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Abstract.

As many coastal regions experience a rapid increase in offshore wind farm installations, inter-farm distances become smaller

with a tendency to install larger turbines at high capacity densities. It is however not clear how the wake losses in wind farm

clusters depend on the characteristics and spacing of the individual wind farms. Here, we quantify this based on multiple

COSMO-CLM simulations, each of which assumes a different, spatially invariant combination of the turbine type and capacity5

density in a projected, future wind farm layout in the North Sea. An evaluation of the modelled wind climate with mast and

lidar data for the period 2008–2020 indicates that the frequency distributions of wind speed and wind direction at turbine

hub height are skillfully modelled and the seasonal and inter-annual variations in wind speed are represented well. The wind

farm simulations indicate that for a capacity density of 8.1 MW km−2
::::::
typical

:::::::
capacity

::::::
density

:
and for SW-winds, inter-farm

wakes can reduce the capacity factor at the inflow edge of wind farms from 59% to between 54% and 30% depending on the10

proximity, size and number of the upwind farms. However, the long-term impact of wake losses in and between wind farms is

mitigated by adopting next-generation, 15 MW wind turbines instead of 5 MW turbines, as the layout-integrated, annual energy

production (AEP) in the simulation increases by over 27% at the same capacity density. In contrast, the
:::
The

:
efficiency losses

due to
::::
intra-

::::
and

::::::::
inter-farm

:
wakes become larger with increasing capacity density as the layout-integrated, annual capacity

factor varies between 51.8% and 38.2% over the considered range of 3.5 to 10 MW km−2.
:::::
Also,

:::
the

::::::::
simulated

::::::::
efficiency

:::
of15

::
the

:::::
wind

::::
farm

::::::
layout

::
is

::::::
greatly

:::::::
impacted

:::
by

::::::::
switching

:::::
from

:
5
::::
MW

:::::::
turbines

::
to

::::::::::::::
next-generation,

::
15

::::
MW

::::::::
turbines,

::
as

:::
the

::::::
annual

:::::
energy

::::::::::
production

:::::::
increases

:::
by

::::
over

::::
27%

::
at

:::
the

:::::
same

:::::::
capacity

:::::::
density. In conclusion, our results show that the wake losses in

future wind farm clusters are highly sensitive to the inter-farm distances and the capacity densities of the individual wind farms

and that the evolution of turbine technology plays a crucial role in offsetting these wake losses.
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1 Introduction20

The global capacity of offshore wind technologies has increased more than tenfold over the previous decade as part of the

urgent transition to low-emission energy systems (IPCC, 2022). In 2021, the unprecedented commissioning of over 17 GW of

offshore wind capacity pushed the cumulative, global capacity past 50 GW (Musial et al., 2022). In Europe, hosting more than

half of that global offshore capacity, annual growth rates are expected to surpass 4 GW per year in 2023 (Komusanac et al.,

2021). At the same time, the size and capacity of individual turbines are increasing, with a global average rating of 7.4 MW25

(8.5 MW in Europe) in 2021 compared to 3.3 MW in 2011 (Komusanac et al., 2021; Musial et al., 2022). As wind turbines

offshore are organized in arrays, the total efficiency is impacted by turbine-to-turbine wake effects which strongly depend

on the inter-turbine spacing and the size of the wind farm (e.g. Meyers and Meneveau, 2012; Stevens et al., 2016; Antonini

and Caldeira, 2021). Currently, limited space and the urgent decarbonization of electricity systems lead to the installation and

planning of very dense wind farms (capacity density > 10 MW km−2) and exceptionally large wind farms (capacity > 1 GW)30

that are strongly impacted by these turbine interactions (Borrmann et al., 2018; Komusanac et al., 2020; EMODnet, 2022). On

top of that, hotspots such as the North Sea are becoming more densely built (Matthijsen et al., 2018), which amplifies the risk

of inter-farm interference through far-field wind farm wakes. These can extend several tens of kilometers (Platis et al., 2018;

Schneemann et al., 2020) and can lead to considerable reductions in the wind resource (e.g. Lundquist et al., 2019; Akhtar

et al., 2021; Munters et al., 2022). These developments raise questions on the magnitude of intra- and inter-farm wake losses in35

a future, densely clustered wind farm layout including large wind farms. Mesoscale models have been applied to illustrate the

strongly reduced efficiency of very large wind farms (e.g. Volker et al., 2017; Antonini and Caldeira, 2021; Pryor et al., 2021)

and how this depends on the turbine spacing (Volker et al., 2017), but also how wind farms can significantly alter the energy

yield of neighbouring wind farms (e.g. Akhtar et al., 2021; Fischereit et al., 2022b). In this study, we aim to complement the

existing work by quantifying how the long-term effect of wake losses in a hypothetical, future North Sea wind farm layout40

depends on the characteristics of the individual wind farms and on the inter-farm distances. Concretely, this is done based

on a set of continuous simulations for one representative wind year, with each simulation including a different, but spatially

invariant combination of the turbine type and capacity density for the wind farms in a projected, future wind farm layout.

Although the WRF model is the most commonly used mesoscale model for wind energy applications (Fischereit et al.,

2022a), it is important to involve several mesoscale models to determine whether signals are robust, especially when going to45

climatological timescales. In this study, we make use of the regional climate model COSMO-CLM which has previously been

applied for mesoscale wind farm simulations (Chatterjee et al., 2016; Akhtar et al., 2021; Akhtar et al., 2022) and also for the

modelling of wind and wind resources of the past (e.g. Reyers et al., 2015; Geyer et al., 2015; Li et al., 2016) and future (e.g.

Nolan et al., 2014 ; Santos et al., 2015; Reyers et al., 2016). The quality of mesoscale wind farm simulations relies heavily on

the accurate simulation of the background wind climate, which is why these models are typically evaluated with in situ, lidar50

and/or satellite data (e.g. Hahmann et al., 2015; van Stratum et al., 2022, Dirksen et al., 2022). The COSMO-CLM model has

been shown to skilfully reproduce winds from LES (Chatterjee et al., 2016) and measurements by offshore masts (Geyer et al.,

2015; Akhtar et al., 2021). However, these evaluations have only considered a limited number of datasets and time periods.
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Therefore, an additional objective of this study is to extend the evaluation of COSMO-CLM based on a large set of multi-year,

spatially distributed mast and wind lidar data and a satellite product covering most of the North Sea. With the focus on the55

wind resource, the evaluation includes metrics of power production derived from the modelled and measured wind speed data.

2 Data and methods

2.1 Model description

The development of the regional climate model COSMO-CLM (COSMO version 5.0, CLM version 15) is a joint effort be-

tween the COnsortium for Small-scale MOdelling (COSMO) and the Climate Limited-area Modelling community (CLM-60

Community) (Rockel et al., 2008). The Runge-Kutta dynamical core solves the non-hydrostatic, compressible hydro-thermodynamical

equations on a rotated latitude-longitude grid (Doms and Baldauf, 2013). Several coordinate systems are available in the vertical

dimension, of which we used the height-based, terrain-following coordinate with grid stretching. Additional physical processes

were represented with available parametrizations: for subgrid-scale turbulence the standard choice was adopted, which is the

one-dimensional diagnostic closure scheme (level 2.5) which is based on a prognostic TKE equation after Mellor and Yamada65

(1982) (Raschendorfer, 2001). Surface �uxes were also parametrized and are coupled to the included multi-layer soil model,

TERRA-ML. Also parametrizations for grid-scale clouds and precipitation, moist convection and radiative processes were in-

cluded (Doms et al., 2013). An extensive description of the model system is available in the documentation (e.g. Doms and

Baldauf, 2013).

The simulation domain covered a large fraction of the North Sea with a horizontal grid spacing of 0.025° (� 2.8 km) (Fig. 1).70

In the vertical dimension, 61 levels were used up to an elevation of 22 km with a spacing of approximately 20 meters near the

surface and 30 meters at turbine hub height. The relaxation zone at the lateral boundaries was set to a width of 40 km, whereas

the spin-up zone was considered an additional 73 km wide, in agreement with the recommendations of Matte et al. (2017). The

remaining inner part of the simulation domain was considered for the evaluation and analysis (Fig. 1). The ERA5 reanalysis

(Hersbach et al., 2020) was used as forcing at the boundaries with updates every hour. No additional nesting stages were used,75

in line with results from Brisson et al. (2015). At the meso-
 scale, the model resolution partly allows the explicit development

of deep convection so that only shallow convection was parametrized according to the scheme of Tiedtke (1989). Switching

of the deep convection parametrization on this resolution has previously been shown not to degrade COSMO simulations

(Vergara-Temprado et al., 2020). In COSMO5.0, the TKE advection term in the prognostic equation is only included for the

experimental, LES-type turbulence schemes. With the focus on wind farm wake development in the second part of this study,80

we implemented the TKE advection term for the standard turbulence scheme in COSMO5.0 based on version 5.01.

Speci�c to this study, we also employed the Fitch wind farm parametrization (Fitch et al., 2012), that has been implemented

in COSMO5-CLM15 (Chatterjee et al., 2016; Akhtar and Chatterjee, 2020). This additional module represents the wind farm

forcing on the atmosphere as a sink of kinetic energy and a source of TKE. Although it has been suggested to reduce the TKE

coef�cient in the parametrization based on a comparison with large eddy simulations (LES) (Archer et al., 2020), the original85

value was retained in this study, as other studies did not �nd that this leads to better performance (Siedersleben et al., 2020;
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Larsén and Fischereit, 2021). Several other wind farm parametrizations exist (Fischereit et al., 2022a) and it has been shown that

the modelled wind speed de�cits inside and behind a wind farm can vary substantially from the Fitch WFP (Ali et al., 2023).

However, validation of the Fitch WFP with offshore masts, lidars and airborne measurements in the wake of a wind farm

has shown very good performance for HARMONIE-AROME as wind speed biases are strongly reduced (van Stratum et al.,90

2022; Dirksen et al., 2022). This good performance has also been determined in WRF by comparing to offshore masts (Garcia-

Santiago et al., 2022) and in COSMO-CLM by comparing to LES (Chatterjee et al., 2016) and airborne measurements (Akhtar

et al., 2021). Also wind speed reductions inside of a wind farm have been shown to agree well with airborne measurements (Ali

et al., 2023), mast measurements (Dirksen et al., 2022) and RANS simulations (Fischereit et al., 2021). Moreover, comparisons

with other WFP schemes show that Fitch generally outperforms these other schemes, both inside a wind farm and in the farm95

wake (Fischereit et al., 2021; Ali et al., 2023). For a detailed overview of the performance validation of this parametrization,

we refer to the review of Fischereit et al. (2022a).

4




