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Abstract: We provide an open, available, and ready-to-use data set covering 40 years of hourly wind
speeds and synthetic hourly production signals for the 29 biggest offshore wind farms in Europe.
It enables researchers and industry experts to include realistic offshore time series into their analyses.
In particular, we provide data from 1980 to 2019 for wind farms already in operation and those that
will be in operation by 2024. We document in detail how the data set was generated from publicly
available sources and provide manually collected details on the wind farms, such as the turbine
power curves. Correspondingly, the users can easily keep the data set up to date and add further
wind farm locations as needed. We give a descriptive analysis of the data and its correlation structure
and find a relatively high volatility and intermittency for single locations, with balancing effects
across wind farms.

Keywords: offshore; Europe; electric power system; wind power; energy system design; renewable
energy

1. Introduction

The EU has the largest wind energy exploitable maritime space in the world. Con-
sequently, to reduce net greenhouse gas emissions, the EU plans to expand the current
offshore wind capacity of 12 GW to 60 GW by 2030 and 300 GW by 2050 [1,2]. Similarly, the
United Kingdom aims at reach 40 GW offshore wind capacity by 2030 in their Ten-Point
Plan [3].

The main potential for such offshore wind farms in the EU and UK is located
in the North Sea, due to relatively steadily blowing winds and shallow sea depths al-
lowing for ground-based installations (see, e.g., [1,4,5] for recent studies). Accordingly,
the vast majority of the 29 largest European offshore wind farms displayed in Figure 1 are
located in the North Sea (further details in Section 2). In this context, data from wind farms
are of particular interest for quantitative analyses related to the growing offshore capacities
at these and nearby locations. Such data could feed to simulations, forecasts, models, or
studies on the overall energy system. However, to the best of our knowledge, no such data
are freely available to a broad public.

In this paper, we provide an hourly data set covering the last 40 years for the 29 biggest
wind farms in Europe. We include wind speeds at hub height based on meteorological re-
analysis data and further weather parameters as well as specifications of currently installed
and planned wind turbines with parametric forms of their power curves. Furthermore,
we provide synthetic energy time series of produced power over the considered horizon,
i.e., power that would have been produced in the past at the respective locations with
the current capacity and technology installed. These synthetic time series do not consider
interactions of the installed turbines on their respective output, such as wake effects, or
constraints in the connected power grids. The data set mainly focuses on the meteorological
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effects of electricity production. However, we include variables such as wind direction and
surface roughness that allow enriching the potential of the data set for energy production
analysis in future studies.

Figure 1. Map of Europe with locations of the 29 largest wind farms marked by red points.
Large wind farms are mainly concentrated in the North Sea.

Studies in which data sets similar to ours could contribute can be found in the area
of economic analysis (see, e.g., [6–10]) or grid integration ([11–19]) as well as in climate
change analysis [20–22]. Among these papers, ref. [19] implicitly use a data set similar
to ours to analyze future developments of an offshore (and energy) transmission grid in 2050.
They consider 16 wind farms in the North Sea region and use a single reference wind turbine
to calculate future feed-in data from meteorological reanalysis data, taking wake effects
into account. A recent publication providing a short overview over calculation feed-in
data from reanalysis data is [23] (see also the references therein). Further contributions
methodologically related to ours include [24], who uses among other data high-resolution
geo-spatial wind speed data to analyze renewable energy potentials in the European Union.
In addition, the work of [25] synthetically calculates Swedish wind power production based
on a single reference turbine for three years. With respect to modeling spatial and temporal
dependency structures of wind power production, ref. [26] analyzed northern European
countries and waters. For onshore locations, recent studies related to ours include, e.g.,
[27–31].

The data set provided in our paper can be of particular use and interest to researchers
and industry experts as well as policymakers. It is prepared in a structured way so
that a broad readership can analyze the data without much computational skills and
effort. To better understand the data and potential insights derived from it, we give a first
analysis. We include descriptive statistics and aggregate production figures over various
time horizons for each wind farm as well as for total electricity production. This includes
average production numbers, full load hours, and numbers for site-specific volatility and
intermittency. By calculating these variables, we obtain an overview of all wind farms and
the possibility to compare production characteristics at different locations. Since offshore
wind energy is intended to play an essential role in the future European power system,
we further analyze the dependencies of wind speed and electricity production between
considered locations. Such analysis is interesting and very relevant with respect to reducing
the wind power variability by aggregating productions from diverse geographical locations.
While highly correlated locations lead to high volatility and intermittency in the overall
supply, low correlations balance the overall output. Interestingly, the correlations of offshore



Energies 2022, 15, 1700 3 of 25

wind farms over distance behave similarly to those found in onshore studies [32–34] but
show higher correlations in neighboring locations.

The remainder of the paper is structured as follows. The data published with this pa-
per, including weather data, information about wind farms, and derived wind power
generation, are presented in Section 2. We explain the data generation step by step
so that readers can keep the data set updated and extend it according to their needs.
Section 3 includes the results of the analysis of the 29 wind farms. It is divided into
a descriptive analysis for all of them as well as combined and a dependence analysis.
We conclude in Section 4.

2. Data

We provide 40 years of hourly wind and production data for Europe’s 29 largest
offshore wind farms in terms of installed capacity. The data include wind farms that are
still under construction but will begin commercial operation in the next three years (by
2024). The locations of these farms are shown in Figure 1 and listed with technical details in
Table 1. Our data set consists of hourly wind speeds and synthetic hourly power generation
signals for each site. Wind speeds were determined by matching the wind farms locations
to the nearest grid point in the ERA5 data set [35] and transforming the wind speeds at
100 m to the hub heights of the turbines. Afterwards, the wind speeds were converted
to production signals using the power transfer function of each turbine, which we also
provide in this paper. All steps are explained in detail below.

Details about the considered wind farms in Table 1 include their approximate location,
hub height (Hub (m)), turbine types, resulting capacity in MW, and the start of commercial
operations. The location of each wind farm is rounded to the next quarter longitude
and latitude; thus, the positions are projected to a grid corresponding to the resolution
of the weather data described below. Lastly, we assign a letter to each wind farm for
improved visualization.

Table 1. Considered wind farms in this paper. * Latitude in °North ** Longitude in °. Negative
values refer to a position west of Greenwich; positive values refer to a position east of Greenwich.
The placeholders ’-’ mark the locations where reliable hub heights were not available (see text).

Letter Wind Farm Lat. * Long. ** Hub (m) Turbine MW Year

A London Array 51.75 1.5 87 SWT-3.6-120 630 2012
B Greater Gabbard 51.75 2 78 SWT-3.6-107 504 2012
C Gwynt y Mor 53.5 −3.5 84.4 SWT-3.6-107 576 2015
D Gode Wind (1&2) 54 7 - SWT-6.0-154 582 2016
E Gemini 54 6 120 SWT-4.0.130 600 2017
F Race Bank 53.25 1 100 SWT-6.0-154 573 2018
G Walney Extension 54 3.75 113 V164-8.25 659 2018

111 SWT-7.0-154
H Borkum Riffgrund 1&2 54 6.5 - SWT-4.0-120 767 2019

- V164-9.0
I Hohe See 54.5 6.25 105 SWT-7.0-154 479 2019
J Horns Rev Phase 1–3 55.5 8 70 V80-2.0 774 2019

68 SWT-2.3-93
- V164-8.3

K1 Beatrice 58.25 −2.75 90 SWT-7.0-154 588 2019
L Borssele Phase 1&2 51.75 3 116.5 SG 8.0-167 DD 752 2020
M Seamade 51.75 2.75 109 SG 8.0-167 DD 487 2020
N East Anglia One 52.25 2.5 90.5 SWT-7.0-154 714 2020
O1 Hornsea (Project 1) 54 1.75 113 SWT-7.0-154 1218 2020
P Borssele Phase 3&4 51.75 2.5 - V164-9.5 731.5 2021
Q Triton Knoll 53.5 0.75 105 V164-9.5 857 2021
R Kriegers Flak 55 13 104.5 SG 8.0-167 DD 604 2021
O2 Hornsea (Project 2) 54 1.75 123.5 SG 8.0-167 DD 1386 2022
K2 Moray Firth (East) 58.25 −2.75 122 V164-9.5 950 2022
S Iles dYeu et de Noirmoutir 46.75 −2.5 - SG 8.0-167 DD 500 2023
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Table 1. Cont.

Letter Wind Farm Lat. * Long. ** Hub (m) Turbine MW Year

T Baie de Saint Brieuc 48.75 −2.5 123.5 SG 8.0-167 DD 496 2023
U Hautes Falaises 50 0.25 - SWT-7.0-154 500 2023
V Hollandse Kust Zuid 52.25 4 125.5 SG 11.0-200 DD 1500 2023
W Hollandse Kust Noord 52.75 4.25 125.5 SG 11.0-200 DD 759 2023
X Baltic Eagle 54.75 13.75 107 V174-9.5 476 2023
Y Seagreen 56.5 1.75 104 V164-10.0 1075 2023
Z Dieppe et Le Treport 50.25 1 - SG 8.0-167 DD 496 2024
AA Dogger Bank (Phase A, B) 55 2.75 150 HALIADE-X 13 2400 2024

Baseline data of each wind farm were manually collected from publicly available infor-
mation given by the operator of each wind farm or other public information
(see Table A1 in Appendix A). Note that although we are talking about 29 wind farms, the
number is not so clear to define, and one could, turning to Table 1, also talk about 28 or 32
considered parks. For example, we count Horns Rev Phase 1–3, a wind project built from
three turbines types, as one wind farm, since the three parts map onto the same weather
coordinates. Opposed to that, we count, e.g., the two projects Hollandse Kust Zuid/Noord
as two wind farms. So, decisive for us are the resulting locations we are able to distinguish
in the network of weather data.

For the weather data, we extract ERA5 data for every wind farm location from
the Copernicus Climate Change Service (C3S) Climate Data Store (CDS) [35].
There, the weather data are provided on a grid of quarter degrees in longitude and latitude,
and thus, we already matched each wind farm to the nearest grid point in Table 1. For each
location, we extract the lateral wind speed components u and v in (m/s) at 100 m above
ground. We neglect the lateral wind component and compute the absolute wind speed
speed100 from these two orthogonal components, by

speed100 =
√

u2 + v2 (1)

and wind direction φ by

φ =
180
π

mod(π + atan2(v, u), 2π), (2)

where we have φ = 0◦ for a northerly wind and the angle increases clockwise. Here, atan2
is the 2-argument arctangent function.

In the subsequent step, we follow [32,36] and assume a logarithmic velocity profile
to scale the wind speeds speedhub to different hub heights hhub (in m) of the turbines based
on [37]:

speedhub = speed100 ∗
(

log(100)− log(z0)

log(hhub)− log(z0)

)
. (3)

Here, z0 corresponds to the surface roughness depending on the actual ocean state
(characteristic height of waves, depth, etc.), which is also provided in the ERA5 data set [35].
For wind farms with unknown hub height (where we did not manage to find reliable
information, nor were able to calculate it, see Table 1), we set the hub height to 100 m.

Figure 2 displays the wind roses of wind in 100 m for wind farms Gwynt y Mor and
Kriegers Flak. Note that Gwynt y Mor represents the most western wind farm in our data,
and Kriegers Flak represents the most eastern.
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(a) Wind rose for wind farm Gwynt y Mor in 2019.
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(b) Wind rose for wind farm Kriegers Flak in 2019.

Figure 2. Wind roses for Gwynt y Mor and Kriegers Flak in 2019. Colors, from blue to red, indicate
different wind speeds. Corresponding frequencies for each wind angle are displayed by the length
of spokes.

Despite the notable difference in their position, the resulting wind roses indicate
quite similar main wind directions for both wind farms and very few northern as well
as north-eastern winds. However, we observe a higher proportion of low wind speed hours
at the Gwynt y Mor wind farm, which is located in a bay of the Irish Sea near the shore
(wind farm C in Figure 1). This difference will also be visible in the descriptive statistics
of generated power in Section 3, where, e.g., we observe more downtimes of Gynt y Mor
due to low winds (below 4 m/s, which is typically the cut-in speed) compared to the
Kriegers Flak wind farm.

As a final step in data preparation, we convert the wind speed data into synthetic
power output using the turbines’ power curves. However, in the datasheets of most turbine
types, the power curve is only given for individual points, i.e., in the form of a table with
discrete wind speeds and corresponding nominal output power. We follow [38] and fit
a combination of third-order polynomials to the nominal power at each wind speed to get
a functional relationship. A piece-wise definition of the function is given by

p(speedh) =



0, i f speedhub < speedmin

α1speedhub + β1speedhub + γ1speedhub + δ1, i f speedmin < speedhub < speedsplit

α2speedhub + β2speedhub + γ2speedhub + δ2, i f speedsplit < speedhub < speedrated

prated, i f speedrated < speedhub < speedmax

0, i f speedmax < speedhub,

(4)

where for each turbine type, speedmin is the cut-in speed, i.e., the minimum wind speed
required for any power, and speedrated is the minimum wind speed for the rated power.
speedmax is defined as cut-out speed, i.e., the speed at which the turbine is stopped or braked,
and set to speedmax = 25 m/s for all turbines. In addition to these technical parameters
of the turbines, speedsplit is the turning point within our functional representation, where we
change to the second polynomial. As proposed by [38], we fitted a third-order polynomial
to find this point, where the concavity of the power curve changes sign. The resulting
power curves for the wind turbine Siemens SWT-3.6-107 and Siemens Gamesa SG 8.0-167
DD, installed in wind farms Gwynt y Mor and Kriegers Flak, are shown in Figure 3.
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Figure 3. Power curves and specific parameters of the two turbine types installed at Gwynt y Mor
(SWT-3.6-107) and Kriegers Flak (SG 8.0-167 DD).

Fitted polynomials and plots for the other turbine types are given in Appendix C.
Note that data on nominal power at different wind speeds were not available for four
turbines (Vestas V164-8.25, V164-9.0, V164-10.0, and Siemens Gamesa SG 11.0-200 DD).
In these cases, we used a scaled version of the most similar Vestas V164-9.5 power curve
instead. To be more specific about the scaling, consider, e.g., an unknown turbine with
a nominal capacity of 8 MW and an unknown power curve. Then, the unknown power
curve is approximated by adopting the shape of the 9.5 MW Vestas V164-9.5 turbine, and
each value is scaled by 8

9.5 .
Having a time series of power output of every single turbine at each wind farm,

we sum up all turbines belonging to the same wind farm to model the farms’ overall
resulting power output. Without a doubt, this aggregation is a simplification of the ac-
tual effects of how individual wind turbines combine to form a wind farm. However, it
suffices to provide insights into overall variations, intermittencies, their time constants,
as well as distributional characteristics of power production at certain locations and de-
pendency patterns between locations. For studies where the absolute level of generated
power of particular wind farms is needed as accurately as possible, we recommend taking
the interactions of the wind turbines such as wake effects into account. An implicit way
of doing that would be by calibrating the synthetic power data calculated here with the
help of measured power data over a short period of time. Depending on the amount of mea-
sured data available, one could use different calibrations for different wind conditions such
as wind direction or light wind and strong wind scenarios. Alternatively, one could try
to consider wake effects within the aggregation step using a theoretical model that incor-
porates relevant parameters about the wind farm’s outline. Various approaches to model
these effects have been proposed, and detailed overviews are given, e.g., in [39–41].

The resulting total produced electricity of the Gwynt y Mor and Kriegers Flak wind
farms in 2019 is displayed in Figure 4a,b for illustration. The figure shows that the power
outputs at these locations are highly volatile and vary between no output at all and the
maximum, i.e., the rated power. For better visualization, Figure 5 gives a more detailed
view of Gwynt y Mor for January 2019. Here, flat tableaus where the wind speed falls
below the cut-in speed or exceeds the speed of rated power are visible. The high volatility
of the series might not be surprising for readers familiar with offshore wind power, but it
clearly shows that the idea of the wind blowing continuously on the sea is not accurate.
However, turning back to Figure 4, we can observe that the upper/lower bound of the
power output is often reached at different points in time and, consequently, we expect
that aggregating the power from multiple sites will have a flattening effect on the overall
production.
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(a) Generated power for wind farm Gwynt y Mor from 1 January 2019 to 31 December 2019.
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(b) Generated power for wind farm Kriegers Flak from 1 January 2019 to 31 December 2019.

Figure 4. Generated power of different wind farms from 1 January 2019 to 31 December 2019.
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(a) Wind speed at wind farm Gwynt y Mor in January 2019.
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(b) Generated power at wind farm Gwynt y Mor in January 2019.

Figure 5. Wind speed and power for Gwynt y Mor from 1 January 2019 to 31 January 2019.

We end this section with an overview of the exact format in which we provide the data
set before we give a brief (descriptive) analysis in the next section. The data set may
be downloaded as a zip archive under the provided DOI. It consists of 31 CSV files, one
for each wind farm (total 29), one file summarizing the wind speed, and one for the resulting
power outputs. In the first 29 files, we report detailed data for each wind farm, including
wind components u and v, the forecast surface roughness (fsr), calculated wind speed,
wind direction, scaled wind speed at hub height, and estimated power for each turbine
type in the columns. Similar to the last two files, reporting wind speed at hub height and
total power for each wind farm, each row represents one point in time. Starting from 1
January, 1980, 00:00 am UTC in the first row, the data set ranges up to 31 December, 2019,
11:00 pm in the last of 350,640 rows.
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3. Analysis
3.1. Descriptive Statistics

In this section, we give results of the descriptive analysis of the data provided. The anal-
ysis is intended to give first insights into the data and to enable other scientists to work with
the data more quickly. We report quantiles, mean, standard deviations, number of rated
power hours (R.-Power), full-load hours (Full-L.), number of cut-out hours (Offs), and
number of hours below cut-in (Null) of the year 2019 in Table 2. The same tables for earlier
years (1980, 1990, 2000, 2010) are given in Appendix B.1.

Table 2. Descriptive statistics of wind farms in 2019.

Mean 0.25-Q 0.5-Q 0.75-Q SD R.-Power Full-L. Offs Null

A 309.22 82.33 264.52 564.60 235.60 1342 4299 0 629
B 227.07 50.65 183.28 420.21 184.01 668 3946 0 637
C 232.85 45.81 175.18 428.66 202.24 431 3541 1 789
D 305.07 103.43 274.92 569.18 214.31 1829 4591 2 388
E 424.30 273.57 502.65 600.00 193.22 2894 6194 5 137
F 263.68 68.66 224.43 504.85 204.23 1456 4230 3 577
G 351.81 101.01 353.45 632.60 249.42 1614 4748 7 557
H 468.39 223.50 505.05 759.62 267.20 2161 5398 1 148
I 279.68 105.21 294.44 479.04 180.07 1716 4929 4 330
J 410.99 146.14 412.98 706.55 275.52 834 4729 0 454

K1 297.17 78.12 286.53 533.44 219.70 1252 4427 2 612
L 420.03 140.12 442.84 740.94 285.04 1932 4892 1 568
M 254.50 82.42 258.32 452.66 176.10 1864 4804 1 570
N 342.61 91.59 302.09 615.06 261.90 1213 4203 0 566
O1 669.02 228.69 690.83 1161.78 452.20 1569 4811 4 425
P 354.64 96.78 303.16 643.89 269.99 1340 4246 1 557
Q 493.57 129.64 463.92 873.43 365.55 1119 4334 4 563
R 342.72 139.59 389.24 569.80 212.61 1944 5212 2 458

O2 814.13 334.09 975.33 1320.00 496.63 2287 5402 10 413
K2 613.67 172.48 619.16 1096.67 438.12 1485 4638 4 577
S 227.62 47.77 181.17 428.48 187.17 1249 4020 12 669
T 236.30 50.50 191.57 450.93 190.38 1413 4173 0 639
U 254.71 48.05 194.52 484.49 217.84 1243 3840 0 690
V 809.81 268.75 763.13 1464.19 568.92 1663 4606 0 458
W 403.58 132.63 385.69 721.04 280.92 1593 4657 0 473
X 254.79 92.22 255.60 438.86 171.12 1420 4698 2 428
Y 553.12 175.93 558.39 967.58 383.88 1461 4659 0 480
Z 240.02 52.90 203.74 456.83 190.66 1547 4238 0 670

AA 1484.73 602.79 1651.06 2469.39 913.42 2171 5265 30 315
Total 12,339.82 7429.56 12,012.46 17,489.41 5901.58 44,710 4704 96 14,777

In total, the time series of 2019 consists of 8760 data points, i.e., the hours of a non-leap
year. Across all wind farms, we observe a relatively small number of cut-out hours where
the wind speed was too high for the wind turbines and, thus, turned off. In the other
extreme, 506 hours on average per wind farm had too light wind conditions to generate
electricity. This corresponds to a share of 5.8% of all hours in 2019. However, on average,
each wind farm generates its rated power in 17.6% of all hours in 2019. In total across
all wind farms, this corresponds to 4704 full-load hours. To get a more detailed picture,
Figure 6 shows histograms of the hourly output power at Gwynt y Mor (C) and Kriegers
Flak (R). The U-shape visualizes the full-load hours on the right tail and the overpow-
ered/underpowered times and low wind hours in the left tail. E.g., we observe more hours
in the left tail at the Gwynt y Mor wind farm due to the higher proportion of lower winds
observed in Figure 2.
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(a) Histogram of generated power at wind farm Gwynt
y Mor (C).
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(b) Histogram of generated power at wind farm
Kriegers Flak (R).

Figure 6. Histograms of generated power from different wind farms in 2019.

Turning to the full time horizon, Figure 7 displays the full-load hours from 1980
to 2019 for selected wind farms. At closer inspection, we recognize two interesting aspects
in the figure. First, the number of full-load hours seems to be stationary over the years
for all wind farms. As a result, the order (by full-load hours) of the wind farms does not
significantly change over the years; i.e., the the full-load hours of all wind farms develop
parallel over time. Second, it seems that the position of the Gemini wind farm is by far
the most attractive. However, this is mainly driven by its relatively small wind turbines
(SWT 4.0–130), which reach their rated power slightly earlier than other turbines
(see, e.g., figures of the power curves in Appendix C). The full figure for all wind farms and
figures for mean production and variability (interquartile range) over the same time horizon
can be found in Appendix B.2. There, we observe the same co-monotonous movements,
whereas the absolute values in the figures seem to be mainly driven by the nominal power
of the wind farm.
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Figure 7. Full-load hours of selected wind farms from 1980 to 2019. Every line illustrates the yearly
full-load hours of one wind farm.
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3.2. Dependence Patterns

This section provides an overview of the correlation structure of synthetic power
series from different locations. Such dependence analysis is crucial, e.g., for modeling and
analyzing uncertainty in the sum of overall produced power and potential balancing effects
of geographically more widely distributed installations. For onshore turbines, such effects
are investigated, e.g., in [26,32,34,42]. In general, we observe that dependence and joint
distributional information across units or time are increasingly considered by researchers
contributing to the energy literature, such as, e.g., [43–46] in the forecasting context.

We study the correlation structure of the data to evaluate the overall potential to reduce
the offshore wind power variability by considering wind farms in diverse geographical
locations and with diverse technical specifications in Europe. Therefore, we first analyze
the correlation between wind speeds at different locations before turning to the correlations
of the resulting power output. Looking at both wind speed and power output enables
us to disentangle the effect of the turbines’ power curves from the effect of different
wind speeds at geographical locations. The correlation matrix of wind speeds is shown
in Figure 8.
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Figure 8. Correlation matrix of wind speed of considered wind farms. Shown are pairwise correlation
coefficients, each calculated from the two vectors of hourly wind speeds from the respective sites.
For clearer representation, the matrix elements are colored from dark blue (correlation is equal to −1)
to dark red (correlation is equal to 1).

At first glance, the correlation of wind speed ranges from 0.11 up to values of 1.0,
i.e., perfect correlation. It is notable that all correlations are positive, indicating a similar
behavior of wind speeds over all locations, which is driven by synoptic-scale weather
effects. Hence, no perfect balancing effects in energy production due to negative correla-
tions in wind speeds can be expected. Moreover, we observe that the wind speed at les
dYeu et de Noirmoutir (S) seems to be least dependent on the wind speeds of the other
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wind farms. This, by far the most southwestern location, is the only one in the Atlantic
Ocean. Indeed, a comparison with the distance matrix of the wind farms reveals that the
correlation is mainly dependent on the distances between the wind farms (the distance
matrix of wind farms is shown in Appendix A7). This is also illustrated in Figure 9, which
plots pairwise correlations of two sites against their distance. A fitted exponential model
ρ ∝ exp(−distance/D), results in a decay parameter D = 668.66 km and an intercept
of ρ = 1.02 for zero distance. Most interesting, this decay parameter is of similar size
as in studies for onshore locations. For example, refs. [32–34] found exponential decay
parameters of 305, 455, and 723 km, respectively. Here, refs. [32] used data from Texas,
while ref. [33] used European data and ref. [34] focused on Germany. Note that these
numbers should be compared with care, since the considered frequencies vary from 15 min
data over hourly data to data from one 10 min average every 3 h in those studies. However,
a characteristic difference we see compared to the onshore studies is that the intercept
of the fitted relationship is nearly 1. This has been around 0.9 for the onshore studies. This
result seems to be intuitive, since specific surface conditions or obstacles might reduce the
correlation between neighbored onshore locations, while this does not hold for offshore
locations, at least as long we abstract from the interaction between neighbored turbines.
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Figure 9. Pairwise correlation of wind speed vs. distance. Each point (blue) represents a pair of wind
farms in the data. The best fitting exponential model ρ ∝ exp(−distance/D) is shown by the red line.

In the second step of the dependence analysis, we analyze the correlation of derived
power signals from each wind farm (see Section 2 for the conversion of wind signals
to power signals). The corresponding correlation matrix is shown in Figure 10. Here, a sim-
ilar but slightly weaker correlation is observed. We explain this by the flattening effect
of cut-in speeds and nominal wind speeds in the time series.
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Figure 10. Correlation matrix of generated power of considered wind farms. Shown are pairwise
correlation coefficients, each calculated from the two vectors of hourly production data from the re-
spective sites. Again, for clearer representation, the matrix elements are colored from dark blue
(correlation is equal to −1) to dark red (correlation is equal to 1).

To sum up, the lower correlation values of power signals suggest that the geographic
diversification and technical details of wind farms lead to a reduced variance in the total en-
ergy production, i.e., balancing effects across wind farms and a more stable energy produc-
tion compared to the power output of a single wind farm. It now seems reasonable to look
at the CDF of the total energy generation from all wind farms. This graphical representation
of the data enables us to analyze the nature of the total energy generation in Europe, e.g.,
observing lower bounds of energy production or quantiles. The CDF of the total hourly
electricity generation in 2019 is shown in Figure 11. The figure displays the percentage
of total rated power versus the percentage of all hours in 2019. We observe that the 1%
quantile (5%/10%) of total power generation is 1772.27 MW (3165.34 MW/4415.74 MW),
which corresponds to 7.7% (13.7%/19.2%) of the rated power. This means that the con-
sidered wind farms generated more than 1.7 GW in 99% of the time and produced more
than 13.8% of the total rated power in 95% of the time. Such a high availability of offshore
wind energy production is particularly important at night, where other renewable energy
sources such as solar power produce less electricity.
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Figure 11. Cumulative distribution function of total power generation in percent and corresponding
5% quantile in 2019. Note that the CDF starts with a zero slope at the beginning, illustrating that
there are no hours without power production.

In general, the observed results from 2019 seem to indicate no exception over the
observed years in our study. In Figure 12, we show the 1%, 5%, and 10% quantile of total
power generation from 1980 to 2019. It is interesting to see that these quantiles remain
relatively stationary across years with no discernible trend structure or multi-year seasonal
variation. Moreover, we find that there are no hours without power generation and only
very few hours when the entire system collectively generates the rated power over the years
(the annual rated power hours vary around 20 throughout the data). These very few
observations of extreme situations in the system prove the overall balancing effect despite
observed positive correlations.
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Figure 12. The 1%, 5%, and 10% quantiles of total power production from 1980 to 2019. Every
line illustrates a quantile over the years derived from the yearly CDF of total power generation
analogously to the CDF shown in Figure 11 for 2019.

4. Conclusions

In this paper, we compile an openly available data set covering 40 years of hourly
wind speeds and synthetic historic production signals for the 29 biggest offshore wind
farms in Europe. More precisely, the data set contains data from 1980 to 2019 of already
operating wind farms as well as such under construction up to 2024. We provide detailed
information about the currently installed or planned wind turbine types and give analytical
expressions for the power curves. Furthermore, we present a first descriptive analysis of the
data and the joint electricity generation of these current offshore wind farms in Europe.
We find relative high volatility and intermittency at single locations with balancing potential
when interconnecting spatially more distant locations, since dependency patterns between
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locations prove to weaken with growing distance. We explain in detail how the wind
speed data set and production signals were generated based on the ERA5 data set [35], so
that researchers making use of our data may easily integrate more current data as soon
as available. The same holds for the planned extension of the historical period of the
ERA5 data set back to 1950, which would then also open up the possibility of doing very
long-term studies as well.
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Appendix A. Sources Information on Each Wind Farm

Table A1. Information sources for wind farms.

Wind Farm Information Source

A https://londonarray.com
B https://sserenewables.com/offshore-wind/operations/greater-gabbard/
C https://rwe.com/-/media/archive/ir-archiv/weitere-inhalte/downloads/Download-

aspx-pmid-4004961-datei-1.pdf
D https://orsted.de/gruene-energie/offshore-windenergie/unsere-offshore-windparks-

nordsee/
E https://orsted.co.uk/energy-solutions/offshore-wind/our-wind-farms
F https://walneyextension.co.uk/about-the-project#project-timeline-2018
G https://orsted.co.uk/energy-solutions/offshore-wind/our-wind-farms
H https://enbw.com/erneuerbare-energien/windenergie/unsere-windparks-auf-see/hohe-

see/
I https://powerplants.vattenfall.com/de/horns-rev/

https://orsted.com/en/our-business/offshore-wind/our-offshore-wind-farms
https://powerplants.vattenfall.com/de/horns-rev-3/

J https://www.beatricewind.com
K1 https://deme-group.com/news/turbine-installation-borssele-1-2-successfully-completed-

deploying-deme-offshores-unique
L https://www.nsenergybusiness.com/projects/seamade-offshore-wind-farm-north-sea/
M https://iberdrola.com/about-us/lines-business/flagship-projects/east-anglia-one-

offshore-wind-farm
N https://hornseaprojectone.co.uk
O1 https://www.blauwwind.nl/en/
P https://tritonknoll.co.uk/about-triton-knoll/
Q https://www.geminiwindpark.nl
R https://group.vattenfall.com/de/newsroom/news/2021/offshore-windpark-kriegers-flak-

fertiggestellt
O2 https://hornseaprojects.co.uk/hornsea-project-two

https://10.6084/m9.figshare.19139648
https://londonarray.com
https://sserenewables.com/offshore-wind/operations/greater-gabbard/
https://rwe.com/-/media/archive/ir-archiv/weitere-inhalte/downloads/Download-aspx-pmid-4004961-datei-1.pdf
https://rwe.com/-/media/archive/ir-archiv/weitere-inhalte/downloads/Download-aspx-pmid-4004961-datei-1.pdf
https://orsted.de/gruene-energie/offshore-windenergie/unsere-offshore-windparks-nordsee/
https://orsted.de/gruene-energie/offshore-windenergie/unsere-offshore-windparks-nordsee/
https://orsted.co.uk/energy-solutions/offshore-wind/our-wind-farms
https://walneyextension.co.uk/about-the-project#project-timeline-2018
https://orsted.co.uk/energy-solutions/offshore-wind/our-wind-farms
https://enbw.com/erneuerbare-energien/windenergie/unsere-windparks-auf-see/hohe-see/
https://enbw.com/erneuerbare-energien/windenergie/unsere-windparks-auf-see/hohe-see/
https://powerplants.vattenfall.com/de/horns-rev/
https://orsted.com/en/our-business/offshore-wind/our-offshore-wind-farms
https://powerplants.vattenfall.com/de/horns-rev-3/
https://www.beatricewind.com
https://deme-group.com/news/turbine-installation-borssele-1-2-successfully-completed-deploying-deme-offshores-unique
https://deme-group.com/news/turbine-installation-borssele-1-2-successfully-completed-deploying-deme-offshores-unique
https://www.nsenergybusiness.com/projects/seamade-offshore-wind-farm-north-sea/
https://iberdrola.com/about-us/lines-business/flagship-projects/east-anglia-one-offshore-wind-farm
https://iberdrola.com/about-us/lines-business/flagship-projects/east-anglia-one-offshore-wind-farm
https://hornseaprojectone.co.uk
https://www.blauwwind.nl/en/
https://tritonknoll.co.uk/about-triton-knoll/
https://www.geminiwindpark.nl
https://group.vattenfall.com/de/newsroom/news/2021/offshore-windpark-kriegers-flak-fertiggestellt
https://group.vattenfall.com/de/newsroom/news/2021/offshore-windpark-kriegers-flak-fertiggestellt
https://hornseaprojects.co.uk/hornsea-project-two
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Table A1. Cont.

Wind Farm Information Source

K2 https://morayeast.com/project
S https://eoliennesenmer.fr/facades-maritimes-en-france/facade-nord-atlantique-manche-

ouest/iles-d-yeu-et-noirmoutier
T https://iberdrola.com/about-us/lines-business/flagship-projects/saint-brieuc-offshore-

wind-farm
U https://nawindpower.com/construction-commences-on-the-fecamp-offshore-wind-farm

https://parc-eolien-en-mer-de-fecamp.fr/faq/
V https://vattenfall-hollandsekust.nl/en/wind-farm
W https://www.crosswindhkn.nl/
X https://iberdrola.com/about-us/lines-business/flagship-projects/baltic-eagle-offshore-

wind-farm
Y https://seagreenwindenergy.com/
Z https://eoliennesenmer.fr/facades-maritimes-en-france/facade-manche-mer-du-nord/

dieppe-le-treport
AA https://doggerbank.com

Appendix B. Descriptive Statistics for Various Time Horizons

Appendix B.1. Tables

Table A2. Descriptive statistics of synthetic power production at the wind farms for the year 1980.

Mean 0.25-Q 0.5-Q 0.75-Q SD R.-Power Full-L. Offs Null

A 344.79 112.90 352.29 606.51 236.14 1741 4807 0 519
B 254.20 72.57 234.46 450.94 185.57 916 4430 0 484
C 252.54 48.99 201.47 475.16 211.03 621 3851 0 636
D 299.59 83.37 263.12 576.73 223.25 2073 4521 0 462
E 412.30 248.01 493.28 600.00 204.32 3065 6036 3 182
F 286.71 86.33 256.74 538.89 208.22 1950 4612 0 516
G 360.69 104.29 377.10 642.68 250.81 1853 4881 1 527
H 456.37 194.59 493.10 760.00 279.67 2369 5274 0 220
I 270.95 78.79 274.75 489.47 190.09 1971 4788 2 492
J 374.69 92.72 335.09 697.14 287.31 927 4323 1 632

K1 305.48 81.07 298.45 550.93 222.47 1557 4563 0 595
L 454.37 169.26 533.23 752.00 285.74 2304 5307 1 470
M 277.42 103.44 319.37 464.00 175.70 2218 5251 1 484
N 371.11 115.21 358.96 668.18 264.69 1547 4565 2 482
O1 686.70 210.98 710.80 1214.39 464.26 2085 4952 0 466
P 391.59 126.07 386.09 697.35 271.91 1662 4702 1 459
Q 531.29 163.14 522.94 943.24 373.00 1531 4678 0 495
R 322.41 107.55 343.74 568.82 218.31 1950 4916 3 611

O2 825.74 310.27 997.41 1320.00 503.90 2708 5494 1 439
K2 629.07 179.07 644.88 1124.15 441.91 1761 4767 0 558
S 230.64 53.46 198.06 417.05 182.44 1176 4084 0 699
T 246.05 63.29 232.37 441.86 185.09 1295 4357 2 543
U 271.14 62.38 227.58 502.86 216.39 1163 4099 0 630
V 857.17 273.62 897.53 1525.67 584.28 1994 4889 4 460
W 419.06 129.04 431.50 748.93 287.49 1938 4849 2 452
X 238.41 66.44 219.24 435.08 177.01 1493 4408 5 576
Y 559.23 146.60 579.13 1008.16 399.38 1728 4723 3 703
Z 258.05 63.18 249.20 471.11 191.12 1642 4569 1 648

AA 1490.85 521.42 1745.25 2470.00 950.97 2551 5301 23 411
Total 12,678.62 7247.01 12,416.40 18,591.27 6369.48 51,789 4847 56 14,851

https://morayeast.com/project
https://eoliennesenmer.fr/facades-maritimes-en-france/facade-nord-atlantique-manche-ouest/iles-d-yeu-et-noirmoutier
https://eoliennesenmer.fr/facades-maritimes-en-france/facade-nord-atlantique-manche-ouest/iles-d-yeu-et-noirmoutier
https://iberdrola.com/about-us/lines-business/flagship-projects/saint-brieuc-offshore-wind-farm
https://iberdrola.com/about-us/lines-business/flagship-projects/saint-brieuc-offshore-wind-farm
https://nawindpower.com/construction-commences-on-the-fecamp-offshore-wind-farm
https://parc-eolien-en-mer-de-fecamp.fr/faq/
https://vattenfall-hollandsekust.nl/en/wind-farm
https://www.crosswindhkn.nl/
https://iberdrola.com/about-us/lines-business/flagship-projects/baltic-eagle-offshore-wind-farm
https://iberdrola.com/about-us/lines-business/flagship-projects/baltic-eagle-offshore-wind-farm
https://seagreenwindenergy.com/
https://eoliennesenmer.fr/facades-maritimes-en-france/facade-manche-mer-du-nord/dieppe-le-treport
https://eoliennesenmer.fr/facades-maritimes-en-france/facade-manche-mer-du-nord/dieppe-le-treport
https://doggerbank.com
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Table A3. Descriptive statistics of synthetic power production at the wind farms for the year 1990.

Mean 0.25-Q 0.5-Q 0.75-Q SD R.-Power Full-L. Offs Null

A 344.79 112.90 352.29 606.51 236.14 1741 4807 0 519
B 254.20 72.57 234.46 450.94 185.57 916 4430 0 484
C 252.54 48.99 201.47 475.16 211.03 621 3851 0 636
D 299.59 83.37 263.12 576.73 223.25 2073 4521 0 462
E 412.30 248.01 493.28 600.00 204.32 3065 6036 3 182
F 286.71 86.33 256.74 538.89 208.22 1950 4612 0 516
G 360.69 104.29 377.10 642.68 250.81 1853 4881 1 527
H 456.37 194.59 493.10 760.00 279.67 2369 5274 0 220
I 270.95 78.79 274.75 489.47 190.09 1971 4788 2 492
J 374.69 92.72 335.09 697.14 287.31 927 4323 1 632

K1 305.48 81.07 298.45 550.93 222.47 1557 4563 0 595
L 454.37 169.26 533.23 752.00 285.74 2304 5307 1 470
M 277.42 103.44 319.37 464.00 175.70 2218 5251 1 484
N 371.11 115.21 358.96 668.18 264.69 1547 4565 2 482
O1 686.70 210.98 710.80 1214.39 464.26 2085 4952 0 466
P 391.59 126.07 386.09 697.35 271.91 1662 4702 1 459
Q 531.29 163.14 522.94 943.24 373.00 1531 4678 0 495
R 322.41 107.55 343.74 568.82 218.31 1950 4916 3 611

O2 825.74 310.27 997.41 1320.00 503.90 2708 5494 1 439
K2 629.07 179.07 644.88 1124.15 441.91 1761 4767 0 558
S 230.64 53.46 198.06 417.05 182.44 1176 4084 0 699
T 246.05 63.29 232.37 441.86 185.09 1295 4357 2 543
U 271.14 62.38 227.58 502.86 216.39 1163 4099 0 630
V 857.17 273.62 897.53 1525.67 584.28 1994 4889 4 460
W 419.06 129.04 431.50 748.93 287.49 1938 4849 2 452
X 238.41 66.44 219.24 435.08 177.01 1493 4408 5 576
Y 559.23 146.60 579.13 1008.16 399.38 1728 4723 3 703
Z 258.05 63.18 249.20 471.11 191.12 1642 4569 1 648

AA 1490.85 521.42 1745.25 2470.00 950.97 2551 5301 23 411
Total 12,678.62 7247.01 12,416.40 18,591.27 6369.48 51,789 4847 56 14,851

Table A4. Descriptive statistics of synthetic power production at the wind farms for the year 2000.

Mean 0.25-Q 0.5-Q 0.75-Q SD R.-Power Full-L. Offs Null

A 330.43 85.73 319.67 605.82 243.07 1745 4607 5 742
B 246.78 54.30 223.85 453.10 191.02 901 4300 11 763
C 237.91 31.05 164.75 466.70 216.39 670 3628 1 934
D 321.11 94.44 311.38 582.00 225.96 2274 4846 6 476
E 422.61 250.99 534.79 600.00 206.43 3453 6187 21 223
F 276.10 65.28 238.59 540.44 214.37 2033 4441 9 683
G 336.35 64.53 313.06 641.23 261.05 1926 4552 2 858
H 479.19 204.63 566.49 760.00 282.16 2660 5538 9 235
I 287.59 93.78 316.70 497.00 190.72 2224 5082 23 466
J 418.59 124.96 435.82 733.31 289.59 1211 4829 30 505

K1 288.82 63.43 264.44 535.30 224.38 1527 4314 7 758
L 447.32 140.77 535.38 752.00 296.01 2413 5225 13 660
M 271.37 79.86 317.56 464.00 182.59 2303 5137 17 713
N 363.66 81.04 343.69 679.65 276.49 1647 4473 14 752
O1 673.38 175.35 686.30 1218.00 481.72 2278 4856 12 608
P 383.41 96.02 377.91 705.43 281.27 1660 4604 15 723
Q 511.52 119.41 484.42 959.55 385.91 1739 4504 7 616
R 316.05 88.89 338.61 559.78 220.60 1774 4819 14 564

O2 802.01 256.79 969.98 1320.00 523.91 2840 5337 13 586
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Table A4. Cont.

Mean 0.25-Q 0.5-Q 0.75-Q SD R.-Power Full-L. Offs Null

K2 594.70 140.48 572.58 1099.54 446.35 1723 4507 10 720
S 225.21 40.28 179.59 431.37 189.01 1296 3988 5 796
T 246.18 53.64 231.42 451.99 189.14 1367 4359 1 702
U 271.14 58.01 237.82 499.41 216.43 1230 4099 3 722
V 855.14 218.80 904.52 1535.63 602.40 2082 4877 28 577
W 417.46 100.27 442.30 757.59 298.64 2116 4831 24 608
X 235.90 59.80 229.77 423.12 176.58 1283 4362 14 610
Y 532.94 122.23 511.90 998.37 402.55 1770 4501 5 662
Z 257.78 61.86 257.75 470.46 190.55 1630 4565 4 755

AA 1470.09 469.18 1701.90 2470.00 969.33 2730 5228 46 487
Total 12,520.72 6594.40 12,598.43 18,722.44 6597.89 54,505 4786 369 18,504

Table A5. Descriptive statistics of synthetic power production at the wind farms for the year 2010.

Mean 0.25-Q 0.5-Q 0.75-Q SD R.-Power Full-L. Offs Null

A 297.16 77.74 255.68 536.33 229.23 1033 4131 0 732
B 212.35 43.45 170.07 387.56 177.54 426 3690 0 743
C 179.36 25.02 106.46 287.69 186.03 296 2727 1 949
D 271.47 76.05 221.49 502.82 213.37 1451 4086 3 616
E 390.13 221.71 436.01 600.00 204.11 2312 5695 11 217
F 234.95 54.89 177.55 422.18 198.55 1237 3769 3 637
G 278.97 50.50 211.46 543.57 242.27 966 3765 14 837
H 422.74 169.20 418.22 726.73 273.73 1702 4872 6 250
I 251.39 73.50 239.53 446.43 182.78 1395 4431 4 520
J 371.75 89.82 350.85 663.05 279.64 525 4277 0 614

K1 262.12 44.47 212.56 495.58 221.59 1239 3905 1 889
L 387.62 95.81 375.97 703.41 287.56 1489 4515 1 684
M 236.13 56.44 224.64 429.94 176.83 1420 4458 0 692
N 308.75 70.03 250.92 545.66 254.13 892 3788 2 671
O1 579.98 138.60 500.78 1066.14 453.45 1358 4171 8 544
P 327.25 73.12 274.23 587.32 264.07 944 3918 0 669
Q 438.56 98.34 354.71 785.40 359.21 979 3851 0 564
R 308.15 80.08 322.51 555.51 222.81 1694 4686 0 745

O2 715.67 200.20 739.36 1285.54 507.17 1864 4749 9 519
K2 541.84 99.30 463.71 1031.34 442.61 1410 4095 3 836
S 222.43 50.26 185.14 401.77 179.76 992 3928 5 621
T 228.96 57.56 194.90 410.06 179.97 950 4043 0 609
U 239.08 53.91 186.55 419.59 202.60 731 3604 0 697
V 709.00 178.53 593.40 1292.82 564.10 1197 4033 9 592
W 351.20 88.85 298.82 628.08 277.06 1200 4053 8 545
X 233.55 52.78 217.79 427.16 179.11 1299 4307 0 733
Y 501.54 120.08 457.87 904.03 385.89 1238 4224 0 748
Z 226.93 46.91 192.11 412.96 182.42 1017 4007 0 759

AA 1304.99 380.17 1239.56 2408.34 938.00 1868 4628 12 444
Total 11,034.01 6089.92 10,368.24 15,676.43 5770.34 35,124 4206 100 18,676



Energies 2022, 15, 1700 18 of 25

Appendix B.2. Figures
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Figure A1. Full-load hours of all wind farms from 1980 to 2019. Every line illustrates the yearly
full-load hours of one wind farm.
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Figure A2. Mean production of selected wind farms from 1980 to 2019. Every line illustrates the yearly
mean production of one wind farm.



Energies 2022, 15, 1700 19 of 25

1980 1985 1990 1995 2000 2005 2010 2015 2020

200

400

600

800

1000

1200

1400

1600

M
ea

n 
El

ec
tri

ci
ty

 P
ro

du
ct

io
n 

in
 [M

W
] p

er
 Y

ea
r

London_Array
Greater_Gabbard
Gwynt_y_Mor
Gode_Wind
Gemini
Race_Bank
Walney
Borkum_Riffgrund

Hohe_See
Horns_Rev
Beatrice
Borssele_(Phase_1,2)
Seamade
East_Anglia_One
Hornsea_(Project_1)

Borssele_(Phase_3,4)
Triton_Knoll
Kriegers_Flak
Hornsea_(Project_2)
Moray_Firth
Iles_dYeu_et_de_Noirmoutir
Baie_de_Saint_Brieuc

Hautes_Falaises
Hollandse_Kust_Zuid
Hollandse_Kust_Noord
Baltic_Eagle
Seagreen
Dieppe_et_Le_Treport
Dogger_Bank_(Phase_A,B)

Figure A3. Mean production of all wind farms from 1980 to 2019. Every line illustrates the mean
production of one wind farm.
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Figure A4. Interquartile range of selected wind farms from 1980 to 2019. Every line illustrates
the yearly interquartile range (IQR) of one wind farm.
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Figure A5. Interquartile range of all wind farms from 1980 to 2019. Every line illustrates the yearly
interquartile range (IQR) of one wind farm.

Appendix C. Power Curves of Wind Turbines

0 5 10 15 20 25
Wind speed in [m/s]

0.0

2.5

5.0

7.5

10.0

12.5

Po
w

er
 in

 [M
W

]

1 = 0.006, 1 = 0.048
1 = -0.246, 1 = 0.155

2 = -0.045, 2 = 1.323
2 = -11.007, 2 = 30.622

=9

HALIADE-X 13 (13.0 MW)

(a) Power curve of wind turbine HALIADE-X
13.
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SG 11.0-200 DD (11.0 MW)

(b) Power curve of wind turbine SG 11.0-200
DD (estimated from V164-9.5).
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(c) Power curve of wind turbine SWT-3.6-107.
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(d) Power curve of wind turbine SWT-3.6-120.

Figure A6. Cont.
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SWT-4.0-120 (4.0 MW)

(e) Power curve of wind turbine SWT-4.0-120.
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SWT-4.0-130 (4.0 MW)

(f) Power curve of wind turbine SWT-4.0-130.

0 5 10 15 20 25
Wind speed in [m/s]

0

1

2

3

4

5

6

Po
w

er
 in

 [M
W

]

1 = 0.004, 1 = -0.008
1 = 0.1, 1 = -0.303

2 = -0.0, 2 = 0.005
2 = 0.168, 2 = 3.354

=12

SWT-6.0-154 (6.0 MW)

(g) Power curve of wind turbine SWT-6.0-154.
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SWT-7.0-154 (7.0 MW)

(h) Power curve of wind turbine SWT-7.0-154.
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V80-2.0 (2.0 MW)

(i) Power curve of wind turbine V80-2.0.
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V164-8.0 (8.0 MW)

(j) Power curve of wind turbine V164-8.0.
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(k) Power curve of wind turbine V164-8.25
(estimated from V164-9.5).
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(l) Power curve of wind turbine V164-9.0 (es-
timated from V164-9.5).
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Figure A6. Power curves of wind turbines used in the study.

Appendix D. Distance Matrix of Wind Farms

We calculated the distance based on their positions assuming that the Earth is a sphere.
Thus, we model the Earth with a radius of r = 6370 km and calculated the distance d(A, B)
of two points A and B by

d(A, B) = r ∗ arccos
(

sin[latitude(A)] ∗ sin[latitude(B)]

+ cos[latitude(A)] ∗ cos[latitude(B)]

∗ cos[longitude(B)− longitude(A)]

)
with angles expressed in radians.
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Figure A7. Distance matrix of wind speed of considered wind farms. Shown are pairwise dis-
tances in 100 km, each calculated from the two positions from the respective sites in the ERA5 grid.
For clearer representation, the matrix elements are colored from dark red (same position) to dark blue.
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