c) Spectra obtained using a multitaper method (Lees and Park, 1995). Both the detrended time series (solid lines)

and the detrended and smoothed time series (dashed lines) are shown. Smoothing is obtained from a LOWESS method with a window of 21

years. (d) Smoothed time series.
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r2000−2019 vs r1900−1919 r2000−2019 vs r1920−1939 r2000−2019 vs r1940−1959

Statistical model

Tr 0.23 0.06 0.05

TrNc 0.14 0.01 0.01

TrNcZw < 0.01 < 0.01 < 0.01

TrNcPd 0.05 0.02 0.01

Table 2. P-values represent the probability that the estimated rate difference between 2000-2019 and a previous period before 1960 would

exceed the computed value if the actual rates were equal during these two periods. For example, for the Tr model, if the sea level rates were

the same between 1900-1919 and 2000-2019, then there would be a probability of 0.24 to compute a rate difference at least as large as what

we measure. On the other hand, for the model TrNcZw, the probability of obtaining a rate difference at least as large as measured under the

assumption that the rates are the same is 0.00 for all past periods considered here.

local sea-level budget is not closed before 1950 (Frederikse et al., 2020), we can only speculate about the causes of the drop in235

the rate of SLR.

5 Discussion

Estimating the trend, nodal cycle and atmospheric processes underlying the wind influence on sea level using the GAM allows

for avoiding a priori assumptions about the sea-level trend, like having a linear or quadratic shape, while performing the

regression analysis. Thereby, the rate of SLR can be computed as a time-evolving variable over the whole observational period240

contrary to being calculated as a constant over an arbitrary period as was done in Calafat and Chambers (2013); Steffelbauer

et al. (2022). In addition, we propose a careful uncertainty analysis accounting for serially dependent unexplained fluctuations,

which is used to evaluate the strength of evidence for an acceleration. These two elements help to avoid framing the problem

of acceleration detection as binary. This is important when advising decision-makers: significance testing based on ad hoc

models like a broken line trend may lead to a paradigm shift from a steady rate of SLR in one year to an accelerating rise a few245

years later, as demonstrated by the results in (Calafat and Chambers, 2013; Steffelbauer et al., 2022). To our best knowledge,

the GAM has not been applied to estimate trends and acceleration in sea-level data before, and we believe it could help solve

similar acceleration detection problems in regions other than the coast of the Netherlands.

When removing the wind influence from the sea-level observations, the underlying assumption is that this influence is only

due to natural variability and that there is no structural change due to anthropogenic forcing. However, as we find a wind-driven250

trend over the entire period of study 1836-2020 from both the zonal wind and pressure difference model, the trend could also

continue in the future. We do not know of any study investigating the possible cause of this trend. If it is caused by climate

change due to anthropogenic forcing, it would be reasonable to expect it to continue in the future. Otherwise, if it is caused

by natural variability, it might reverse. Most of the CMIP5 and CMIP6 ensembles do not show a systematic trend associated

with wind influence on sea level in the North Sea, not over the historical period or in future scenarios. So, they either miss the255
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Figure 4. (a–d) The rates of SLR were obtained for four different statistical models. A window of three years is used, so the rates cannot

be computed for the first and last years of the time series. The period shown here is 1891 to 2019. The dashed lines show the 5th and 95th

percentiles of the uncertainty range computed from a parametric bootstrap method. Numbers in grey under the curves indicate the mean rates

for four different periods ([1900-1919], [1920-1939], [1940-1959], [2000-2019]) (e) Median sea level rates. (f) Standard error of the sea level

rates.
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process driving the trend in the observations, or the trend in the comments has to be attributed to natural variability. In each

case, the magnitude of around 0.15 mm/yr over the historical period is small enough compared to other sources of uncertainty

to neglect it when making sea level projections on time scales of more than several decades.

If the time lag found between North Atlantic SST and wind influence on sea level as described in App. A was found to

be physical or if the SST signal could be skillfully forecasted, this relation could provide a source of predictability for the260

deviation between sea level along the Dutch coast and large-scale drivers (e.g. glacier and ice sheet mass loss, global steric...)

at the decadal time scale.

From the daily to the interannual time scale, the wind influence on sea level in shallow seas is well understood by the

barotropic theory of the interplay between the Coriolis force, pressure gradient and surface wind stress (equation 3 from

Mangini et al. (2021)). On the multidecadal time scale, as investigated in this study, it is possible that the physical mechanism265

underpinning the relation between wind and sea level also involves steric sea level change (Chen et al., 2014). In particular,

baroclinic signals in the deep ocean propagating as a volume flux on shallow seas (Bingham and Hughes, 2012; Calafat et al.,

2012). However, since we use the large interannual variability to define the regression coefficient, we think these coefficients

mostly reflect the barotropic wind influence.

We find a strong increase in the rate of SLR between the 1960s and 2000s (Fig. 4). From 2000 onward, the standard error of270

the rate of SLR increases strongly, and it is uncertain whether the increase of the rate persists. A potential application to this

increase would be the extrapolation of the observed rate into the near future. This method was recently used as an additional

line of evidence for future sea-level rise by Sweet et al. (2022). Based on Fig. 4c, assuming a constant rate of 3 mm/yr from

20000 onwards, we arrive at a rise of 0.3 m between 2000 and 2100, which is slightly higher than the rise over the 20th century.

However, assuming a constant acceleration of 1.5/25= 0.06 mm/yr2 (as inferred from the trend in sea level rate over 1975-2000275

in Fig. 4c), we obtain a rise of 0.6 m, from 2000 to 2100, which is twice the rise without acceleration. Given the complexity of

changes in the various drivers of global SLR, it would be naive to assume that the acceleration will remain constant during the

remainder of this century. However, these crude extrapolations illustrate the practical significance of our estimates of the local

rates of SLR and the importance of obtaining the evolution of these rates over time.

6 Conclusions280

In this study, we estimate the sea-level trend and the influence of the nodal cycle and wind on sea level along the coast of the

Netherlands. We used the average of the observations from six tide gauges and zonal wind and atmospheric pressure at sea

level from two reanalysis data sets. Using a set of four GAMs, we estimated the trend using B-splines functions and the wind

influence using linear regression. The four models include either no predictive variables, only the nodal cycle, and, additionally,

either zonal wind or pressure gradient as predictive variables. We find that using only one predictive variable for the wind best285

estimates the sea-level trend. The deviance is reduced when more predictive variables are added to the GAM, reducing by 12%

for adding the nodal cycle and another 37 to 59% for adding the wind.
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We obtain the wind influence on sea level using the two GAMs that include a wind predictive variable (TrNcZw and TrNcPd).

Obtaining the wind influence with two different approaches shows the method’s robustness as both methods lead to similar

conclusions. We find a long-term sea-level rise due to wind forcing of 0.12 mm/yr or 0.15 mm/yr for 1928-2020, depending on290

the used model. The long-term strengthening of the zonal wind is consistent with an observed northward shift and jet stream

strengthening (Hallam et al., 2022). Also, we find a low-frequency wind variability which can rise or drop sea level by about

1 cm over 2 to 5 decades. We find that it is related to multi-decadal sea surface temperature variations in the North Atlantic

with a similar pattern as the Atlantic Multidecadal Variability. The correlation between SST in the northern part of the North

Atlantic and the multidecadal wind-driven sea-level variability can be understood as smaller SST values increase the meridional295

temperature gradient and strengthen the jet stream (Hallam et al., 2022). In summary, we find both a long-term SLR as well as

a multidecadal sea-level variability due to wind forcing which are both connected to changes in the jet stream through various

mechanisms (Hallam et al., 2022).

After obtaining the sea-level trend using the four GAMs, we obtain the rate of SLR by differentiating the trend. This results

in new insight into the evolution of the rate of SLR along the coast of the Netherlands over the observational period. The300

rates of SLR, excluding the influence of the wind, are lower at the beginning of the 20th century and larger at the beginning

of the 21st century. Our best-fitting model yields a rate of SLR, excluding nodal and wind effects, of 3.0[2.4− 3.5] mm/yr

over 2000-2019 compared to 1.8[1.4− 2.3] mm/yr in 1900-1919 and 1.5[1.1− 1.8] mm/yr in 1940-1959. The probability (the

p-value) of finding a rate difference between 1940-1959 and 2000-2019 equal to the one we found when there would not have

been an acceleration is smaller than 1%. From these results, we conclude that an acceleration of SLR is virtually certain. Also,305

we find, for the first time, that the acceleration of SLR along the coast of the Netherlands started in the 1960s. This aligns with

global SLR observations and expectations based on a physical understanding of SLR related to global warming (Fox-Kemper

et al., 2021; Dangendorf et al., 2019). Furthermore, we explain that the acceleration of SLR along the Dutch coast has been

difficult to detect due to the masking of the acceleration by wind-field and nodal-tide variations.

Code and data availability. Currently, all data and code can be found in the GitHub repository: https://github.com/KNMI-sealevel/

NetherlandsSeaLevelAcceleration. After the review process, when a final version of the code and data is obtained, the code and data will be

uploaded to Zotero and a DOI will be provided.
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Appendix A: Low-frequency wind influence on sea level315

After smoothing the wind influence on sea level, we found a low-frequency wind-driven sea-level signal with an amplitude of

over 1 cm and a period of 2 to 5 decades (Fig. 3d). Previous authors have not shown this wind-driven low-frequency sea-level

variability, and it has therefore not been discussed what processes might drive this sea-level variability. The North Atlantic

Oscillation (NAO) has already been shown to influence the sea level in the North Sea, especially in the winter (Jevrejeva et al.,

2005; Dangendorf et al., 2012, 2014a). This is not surprising given how close the correlation pattern in Fig. 1b is to the NAO.320

To go one step further, we look at the relation between low-frequency wind influence on sea level and low-frequency

sea surface temperature (SST) in the North Atlantic using linear regression. We use monthly SST data from two reanalysis

products. The COBE-SST2 reanalysis dataset from NOAA has a temporal coverage from 1850 to 2019 (Hirahara et al., 2014).

The HadISSTv1.1 reanalysis dataset from the Met Office Hadley Centre has a temporal coverage from 1870 to the present, but

the data of the incomplete year, 2022, are excluded from our analysis (Rayner et al., 2003). Both data sets have a resolution325

of 1.0°×1.0°. We obtain the low-frequency sea surface temperature by detrending and smoothing the time series. Again, the

smoothing is obtained using a LOWESS method with a window of 21 years. We perform a linear regression to reconstruct

the low-frequency wind influence using the low-frequency sea surface temperature as a predictive variable. By performing the

regression for each grid point in the North Atlantic, we obtain a correlation pattern for this region.

This shows that the multidecadal wind-driven sea-level variability can be related to North Atlantic SSTs. Figures A1a and330

c show the correlation pattern for the North Atlantic for TrNcZw and TrNcPd. In this figure, we only show the results for

COBE-SST2 data since the results obtained using HadISSTv1.1 are similar. In a few regions, the SST is strongly correlated,

especially in the tropics, north of the equator (box "South") and around Iceland in the Irminger Sea and southern Norwegian

Sea (box "North"), where the SST explains more than 50% of the variance of wind influence on sea level (not shown). For

these boxes and a large region of the North Atlantic, generally used to define the Atlantic Multidecadal Variability (AMV,335

Jüling et al. (2020)), we obtain the area-averaged low-frequency SST. Again, we obtain the relation to low-frequency wind

influence on sea level using linear regression, including the SST data as a lagged dependent variable for lags from -40 to 40

years (Fig. A1b, d). The wind influence is negatively correlated with past SST for positive time lags. A few years after the SST

reaches a minimum in one of these regions, the wind pushes the sea level to a maximum along the Dutch coast. We find that,

depending on the case, the correlation coefficient is between -0.3 and -0.7 at lag 0. However, the negative correlation becomes340

stronger with a positive time lag and reaches a minimum for a lag between 3 and 10 years. Here, SST can explain between 35

and 65% of the variance in wind-driven sea-level variability. We also see that the time lag is smaller for the North and South

region than for the AMV region. While SST can explain an important part of multidecadal variability for both TrNcZw and

TrNcPd, the correlation is stronger for TrNcPd.

The relation between SST in the "North" box and zonal wind can be understood physically. A minimum temperature in345

this region would tend to increase the meridional temperature gradient and strengthen the jet stream (Hallam et al., 2022).

Understanding the physical relationship between SST in the other boxes and the sea level in the North Sea, given the potential

time lag, is not straightforward. Given the noise in the signal, the smoothing could be responsible for this lag, so it is not certain
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that this is a physical feature. We also noticed that the lag increases for increased smoothing (not shown). The uncertainties

of the correlations shown in Fig. A1b and d are represented by the standard error. However, both time series are smoothed,350

causing their autocorrelation to increase and the sample size n to alter. Therefore, the uncertainties shown in Fig. A1b and d

are underestimated.

(a) (b)

(c) (d)

Figure A1. (a) and (c) Maps of the correlation coefficients between the wind influence on sea level along the Dutch coast for TrNcZw and

TrNcPd using COBE-SST2 data. Both variables are detrended and smoothed. (b) and (d) represent the regression coefficients for, respectively,

TrNcZw and TrNcPd, three regions of the North Atlantic and different time lags. Linear regressions are performed over the longest available

period: 1850 - 2019. The shaded areas show 1 standard error of the correlation coefficients (r) is shown, σr = (1− r2)/
√

n− 2, with n the

length of the time series.
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