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Abstract. The mid-Atlantic will experience rapid wind plant development due to its promising wind resource
located near large population centers. Wind turbines and wind plants create wakes, or regions of reduced wind
speed, that may negatively affect downwind turbines and plants. We evaluate wake variability and annual energy
production with the first yearlong modeling assessment using the Weather Rescarch and Forecasting model,
deploying 12MW turbines across the domain at a density of 3.14 MW km™2, matching the planned density
of 3MW km™2. Using a series of simulations with no wind plants, one wind plant, and complete build-out of
lease areas, we calculate wake effects and distinguish the effect of wakes generated internally within one plant
from those generated externally between plants. We also provide a first step towards uncertainty quantification by
testing the amount of added turbulence kinetic energy (TKE) by 0 % and 100 %. We provide a sensitivity analysis
by additionally comparing 25 % and 50 % for a short case study period. The strongest wakes, propagating 55 km,
occur in summertime stable stratification, just when New England’s grid demand peaks in summer. The seasonal
variability of wakes in this offshore region is much stronger than the diurnal variability of wakes. Overall,
yearlong simulated wake impacts reduce power output by a range between 38.2 % and 34.1 % (for 0 %—100 %
added TKE). Internal wakes cause greater yearlong power losses, from 29.2 % to 25.7 %, compared to external
wakes, from 14.7 % to 13.4 %. The overall impact is different from the linear sum of internal wakes and external
wakes due to non-linear processes. Additional simulations quantify wake uncertainty by modifying the added
amount of turbulent kinetic energy from wind turbines, introducing power output variability of 3.8 %. Finally,
we compare annual energy production to New England grid demand and find that the lease areas can supply
58.8 % to 61.2 % of annual load. We note that the results of this assessment are not intended to make nor are they
suitable to make commercial judgments about specific wind projects.

(Bodini et al., 2019) and fast winds, with 100 m winds av-

The US offshore wind industry is flourishing, with a tar-
get capacity of 30GW by 2030 (FACT SHEET, 2023).
New England features the highest population density in the
United States and commensurate utility usage, making off-
shore wind an attractive regional electricity source. A total
of 27 active lease areas now span the mid-Atlantic Outer
Continental Shelf (OCS). The OCS features low turbulence

eraging 10ms~! (Musial et al., 2016). Consequently, large
wind plants will be constructed to harness the ample wind
resource.

Meteorological conditions and construction challenges
constrain siting options for large wind plants. Because the
average wind direction is southwesterly (Bodini et al., 2019),
a southwest-to-northeast wind plant orientation mitigates ex-
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ternal waking from neighboring plants. Further, preserving
efficient vessel transit, upholding common fishery practices,
and prioritizing safe Coast Guard search-and-rescue oper-
ations necessitate 1 x 1 nm corridors (W.F. Baird & Asso-
ciates, 2019). Considering these constraints, wind plants will
be densely packed into clusters.

Densely packed clusters produce wakes that adversely af-
fect downwind turbines (Nygaard, 2014; Platis et al., 2018;
Lundquist et al., 2019; Schneemann et al., 2020). Wakes are
plumes downwind of turbines with slower wind speeds and
increased turbulence. Mid-Atlantic wakes induced by large
wind plants could impose wind speed deficits up to 2ms™!
(Pryor et al., 2021; Golbazi et al., 2022). Wind speed deficits
can be replenished by wake recovery in which turbulence en-
trains momentum from aloft into the waked zone (Stevens
et al., 2016; Gupta and Baidya Roy, 2021). However, sta-
bly stratified conditions suppress mixing for wake recovery
(Fitch et al., 2013; Vanderwende et al., 2016; Porté-Agel
et al., 2020). Under certain conditions, mid-Atlantic wakes
could propagate 100 km or more (Pryor et al., 2021; Golbazi
et al., 2022; Stoelinga et al., 2022).

Wake characteristics have been evaluated using physics-
based models of varying complexity. High-fidelity meth-
ods include computational fluid dynamics models solving
Reynolds-averaged Navier—Stokes equations (Antonini et al.,
2020); large-eddy simulations resolving the turbine rotor as
an actuator disk (Mirocha et al., 2014; Aitken et al., 2014;
Shapiro et al., 2019; Arthur et al., 2020); and mesoscale
models parameterizing a hub-height momentum sink, some-
times including a turbulence source (Fitch et al., 2013; Volker
et al., 2015; Archer et al., 2020; Gupta and Baidya Roy,
2021), as reviewed by Fischereit et al. (2022). Pryor et
al. (2021) characterized mid-Atlantic wake impacts using
mesoscale modeling of 55 simulation days. They examined
modified wind plant layouts of 15 MW turbines under differ-
ent flow scenarios, considering power densities between 2.1
and 4.34 MW km~2. Stoelinga et al. (2022) estimated wake
impacts using 15 MW turbines and 16 simulation days under
typical southwesterly flow. Golbazi et al. (2022) considered
summertime wakes with three scales of turbines to consider
surface impacts. Finally, Rybchuk et al. (2022) addressed the
sensitivity to wake characteristics under idealized conditions
by varying planetary boundary layer (PBL) schemes.

In this work, we assess intra-plant and inter-plant
wakes throughout the mid-Atlantic OCS using a yearlong
mesoscale modeling study. The results of this assessment are
not intended to make nor are they suitable to make commer-
cial judgments about specific wind projects. The simulations
use the Weather Research and Forecasting (WRF) model
version 4.2.1 (Skamarock et al., 2019). One set of simula-
tions runs with no wind farms (NWF) as a control, validated
with lidar measurements, while the others use the Fitch wind
farm parameterization (WFP) (Fitch et al., 2012, with up-
dates described by Archer et al., 2020) to incorporate turbine
effects. Our simulations incorporate 12 MW turbines and a
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power density of 3.14 MW km~2. Simulations employ dif-
ferent wind plant layouts, including one representative lease
area alone (ONE) within the Rhode Island—Massachusetts
(RIMA) block, all lease areas (LA), and the lease areas plus
the call areas (CA), to assess different waking scenarios (Ta-
ble 1). WFP simulations run separately by added turbulent
kinetic energy (TKE) amount, including 0% added TKE
(TKE_0) and 100 % added TKE (TKE_100) to quantify the
full range of uncertainty. NWF, ONE, and LA simulations
run from 1 September 2019 to 1 September 2020 to cap-
ture a full year with available lidar measurement data. Due to
computational costs, CA simulations focus on the summer-
time stable period from 1 September to 31 October 2019 and
1 July to 31 August 2020 (Table 1). This time period high-
lights wake impacts during months with presumed frequent
stable stratification and high electricity demands (Livingston
and Lundquist, 2020) as a worst-case scenario.

The remainder of this article is structured as follows. Sec-
tion 2 introduces the model setup and configuration, model
validation, and the analysis methods. Section 3 discusses
variability in stratification, wakes, and power production.
Section 4 concludes the work and offers recommendations
for future work.

2 Methods

2.1 WRF modeling setup

We assess the effects of wakes and power production across
the mid-Atlantic OCS using numerical weather prediction
simulations with WRF version 4.2.1 and the WFP (Fitch et
al., 2012). Version 4.2.1 allows for modifying the amount of
TKE produced by wind turbines and ensures turbulence ad-
vection (Archer et al., 2020). Two nested domains comprise
6 and 2 km horizontal resolutions (Pronk et al., 2022; Xia et
al., 2022; Bodini et al., 2023; Redfern et al., 2023), respec-
tively, and the inner nest begins 20 grid cells into the par-
ent domain (Fig. 1). This same domain and period of study
have been used to explore interactions between power pro-
duction and sea breezes (Xia et al., 2022). Fine vertical res-
olution (10 m) near the surface stretches aloft, with 17 levels
within the lowest 200 m as recommended by Tomaszewski
and Lundquist (2020). We choose an 18 s time step in the
outer domain, 54 vertical levels, a 5000 Pa top, simple dif-
fusion, and damping 6000 m below the model top to prevent
gravity wave reflection. Hourly 30 km initial and boundary
conditions are provided by the European Centre for Medium-
Range Weather Forecasts (ECMWF) fifth-generation reanal-
ysis (ERAS) data set (Hersbach et al., 2020). Sea surface
temperature is provided by the UK Met Office Operational
Sea Surface Temperature and Sea Ice Analysis (OSTIA) data
set (Donlon et al., 2012). We choose the Noah land surface
model (Niu et al., 2011), the Mellor—Yamada—Nakanishi and
Niino level 2.5 PBL and surface layer (Nakanishi and Ni-
ino, 2006), new Thompson microphysics (Thompson et al.,
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Table 1. Summary of WRF simulations.

Simulation type Abbreviation  Turbine type  Period Added TKE amount  No. of turbines
No wind farms NWF n/a Sep 2019-Sep 2020  n/a 0
One wind farm only ONE 12MW Sep 2019-Sep 2020 0% and 100 % 177
Lease areas LA 12MW Sep 2019-Sep 2020 0 % and 100 % 1418
Call areas CA 12MW Sep 2019-Nov 2019 100 % 3219

Jul 2020-Sep 2020

n/a: not applicable

2008), and the rapid radiative transfer model longwave and
shortwave radiative transfer (Iacono et al., 2008) schemes.
The Kain—Fritsch cumulus scheme parameterizes cloud mi-
crophysics in the outer domain only (Kain, 2004).

2.2 Wind turbine layouts

Wind turbines are sited within lease areas offshore of the US
East Coast (Fig. 1) as defined by the Bureau of Ocean Energy
Management (Bureau of Ocean Energy Management, 2023).
Following realistic deployment strategies, we site individual
turbines 1 nm, or 8.6 rotor diameters, apart and an additional
0.5 nm from lease area boundaries (W.F. Baird & Associates,
2019; Beiter et al., 2020; Walter Musial, personal communi-
cation, September 2020). This layout provides a power den-
sity of 3.14 MW km™2. Lower power densities in US waters
reflect wake concerns in Europe and the need to increase tur-
bine spacing for wake replenishment. Areas that had already
been approved for development are denoted as the lease ar-
eas. Areas where competitive interest was yet to be deter-
mined are denoted as the call areas. Both lease areas and call
areas are filled to spatial capacity with turbines (Fig. 1), rec-
ognizing renewable energy targets (218th Legislature, 2018).

2.3 Wind turbine characteristics

For our simulations, we parameterize 12 MW turbines which
are scaled by Beiter et al. (2020) from a 15 MW reference
turbine with a 138 m hub height and 215 m rotor diameter.
The power and thrust coefficient curves were held constant
from the 15 MW machine. The rotor diameter was scaled
to maintain a specific power of 332 W m™2, which is the
same as the reference 15 MW turbine. Then, the hub height
was determined such that a 30 m gap was maintained be-
tween the lower bound of the rotor tip and the sea sur-
face. No power is produced in region 1 of the power curve,
from Oms~! to cut-in wind speed (3ms~!). In region 2 of
the power curve, power production increases between cut-in
wind speed and rated speed (11 ms™!). In region 3, between
rated and cut-out wind speed (30 m s~1), an increase in wind
speed no longer yields additional power production (Beiter
et al., 2020) (Fig. 2a).
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2.4 Wind farm parameterization

We use the WFP (Fitch et al., 2012) to incorporate the effects
of wind turbines on the 2 km grid. Horizontal wind speed re-
duction from turbine drag (Eq. 1), power production (Eq. 2),
and turbulence generation (Fitch et al., 2012; Archer et al.,
2020) (Eq. 3) are calculated in the WFP from the following:

8IVIx _ NiyCr(IVIi) IV I3 Ak

, (1

ot 2(Zk+1 —2k)
8Py NijCp (|V|ijk)|V|i3jkAijk )
st 2(Zk+1 — 2k) ’ @
STKE;jx  NijCTkE (IVlijk) |V|,'3jkAijk 3
st 2(Zk+1— 2k) ’ ©)

where i, j, and k represent Cartesian model coordinates;
Cr (|V| i jk) is the wind-speed-dependent thrust coefficient;
|V| is the wind speed at turbine hub height; p is the air
density; A;ji is the rotor-swept area; N;; is the number
density of turbines in grid cell ij; Cp (|V|l»jk) is the wind-
speed-dependent power coefficient; zx is the height of verti-
cal model level k; and Ctkg is the fraction of energy con-
verted to TKE (Fitch et al., 2012). These values are calcu-
lated at each model level, as the use of a rotor-equivalent
wind speed generally exerts a minor effect (Redfern et al.,
2019).

The thrust and power coefficients (Ct and Cp, respec-
tively) vary with wind speed as defined by wind turbine man-
ufacturers (Fig. 2b). The thrust coefficient Ct is the non-
dimensionalized thrust force exerted by wind on the rotor-
swept plane (Burton et al., 2011).

The power coefficient, Cp, governs the fraction of rotor
kinetic energy converted into electrical power. This conver-
sion is not perfectly efficient due to electrical and mechanical
losses (Fitch et al., 2012; Archer et al., 2020). The leftover
fraction of energy (Eq. 4) from the difference between Ct
and C,, is transformed into turbulence, CtkE.

Crkg =Cr—Cp 4)

Because electromechanical losses are not represented by the
WPEP, all leftover energy converts to TKE, so the TKE may be
overestimated (Fitch et al., 2012; Archer et al., 2020). Some
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Figure 1. Simulation Domain 1 includes the entire region, and Simulation Domain 2 is outlined by the black rectangle. Each dot represents a
wind turbine. Wind energy lease areas are shown in gray and call areas in blue. The red square zooms in on the Rhode Island—Massachusetts
block of lease areas. The E05 (triangle) and E06 (diamond) floating lidars are shown in red. Atmospheric stratification is assessed at the red
X. Wake propagation distances are assessed along the dashed black lines.
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Figure 2. Characteristics of the 12 MW scaled turbine used herein. (a) The power curve and (b) curves showing the thrust coefficients (Ct;
dashed orange) and the power coefficients (Cp; solid black) with wind speed across the x axis.

researchers suggest this TKE term is unnecessary (Volker et
al., 2015), although comparisons to large-eddy simulations
(Vanderwende et al., 2016) and observations (Siedersleben
et al., 2020) suggest the turbine-produced TKE is critical to
include. Any overestimation of TKE would enhance turbu-
lent mixing, thereby exaggerating turbulent transport of mo-
mentum that causes wake recovery and overestimating power
production. Therefore, Archer et al. (2020) propose reducing
CtkE to 25 %. For these simulations, we bound this uncer-
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tainty by carrying out simulations with 100 % and 0 % added
TKE (Fig. Al). TKE advection is turned on.

2.5 Observations

We compared the NWF simulation to observations of off-
shore wind profiles. Two buoy-mounted meteorological
ocean observing systems, denoted E05 and E06, are located
within the Hudson North and Hudson South call areas of the
New York Bight (Fig. 3). Each buoy system samples line-of-
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sight boundary layer wind speed and wind direction using the
ZephIR ZX300M light detection and ranging (lidar) instru-
ment. The lidars are mounted 2 m above the sea surface and
take measurements at 20 m intervals up to 200 m, providing
10 min averages of wind speed and direction, which the New
York State Energy Research and Development Authority
(NYSERDA) has made publicly available (DNV, 2019). We
use floating lidar data to validate simulations for 1 Septem-
ber 2019 to 1 September 2020.

2.6 Stability classification

Different methods can be used to identify stratification, or at-
mospheric stability. Stable stratification can occur in coastal
regions when warm air advects over a cooler sea surface,
thereby suppressing buoyancy and turbulent mixing. Like-
wise, unstable stratification can occur when cool air advects
over a warmer sea surface. Some observations suggest more
frequent unstable stratification, based on the Obukhov length
(Archer et al., 2016). The sign of the Obukhov length de-
pends on the sign of heat flux and can be a useful metric for
determining stability conditions. Other observations suggest
that minimal turbulence and strong veer can be characteris-
tic of stable conditions (Bodini et al., 2019). Wind veer in-
creases in stable stratification as the influence of buoyant-
turbulence-induced friction decreases. Thus, winds turn to
approach quasi-geostrophic flow at a quicker rate, which can
be further exaggerated by the presence of a low-level jet.

We calculate the Obukhov length (Monin and Obukhov,
1954) (L), representative of the height at which buoyant pro-
duction of turbulence first dominates mechanical shear pro-
duction of turbulence:

uoy
Kg (w’@(,)

where u. is the friction velocity (UST from WRF output),
6y is the virtual potential temperature, x is the von Karman
constant of 0.4, g is gravitational acceleration, and w’6),, is the
vertical turbulent heat flux (HFX from WRF output). Lengths
between 0 and —500m are characterized as unstable strat-
ification, and lengths between 0 and 500 m are categorized
as stable stratification (Mufioz-Esparza ct al., 2012). Lengths
approaching negative or positive infinity are neutral. Each
timestamp from the NWF run is assigned a stability for the
1 September 2019 to 1 September 2020 period at a grid point
centered on the RIMA block (Fig. 1).

L=-— (5)

2.7 Model validation

We validate the NWF model by comparing wind speed esti-
mated by the turbine-free simulations with observations from
EO5 and E06 lidars. Model output is obtained from the grid
cells containing the lidars in 20 m intervals from 60 to 200 m
following Pronk et al. (2022). Wind speeds and directions
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are compared using a suite of metrics recommended by Op-
tis et al. (2020) for wind resource assessment, including the
correlation coefficient (), centered root-mean-square error
(cRMSE), and bias:

2w =V, =)

NO‘Wo'L (6)
N 7 7 2
RMISE J i R P
N u—
Bias = W, (8

where V is the wind speed, N is the total number of values,
o is the standard deviation, and subscripts “W” and “L” in-
dicate WRF and lidar, respectively. Earth mover’s distance
(EMD), or the Wasserstein metric, is calculated with a SciPy
function (Virtanen et al., 2020) as in other wind resource
evaluations (Hahmann et al., 2020). Each of these metrics
provides different insights into the performance of the model.
For instance, the correlation coefficient illuminates how well
the model captures the timing of weather systems and di-
urnal variability. EMD emphasizes the difference between
distributions but not the timing. Bias captures the difference
between measured and modeled values. Finally, cRMSE de-
scribes the random component of error.

The circularity of wind direction must be accounted for
in statistical calculations. For example, computing the aver-
age between 359 and 1°, using a typical arithmetic mean,
would result in 180°. However, the mean wind direction be-
tween those two values should be 360°. The SciPy (Virtanen
et al., 2020) and Astropy (Price-Whelan et al., 2022) Python
packages offer convenient functions which allow the user to
calculate statistics for a circular variable by passing in the
lower and upper bounds, in this case 0 and 360°. We calcu-
late the mean and standard deviation of wind direction us-
ing the SciPy circmean and circstd functions, respectively,
and the correlation coefficient using the Astropy circcorrcoef
function. The cRMSE for wind direction is then calculated
following

cRMSE =

\/Circmean(ISOO - ||(Dw,. —D_w) - (DLI. _D_L)l — 180°|)2, )

where D is wind direction, and D is the circular mean of
wind direction. Bias is calculated similarly to Eq. (8), ex-
cept that differences between NWF and lidar values that are
less than —180° have 360° added and differences greater than
180° have 360° subtracted:
x+360° forx < —180°

Y=\ x—360° forx>180° (10)
where x is the (Dwrr; — DvLidar;) difference.

Time stamps in which the lidar returns NaN values are re-
moved from WREF data sets during comparison (Table 2). Do-
ing so removes 8.1 % of wind speed data at 140 m at EOS,
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Figure 3. Hub-height wind roses for the NYSERDA Hudson North (E05) and Hudson South (E06) floating lidars during the 1 Septem-
ber 2019 to 1 September 2020 period. The location of E06 is shown as the red diamond and EOS5 as the red triangle. The bottom row shows

wind roses segregated by atmospheric stratification.

Table 2. Percentage of data removed at 140 m due to not-a-number
(NaN) values.

Unstable Stable  Neutral
E05 135% 644% 0.33%
E06 364% 948% 0.62%

made up by 1.22%, 5.76 %, and 1.13 % in unstable, sta-
ble, and necutral stratification, respectively. Similarly, 13.7 %
of wind speed data are removed at E06 and are made up
by 3.20 %, 9.38 %, and 1.15 % in unstable, stable, and neu-
tral stratification, respectively. An r2 value of 1 indicates a
perfect correlation between NWF and lidar values. A value
of 0 for cRMSE indicates that all values, with model bias
removed, lie on the 1:1 regression line. A cRMSE value
greater than O indicates the distance of residual points from
the regression line. Negative biases indicate an underestima-
tion from WREF, while positive biases indicate overestima-
tion. A value of 0 for EMD indicates that probability density
functions from each data source are equivalent. A positive
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EMD indicates that the NWF wind speed distribution must
shift towards lower values to match the lidar distribution.

NWF wind speed profiles are compared with lidar ob-
servations for the 1 September 2019 to 1 September 2020
period to assess model skill (Fig. 4). Note that Pronk et
al. (2022) provide validation metrics against the EO5 lidar
profile during the same period of study and find similar re-
sults. Negative biases (Eq. 8) increase in magnitude with
height between 0 and —0.5ms~! (Fig. 4a), showing the
model underestimates the wind speed. Strengths of variation
(Eq. 6) among WRF output and the lidars range between
0.82 and 0.86 (Fig. 4b). Centered RMSE (Eq. 7) increases
with height around 2ms~! (Fig. 4c). Finally, EMD values
originate around 0.2ms~! at 60 m and increase with height
(Fig. 4d). Comparing lidars EOS and E06, WRF performs bet-
ter at EO6 with a smaller bias by 0.04 ms™!, lower cRMSE
by 0.08 ms™!, better correlation by 0.003, and smaller EMD
by 0.05ms!.

We further assess the NWF performance, partitioned by
stability conditions. In unstable stratification, WRF wind
speeds have a negative bias that gradually increases in mag-
nitude with height from —0.5ms~! at 60 m (Fig. 5a). In sta-

https://doi.org/10.5194/wes-9-555-2024
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Figure 4. Vertical profiles for wind speed comparative metrics at the EO5 (teal) and E06 (orange) lidars from 1 September 2019 to 1 Septem-
ber 2020. Shown are (a) bias, (b) correlation, (¢) cRMSE, and (d) EMD.

ble conditions, WRF overestimates wind speeds by roughly
0.4ms~" at 60 m with biases approaching 0.0ms~! further
aloft (Fig. 5a). In neutral conditions, WRF overestimates
wind speeds by up to 0.3 ms~! near the surface and underes-
timates wind speeds further aloft. Comparing between mean
EO5 and E06 profiles, WRF performs better at the E06 lidar
location by 0.08 ms~! in unstable conditions, 0.04ms~! in
stable conditions, and 0.1 ms~! in neutral conditions.

NWEF and lidar wind speeds correlate well. Correlation
remains the largest in unstable conditions for all heights
(Fig. 5b). The worst strength of relationship occurs in sta-
ble stratification, although there is improvement aloft, and by
160 m, correlation between stable and neutral conditions is
largely equivalent (Fig. 5b). On average, WRF performance
between lidar locations is the same in unstable and stable
conditions and better at EO6 by 0.02 in neutral conditions.

Centered RMSE profiles change with stratification. In un-
stable conditions, cRMSE increases somewhat with height
originating from greater than 1.5ms™! at 60m (Fig. 5c).
In stable stratification, the cRMSE profile begins at roughly
2.3ms~! at 60 m and increases with height. In neutral condi-
tions, cRMSE increases with height from around 2ms~!. As
before, WRF performs better at E06. On average, cRMSE is
lower at EO6 by 0.1 ms~! in unstable conditions, by a negli-
gible amount in stable conditions, and by 0.1 ms~! in neutral
conditions.
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Earth mover’s distance has more variability with height. It
is the largest in unstable stratification, increasing with height
from roughly 0.5ms~! at 60 m (Fig. 5d). In stable condi-
tions, EMD decreases with height and originates at around
0.35ms~! at 60 m. In neutral stratification, EMD decreases
with height from about 0.2ms~'. On average, WRF per-
forms better at EO6 by 0.07 ms™! in unstable conditions, by
0.04 ms~! in stable conditions, and by 0.06 m s~ ! in neutral
conditions.

Next, we show metrics to compare WRF output wind di-
rection profiles with lidar measurements. Bias is negative,
or counterclockwise, at both E05 and E06 lidar locations.
NWEF output resolves wind directions better at E06 with
a mean bias of —7.8° with height as compared to —11.1°
at EO5 (Fig. 6a). Correlation coefficients at both locations
are strong, at 0.83 and 0.82 for E06 and EOQS, respectively
(Fig. 6b). Mean cRMSE (Eq. 9) is similar between lidar loca-
tions, at 5.9 and 6.2° for EO6 and EO5, respectively (Fig. 6¢).
Finally, EMD is lower at E06, increasing with height with
an average of 3.3° (Fig. 6d). EMD is larger at EQS5, increas-
ing with height with an average of 4.8° (Fig. 6d). Overall,
WREF performs better at EO6 with lower absolute bias by 3.3°,
lower RMSE by 0.3°, higher correlation by 0.01, and lower
EMD by 1.48°.

We use the same metrics to validate WRF against lidar-
reported wind directions by stratification and begin with bias
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Figure 5. Vertical profiles for wind speed comparative metrics at the EO5 (teal) and E06 (orange) lidar locations subset by stratification (US
— unstable, ST — stable, NT — neutral) from 1 September 2019 to 1 September 2020. Shown are (a) bias, (b) correlation, (¢) cRMSE, and

(d) EMD.
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Figure 6. Vertical profiles for wind direction comparative metrics at the EO5 (blue) and E06 (red) lidar locations from 1 September 2019 to
1 September 2020. Shown are (a) bias, (b) correlation, (¢) cRMSE, and (d) EMD.
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(Fig. 7a). In unstable conditions, mean biases are —7.4° at
E06 and —11.5° at E05. In stable stratification, bias profiles
are more similar between lidar locations, reaching —8.6° at
E06 and —10.7° at E05. Bias is the smallest in neutral con-
ditions at both locations, with mean values of —6.8° at EO6
and —10.2° at EOS. Overall, WRF performs better at the EO6
lidar location by 4.1° in unstable conditions and by 2.0° in
stable conditions and better at the EO5 lidar location by 3.4°
in neutral conditions.

The correlation between WRF-derived lidar-measured
wind directions is strong in all stability conditions at both
lidar locations (Fig. 7b). The strength of relation in unstable
conditions is 0.85 at EO6 and 0.81 at E0S5. In stable condi-
tions, the mean correlation is 0.75 at both E06 and E05. In
neutral conditions, the strengths of relation are 0.81 at E06
and 0.83 at EO5. Overall, WRF performs better at E06 by
0.03° in unstable conditions and by 0.003° in stable condi-
tions and better at EO5 by 0.01° in neutral conditions.

Profiles for cRMSE are similar in unstable and stable
conditions, with worse performance in neutral conditions
(Fig. 7c). In both unstable and stable conditions, mean
cRMSE is 5.9° at both EO5 and E06. In neutral conditions,
mean cRMSE is 7.5° at E06 and 7.0° at EOS. WRF performs
the same at both lidar locations in unstable and stable condi-
tions and is better at EO5 by 0.4° in neutral conditions.

Large variability exists for EMD between lidar locations
in WREF (Fig. 7d). Unstable stratification features the largest
spread between lidar locations, with EMD values of 3.5° at
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EO06 and 10.4° at EO5. In stable conditions, EMD is 7.0° at
EO06 and 7.9° at EOS. In neutral stratification, mean EMD
values are 5.7° at E06 and 6.4° at EOS5. On average, WRF
performs the best at the E06 lidar location: 6.9° in unstable
conditions, 0.8° in stable conditions, and 0.7° in neutral con-
ditions.

Wind speed time series are collected and averaged for the
full yearlong period from the grid cells housing lidars E05
and E06 in NWF and from the lidar measurements. The shear
exponent is calculated as

_ log(V2) —log (V1)
log(z2) —log(z1)

where V| and V, are the mean wind speeds at heights z; and
27, respectively. We hold Vi and z; constant at a reference
height of 60 m and substitute V, and z, with values from 80
to 200 m at 20 m intervals.

Wind speed shear exponents (Eq. 11) differ between NWF
and the lidar measurements. The average exponents from li-
dars EO5 and E06 are 0.117 and 0.122, respectively, and are
in good agreement with the annual average of 0.12 for both
measured and modeled results in the mid-Atlantic (Viselli et
al., 2018). The average exponents from WRF at grid cells
housing EO5 and E06 are 0.099 and 0.106, respectively.
NWF-derived exponents correctly capture a decrease with
height and lower coefficients at the EO5 lidar. However, the
exponents are smaller than those calculated from lidar mea-
surements by —0.018 and —0.016 at EO5 and E06, respec-

1)
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Figure 8. Mean wind speed shear exponent by height from NWF
(solid) and from lidar measurements (dashed) from 1 Septem-
ber 2019 to 1 September 2020. EO5 is shown in blue, and E06 is
shown in orange.

tively. Smaller exponents in NWF may result from overesti-
mated mixing or misrepresentation of wave-induced rough-
ness.

We calculate profiles of the Perkins skill score (PSS)
(Perkins et al., 2007) between NWF and lidar wind speeds.
Wind speeds are considered at 20 m height intervals from 20
to 200 m. Each wind speed time series is subset by all time
stamps with unstable, stable, and neutral stratification. After
subsetting, time stamps where lidar observations return NaN
are removed from both lidar and NWF time series. At each
height, the probability distribution functions of wind speeds
are binned at 0.2 m s~ ! intervals and normalized such that the
frequencies add to unity. The minimum frequency between
modeled and observed values for each bin is stored, and the
resulting stored values are summed to calculate the following
score:

PSS =) min(Cw(z),CL(2)), (12)

n
i=1

where n is the number of bins, C is the count of normalized
values in a bin, and z is the height. A PSS of 1.0 suggests
perfect overlap of the two distributions.

Profiles of PSS (Eq. 12) between NWF and lidar observa-
tions of wind speed vary by location and stratification. Per-
formance is generally best in unstable conditions at both E05
and EO06 lidar locations with a mean value of 0.93. Perfor-
mance is the second best in stable conditions, starting around
0.90 at the surface and increasing to 0.93 at 120 m at EOS.
At EO06 in stable conditions, PSS reaches a maximum value
of 0.93 at 100 m. Neutral conditions exhibit worse PSS and
larger spread by location. AT E05, PSS minimizes at 0.85
at 160 m and maximizes around 0.88 at 60 m. At E06, PSS
scores minimize at 0.87 at 80 m and maximize at 0.89 at
140 m.
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Figure 9. Vertical profiles of the Perkins skill score by stratification
at the EO5 (teal) and E06 (orange) lidars subset by stratification (US
— unstable, ST — stable, NT — neutral).

2.8 Wake identification

The wake delineates the region downwind of turbines with a
velocity deficit and turbulence enhancement. We identify the
wind speed wake deficit by subtracting NWF wind speeds
from WFP wind speeds at the hub height. Averaging across
all times during the 1 September 2019 to 1 September 2020
period identifies the overall mean wake wind speed. Because
wakes typically propagate to the northeast during stable con-
ditions (Fig. 3), we calculate the propagation distance of
wakes along a line extending northeast of the RIMA block
(Fig. 1) and report the distance along the line where wake
wind speeds reach a threshold. In unstable conditions the
prevailing wind direction is northwesterly (Fig. 3), so we as-
sess the wake propagation distance to the southeast instead.
The threshold of —0.5ms~! is chosen following Golbazi et
al. (2022) and Rybchuk et al. (2022). Finally, we define the
areal extent of wakes as the area with a wind speed deficit
less than —0.5ms™".

2.9 Grid balancing

We compare model output energy production to New
England grid demand. Demand data are provided hourly
(NEISO, 2019). For comparison, we compute hourly aver-
ages of WFP power production from each set of simulations.
We compare those averages to the national energy supply by
acquiring the total from the U.S. Energy Information Admin-
istration (EIA, 2023).
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2.10 Power variability

Assessing power variability is essential for addressing tem-
porally changing grid demands. We assess the differences in
electricity generation for each deployment scenario by sep-
arately collecting power output from grid cells containing
wind turbines from ONE, LA, and CA simulations. Power is
summed across grid cells containing turbines and averaged at
1,7, and 30d intervals for comparison. We address seasonal
and diurnal variability by further separating and averaging
power production totals at each time step into bins by month
and hour of day. Power losses from the total, internal, and
external wake effects are calculated from the following:

P

LoSStor = 100%-( LA’CA) x 100 %, (13)
PNwE
P

LosSint = 100%-( ONE) x 100 %, (14)
NWF
P

LoSSext = 100%-( LA’CA) x 100 %, (15)
PoNE

Lossext = Lossior — LOSSint, (16)

where Ppa ca is the power production at ONE grid cells in
the presence of wakes by either the LA or the CA, Pong is
the power production in the presence of internal wakes from
ONE, and Pnwr is the power production from coupling hub-
height wind speeds to the power curve. These methods are
performed separately by added TKE amount. We note that
the upwind conditions change in a LA or CA scenario due
to external wakes, which can modify the internal losses in
the numerator of Eq. (15). Thus, we provide an alternative
method for calculating the external power losses as the dif-
ference between the total losses and the internal losses in
Eq. (16).

Cluster-induced power deficits at ONE occur due to exter-
nal wakes from the upwind lease and call areas. Power output
from ONE, LA, and CA simulations are averaged in hourly
windows at grid cells containing ONE turbines to reduce the
effects of numerical noise (Appendix F). The resulting power
averages from LA and CA simulations are divided by the av-
erages from ONE at each time stamp. The hour of day and
month of year categorize each time stamp, and percentages
are placed into bins accordingly. Within each bin the percent-
ages are averaged. Only power production totals greater than
9.9 MW are considered when calculating power losses. This
threshold represents the power production total when all tur-
bines within ONE begin operating at the cut-in wind speed.
For reference, the total power production for ONE at rated
power is 2124 MW. This method is repeated separately for
TKE_O and TKE_100 runs.

Individual wind turbines generate internal wakes within
the ONE plant that adversely affect power production. To
quantify internal wake effects at ONE, we collect NWF wind
speeds at the hub height in each cell containing ONE tur-
bines. Wind speeds are convolved with the power curve and
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Figure 10. Stability classification using the Obukhov length for the
1 September 2019 to 1 September 2020 period at the RIMA block
from NWE. The tan crosshatch represents neutral stratification, teal
horizontal lines are stable stratification, and red vertical lines are
unstable stratification.

scaled by the number of turbines per cell at 0.0l ms™! in-

tervals. This method returns the amount of power that ONE
would produce in the absence of wakes. Hourly power aver-
ages are obtained from both NWF and ONE runs and consid-
ered only if power production exceeds 9.9 MW. ONE power
totals are divided by the NWF power estimations from the
power curve. Again, each time stamp is categorized by hour
of day and month of year, and percentages are binned for
averaging. These steps are repeated for both TKE_0 and
TKE_100 runs.

3 Results

3.1 Year-round NWF stratification

The predominance of NWF stability conditions changes
throughout the year (Figs. 10, 11) as assessed using the
Obukhov length (Eq. 5) centered on the RIMA block.

The winter features predominant unstable stratification,
whereas the summer features frequent stable stratification
(Bodini et al., 2019; Optis et al., 2020) (Figs. 10, 11). The
strong stability in summer is caused by nearby surface-
heated air advecting over the colder OCS. These dynamics
reverse during winter when cold air from land advects over
warmer water. Overall, stratification is most frequently unsta-
ble during November and stable during June. April features
the greatest percentage of neutral conditions as the spring-
time transition from cooler to warmer air reduces the air—
sea temperature gradient. The same pattern occurs elsewhere
throughout the OCS because diurnal variability in stratifica-
tion is weaker than the seasonal cycle (Fig. 11). The mean
unstable, stable, and neutral percentages of occurrence at the
RIMA block are 44.3 %, 44.4 %, and 11.2 %, respectively, for
the 1 September 2019 to 1 September 2020 period. Stability
calculations from the model grid cells that house lidars EO5
and E06 reveal similar results (Fig. B1). However, L may not
always represent conditions aloft (Fig. C1).
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Figure 11. Percentages of occurrence for (a) unstable stratification, (b) stable stratification, and (c) neutral stratification from 1 Septem-

ber 2019 to 1 September 2020.

3.2 Wake variability

Here, we categorize wakes by the maximum wind speed
deficit in space, the spatial extent, and the downwind prop-
agation distance. While wakes remain relatively unchanged
between TKE_0 and TKE_100, they drastically vary by strat-
ification. The maximum average wake wind speed deficit oc-
curs within the wind plant areas and intensifies from —1.5
to —2.8ms~!, moving from unstable to stable conditions for
TKE_100 (Fig. 12a, c). Normalized with mean NWF hub-
height wind speeds of 9.2ms~! (unstable) and 11.2ms™!
(stable), the corresponding mean wind speed deficits are
16 % and 25 %. Similarly, the maximum average wind speed
deficit intensifies from —1.8 to —3.1 ms™!, a normalized re-
duction of 19 % and 27 %, moving from unstable to stable
at TKE_O (Fig. 12b, d). Thus, reducing TKE from 100 % to
0% has a smaller impact on wake strength than increasing
stability.

The areal extent of wakes changes by stability and added
TKE. Wake deficits stronger than the —0.5ms™! cutoff in
unstable stratification at TKE_100 (Fig. 12a) cover a to-
tal area of 7208 km? and represent the best-case scenario
where wakes impact the smallest area. In stable stratifi-
cation at TKE_100 (Fig. 12c), wakes cover a larger area
of 15948 km?, or 2.2 times larger. A similar increase oc-
curs using TKE_0, although areal coverage of the wake
is larger due to weaker turbulence-induced wind speed re-
plenishment from aloft. At TKE_O in unstable conditions
(Fig. 12b), wakes stronger than —0.5ms™! cover an area
of 7780km?. In stable stratification, the area increases to
15636 km? (Fig. 12d), a factor of 2. The spatial extent of
strong wakes spreading furthest throughout the region, rep-
resenting the worst-case scenario, occurs in stable conditions

Wind Energ. Sci., 9, 555-583, 2024

at TKE_100. Wakes interact between immediate wind plant
neighbors for all scenarios.

Stratification exerts a stronger effect on wake propaga-
tion distance than TKE does. For instance, wakes extend-
ing 3.7km downwind in unstable conditions reach 55.4 km
in stable conditions at TKE_100 (Fig. 12a, c), similar to
the estimate of 50km from Golbazi et al. (2022). Likewise,
wake deficits reaching 5.9 km downwind in unstable strat-
ification reach 55.4km downwind in stable stratification at
TKE_O (Fig. 12b, d). The same pattern exists for CA wakes
(Fig. D1). Overall, altering the added TKE amount has a
small impact on the propagation distance of wakes relative to
stratification, and combining stable stratification with TKE_0
results in the strongest wakes.

Yearly averaged wakes show similar trends with TKE and
stability (Table 4). The maximum wake strength intensifies
from —2.2 to —2.5ms ™! moving from TKE_100 to TKE_0
(Fig. 12e, f). Reducing TKE also increases the spatial cover-
age of wakes from 13 040 km? using TKE_100 (Fig. 12e) to
13268 km? using TKE_O (Fig. 12f). Downwind propagation
distances remain similar over the yearlong period with wakes
reaching 43.4 km at TKE_100 and 41.3km at TKE_O.

Reduced TKE limits turbulence-induced momentum
transport from aloft, thereby increasing wake strength. Coun-
terintuitively, longer-lasting wakes in TKE_100 develop
from a larger reduction in momentum from wake recovery
above the turbines (Fitch et al., 2012; Siedersleben et al.,
2020), leaving less momentum available for replenishment
downwind.
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Table 3. Wake wind speed reduction by stratification and TKE amount.

Unstable TKE_100 Stable TKE_100 Unstable TKE_0  Stable TKE_0O

1

1

Wind speed deficit —1.5ms™ —2.8ms~! —1.8ms™ —3.1ms~!
Normalized deficit 16 % 25 % 19 % 27 %
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Figure 12. Average wake wind speeds among the lease areas during (a, b) unstable stratification, (c, d) stable stratification, and (e, f) the
full 1 September 2019 to 1 September 2020 period. Wakes are simulated with 100 % added TKE (a, ¢, e) or 0 % added TKE (b, d, f). Wind
speed deficits are shown by the colored contouring, and turbines are shown as the black dots. The —0.5m s~! threshold is outlined by the

dashed black line.

3.3 Power deficits

3.3.1 External wake losses

ONE experiences power deficits due to external wakes from
the LA and the CA. Considering external wakes from the
LA at TKE_O (Eq. 15), the average yearlong power deficit
at ONE is 14.7 % (Fig. 13a) and increases to 15.7 % con-
sidering only the 4 stable CA months. When ONE is waked
by the LA at TKE_100, the average yearlong power deficit

https://doi.org/10.5194/wes-9-555-2024

reduces to 13.4 % (Fig. 13b) because increased turbulence
supports faster replenishment. During the 4 months only, the
deficit is 14.4 %. When incorporating wakes from the CA (at
TKE_100), the mean ONE power deficit (over 4 months) is
14.3 % (Fig. 13c). By calculating the external power losses as
the difference between total and internal losses (Eq. 16) in-
stead, the deficits are 8.97 % and 8.43 % for the LA at TKE_0O
and TKE_100, respectively. However, power losses vary as
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Table 4. The wake wind speed deficit, spatial extent, and downwind propagation distance by added TKE amount.

Wind speed deficit ~ Spatial extent ~ Propagation distance
TKE_100 —22ms~! 13 040 km? 43.4km
TKE_0 —25ms~! 13268 km? 41.3km
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Figure 13. The power deficit at ONE when waked by (a) the LA at TKE_0, (b) the LA at TKE_100, and (c) the CA at TKE_100. The white
space reflects the simulation period. The color bar is broad to facilitate comparison with losses in Fig. 14.

larger reductions from external wakes occur during summer,
whereas smaller reductions occur during winter.

External wake-induced losses vary both diurnally and sea-
sonally. Larger power deficits occur more often during sum-
mer due to stable stratification (Figs. 10, 11a). Smaller power
deficits occur during winter (Fig. 13), with faster winds that
exceed rated wind speed and unstable conditions that erode
wakes faster. Larger power deficits correspond with stable
stratification in June and July. Conversely, smaller power
deficits occur with unstable stratification throughout Novem-
ber and December. These patterns occur because colder air
advects over warmer water in winter, which causes unsta-
ble conditions that erode wakes faster. Conversely, warmer
air advects over colder water during the summer, inducing
stable conditions that limit turbulent wake recovery. While
wake-induced losses vary somewhat across the diurnal cy-
cle, there is no discernible pattern. The ocean’s large heat
capacity suppresses daytime heating, which limits changes
in stratification and, by extension, the magnitude of changes
in wake losses.

3.3.2 Internal wake losses

Internal power deficits (Eq. 14) at ONE are at least 25 %
stronger than externally induced power deficits but expe-
rience similar variability with stability and TKE amount
(Fig. 14). Internal waking induces weaker deficits during
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winter and stronger deficits during summer. As with exter-
nal wakes, a clear diurnal pattern fails to emerge. Yearlong
internal wakes from TKE_O and TKE_100 induce power
losses of 29.2 % and 25.7 %, respectively. During the 4 stable
months only, the deficits increase to 36.9 % and 32.9 %, re-
spectively. Using different PBL schemes with similar turbine
spacing under steady-state idealized conditions, Rybchuk et
al. (2022) find similar internal losses to capacity factor, up to
31.6 %.

The average yearlong power deficits (Eq. 13) at ONE
considering internal wakes and external wakes from the
LA range between 38.2 % (TKE_0) and 34.1 % (TKE_100).
These results concur with wake-induced losses found by
Pryor et al. (2021) of 35.3 % among the LA, based on 11 pe-
riods of different flow scenarios spanning 5 d. Observations
of wake-induced power losses have large variability over the
year, ranging from as low as 5 % to as high as 40 % (Lee and
Fields, 2021). Overall, external wakes produce yearly aver-
aged power losses of 14.1 %, whereas internal wakes induce
larger losses of 27.4 %. Thus, we stress the importance of re-
solving region-specific and time-varying wakes for accurate
energy prediction estimates.

3.4 Annual energy production

Predictions of energy supply are critical for planning, op-
crations, and diversification of renecwables. Without internal
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Figure 14. The percentage of power loss at ONE from internal wakes at (a) TKE_0 and (b) TKE_100.

or external wake effects, ONE would produce 11.61 TW h
and meet 10.02 % of New England’s average demand. An-
nual energy production (AEP) from ONE, considering just
internal wakes, reduces to 9.19 TW h (TKE_0) or 9.55TW h
(TKE_100), which could meet 7.94 % to 8.24 % of New Eng-
land’s demand. Including both internal and external wakes
from the LA, ONE would produce 8.19 TWh (TKE_O) or
8.65 TW h (TKE_100), meeting 7.07 % to 7.47 % of demand.

Increasing the number of wind turbines increases the de-
mand fulfilled; AEP from the LA is 68.12TWh (TKE_0)
or 70.9 TW h (TKE_100), supplying 58.82 % to 61.22 % of
New England’s demand. On an hourly basis, the LAs ful-
fill demand only 24.6 % (TKE_0) and 26.5 % (TKE_100)
of the time, highlighting the necessity for resolving accu-
rate wake losses across the OCS. Previous work (Livingston
and Lundquist, 2020) assuming a constant 20 % wake loss,
shown here to be underestimated, has suggested that 2000
turbines of 10 MW could meet New England’s demand 37 %
of the time. All in all, the LA, with 1418 turbines of 12 MW,
supplies 68 and 71 TW hyr~!, or 1.72 % (TKE_0) to 1.65 %
(TKE_100) of the nation’s energy supply.

3.5 Power variability by TKE amount
3.5.1 Temporal power variability

While differences in wake strength between TKE amounts
alter power production, wind speed exerts a larger influence.
Maximum power is produced during spring with the least
amount of power produced during summer (Fig. 15a) for
both TKE_O and TKE_100 because spring features faster
wind speeds (Fig. 15b). Power production responds to hub-
height wind speeds (Fig. 15) more than stability conditions
(Figs. 10, 11). Reduced power production during summer
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may be problematic as New England’s top-10 utility demand
days since 1997 have all occurred in July or August (NEISO,
2023).

Total power production varies slightly between TKE_100
and TKE_O. Due to weaker replenishment within the rotor-
swept area, TKE_0 wakes are stronger, so TKE_0 produces
less total power than TKE_ 100 (Fig. 15a). Over the year,
TKE_O runs produce 96.2 % (ONE) and 96.1 % (LA) of the
power of TKE_100. This difference does not arise from ex-
treme outliers, as TKE_O runs produce less power more fre-
quently, at 71.3 % (ONE) or 81.2 % (LA) of the time.

3.5.2 Power variability by wind speed

Differences in power production (TKE_100 — TKE_0) vary
by NWF hub-height wind speed (Fig. 16). These differences
are small at slow wind speeds because little momentum is
available for wake recovery and at faster wind speeds within
region 3 of the power curve (11-30 m s~ ') where wind speed
changes do not affect power production (Fig. 2a). Differences
in wind speed within region 3 should have no effect on power
production and are caused by numerical noise propagating
through wind plant areas (Fig. F1). The largest differences in
power production occur in region 2 and around rated wind
speed where the power curve is steep (Figs. 2a, 16). Addi-
tionally, large differences in power production can occur in
specific meteorological conditions such as frontal propaga-
tion.

Comparison of power production between TKE amounts
by other meteorological variables lacked significant trends.
For example, we additionally analyzed differences in power
production by wind direction, following the hypothesis that
northerly wind directions could transport more turbulence
offshore because land has a higher roughness length than the
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Figure 15. (a) Total power production at ONE by TKE amount. TKE_100 power output is shown in orange and TKE_0 output in teal.
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Figure 16. The difference in power production (TKE_100-TKE_0)
at ONE as a function of wind speed. The colored contouring depicts
the density of scattered points per pixel. Wind speeds are obtained
every 10 m from a point centered on ONE at hub height.

ocean. TKE_100 runs may harness this mechanical turbu-
lence more for wake replenishment. Analysis of differences
in power production by PBL height also failed to show sig-
nificant patterns. We assumed that higher PBL heights indi-
cated a greater reservoir of turbulence from which TKE_100
runs could replenish the wake, resulting in greater power pro-
duction. Further analysis concluded by comparing power dif-
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ferences with the aforementioned variables’ rates of change.
However, we reached the same conclusions, as higher den-
sities of scattered points existed around frequently occurring
conditions such as southwesterly wind directions.

Wake strength varies spatiotemporally between TKE_0
and TKE_100 runs. While the mean difference in wind speed
at hub height between TKE_100 and TKE_O runs indicates
that TKE_O produces stronger wakes, this averaging may ob-
scure the actual spatiotemporal variability. For example, a
wind plant may have greater TKE_100 wake wind speeds,
while its nearby neighbor has greater TKE_0 wake wind
speeds at the same point in time. Additionally, a specific wind
plant may not consistently produce stronger wakes under one
TKE setting. A wind plant may fluctuate between producing
stronger wakes in TKE_100 runs and TKE_O runs through-
out time. This finding suggests that other boundary layer dy-
namics play a role in wake strength, and the variability of
power production must be explored.

We note that wind speed and numerical noise are not the
only contributors to power differences. One case study anal-
ysis shows that TKE_0O and TKE_100 separately produce
more power within respective 99th percentiles over a short
period of time in September (Fig. 17c¢). Investigation reveals
that a cold front propagated through the ONE wind plant
from the northwest to the southeast during this period. The
cold front is identified by a lenticular band of upward verti-
cal motion at the frontal head followed by turbulent vertical
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motion (Fig. 17a) in addition to advection of lower potential
temperatures (Fig. 17c). As the cold front approaches, more
power is produced by the TKE_100 simulation and is within
the 99th percentile. When the frontal head first interacts
with Vineyard Wind, more power is produced by the TKE_0
simulation and is within the 99th percentile. Conversely,
TKE_100 produces more power following the frontal head.
Frontal propagation can induce Kelvin—Helmholtz instabili-
ties, the turbulence of which may aid wake recovery by verti-
cally mixing momentum (Jiang, 2021). Increased turbulence
in the TKE_100 simulation can harness more downward ver-
tical transport of momentum from Kelvin—Helmholtz insta-
bilities aft of the frontal head, increase wake replenishment,
and produce more power.

4 Conclusions

This modeling study assesses the variability of wake effects
across the mid-Atlantic OCS based on yearlong simulations,
including a first step towards uncertainty quantification and
approaches for distinguishing internal and external wake ef-
fects. In addition to a simulation without wind plants (NWF),
validated by comparison to floating lidar observations, three
wind plant layouts are explored, including a representative
wind plant alone (ONE), all lease areas (LA), and the lease
areas plus the call areas (CA). Modifying the added TKE
amount (TKE_0 or TKE_100) by turbines provides uncer-
tainty quantification in power production estimates.

The OCS is characterized by more frequent unstable strat-
ification during winter and stable stratification during sum-
mer (Bodini et al., 2019; Optis et al., 2020; Debnath et al.,
2021). In stable conditions, wakes are stronger and propa-
gate further downwind, (Fitch et al., 2013; Vanderwende et
al., 2016; Porté-Agel et al., 2020). In the worst-case sce-
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nario where downwind wake recovery diminishes during sta-
ble stratification, mean wakes propagate 55km downwind.
While wakes may not reach downwind clusters on average,
inter-cluster waking occurs intermittently. While TKE_0 pro-
duces stronger wakes than TKE_100, the downwind propa-
gation distances do not differ.

Reduced wake wind speeds, as compared to the NWF
simulation, affect power production. Yearly averaged wake
losses induce power deficits at ONE from 38.2 % (TKE_0)
to 34.1 % (TKE_100). This deficit comprises both internal
and external waking. External wakes induce yearly aver-
aged power losses of 14.7 % (TKE_O) or 13.4 % (TKE_100),
whereas wakes from the CA induce similar losses of 14.3 %
over 4 months. Using an alternative method, external wakes
induce losses of 8.97 % and 8.43 % for the LA at TKE_0O
and TKE_100, respectively. Internal wakes at ONE pro-
mote larger power losses of 29.2% (TKE_0) or 25.7%
(TKE_100). Wake-induced power losses vary seasonally
with smaller diurnal variability. Larger power deficits occur
during summer, where frequent stable conditions limit wake
erosion. Although upwind clusters may generate strong ex-
ternal wakes among the LA, wind plant orientation with re-
spect to prevailing winds can reduce adverse impacts from
nearby neighbors. Ample distance for replenishment of ex-
ternal wakes by the CA moderates the negative effects. In-
ternal wake losses remain larger due to shorter distances
with limited wake recovery. Both external and internal wake-
induced losses grow in summer stably stratified conditions.
These losses similarly increase in strength for TKE_0 simu-
lations from inhibited recovery.

Resolving precise wake losses and AEP are crucial for
stakeholders and grid operators. In the absence of wakes,
ONE could supply 10.02 % of New England’s demand. Op-
erating alone, ONE’s supply reduces to 7.94 % (TKE_0) or
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8.24 % (TKE_100). Adding external wakes from the LA,
ONE’s annual supply lessens to 7.07 % (TKE_O0) or 7.47 %
(TKE_100). Although wakes are stronger among the LA, the
greater number of turbines can meet 58.82 % (TKE_0) and
61.22 % (TKE_100) of New England’s demand, or roughly
1.72% and 1.65 % of national demand. However, the LA
only satisfies demand about 25 % of the time on an hourly
basis. Overall, spring features maximum power production
with the fastest hub-height wind speeds. Wind speeds are
slower in summer, reducing power production during July
and August, which have featured New England’s top-10 util-
ity demand days since 1997 (NEISO, 2023).

Variable TKE amounts marginally impact power gener-
ation. TKE_O simulations average 3.8 % less production
than TKE_100 throughout the year, as reduced turbulence
in TKE_O limits momentum transport into the waked zone.
Although differences in power production are small, both
simulations exhibit large variability at short temporal peri-
ods. Improving WFP accuracy by accounting for wind shear
throughout the rotor-swept region (Redfern et al., 2019) and
dynamic air density may increase the variability in power
production further (Wu et al., 2022). Further, different sizes
of turbines may be installed in some of these regions, and the
size of the turbine can influence the impacts of the turbine
(Golbazi et al., 2022).

Future wind resource assessments may neglect differences
between TKE_0 and TKE_100 because the power produc-
tion offset is minor, although we identify a strong outlier dur-
ing a frontal passage when differences in power production
between TKE_100 and TKE_O are large. While power pro-
duction differences are minor, effects on other atmospheric
variables may be more significant (Fig. A1). Variability may
be influenced by other meteorological conditions. Successive
analyses should consider yearlong CA simulations to iden-
tify the full range of external wake impacts. Although we
infer that the effects of CA wakes on ONE are small rela-
tive to LA wakes, yearlong estimates may show otherwise.
Notably, we find that internal wakes have larger impacts on
power production than those generated externally.

Appendix A

To assess the sensitivity of simulations to the amount of pa-
rameterized TKE, we conducted a set of 2d test runs from
11 to 13 July 2017. This time period was chosen for its
predominance of southwesterly winds, which represent typ-
ical conditions across the OCS, and for the availability of
Air-Sea Interaction Tower lidar observations for wind pro-
file validation of the NWF simulations. Test runs consist of
0% (TKE_0), 25 % (TKE_25), 50 % (TKE_50), and 100 %
(TKE_100) added TKE with the WFP.

Hub-height wind speeds vary by simulation type and
added TKE amount (Fig. Ala). Mean WFP wind speeds are
always slower than NWF wind speeds due to the momen-
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tum sink introduced by wind turbines, by 2.9 ms~!. Larger
variations between wind speeds (Fig. Ala) correspond with
larger spreads in power output by TKE amount (Fig. Alc).
The sequencing of power production driven by TKE amount
remains consistent, namely that the differences progress from
TKE_O to TKE_25, TKE_50, TKE_75, and TKE_100. Be-
cause power production totals for TKE_25 and TKE_50 are
typically bounded by the totals for TKE_0 and TKE_100,
production simulations incorporate TKE_0 and TKE_100
only to account for the full range of uncertainty throughout
a full yearlong period from 1 September 2019 to 1 Septem-
ber 2020.

Although subtle, several important meteorological quan-
tities from the model grid cell at the center of the RIMA
block vary by the added TKE amount. For example, wind
speeds are slower on 12 July between 12:00 and 16:00 UTC
(Fig. Ala). The wind speed reduction during this time pe-
riod causes a corresponding decrease in turbulent transport
of moisture. The mean difference in moisture fluxes through-
out the full period between TKE_100 and TKE_0 is 2.84 x
10~%kgm~2s~! (Fig. Alb). Note that the surface moisture
flux remains negative throughout the period. While maritime
moisture profiles typically exhibit a decrease in concentra-
tion with height, corresponding with a positive flux, mixing
from the turbines reduces the near-surface concentration and
reverses the gradient.

Heat flux exhibits large variability. The mean difference in
heat flux throughout the full period between TKE_100 and
TKE_0 is 3.61 Wm™2 (Fig. Ald). The wind speed decrease
between 12:00 and 16:00 UTC reduces surface stresses and
turbulent transport of heat. The reduction in heat flux during
this time period causes 2 m temperatures to decrease and ex-
hibit less variability by TKE amount, with a mean difference
of 0.26 K between TKE_100 and TKE_O (Fig. A1f).

The reduction in turbulent mixing lowers the PBL, regard-
less of TKE amount, to shallow heights between 30 to 80 m
at 13:00 UTC (Fig. Ale). The near-surface PBL height sup-
presses the small variations in turbulent mixing across test
runs and causes fluxes to equalize. PBL heights differ the
most by added TKE amount and may result from changes in
weighting between two separate height determination meth-
ods present in the MYNN physics driver (Fig. Alc).
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Figure A1. The effects of modifying the amount of turbulent kinetic energy (TKE) during test runs. Panels show (a) hub-height wind
speed, (b) surface moisture flux, (¢) normalized power production, (d) surface heat flux, (e) planetary boundary layer (PBL) height, and
(f) 2 m temperature. Values are collected from a point centered on the RIMA block. Power production is the sum of all cells containing wind
turbines. TKE_100 is shown in orange, TKE_50 in blue, TKE_25 in gray, TKE_O in black, and NWF in purple dashes.
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Appendix B

Stratification at the EOS and EO06 lidars (Fig. B1) exhibits
similar seasonal variability to the RIMA block (Fig. 10).
The winter months feature predominant unstable stratifica-
tion caused by cold air advecting over a warm sea surface.
In the spring and early summer, stratification transitions to
more common stable conditions as warm air advects over a
cooler sea surface. Stratification is most commonly unstable
in November and stable in May.

(b)

Percentage

Sep Oct Nov Dec Jan Feb Mar Apr May Jun Jul Aug
Month of Year

=== Stable
HHE Neutral
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Figure B1. Stability classification using the Obukhov length for the 1 September 2019 to 1 September 2020 period at the (a) EO5 and
(b) E06 lidars from NWF. The tan crosshatches are neutral stratification, blue horizontal bars are stable stratification, and red vertical bars

are unstable stratification.
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Appendix C

Surface estimates of L may not represent stability aloft
(Fig. C1) and may overestimate unstable conditions. When
considering monthly averaged potential temperature profiles
through the rotor layer, only November and December ap-
pear unstably stratified. While September and October ap-
pear predominantly unstable based on surface estimates, po-
tential temperature gradients within the rotor-swept area sug-
gest slightly stable conditions, supporting inferences that off-
shore conditions are stable during late summer. Therefore,
our limited set of CA simulations focus on 1 September to
31 October 2019 and 1 July to 31 August 2020 for its pre-
sumed abundance of stable stratification.
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Figure C1. Monthly averaged WREF-simulated potential temperature profiles at a point centered on the RIMA block. Horizontal gray lines
indicate the levels of the hub height (dashed) and the rotor-swept area (solid).
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Appendix D

Wakes in the simulations with CA show similar dependence
on stratification (Fig. D1). Note that we simulate the CA for
4 months only (1 September to 31 October 2019 and 1 July
to 31 August 2020) at one TKE level only (TKE_100) due to
computational costs. The maximum wake strength intensi-
fies from —1.6 to —3.2m s~ moving from unstable to stable
stratification (Fig. D1b, c).

Wake propagation distance for the call area simulation is
also affected by stratification. During the 4 months consid-
ered, unstable, stable, and neutral conditions occur 38.2 %,
53.4 %, and 8.3 % of the time, respectively. As such, there
is essentially an even split between the percentage of occur-
rence of unstable and stable conditions. In unstable condi-
tions, wakes from the two southernmost lease areas fail to
reach neighboring downwind clusters on average, and no
wakes stronger than this threshold reach the RIMA block
(Fig. Dle). In stable stratification, wakes from each clus-
ter reach downwind clusters, including the RIMA block
(Fig. D1f). Averaged over all 4 months, wakes between LA
and the CA along the New Jersey and New York bights af-
fect each other, but no wakes reach the RIMA block. Wakes
may still interact with downwind plants at individual times
and affect power production.
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Figure D1. Average wake wind speed deficits among the call areas (a, d) for the combined 4-month period, 1 September to 31 October 2019
and 1 July to 31 August 2020, (b, e) during unstable stratification and (c, f) during stable stratification. All panels show 100 % added TKE.
Wake wind speed deficits are shown by the colored contour, and turbines are shown as black dots. The upper row is zoomed in to increase
granularity.
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Appendix E

Here, we characterize the (WFP-NWF) TKE differences by
maximum value and by spatial extent. The maximum average
TKE additions remain similar by stratification at TKE_100,
reaching 1.00, 1.01, and 1.00m? s~ during unstable con-
ditions, stable conditions, and the full year, respectively
(Fig. Ela, c, e). The amount of added TKE is not homo-
geneous across the wind plants in TKE_100, as the greatest
contributions occur in grid cells containing more wind tur-
bines. Some TKE is introduced in TKE_0 due to wind speed
shear, although the amounts are over an order of magnitude
smaller. The maximum average TKE amounts for TKE_0 are
0.05,0.03, and 0.03 m? s~2 during unstable conditions, stable
conditions, and the full year, respectively. Being purely shear
induced, regions experiencing the most TKE in TKE_O cor-
respond more with the maximum wake wind speed deficits
(Fig. 12b, d, 1).

We further characterize added TKE amounts by their spa-
tial extent. We report the area encompassed by added TKE
amounts greater than a threshold of 0.005m?s~2 because
a cutoff of 0m?s~2 includes noise throughout the domain
(Fig. F1), and the spatial extent is not realistic. In TKE_100,
the spatial extents are 10724, 10064, and 9608 km? in un-
stable stratification, stable stratification, and for the full year,
respectively (Fig. Ela, c, e). In TKE_O, the spatial extents are
13888, 10724, and 11 332 km? in unstable stratification, sta-
ble stratification, and for the full year, respectively (Fig. E1b,
d, f).
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Appendix F

Results can show evidence of numerical noise, which
emerges when simulations incorporate the WFP (Ancell et
al., 2018; Lauridsen and Ancell, 2018). In our simulations,
these brief periods of numerical noise emerge and decay,
often coincident with precipitation. While we expect differ-
ences in wake wind speed immediately downwind of power
plants, it is unlikely that these differences could advect to the
southeast corner of the domain, roughly 600 km southeast of
the RIMA block (Fig. Fla). If this numerical noise occurred
in grid cells with turbines, then this noise would introduce
error in power estimations.

We explored several approaches to mitigate the numeri-
cal noise, none of which succeeded. First, we increased the
floating-point accuracy of numerical calculations by enabling
double precision in WRE. Double precision limits the growth
of rounding error to smaller magnitudes (Ancell et al., 2018).
This attempt aimed to confine perturbations to smaller orders
of magnitude that take longer periods of time to become sub-
stantial. To prevent “runaway” error growth after long peri-
ods of time, we submit simulation restarts each month.

In observing a spatial correlation of numerical noise with
convective precipitation during test runs, we reran test sim-
ulations with a more complex microphysics scheme. The
Thompson microphysics scheme, used throughout, is dou-
ble moment with respect to cloud ice only. We substituted
the Morrison microphysics scheme, which is fully double
moment with respect to cloud droplets and rain, cloud ice,
snow, and graupel (Morrison et al., 2009). The use of Mor-
rison microphysics did not improve numerical noise, so its
computational cost could not be justified.

Next, we introduced a filter for shortwave numerical noise
by prohibiting upgradient diffusion. Doing so requires set-
ting the parameter diff_6th_opt to 2 in the namelist, as
certain combinations of advection and diffusion orders are
conducive to mitigating noise around heavy precipitation
(Kusaka et al., 2005). While Kusaka et al. (2005) found the
combination of fifth-order advection and sixth-order diffu-
sion to perform best, we had previously attempted this com-
bination because default advection in WREF is fifth order.
Thus, we attempted the next best recommendation — com-
bining sixth-order advection and diffusion. Again, this com-
bination did not improve results.

We made a final attempt at noise reduction by running an
ensemble of three members using a stochastic kinetic energy
backscatter scheme. Ensemble members contain seeds with
variable time steps that randomly inject kinetic energy into
grid cells (Berner, 2013). These stochastic supplements re-
plenish the kinetic energy sink from unresolvable subgrid-
scale processes. We followed recommendations to perturb
the stream function and potential temperature backscatter
rates by 1 x 107 and 1 x 107, respectively. Again, while
subtle differences emerged between the simulations, little
improvement was found.
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We saw little improvement from the aforementioned pre-
processing efforts. Given this lack of improvement and a
need to conserve computational resources, we employed
averaging during postprocessing to alleviate the effects of
noise. Modifying averaging periods impacts the range of nu-
merical noise in the wind speed ficld (Fig. F1b). Noise oc-
curring in grid cells containing turbines could undermine
power estimation accuracy, and we observed noise occur-
ring in the southeastern portion of the domain. Subtrac-
tion of wind speeds between simulations with variable TKE
amounts should only show differences within the wake, and
such differences are a result of noise. Averaging periods pro-
vide greater relief. While 2 and 4 h averaging periods deliver
the best results, these temporal scales can hide important di-
urnal variability. Conversely, a 30 min averaging period can
improve results, but local extrema occasionally reach mag-
nitudes similar to the magnitudes of the raw noise. Thus,
hourly averaging can mitigate noise without masking im-
portant variability. As a final note, other researchers have
benefitted by employing grid nudging within this domain
above the PBL (Maryam Golbazi, personal communication,
September 2022).
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Code and data availability. The data and files that support
this work are publicly available. The ERAS5 boundary con-
ditions can be downloaded from the ECMWF Climate Data
Store at https://doi.org/10.24381/cds.bd0915¢6 (Hersbach et
al., 2023). Shapefiles including the bounding extents of the
lease and call areas are available at https://www.boem.gov/
renewable-energy/mapping-and-data/renewable-energy- gis-data
(Bureau of Ocean Energy Management, 2023). Individual turbine
coordinates and their power and thrust curves are provided at
https://doi.org/10.5281/zenodo.7374283  (Rosencrans,  2022).
WRF namelists for NWF and WFP simulations can be obtained
at https://doi.org/10.5281/zenodo.7374239 (Rosencrans, 2021).
The simulation output data will be available in HDF5 format at
https://doi.org/10.25984/1821404 (National Renewable Energy
Laboratory, 2020).
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Accelerating deployment

of offshore wind energy alter wind
climate and reduce future power
generation potentials

Naveed Akhtar*?, Beate Geyer, Burkhardt Rockel, Philipp S. Sommer & Corinna Schrum

The European Union has set ambitious CO, reduction targets, stimulating renewable energy
production and accelerating deployment of offshore wind energy in northern European waters,
mainly the North Sea. With increasing size and clustering, offshore wind farms (OWFs) wake effects,
which alter wind conditions and decrease the power generation efficiency of wind farms downwind
become more important. We use a high-resolution regional climate model with implemented wind
farm parameterizations to explore offshore wind energy production limits in the North Sea. We
simulate near future wind farm scenarios considering existing and planned OWFs in the North Sea
and assess power generation losses and wind variations due to wind farm wake. The annual mean
wind speed deficit within a wind farm can reach 2-2.5 ms™! depending on the wind farm geometry.
The mean deficit, which decreases with distance, can extend 35-40 km downwind during prevailing
southwesterly winds. Wind speed deficits are highest during spring (mainly March—April) and lowest
during November-December. The large-size of wind farms and their proximity affect not only the
performance of its downwind turbines but also that of neighboring downwind farms, reducing the
capacity factor by 20% or more, which increases energy production costs and economic losses. We
conclude that wind energy can be a limited resource in the North Sea. The limits and potentials for
optimization need to be considered in climate mitigation strategies and cross-national optimization of
offshore energy production plans are inevitable.

The increasing demand for carbon-neutral energy production has fostered the rapidly increasing deployment of
offshore wind farms (OWFs). The construction of OWFs is generally 1.5-2 times more expensive than onshore
wind farms'. Additionally, their maintenance/repair, power network, and obtaining observational data for optimi-
zation are more challenging and costlier”. Although OWFs are more expensive in construction and maintenance
than onshore wind farms, these costs are offset to some extent by the higher capacity factor (CF) of OWFs due to
the strength of offshore wind resources®. About 10 km off the coast, sea surface winds are generally 25% higher
than onshore winds. These high offshore wind resources can be utilized 2-3 times longer to generate electricity
than onshore wind farms in the same period of time*®. Europe’s total installed OWF capacity reached 22 GW in
2019; of that capacity, 77% is installed in the North Sea®. As part of the ambitious plans of the EU to reach climate
neutrality a significant increase to 450 GW total offshore wind energy capacity is intended by 2050”. About 47%
(212 GW) of these will be installed in the North Sea at an annual consenting rate of 8.8 GW per year during the
2020s®. This implies that the North Sea forms one of the worldwide hotspots of OWF development. Figure 1
shows the planning status of OWFs in the North Sea by 2019°. These massive developments are motivated by
the strong and reliable wind resources in the North Sea at shallow water depths.

Wind farms are usually clustered around transmission lines to minimize deployment and operating costs.
Hence, in addition to the quality of wind resources also the transmission lines determine whether a location is
optimal for a wind farm. Despite the considerable availability of wind resources, evidence suggests that wake
effects, which manifest as a downwind reduction in wind speed, can undermine the potential of cost-efficient
wind energy production'®'2, The efficiency limits that can arise from clustering and the overall regional satura-
tion might limit the offshore wind energy production. These important questions at regional and longer times
scales remain yet unassessed and need detailed scientific analysis for an efficient climate mitigation strategy.
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Figure 1. Distribution of OWFs in the North Sea (4c Offshore. https://www.4coffshore.com/windfarms/, 2019).
Colors indicate the planning status of the OWFs by 2019. 'This map was created by Ulrike Kleeberg with ArcGIS
Pro 10.7 (ESRI Inc. ArcGIS Pro 10.7, 2019).

Additionally, in order to develop the OWFs efficiently and accurately, a comprehensive evaluation of the wind
resources is required.

Wind turbines extract kinetic energy (KE) from the atmosphere and convert part of that energy into electric
power. The remaining part of the energy is converted into turbulent kinetic energy (TKE); that generates wakes
(downwind wind speed deficits)*~"". Airborne observations show that TKE is significantly increasing (factor of
10-20) above the wind farms'”. These observations also show that wind farm wakes can extend up to 50-70 km
under stable atmospheric conditions'®. These wakes further impact the efficiency of downwind wind farms
through changes in the temperature and turbulence in the boundary layer'®. At a given wind speed, colder and
denser air masses provide more energy than warmer and lighter air masses. Moreover, atmospheric turbulence
additionally reduces the energy output and increases the load on wind farm structures and equipment'. Obser-
vational evidence shows that wakes can increase the temperature by 0.5 °C and humidity by 0.5 g per kilogram at
hub height, even as far as 60 km downwind of wind farms®. Case studies related to wake dynamics have largely
been limited to single wind turbines?"*? and/or individual wind farms*-?. Only a few studies have analyzed the
wake effects caused by neighboring wind farms'**>?. In a recent study'!, the authors highlighted the economic
losses suffered by onshore downwind wind farms due to the wake effects of upwind wind farms. Estimates of the
wake effects on power production and environmental changes have been limited to short timescales (on the order
of a few days or to a specific year®®) and only one or two wind farms. The aforementioned studies emphasize the
need to better understand the physical and economic interactions of large wind farms with complex clustered
layouts (such as those planned in the North Sea) to ensure the efficient utilization of wind energy resources.

Building on process understanding of case studies, we assess for the first time the wake effect on the power
production of both existing and planned large OWFs on a regional scale for the North Sea over a period of
10 years. It allows us to take into account the natural variability in wind climate, as inter-annual variability plays
an important role in wind energy®. We perform two high-resolution numerical scenario simulations for a multi-
year simulation period, one considering existing and currently planned OWFs in the North Sea and one for the
undisturbed atmosphere. For the future scenario simulation, we apply a generic wind farm parameterization
considering energy extraction and turbulence effects using a standard wind farm configuration, which we validate
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Figure 2. Annual and seasonal probability density functions calculated using the hourly (a) wind speed and (b)
wind direction data at FINO1 (6.5875°E and 54.01472°N) at a height of 90 m in the period 2008-2009. Dashed
lines result from measurements, while solid lines are from COSMO-CLM simulation. Gray lines indicate data
for the entire period whereas colors indicate the different seasons as given in the legend.

against earlier published high-resolution observations® to ensure the realism of the scenario simulation. Mean
wind changes will be analyzed and efliciency loss in offshore energy production will be estimated in terms of the
Capacity Factor (CF) deficiency. Given the ongoing development of OWFs in the North Sea, our study highlights
the urgent need to consider feedbacks between existing and planned OWFs to assess physical and economic
impacts to optimize planning and to assess the limits and environmental impacts of industrial oftshore energy
production. To the best of our knowledge, this is the first study to estimate the wind speed deficits due to OWF
production at a basin-wide scale covering a multi-year period and to investigate the effect of these deficits on
the CF of wind farms. Furthermore, in this study, we evaluated the wind farm parameterization for real case
simulations against the observations.

Experimental design

All existing and planned OWFs by 2015°" in the North Sea area (see Fig. SI 1, the latest planning status is shown
in Fig. 1) are considered for the scenario simulations. We focus on the Central and Southern North Sea where
OWPFs are planned close to each other. The scenario simulations are carried out for a multi-year period from 2008
to 2017, to account for a range of different weather conditions to assess the impact of large-scale OWF devel-
opment on the production potential of wind farms. For the numerical simulations, we use the high-resolution
Consortium for Small-Scale Modeling (COSMO)-CLimate Mode (CLM) regional climate model (RCM)*? both
without and with a wind farm parameterization. An existing wind farm parameterization'>'%**3 for a standard
turbine size has been implemented into COSMO-CLM to include the effects of wind farms; these RCM simula-
tions provide us with high-resolution spatiotemporal estimates of the wind speed over wind farm areas. A CF
model™ has been used to assess the average energy production of wind farms based on wind speed. Several
factors can influence the CF, such as the wake effect, turbine efficiency, and offshore distance®. For the inter-
comparison of scenario simulations, we consider the impact of wakes on the CF, to illustrate the potential impact
of feedbacks between wind farm deployment and regional atmospheric conditions. Hereafter, “CCLM_WF” and
“CCLM?” refer to the COSMO-CLM simulations with and without a wind farm parameterization, respectively.

Verification of the simulated wind fields and OWFs wakes

Comparison with the point observations of wind fields.  To verify the realism of our scenario simula-
tion, a detailed validation against published data®**” was performed. The simulated wind characteristics over the
North Sea can be directly evaluated using data from the research platforms®” FINO1 (6.5875°E, 54.01472°N) and
FINO3 (7.158333°L, 55.195°N) starting in 2004 and 2009, respectively. The high quality of the mast-corrected
measurement data allows for a detailed analysis of both the wind speed and the wind direction. Here we com-
pared the FINO1 and FINO3 measurements with CCLM simulations for the period 2008-2009 and 2009-2014
respectively to avoid the effects of the OWT Alpha Ventus and DanTysk on the mast measurements®. The annual
and seasonal probability density functions (PDFs) derived from hourly values of the wind speed and wind direc-
tion are in good agreement with the FINO1 data (Fig. 2). The annual and seasonal biases, root mean square error
(RMSE), correlation coefficients, and Perkins” score (PS)** calculated between the CCLM simulation results
and observations (FINO1 and FINO3) are presented in Tables 1 and 2. Compared with the FINO1 data, the
CCLM winds show small, mostly negative biases of 0.27 ms™ with simulated wind speeds that are lower than the
observed wind speeds. During the spring and summer season model bias become stronger, along with higher
RMSE values (Table 1). The autumn correlations of 0.87 are slightly higher than those in the other seasons.
The PS of the yearly mean simulated wind speed is 0.95, with the highest values during winter (0.92) and the
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Bias RMSE CORR PS

WS (ms™!) WD (°) WS (ms™!) WD (°) ws WD ws WD
Yearly -0.27 3.07 2.81 70.11 0.79 0.71 0.95 0.92
DFJ -0.08 1.44 341 64.61 073 0.71 0.92 0.88
MAM ~0.34 121 2.54 76.53 0.82 0.72 0.85 0.77
JJA 0.40 8.08 2.73 72.18 0.72 0.67 0.79 0.80
SON -0.25 1.40 2.49 65.89 0.87 0.73 0.91 0.87

Table 1. Yearly and seasonal mean wind speed and wind direction bias (CCLM - FINO1), root mean square
error (RMSE), correlation (CORR), and Perkin’s score (PS) of CCLM compared with FINO1 in the period
2008-20009.

Bias RMSE CORR PS

WS (ms™) WD (°) WS (ms™) WD (°) ws WD ws WD
Yearly -0.39 -6.34 2.59 67.01 0.85 0.75 0.95 0.93
DF] -0.54 -7.95 2.60 55.91 0.87 0.81 0.92 0.88
MAM -0.40 -9.12 2.55 70.32 0.84 0.77 0.73 0.80
JJA —-0.30 —0.45 2.72 79.92 0.75 0.63 0.62 0.78
SON -0.37 -7.99 2.50 58.11 0.85 0.79 0.81 0.89

Table 2. Yearly and seasonal mean wind speed and wind direction bias (CCLM - FINO3), root mean square
error (RMSE), correlation (CORR), and Perkin’s score (PS) of CCLM compared with FINO3 in the period
2009-2014.

lowest values during summer (0.79). The simulated CCLM wind direction PDFs are also well represented; the
prevailing southwesterly (200°-280°) wind directions are effectively captured (Fig. 2). On average, the CCLM-
simulated wind directions show a positive bias of 3.07°, a small counterclockwise shift with an RMSE of 70.11°
and a correlation coeflicient of 0.71 (Table 1). Again, the simulated summer values show larger deviations from
the observations with a bias of 8.08° and an RMSE of 72.18°% in addition, the correlation coefficient is lower
than those in the other seasons. The simulated wind direction shows the highest PS during winter (0.88) and
the lowest PS during spring (0.77) with a yearly value of 0.92. The simulated wind direction relative to FINO3
shows a negative bias of —6.34°, an RMSE of 67.01°, a correlation coefficient of 0.75, and a PS of 0.93 (Table 2).
Studies show that the existing wind farms in the North Sea are already affecting the wind field reaching FINO1
and FINO3%. A comparison of the wind speed and direction between CCLM_WF and FINO1 shows that the
construction of planned wind farms will further affect their measurements in the future (Fig. SI 2). The annual
and seasonal probability density functions (PDFs) derived from hourly values of the wind speed and wind direc-
tion are also in good agreement with the FINO3 data (Table 2 and Fig. SI 3).

Wake effects in case studies: evaluation of CCLM.  For the sake of completeness, CCLM_WF has been
evaluated against airborne campaign data'® to illustrate the ability of CCLM_WTF to simulate upwind flow and
the spatial extent of wakes generated by wind farms. Here, we choose two different cases. In the first case, we
evaluate the wake extent of the Amrumbank West wind farm; in the second case, we evaluated the wind speed
deficit over the two Godewind farms. Only operational wind farms at the measurement times are considered in
these simulations. Figure SI 4 shows the model domain and the wind farm locations.

Case 10 September 2016. A detailed comparison is performed for the wakes observed downwind of the
Amrumbank West, Meerwind SiidOst, and Nordsee Ost wind farms with model simulations. The wake was
measured during an aircraft campaign on 10 September 2016 between 0800 to 1100 UTC using five flight legs of
5 km, 15 km, 25 km, 35 km, and 45 km downwind of the Amrumbank West wind farm'®. Stable atmospheric
conditions and a wake extent of at least 45 km were measured. The installed turbines in Amrumbank West have a
90 m hub height and 120 m rotor diameter'?. For this experiment, we employ only those wind farms which were
existing at the time of measurements (see Fig. SI 4).

The simulated spatial extent of the wake agrees well with the measurement. Figure 3 shows the wake extents
simulated in CCLM_WF (interpolated on the aircraft track) and airborne observations (see Fig. SI 5a for a
complete snapshot of the wind speed field simulated in CCLM_WF and its difference from the observation).
Both the observations and the simulations show a wake extending more than 45 km downwind of the wind farm.
The simulation shows that the wake reached down to the Butendiek wind farm, located 50 km downwind of
the Amrumbank West wind farm. However, the simulated wind direction is slightly rotated counterclockwise.
Similar to the width of the wind farms, the wake width is approximately 12 km at the beginning, which expands
and weakens as the distance increases from the generating wind farm. The transect of the simulated and observed
wind speeds through the first flight leg of 5 km downwind of the wind farm shows that the simulated-observed
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Figure 3. Wind speed at 90 m hub height (a) simulated in CCLM_WF and (b) observed by aircraft
measurements. The aircraft track (gray lines) shown here ranged from 0820 to 0924 UTC on 10 September 2016.
The model simulations show the wind speed at 0900 UTC.

differences are smaller inside the wake than outside (Fig. SI 5b). In general, the model slightly underestimates
the wind speed compared to the observations.

Case 14 October 2017. 1In the chosen case, we evaluate the wind speed at a height of 250 m over Godewind
farms 1 and 2 with aircraft observations. The installed turbines in these wind farms have a 110 m hub height and
153 m diameter'®. For this experiment, we employ the wind farm location data as in Fig. SI 4; however, we used
the turbine dimensions as installed in Godewind farms.

Figure 4 shows the wind speeds at 1500 UTC on 14 October 2017 over the Godewind farms simulated in
CCLM_WF (interpolated on the aircraft track) and observed wind speeds (see Fig. SI 6a for a complete snapshot
of the wind speed field simulated in CCLM_WF and its difference from the observation). Stable atmospheric
conditions were observed at the times of the measurements'®. An observed speed-up around the wind farms
is well reproduced in the simulations. The simulated wind speeds agree better with the observations inside the
wake than outside (Fig. SI 6b).

Due to the relatively coarse horizontal resolution of RCMs (1-2 km), the effects of individual wind turbines
(with a rotor span of 120 or 153 m) cannot be fully resolved. Therefore, the simulated wake effects of the wind
turbine can be underestimated, and thus, the wake effects of wind farms can be underestimated. In the present
wind farm parameterization'®, the power produced by the wind turbine depends on the wind speed in the grid
cell at the model level interacting with the rotor. The wind turbine removes momentum from the rotor-interacting
layers to produce the power that leads to wind speed deficits in downwind grid cells.

The evaluation results show that COSMO-CLM with a wind farm parameterization realistically reproduces
the effects of wind farms. The spatiotemporal variability of the wake effects and their impact on the CF of the
wind farms at 90 m hub height are analyzed for the period 2008-2017 in the following sections.

Wake effect on wind speed and turbulent kinetic energy

Our simulations show that the development of massive clustered OWFs significantly impacts the wind climate
and efficiency of renewable energy production on a regional scale. ‘The reduction in the annual mean wind speed
reaches up to 2-2.5 ms™ during prevailing southwesterly (200°-280°) winds, and that in the seasonal mean
reaches more than 3 ms™! (see Fig. 5 and Figs. SI 2 and SI 8).

The wind speed in the North Sea exhibits strong spatial and temporal variability. At 90 m hub height, the
wind speed varies seasonally, with a minimum of approximately 7-8.5 ms™ in summer and a maximum of
10-11.5 ms™ in winter (Fig. SI 7). The presence of a wind farm impacts the boundary layer flow over the wind
farm and its vicinity by extracting KE from the mean flow and generating TKE. The highest wind speed deficit in
the annual mean is about — 18%, and the increase in TKE is nearly a factor of 4 over the wind farm itself (Fig. 6).
These changes in wind speed and TKE extend vertically to a height of approximately 500 m (about 350 m above
the turbine height). A deficit/raise of about 1 ms™'/0.6 m~* s~% in wind speed/TKE extends to a height of approxi-
mately 200 m. The maximum change in wind speed and TKE found in the atmospheric levels between the hub
(90 m) and tip height (153 m) of the wind turbines. The change in the wind speed and TKE above the turbine
height is consistent with the previous studies'®***!. The wind speed deficits are higher during spring (-22%)
and summer (—20.8%) than during the other seasons (see also Fig. SI 8), the reason for which is explained later
in this section. The increase in the TKE is found higher during winter (factor of 3.2) and autumn (factor of 3.8).
The addition TKE source in the wind farm parameterization improves the representation of mixing and wind
speed deficit during stable conditions'”. The change in wind speed and TKE increases the boundary layer height!®.
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Figure 4. Wind speed at a height of 250 m (a) simulated in CCLM_WF and (b) observed by aircraft
measurements. The aircraft track shown here ranged from 1445 to 1500 UTC on 14 October 2017. Arrow
indicates the wind direction. The model simulations show the wind speed at 1500 UTC.
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Figure 5. Annual mean wind speed deficits (CCLM_WF - CCLM) outside and inside the wind farms for
the prevailing wind directions of 200°-280° at hub height (90 m) in the period 2008-2017. Numbered gray
lines indicate the transects used for calculations of Fig. 8 and Fig. SI 6 and SI 7. This figure was created with
Matplotlib (Hunter, J. D., Matplotlib: a 2D graphics environment. Computing in Science and Engineering
9,2007) and Cartopy (Met office, Cartopy: a cartographic python library with a matplotlib interface. Exeter,
Devon, https://scitools.org.uk/cartopy, 2015).
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Figure 6. Annual and seasonal mean vertical profiles of the wind speed (left) and turbulent kinetic energy
(right) simulated by CCLM (broken dotted lines) and CCLM_WF (solid dotted line) over the wind farm areas
in the period 2008-2017. Solid circles indicate the model levels. The horizontal solid gray line indicates the hub
height (90 m) of the turbine whereas dotted gray lines indicate lower (27 m) and upper (153 m) tip of the rotor.

Wakes, i.e., downwind reductions in wind speed, exhibit significant spatial variability inside and outside wind
farms (Fig. 5). The wind speed deficit inside a wind farm increases with increasing distance from the upstream
edge, reaching a maximum of 2-2.5 ms™.. In an idealized numerical study, a maximum reduction of approxi-
mately 16% in the wind speed and increase in TKE by nearly a factor of 7 was estimated at hub height over a
10 x 10 km wind farm'®. Here we used a realistic climate set up to study a scenario with clustered and large-scale
wind farms and found larger mean wind speed deficits of approximately 18-20% of the annual mean wind. In
our case, the increase in the mean TKE within the wind farm is almost a factor of 3 less than that reported (fac-
tor of 7) in the idealized study'®. This could be due to the reason that mean values of TKE over a longer period
2008-2017 are shown here.

The wind farm induced boundary layer mixing, air friction, turbulence and weaken stratification effects within
and above the rotor area that reach about 600 m. The maximum differences are found in the layers between
the hub and tip height of the turbine. The reduction in the wind speed extends highest during spring when
the atmospheric conditions are generally stable. The increase in TKE leads to the mixing of more momentum
from aloft'>*. This mechanism is more pronounced during winter and autumn when atmospheric conditions
are generally unstable in the North Sea. The strength of the TKE depends on the difference between the power
coeflicient and thrust coefficients which varies with the wind speed.

The wakes forming downwind extend over large distances and influence the wind climate at surrounding
wind farms. The wake extends varies, it depends on wind speed and atmospheric stratification and might extend
up to 70 km downwind'*#%°. On average wakes extend ca 40-45 km downwind (Fig. SI 8).

Implications for the CF

'The downwind speed reduction results in a significant decrease in the efficiency of energy production here illus-
trated in terms of the CF. The wake induced decrease in CF up to 22% in the annual mean and up to 26% for the
seasonal mean with the highest values at the downwind edge within the wind farms during southwesterly wind
directions (see Fig. 7 and Figs. SI 4 and SI 5). Outside of the wind farms, these values decrease as the distance
from the wind farms is increasing. A decrease of about 1% has been noted at a distance of 35-40 km in annual
means during southwesterly wind directions. The highest drops are observed for the large wind farms in the
German Bight and the UK’s Dogger Bank for southwesterly wind directions (Fig. 7).

Without the wind farms, the annual mean CF for all wind directions varies spatially in the North Sea from 50
to 62%, with higher values during winter (65-70%) and lower values in summer (37-50%, Fig. SI 9). These values
are strongly reduced in the areas where the large-size wind farms are clustered. The mean wind speed deficits
and CF losses for all wind directions show that the wake effect extends more towards the northeast than in the
other wind directions, indicating the dominance of southwesterly winds (Fig. SI 8 and Fig. SI 10).

A more specific analysis of the implications of large wind farm clusters and extremely large farms for the
efficiency of neighboring farms and clusters in the area of the German Bight and the Dogger Bank (Fig. SI 1)
highlights substantial CF losses. Figure 8 shows the annual and seasonal mean wind speed deficits and CF losses
through the wind farms on two of the transects (gray lines I and III) shown in Fig. 5 in the case of prevailing
winds in the German Bight and the UK’s Dogger Bank. The wind farms in both of these areas are large and are
located spatially close to each other. These transects show the strong horizontal influences of the wind farms
together with the reductions in the wind speed and CE Mean CF and wind speed show characteristic patterns
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Figure 7. Annual mean losses in the capacity factor CF (CCLM_WEF - CCLM) out- and inside of the wind
farms (gray lines) for the prevailing wind directions of 200°-280° at hub height (90 m) in the period 2008-2017.
This figure was created with Matplotlib (Hunter, J. D., Matplotlib: a 2D graphics environment. Computing

in Science and Engineering 9, 2007) and Cartopy (Met office, Cartopy: a cartographic python library with a
matplotlib interface. Exeter, Devon, https://scitools.org.uk/cartopy, 2015).

along transects crossing several wind farms (Fig. 8). The wind speed deficit, being higher towards the downwind
wind farm edge, leads to an annual reduction of up to 25% in the CF of downwind wind turbines inside wind
farms; outside these wind farms, the CF losses reach up to 20% depending on the size of the farm and distance
away from it. For example, as shown in Fig. 8a, wind farm 2, which is 7 km from wind farm 1, suffers a mean
wind speed deficit of 1-1.5 ms™. This reduces the CF of upwind turbines by 10-15% and that of downwind
turbines by 15-20% in wind farm 2. Then, the wakes generated by wind farm 2 extend up to wind farm 3 (25 km
away) with a deficit of 0.5-0.8 ms™ and CF losses of 5-8%. The wake effect of wind farm 4 reaches up to 30 km.
The wind speed between wind farms 1 and 2 recovers approximately 45% in 5 km. However, the recovery of the
wind speed in the following wind farms is slow due to the accumulated effects. Similarly, as shown in Fig. 8b, the
wake effect reaches approximately 33 km between wind farms 2 and 3 and approximately 28 km beyond wind
farm 5. The wake generated by the wind farm 4 reduces the CF of wind farm 5 (17 km away) up to 12%. Due to
the short distance between wind farms 3 and 4 (about 5 km), wind farm 4 receives about 1.5-2 ms~! less wind
speed which is equivalent to CF losses of 12-16%, during prevailing southwesterly winds. The transects of lines
IT and IV are shown in Fig. SI 11. The most productive wind turbines/farms are those located on the grid-cells
at upwind edge/farms of the wind farms where the wind flow is uninterrupted®.

The wake effect can substantially influence the economic potential of wind power generation within a cluster,
in large farms, and in neighboring farms located at a distance within the wake. Annual mean wind speed defi-
cits of 1-1.5 ms™" and CF deficits of wind farms in the vicinity of large downwind clusters are frequent, within
clusters, the reduction is even stronger and amounts up to a seasonal mean wind speed reduction of more than
3 ms™ or a seasonal CF reduction of up to 25% (Fig. 8). Average wakes extend up to 40 km for the largest wind
farms and clusters.

The highest wind speed deficits occur during the spring season which leads to the highest CF losses in these
seasons. On a monthly timescale, the highest wind speed deficits are simulated in March and April, whereas the
lowest deficits are simulated in November and December (see Fig. SI 12). The seasonal variations in wind speed
deficits are related to the relatively stronger winds (see Fig. SI 12) and weaker stratification*? during the autumn
and winter seasons compared to the spring seasons. During spring, the atmospheric conditions are more stable
than the other seasons which leads to longer wakes'®42-44, It implies that the most productive season is winter
when the wind speed is higher and the stratification not stable.

Discussion and conclusions

The results show that the wind fields simulated by the regional climate model COSMO-CLM are in good agree-
ment with the mast measurement stations FINO1 and FINO3 in the North Sea. It also indicates that the deploy-
ment of large wind farms near the mast measurement stations will affect their measurements. The COSMO-CLM
model with the wind farm parametrization' simulated the wake generated by the wind farms reasonably well.
Despite the differences in the upwind wind speed, the length and width of the wake were simulated quite well.
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Figure 8. (a) Transects of the seasonal (colored, see legend) and yearly mean (dashed gray) wind speed deficits
(left axis; CCLM_WF - CCLM) and capacity factor losses (right axis; CCLM_WF - CCLM) for the prevailing
wind directions of 200°-280° in the period 2008-2017 at hub height (90 m) taken at transect I (German Bight,
Fig. 5) latitude 54.2 latitude 54.2°N-55.6°N and longitude 5.45°E-8.0°E. Gray sectors indicate the wind farm
positions. Arrows and attached numbers give the distances between the edges of the wind farms. (b) As of (a)
but for transect III (Dogger Bank, Fig. 5) latitude 54.4°N-55.8°N and longitude 0.8°E-3.15°E.

Our results show that clusters of large wind farms, such as the farms planned for the near future in the UK’s
Dogger Bank and the German Bight, have the potential to substantially modify the atmospheric dynamics and
lead to local mean wind speed reductions extending as far as more than 40 km downwind from the farm. Depend-
ing on the size of the wind farm, generally, the annual mean wind speed deficit can reach 2-2.5 ms™! which is
equivalent to the power loss of 1-2 MW*, These results are consistent with the previous studies'>***”. These
authors studied the consequences of wind farms in case studies and short-term simulations. Our results show
that the previously identified effects accumulate and influence the mean wind pattern. We identified a trade-off
in the clustering of offshore wind farms. Clustering supports reduced energy production costs due to reduced
infrastructure investments, but these advantages can be offset by wakes effects and the consequent reduction of
CE. Our results emphasize that wind energy in the North Sea can be considered a limited resource. With the cur-
rent plans to install offshore wind energy farms in the North Sea locally resource exploitation limits are reached.
Better planning and optimization of locations are required that consider the development of wind wakes under
realistic multi-year atmospheric conditions.

It is important to note that for our idealized study we used an average size (90 m hub height and 126 m rotor
diameter) of turbines for existing wind farms. The rapidly increasing size and power generation of wind turbines*®
can intensify the wake effects vertically and horizontally. Moreover, wind farm installations in the North Sea are
further accelerating and the here identified limits of power generation will become more important.

Southwesterly winds are predominant in the North Sea* (Fig. 2 and Fig. SI 3), and wake effects and their
implications for power generation are therefore of particular importance for efficient energy production and
production costs. During prevailing southwesterly winds, the power production of a downwind wind farm on
the northeastern side is generally undermined by the wind farms located upwind.

Under stably stratified atmospheric conditions, weak vertical momentum mixing strengthens the wake
effect!'>1820 and observational evidence shows that the wake can extend up to 50-70 km under such atmos-
pheric conditions®. Such individual cases are also well reproduced in the model simulations. These findings
suggest that CF losses can be greater than the mean values shown herein and last longer under stable atmospheric
conditions. Additionally, this study shows the annual and seasonal mean values calculated using hourly values
during the period 2008-2017 to illustrate the mean wake effect on the CF using multi-year weather conditions
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under all atmospheric conditions. This shows that the wind speed and CF deficits are highest during spring
(mainly March-April) and lowest during November-December. The proximity of large wind farms affects the
production of downwind wind turbines and wind farms, reducing the CF by more than 20-25%.

Already now, offshore renewable energy production in the North Sea shows substantial impacts on the
atmospheric conditions therein, and these effects will continue to increase in the future. The evidence indicates
that OWFs can impact marine animals and can raise environmental and climate concerns>***!. Since wind is
one of the main factors modulating ecosystem productivity and ecosystem structure, OWFs have the potential
to develop into dominant ecosystem drivers and need to be considered for ecosystem management and fisher-
ies assessment. Therefore, an optimization strategy based on both national and international considerations is
required to minimize economic losses and to assess the limits and environmental impacts of industrial offshore
energy production. Furthermore, atmospheric wakes can induce ocean responses by modifying the sea surface
roughness, atmospheric stability, and heat fluxes, and hence have the potential to influence local climate that
requires further investigation®>°%3,

Methods

Numerical model setup. In this study, we employ the regional climate model COSMO-CLM?* with a
wind farm parameterization'>*** to consider the wind farm impacts on local atmospheric dynamics and the
spatial-temporal pattern of wind speed deficits for a near-future wind farm scenario in the North Sea (see Fig.
SI 1). COSMO-CLM uses a horizontal atmospheric grid mesh size of 0.02° (~2 km; 396 x436 grid cells) and
62 vertical levels. In our configuration, COSMO-CLM uses a time step of 12 s with a third-order Runge-Kutta
numerical integration scheme. The physics options include a cloud microphysics scheme, a delta-two-stream
scheme for shortwave and longwave radiation, and a one-dimensional prognostic TKE advection scheme for the
vertical turbulent diffusion parameterization®. The roughness length over the sea is computed on the basis of
the Charnock formula®. The initial and lateral boundary conditions for the wind, sea surface temperature and
other meteorological variables are taken from a CoastDat3 simulation®, which provides hourly data at a hori-
zontal resolution of 0.11° (~ 11 km). The CoastDat3 atmospheric simulation was driven by European Centre for
Medium-Range Weather Forecast (ECMWEF) ERA-Interim reanalysis data in 6 hourly intervals at a horizontal
resolution of 0.703°%.

To include wind farm effects, a wind farm parameterization for mesoscale numerical weather prediction
models is implemented into COSMO-CLM?¢. This parameterization represents wind turbines as a momentum
sink for the mean flow that converts KE into electric energy and TKE. The parameterization uses the velocity in
each grid to estimate the average effect of the wind turbines within that grid. In our configuration, we use five
vertical levels within the rotor area. The wind turbine extracts KE from the mean flow of each layer intersecting
the rotor area. The amount of extracted KE depends on the wind speed, thrust, power coefficients, air density,
and the density of the wind turbines in the considered grid*® (see Fig. SI 13). A fraction of the extracted KE is
converted into electric power by the turbine, whereas the remaining part of KE is converted into TKE. Here, we
use the thrust and power coefficients as a function of wind speed derived from the theoretical National Renewable
Energy Laboratory (NREL) 5 MW reference wind turbine for offshore system development*. These coefficients
are close to those of real wind turbines, as the NREL 5 MW turbine data were derived from the REPower 5 MW
offshore wind turbine. The wind turbine is hallmarked by a cut-in wind speed of 3 ms™, a rated power speed of
12 ms™}, and a cut-out speed of 25 ms~. In this study, we used the 90 m hub height and a 126 m rotor diameter
with a rated power of 5.3 MW. The chosen turbine size falls within the range of existing wind farms by 2017
(Table SI 3). For a more detailed description of the wind farm parameterization and its implementation, we refer
the readers to the previous studies>**3%,

Capacity factor (CF).  Because of the high variability of wind, low, medium, and high wind speeds alternate
frequently, and wind turbines cannot operate continuously at the rated power. Therefore, the CF is commonly
used to calculate the average energy production of a wind turbine. In turn, the CF is used for the economic
assessment of a project, optimum turbine site matching, and the ranking of potential sites®. Several generic
models are available in the literature to represent the ascending segment of the power curve between the cut-
in and rated speeds (Fig. SI 13) independent of the power coefficients, which are unique to every turbine and
difficult to generalize. These generic models use the cut-in, rated, and cut-out speeds to estimate the ascending
segment of the power curve without information on the turbine output. We use a polynomial generic model*
to estimate the CF using a Weibull probability density function based on hourly wind speed values and three
speeds, namely, the cut-in (3 ms™), rated (12 ms™), and cut-out (25 ms™), of the performance curve shown in
Fig. ST 13.

Data availability

'The model COSMO-CLM_WF and COSMO-CLM datasets supporting the results can be downloaded via CERA-
DKRZ% and the COSMO-CLM namelists are available from the authors upon request. The COSMO-CLM
simulations employ the community-wide publicly available (http://www.clm-community.eu) COSMO-CLM
code. In situ airborne observational data were accessed via PANGAEA™ and the FINO data were obtained via
https://www.fino-offshore.de/en/ and http://fino.bsh.de.
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Mesoscale modelling of North Sea wind
resources with COSMO-CLM: model evaluation
and impact assessment of future wind farm
characteristics on cluster-scale wake losses
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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 capacity 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 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 the
proximity, size and number of the upwind farms. 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 of 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 Introduction

The global capacity of offshore wind technologies has in-
creased more than 10-fold over the previous decade as part of
the urgent transition to low-emission energy systems (IPCC,
2022). In 2021, the unprecedented commissioning of over
17GW of offshore wind capacity pushed the cumulative,
global capacity past SO0GW (Musial et al., 2022). In Eu-
rope, hosting more than half of that global offshore capac-
ity, 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 MW (8.5MW in Eu-
rope) in 2021 compared to 3.3 MW in 2011 (Komusanac
et al., 2021; Musial et al., 2022). As wind turbines off-
shore 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; An-
tonini and Caldeira, 2021). Currently, limited space and the
urgent decarbonization of electricity systems lead to the in-
stallation and planning of very dense wind farms (capacity
density > 10 MW km™2) and exceptionally large wind farms
(capacity > 1 GW) that are strongly impacted by these tur-
bine 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 interfer-
ence through far-field wind farm wakes. These can extend
several tens of kilometres (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 ques-
tions on the magnitude of intra- and inter-farm wake losses in
a future, densely clustered wind farm layout including large
wind farms. Mesoscale models have been applied to illus-
trate 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 signif-
icantly 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 quan-
tifying how the long-term effect of wake losses in a hy-
pothetical, future North Sea wind farm layout 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 in-
variant 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
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when going to 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, 2022) and also for the modelling of wind and wind
resources of the past (e.g. Reyers et al., 2015; Geyer et al.,
2015; Lietal., 2016) and future (e.g. Nolan et al., 2014; San-
tos etal., 2015; Reyers et al., 2016). The quality of mesoscale
wind farm simulations relies heavily on the accurate simu-
lation of the background wind climate, which is why these
models are typically evaluated with in situ, lidar and/or satel-
lite 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. 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 the 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 between the COnsortium for Small-scale MOdelling
(COSMO) and the Climate Limited-area Modelling commu-
nity (CLM-Community) (Rockel et al., 2008). The Runge—
Kutta dynamical core solves the non-hydrostatic, compress-
ible hydro-thermodynamical equations on a rotated latitude—
longitude grid (Doms and Baldauf, 2013). Several coor-
dinate systems are available in the vertical dimension, of
which we used the height-based, terrain-following coordi-
nate 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 Yamada (1982) as described in Raschendorfer (2001).
Surface fluxes were also parametrized and are coupled to
the included multi-layer soil model, TERRA-ML. In addi-
tion, parametrizations for grid-scale clouds and precipita-
tion, moist convection, and radiative processes were included
(Doms et al., 2013). An extensive description of the model
system is available in the documentation (e.g. Doms and Bal-
dauf, 2013).

The simulation domain covered a large fraction of the
North Sea with a horizontal grid spacing of 0.025° (~
2.8km) (Fig. 1). In the vertical dimension, 61 levels were
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Figure 1. Map of the study area showing the simulation domain (cyan, solid line) and the evaluation domain (cyan, dashed line). The
locations of the in situ measurement stations (orange dots) and lidar stations (green triangles) that are used for the model evaluation are also
indicated, in addition to the hypothetical future wind farm layout (grey polygons) and the four analysis transects TR1-TR4 (yellow lines)

used for the wind farm simulations. Created using QGIS3.4.

used up to an elevation of 22km with a spacing of ap-
proximately 20 m near the surface and 30 m 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 consid-
ered an additional 73 km wide, in agreement with the rec-
ommendations of Matte et al. (2017). The remaining inner
part of the simulation domain was considered for the evalu-
ation and analysis (Fig. 1). The ERAS reanalysis (Hersbach
et al., 2020) was used as forcing at the boundaries with up-
dates every hour. No additional nesting stages were used, in
line with results from Brisson et al. (2015). At the meso-y
scale, the model resolution partly allows the explicit devel-
opment 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 res-
olution 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
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included for the experimental, LES-type turbulence schemes.
With the focus on wind farm wake development in the second
part of this study, we implemented the TKE advection term
for the standard turbulence scheme in COSMOS5.0 based on
version 5.01.

Specific to this study, we also employed the Fitch wind
farm parametrization (WFP; Fitch et al., 2012), which has
been implemented in COSMOS-CLM15 (Chatterjee et al.,
2016; Akhtar and Chatterjee, 2020). This additional mod-
ule 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 coefficient in the
parametrization based on a comparison with large eddy sim-
ulations (LES) (Archer et al., 2020), the original value was
retained in this study, as other studies did not find that this
leads to better performance (Siedersleben et al., 2020; Larsén
and Fischereit, 2021). Several other wind farm parametriza-
tions exist (Fischereit et al., 2022a), and it has been shown
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that the modelled wind speed deficits 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 re-
duced (van Stratum et al., 2022; Dirksen et al., 2022). This
good performance has also been determined in WRF by com-
paring 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). Wind
speed reductions inside of a wind farm have also been shown
to agree well with airborne measurements (Ali et al., 2023),
mast measurements (Dirksen et al., 2022) and RANS simula-
tions (Fischereit et al., 2022c). Moreover, comparisons with
other WFP schemes show that Fitch generally outperforms
these other schemes, both inside a wind farm and in the farm
wake (Fischereit et al., 2022c; Ali et al., 2023). For a detailed
overview of the performance validation of this parametriza-
tion, we refer to the review of Fischereit et al. (2022a).

2.2 Evaluation run

To evaluate the model performance, a simulation was per-
formed for a period of 13 years (2008-2020). Data from in
situ, lidar and satellite measurements over the North Sea are
abundant in both space and time for this period. Addition-
ally, the length of the simulation ensures that a large vari-
ation in wind conditions, as described in e.g. Geyer et al.
(2015) and Ronda et al. (2017), is sampled. The wind farm
parametrization was excluded in this simulation because a
time-static wind farm layout cannot represent the rapidly
growing wind farm layout over this time period and most ob-
servations were representative for wind-farm-free conditions.
Hence, only the undisturbed wind climate was evaluated, and
the observations were filtered accordingly, which will be dis-
cussed in more detail in Sect. 2.4.1. The instantaneous wind
field around hub height was written to output at a 10 min fre-
quency following the standard for wind energy assessments
(Menezes et al., 2020).

2.3  Wind farm simulations

The projected future wind farm layout used in the wind farm
simulations was constructed from the EMODnet wind farm
dataset (EMODnet, 2022) and GIS data from the Royal Bel-
gian Institute for Natural Sciences (Vigin, 2022) (Fig. 1).
Next to the operational wind farms today, this layout in-
corporates the concessions that are in different stages of
the construction process, zones for which consent has been
authorized and also large development zones. Because the
wind farm parametrization assumes that turbines within a
single grid cell never have any wake interactions, no addi-
tional information is required on the layout of the turbines in
each wind farm. The turbines were assumed constantly op-
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erational, unless the wind speed was below the cut-in wind
speed or above the cut-out wind speed. Considering the com-
putational cost of these experiments, the time span was lim-
ited to one representative year in terms of the North Sea wind
field. This year was determined in a procedure based on the
one outlined in Tammelin et al. (2013). We used 31 years
of hourly, hub-height wind fields from the ERAS reanalysis
(1990-2020) to compute a metric R for the representative-
ness per year and per grid cell:

Slijy  S2ijy  S3ijy
Ri’j’y — l’.]’.y + l’.]’.y + l’.l’.) s (1)
os1 0s2 0s3

where the indices i, j and y refers to a specific grid cell and
year. These R values were computed per year for each North
Sea grid cell between 51 and 55.5° latitude. Higher values
of R correspond to more representative years. The different
scores (S1-S3) are based on the agreement between single-
year and the long-term (31 year) histograms as computed by
the Perkins skill score:

PSS (H,, Hy) = zn:MIN (Fg,1 , F}}z) , )
b=1

where H; and Hj represent the first and second histogram
and FP® represents the normalized frequency for bin b. The
PSS represents the fraction of overlap between the two his-
tograms, so that a PSS of 1 (or 100 %) represents complete
overlap. For one-dimensional histograms, this metric is con-
nected to the Earth mover’s distance (EMD) metric, which
in contrast represents the area of mismatch between two his-
tograms (Rabin et al., 2008). S1 is the PSS between a wind
speed histogram for a single-year and the multi-year wind
speed histogram, using a bin width of 0.5ms~!. S2 is the
same as S1 but for wind direction, using a bin width of 30°.
Finally, S3 represents the mean PSS between the single- and
multi-year wind speed distributions over 12 wind direction
sectors. The scores (S1-S3) are standardized by the standard
deviation to give each term in the sum equal weight. Summa-
tion of R over all grid cells then yields a representativeness
for a specific year. The different scores and the final score per
year are summarized in Figs. S1 and S2 in the Supplement,
respectively. Based on this procedure, the year 2016 was se-
lected for the simulations, as the representativeness is high
overall for this year (Fig. S1). In addition, the representative-
ness is especially high for wind direction (Fig. S2), which is
particularly important for the study of inter-farm wake inter-
actions.

Five simulations were performed, consisting of one sim-
ulation without wind farms (NOWF) and four simulations
using a fixed wind farm layout with the same turbine type
and capacity density for all wind farms (Table 1). Based on
the number of turbines, the total capacity and the surface
area of operational wind farms in the North Sea, a median
turbine capacity of 4.85 MW and a representative capacity
density of 8.1 MW km~? were determined. The 5 MW refer-
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Table 1. Summary of the turbine type and capacity density used in
the different wind farm model simulations.

Identifier ~ Turbine type  Capacity density (MW km~2)
NOWF - -
NRELS.1 NREL 5MW 8.1
IEA3.5 IEA 15 MW 35
IEAS.1 IEA 15 MW 8.1
IEA10.0 IEA I5MW 10

ence wind turbine of the National Renewable Energy Lab-
oratory (NREL) (Jonkman et al., 2009)) with a hub height
of 90 m and a rotor diameter of 126 m was therefore used
in conjunction with the aforementioned capacity density in
one of the wind farm simulations (NRELS.1). Three addi-
tional cases were simulated in which the NREL 5 MW was
replaced by the 15 MW reference wind turbine of the Inter-
national Energy Agency (IEA) (Gaertner et al., 2020) with a
hub height of 150 m and a rotor diameter of 240 m, as 15 MW
turbines are expected to reach the market in a few years and
are now being selected for upcoming projects (Bento and
Fontes, 2019; Shields et al., 2021). The power curves of these
three turbines are available in Fig. S3. The three cases with
15 MW turbines were simulated with a different wind farm
capacity density.

— [IEA3.5: low capacity density in which the inter-turbine
distance is 10 rotor diameters. This turbine spacing is
larger than is found in most offshore wind farms today
and corresponds to a lower cost per unit energy produc-
tion as the impact of turbine wakes is reduced and is
most relevant in regions where offshore space is rel-
atively abundant, such as for the United Kingdom or
Denmark (Borrmann et al., 2018).

— IEAS8.1: the same capacity density as for the NRELS.1

scenario.

— IEAI0.0: high capacity density with a larger revenue
per unit area but also increased wake-related losses.
This corresponds to a capacity density for planned
projects in regions where the available space is limited,
such as Belgium, the Netherlands and Germany (Bor-
rmann et al., 2018).

Based on the different simulations, the impact of the tur-
bine type and capacity density on the wake losses was as-
sessed. In addition, the roles of wind farm size and inter-
farm distance in these wake losses were investigated based
on the large variation in these properties over the wind farm
layout. The different simulations were compared along the
transects indicated on Fig. 1, which correspond to dominant
but also strongly disturbed wind directions, i.e. directions
along which the wind farms are densely clustered. For this
analysis, only winds in a sector of 30° around the transect
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orientation (SW to NE for TR1, TR2 and TR4 and NW to
SE for TR3) were selected based on the centre grid cell on
the transect. The data selection based on the wind direction
reduced the dataset to approximately 14 % of the total for
transects TR1, TR2 and TR4 and to 8.1 % for TR3. Addi-
tionally, this transect analysis was extended to three stability
classes based on the bulk Richardson number (Rg), a metric
for the dynamic stability, which will be discussed in more
detail in Sect. 2.5.3.

2.4 Measurement data
2.4.1 In situ masts

Wind measurements of 19 in situ stations (Fig. 1) were
obtained from the KNMI data platform, Meetnet Vlaamse
Banken, the Marine Data Exchange, the FINO data plat-
form and the TNO wind energy data platform (Table A1). Of
these 19 stations, 6 were actual meteorological masts with
measuring devices at multiple altitudes. The remaining sta-
tions correspond to coastal measurement poles and instru-
mentation mounted on oil, gas or light platforms and pro-
vide information at a single altitude. Average wind speed
and wind direction are available at 10 min intervals. A time-
line of the data availability is summarized for each station
in Fig. S4. For most stations, corrections were applied to the
measurements of the boom- or platform-mounted anemome-
ters and wind vanes in order to account for flow distortions
by the mast or other mounting infrastructure. These cor-
rections were performed by the data providers for the sta-
tions FINO1 and FINO3 (Westerhellweg et al., 2012; Leiding
etal., 2016), MMIJ (Werkhoven and Verhoef, 2012), WH and
WA. For the remaining stations with multiple anemometers
per height level, we avoided using measurements in the wake
of the mast or other infrastructure by selecting the measure-
ment with the highest 10 min average wind speed. A possible
drawback of this approach is that the measured wind speed
is overestimated in the case of lateral speed-up effects (Leid-
ing et al., 2016). If wind direction was provided with respect
to magnetic north, a magnetic-to-true north correction was
applied according to the location and timing of the dataset.
Finally, because no wind farm parametrization was included
in the evaluation run, measurements potentially taken in the
wake of wind farms were omitted from the dataset by filter-
ing out either a specific time range or a directional sector.
These dataset corrections are summarized in Table S1 in the
Supplement. A station-to-farm distance threshold of 50 km
was chosen to perform these corrections, as it is expected
that the impact of wind farm wakes on the long-term wind
speed statistics becomes relatively unimportant at this dis-
tance (Schneemann et al., 2020; Dirksen et al., 2022). The
total uncertainty on the wind speed measurements is a com-
bination of the uncertainties of calibration, mounting (includ-
ing flow obstruction by the mast), data acquisition and the
local site conditions. This total uncertainty can vary signifi-
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cantly between the stations. For the class 0.9A anemometers
at station MMIJ the total uncertainty was estimated at 1.5 %
for the top anemometer and 1.9 % for the boom-mounted
anemometers (Duncan et al., 2019). For the top anemome-
ters of the other meteorological masts, which have a compa-
rable class number as for MMIJ (Friis Pedersen et al., 2006),
we applied the same value of 1.5 % as the uncertainty esti-
mate. As the boom-mounted anemometers at the FINO sta-
tions were also mast-corrected prior to use, we adopted the
same value of 1.9 %. The mounting uncertainty for boom
anemometers at stations GG, LA and HGW is expected to be
larger because we only performed a simple correction. As-
suming an additional 2 % uncertainty on the mast correction,
this leads to a total uncertainty of 3.7 %. For the remain-
ing stations, we assumed a calibration uncertainty of 1.5%
(Coquilla et al., 2007), an operational uncertainty of 0.8 %
(Friis Pedersen et al., 2006) and an augmented 2 % uncer-
tainty on the data acquisition due to limited information on
acquisition and post-processing. For AWG1, P11B and WH
a mounting uncertainty of 5% was estimated due to pres-
ence of lateral flow obstructions. For the other stations, where
the device is mounted on the top of a platform or platform-
mounted mast, a mounting uncertainty of 2 % was assumed
following Verkaik (2001).

2.4.2 Wind lidar

In addition to the cup anemometers, measurements from six
wind lidars were used for the evaluation (Fig. 1). These lidars
use light beam scanning technology to derive vertical profiles
of wind speed and direction at regular height intervals and al-
low evaluation of the wind field above the typical 90 m top of
meteorological masts. As for the in situ measurements, wind
speed and direction are provided as 10min averages. The
data were obtained from the Dutch services TNO wind en-
ergy and Rijksdienst voor Ondernemend Nederland (RVO).
The lidars were installed during the pre-construction stages
of offshore wind farm development (Table A2). The LEGO,
MMIJ, K13 and EPL lidars are installed on the same plat-
forms as the cup anemometers (Table Al). The BO and TNW
lidars are floating lidars and are mounted on a Fugro SEA-
WATCH buoy. Estimates of the uncertainty are from Wouters
and Verhoef (2019a, b, c¢) for LEGO, EPL and K13; from
Poveda and Wouters (2015) for MM1J; and from the report
by Dhirendra (2014) for the floating lidars BO and TNW.

2.4.3 ASCAT

The Advanced SCATterometer (ASCAT) sensor on the Eu-
ropean MetOp satellites uses radar technology to determine
the near-surface wind speed and direction over the sea (Gel-
sthorpe et al., 2000; Figa-Saldafia et al., 2002). Although the
ASCAT product only provides information on the surface
wind, it complements the in situ and lidar data as it covers
most of the North Sea basin. For this study, we considered
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the L3-reprocessed ascending and descending passes of the
MetOp-A satellite from the website of the Copernicus Ma-
rine Service (CMEMS). The satellite was operational for the
complete 13 years of this simulation. Specifically, the variant
ona 12.5 km grid with a horizontal grid spacing of 25 km was
used, which has been validated against buoy measurements
(Verhoef and Stoffelen, 2009). The long-term instrumental
stability is estimated to be below 0.1 ms~! for this product,
whereas the climatological uncertainty is +0.1 ms™!, with
some anomalies of +1ms™! at the Dutch coast. The datasets
for both passes together provide roughly one instantaneous
measurement per day for most of the North Sea that we con-
sider (4500 samples in total). Only close to the coasts is data
coverage much lower (100-3000 samples), which is a well-
known issue with remotely sensed winds related to contami-
nation with land signal (Bourassa et al., 2019).

2.5 Evaluation approach
2.5.1 Model collocation with in situ and lidar

Over a 10 min period, the wind travels over a distance com-
parable to the edge length of a 0.025° grid cell. Because the
model wind components represent smoothed grid box aver-
ages, the 10 min time averages of the observations were di-
rectly compared to instantaneous values of the grid cell in
which the station is located. In the case of gaps in the time
series of the in situ and lidar data, the corresponding time
steps were also eliminated from the model grid point time
series. The model wind speed data were interpolated to the
measurement heights using the wind profile power law:

hs \*

Vo=Vhm)-|—) . (3)
hm

where Vs is the wind speed at sensor height, V(h,,) is the

wind speed at the first model level below sensor height and

« is the shear coefficient which is computed as

_ In(V 1) [V ()
In (A1 /hm)

where m+-1 denotes the first model level above sensor height.
In contrast to the wind speed, the model wind direction at
sensor height was computed after linear interpolation of the
horizontal wind components of the model levels just above
and below sensor height. The Zephir 300S lidar has a well-
known 180° ambiguity that can occur in the wind direction
time series as it relies on a sonic anemometer just above the
lidar to determine the sign of the wind vector. In the case of
low wind speeds and/or flow obstructions, it is possible that
the incorrect sign is determined and the lidar’s wind direction
is 180° off (Knoop et al., 2021). We corrected this 180° error
by adding or subtracting 180° if the wind direction in the
measurements differs more than 90° from the modelled wind
direction (~ 2 % occurrence) after Dirksen et al. (2022).

, “4)
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2.5.2 Model collocation with ASCAT and triple
collocation

For the comparison with ASCAT, the model surface winds
were regridded to the 12.5 km grid of the measurements with
first-order conservative remapping. This ensures that all the
source grid cells contained within a target grid cell have sim-
ilar weight in the regridding, in agreement with the ASCAT
winds being computed from the signal of this complete area.
Afterwards, the measurement time series of each ASCAT
grid cell was matched by a model time series for that same
grid cell by linear interpolation in time.

Additionally, a comparison between the model, ASCAT
and in situ data was conducted at stations WH, EPL and
MMIJ. These stations were selected because the location is
far enough from the coast to ensure sufficient data points in
the ASCAT data and the measurement height is close to 10 m,
which reduces any vertical extrapolation errors to 10m in
the in situ data. This extrapolation was done using the power
law with a constant shear coefficient of 0.11. The in situ data
were then also linearly interpolated to the ASCAT measure-
ment times, and all datasets were limited to the timings where
both ASCAT and in situ measurements are available. Finally,
the grid cells in which the stations are located were selected
from the model and ASCAT datasets for the comparison.

2.5.3 Stability classification

The comparison between COSMO-CLM and the measure-
ments in terms of wind speed was further extended to differ-
ent classes of atmospheric, dynamic stability because the sta-
bility strongly determines the wind conditions over the North
Sea (Stull, 1988; Sathe et al., 2011) and also determines the
atmospheric response to a wind farm forcing (Platis et al.,
2021). This stability classification was done based on the
bulk Richardson number (Rp), which is computed as

2 Ab,
A A

Rp = 3 7

(52) +(3)
where g corresponds to the gravitational constant, 6, is the
virtual potential temperature, z is height, and u and v are
the zonal and meridional wind speed components, respec-
tively. The overbar over the virtual potential temperature
denotes that it is averaged over the four model layers be-
tween 50 and 150 m height. Finally, the gradients in u, v and
6y were determined by averaging the gradients between each
of the subsequent layers between 50 and 150 m. Based on
the (Rp), we can identify three distinct dynamic stability
regimes (Grachev et al., 2013; Dirksen et al., 2022).

e

&)

— Unstable: Rp < 0. This is the case when the tempera-
ture gradient is negative, which corresponds to an un-
stable thermal stratification.
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— Weakly stable: 0 < Rg < 0.25. This is the case when the
temperature gradient is positive, but the temperature ef-
fect is weak compared to the vertical wind shear. In this
case, the wind-shear-generated turbulence is relatively
strong compared to the buoyant damping.

— Stable: Rp > 0.25. This is the case when the tempera-
ture gradient is positive and strong compared to the ver-
tical shear. In this case, the wind-shear-generated turbu-
lence is strongly damped, and this region of the ABL
can be considered dynamically stable.

Gradients were calculated based on potential temperature
instead of virtual potential temperature as an analysis of the
driving data showed minimal variations of specific humidity
over the considered height range. A comparison of the mod-
elled temperature gradients with measured temperature gra-
dients at station MMIJ between 90 and 21 ma.m.s.l. shows
a good correspondence in the long-term temperature gradi-
ent probability distribution, indicating sufficient model skill
for this subdivision into stability classes (Fig. S5). Because
vertical profiles of pressure and temperature are generally
not available over the range of the meteorological masts or
wind lidar scanning ranges, the stability criterion can only be
computed for the model. Based on a good temporal corre-
lation between the temperature gradients of COSMO-CLM
and measurement mast MMIJ (Pearson correlation coeffi-
cient = 0.85), the time steps matched to a stability class for
the model grid cell nearest to each measurement location
were also matched to that stability class for the measurement
data.

2.5.4 Evaluation metrics

We compared the magnitudes of the mean wind speed differ-
ence and the observational uncertainty to identify any model
bias: an exceedance of the observational uncertainty at a
measurement station was used as the threshold for the pres-
ence of a model bias at that location. In addition, the PSS
(Sect. 2.3) was employed as a metric to express the agree-
ment in the shape of two histograms of either wind speed or
wind direction.

Because the relationship between wind speed and wind
turbine power production is non-linear, we also evaluated
differences between COSMO-CLM and the observations in
terms of the capacity factor, which is given by

jZIP(Vi)

CF=100—————
nP (V)

[%], (6)
where V; is the hub-height wind speed at some instance i in
the time series; V; is the rated wind speed; and P is the gen-
erated power, which is a turbine-specific function of the wind
speed. So, the capacity factor is the ratio between the power
production of a specific turbine based on a wind speed time
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series and the theoretical, maximum power production over
that same period, i.e. for a turbine continuously operating at
full capacity. This is an idealized notion of the capacity factor
as it concerns an isolated turbine which constantly operates
according to the power curve. For these calculations, we con-
sidered the power curve of the NREL 5 MW reference wind
turbine, with a hub height of 90m, for the meteorological
masts with the top anemometer below 100 m and the power
curve of the DTU 10 MW reference wind turbine (Bak et al.,
2013), with a hub height of 119 m, for FINO1, FINO3 and
the wind lidars (Fig. S3). An uncertainty range on the capac-
ity factor based on the observed wind speeds was determined
based on the uncertainty on the wind speed measurements:
the observed wind speed distribution was shifted linearly by
the product of the uncertainty and the mean wind speed after
which upper and lower bounds on the capacity factor were
computed. As the capacity factor is a percentage, absolute
differences are also a percentage, so to avoid confusion it is
always explicitly stated whether absolute or relative differ-
ences in the capacity factor are considered.

3 Results and discussion

3.1 Model evaluation

This subsection covers the model performance evaluation.
First, the general evaluation based on all validation sources
and the complete height range (10 to 290 m) is described.
This is followed by a more detailed performance analysis at
turbine hub height (~ 100 m), and finally the evaluation is
extended to the different atmospheric stability classes.

The difference in the long-term mean wind speed between
the in situ and lidar stations varies with height (Fig. 2). Be-
low 90m, the difference is generally negative (model un-
derestimates the mean) and exceeds the measurement uncer-
tainty range, indicating a model bias to lower wind speeds.
However, the magnitude of the bias generally drops with in-
creasing altitude over the considered height range, albeit with
some exceptions (MMIJ, TNW). At measurement heights at
or above 90 m, the difference is generally smaller and falls
within the uncertainty range of the measurements. The gra-
dient with height persists and the difference is positive above
130m at the locations of the wind lidars. Although differ-
ences over height are substantial, there is no robust indica-
tion of regional differences in the ability of COSMO-CLM to
model the climatological mean wind speed. The same figure
but with relative differences is included in the Supplement
(Fig. S6).

The mean difference between COSMO-CLM and the AS-
CAT data is between —0.5 and 0.5ms~! for most grid cells
(Fig. 3). For approximately 45 % of the grid cells the mean
difference is within the ASCAT climatological uncertainty
of £0.1ms~!. These grid cells are generally located far-
ther from the coast and correspond to the regions without
in situ measurements, which is an indication of good model
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performance in this region. The model underestimation near
the surface that was identified against the in situ data in the
southern North Sea is much smaller than the differences com-
pared to ASCAT in this region (cf. Figs. 2 and 3). A three-
way comparison with three in situ stations shows that the
mean differences against the in situ data exceed the in situ
measurement uncertainty for both COSMO-CLM and AS-
CAT (Fig. 3). Whereas COSMO-CLM generally underesti-
mates the mean near-surface wind speed, ASCAT overesti-
mates it with a larger magnitude, which explains the differ-
ences in PSS values. The PSS values are similar when both
COSMO-CLM and ASCAT are corrected for the systematic
bias with respect to the in situ data, which indicates that both
perform similarly in approximating the distribution shape of
the in situ data.

The distributions of wind speed near 100 m height match
well with the meteorological masts and lidar stations in most
cases (Fig. 4), leading to a PSS generally above 95 %. The
associated absolute differences in the idealized capacity fac-
tor are within the uncertainty based on the wind speed mea-
surements for 4 out of 10 stations. For FINO1, K13, MMIJ
and HGW the differences are outside the uncertainty range,
but the deviations from the lower bound of the uncertainty
range are less than 1 %, while the deviations are higher for
the GG and LA masts. For K13 and HGW the capacity factor
difference exceeds the capacity factor uncertainty, whereas
the mean wind speed difference is within the wind speed un-
certainty, which can be linked to the non-linear relationship
between wind speed and power production.

Although the inter-annual variability of the annual mean
hub-height wind speed is typically around 1 ms~!, the cor-
responding variability in the wind speed bias between the
model and the measurements is typically around 0.1 ms™!
or 10 % of that value (Table 2). The corresponding overlap
between the single-year histograms generally does not vary
more than 2 % over the years. Hence, the agreement in dis-
tribution location and shape between COSMO-CLM and the
measurements remains consistent over consecutive years, re-
gardless of the inter-annual variability in the wind conditions.

The intra-annual cycle in the wind speed distribution is
also well represented by the model (Fig. 5). The gradual
seasonal variation from higher (winter) to lower (summer)
median wind speeds is accurately reproduced in addition
to the variation in distribution width (Q25—Q75 range) and
more extreme conditions (Qs5 and Qgs). Moreover, in ex-
treme months the model also succeeds in modelling the wind
speed distribution as can be deduced from Fig. 5b at station
TNW for February 2020, albeit with a heavier right tail and
consequently more winds above the cut-out wind speed.

Evaluation of the long-term wind direction histograms
near turbine hub height (using a bin width of 20°) shows
an overlap of 95 % or more in most cases (Table 3) with
the magnitude of the bias generally below 4°. A reason
for the stronger deviation at FINO3 and EPL has not been
identified. Because the considered measurements vary sub-
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Figure 2. Wind speed bias (m s~ 1) for the complete time span of each measurement dataset. This concerns measurements between 10 and
290 ma.m.s.l. The vertical range is subdivided into 20 m intervals for readability. The presence of an asterisk indicates that the bias is within
the measurement uncertainty. Stations are clustered per region. The considered time periods for each measurement dataset can be found in

Tables Al and A2.

Table 2. Inter-annual range of the mean wind speed and of the agreement between the model and observations, as expressed by the mini-
mum/maximum annual mean difference and the minimum/maximum annual PSS for the different years in the measurement period.

Station Period (NR years)  Annual mean Mean difference
(ms~1) (ms~1h PSS (%)
MAX MIN MAX  MIN MAX MIN

FINO3 (107 m) 2010-2013 (4) 11.2 95 —0.11 —-0.22 98 97
MMIJ (92 m) 2012-2015 (4) 10.3 9.8 —-0.44 —0.50 96 94
K13 lidar (115 m) 2018-2020 (3) 104 99 -0.2 -0.28 97 97
LEGO lidar (115m) 2015-2020 (6) 11.1 9.2 —0.18 —0.28 97 95
LA (82m) 2008-2010 (3) 9.5 8.6 —-0.32 —-0.47 95 93

stantially in measurement height, i.e. from 62 ma.m.s.l. up
to 120 ma.m.s.l., this comparison indicates consistency of
the good performance with height. The variations of the
wind speed statistics with the wind direction are also cap-
tured by the model (Fig. S7). This accurate reproduction of
the wind direction distributions and the direction-dependent
wind speed distributions is encouraging for the application to
wind farm modelling as wind farm shapes are tailored to the
regional wind climate.

The general differences in mean wind speed profiles for
the three stability classes agree well between the model and
the measurements (Fig. 6): winds are strongest under weakly
stable conditions and weakest under stable conditions, with
the wind speeds under unstable conditions falling in between.
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The agreement between the profiles of the model and the
measurements differs between the stability classes: under
stable conditions the shear in the model is too strong be-
tween 40 and 200 m, leading to a negative model bias be-
low 160 m for EPL and LEGO and below 180 m for K13 and
TNW. Around 100 m, the respective underestimations are at
least —0.3 and —0.6ms~!. Such an underestimation under
stable conditions is not uncommon for climate models (Wi-
jnant et al., 2014; Sheridan et al., 2021). For weakly stable
conditions, there is not a clear bias around 100 m, but the
deviations below 90 m and above 150 m are outside of the
observational uncertainty. The small vertical gradient under
unstable conditions is represented well by the model with
only small deviations that are well within the measurement
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Figure 3. Difference in long-term mean wind speed between COSMO-CLM and ASCAT. Yellow dots indicate the measurement stations
for triple collocation. The text boxes summarize the mean 10m wind speed for three in situ stations and the agreement of ASCAT and
COSMO-CLM in terms of the mean difference and the PSS. The PSS values between brackets are after elimination of the mean difference
between the two histograms to remove the effect of distribution location.
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Figure 4. Histograms of the collocated wind speed datasets. Orange: overlap between the histograms; light orange: only COSMO-CLM;
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difference in capacity factor between the model and the measurements are indicated. The presence of a red asterisk indicates that the capacity
factor difference falls within the uncertainty on the capacity factor for the measurements.
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Figure 5. Boxplots representing the multi-year wind speed distribution per month for the observations (grey) and the model (orange). Shown
for the three masts and three lidar stations at turbine hub height. The box corresponds to the Q25—Q50—Q75 wind speeds. The lower and

upper whiskers are the Q5 and the Qg5 percentiles, respectively.

Table 3. Bias in the wind direction (model — observations) and the
Perkins skill score between the histograms of wind direction (bin
width =20°).

Station Bias (°) PSS (%)
FINO3 (101 m) —-8.0 96
FINO1 (91 m) 1.9 95
TNW lidar (120 m) —-4.0 97
K13A lidar (116 m) -22 97
MMIJ lidar (115 m) 1.0 96
EPL lidar (116 m) 8.7 93
LEGO lidar (115 m) 0.7 96
London Array (78 m) —-1.9 96
Humber Gateway (86 m) 2.3 96
Greater Gabbard (62 m) -3.5 97
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uncertainty over the complete height range. The hub-height
wind speed distributions as reflected in the boxplot mainly
differ in distribution location, with the strongest differences
under stable conditions. Corresponding capacity factor val-
ues were calculated with lower and upper uncertainty bounds
for the observations (Fig. S8). Under stable conditions, the
deviations between the model and observations exceed the
uncertainty range, so the absolute model underestimation of
the capacity factor is at least 2.5 %. For unstable and weakly
stable conditions, the deviations are within the uncertainty
range.

3.2 Impact of wind farm characteristics on cluster-scale

wake losses

This subsection covers the results of the wind farm simula-
tions. First, the impact of the NRELS.1 base scenario on the
wind climate and wind resource is described, also under dif-
ferent atmospheric stability conditions. Afterwards, the dif-
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Figure 6. Model evaluation for different stability classes. Top row: vertical profiles of the mean wind speed per stability class for four lidar
stations (full line) and the corresponding model output (dashed line). The stability classes are stable (blue), unstable (pink) and weakly
stable (green). The indicated percentages are the relative frequency of the different stability classes at hub height. Bottom row: boxplots
of the hub-height wind speeds per stability class for the same four lidar stations (grey) and the corresponding model output (orange). The
box corresponds to the Q>5—050—Q75 wind speeds. The asterisk indicates the mean, and the lower and upper whiskers are the Q5 and the

Qo5 percentiles, respectively.

ferent wind farm scenarios are compared in terms of cluster-
scale wake effects and efficiency of power production.

The modelled mean wind speed at 90 m for 2016 varies
from 7.5ms™! at the coast up to 10ms~! in the open North
Sea (Fig. 7). The associated capacity factor varies between
45 % and 60 %, and the simulated pattern agrees well with
earlier, multi-decadal estimates over the North Sea (Geyer
etal., 2015). Stability separation shows that the capacity fac-
tors are generally largest under weakly stable conditions and
can reach 75 % in the open North Sea. For stable conditions,
capacity factors are considerably lower but also prone to the
bias discussed in Sect. 3.1. The bottom row of Fig. 7 vi-
sualizes the impact of the projected, future wind farm lay-
out if they were all occupied with NREL 5 MW turbines at
8.1 MW km~2. Without subdividing for stability, the absolute
reductions of the full-year capacity factor in the immediate
vicinity of farms located in dense clusters are around 15 %,
with cumulative contributions from multiple wind farms. The
magnitude of the long-term resource reductions is similar to
what other studies have identified in terms of closely spaced
wind farms (Akhtar et al., 2021; Fischereit et al., 2022b).
Very close to the larger farms, larger values can be found
even when the farms are isolated. The absolute and relative
changes in the capacity factor vary over the stability classes.
Absolute capacity factor reductions are typically the small-
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est for stable conditions, but these are the largest in relative
terms as capacity factors are small themselves. In weakly sta-
ble conditions, absolute capacity factor reductions are much
higher, as these exceed 13 % over large zones within and out-
side the wind farm clusters and 5 % more than 20 km from
wind farm clusters and larger wind farms.

The impact of the atmospheric stability on the wind-farm-
induced reduction in hub-height wind speed can be anal-
ysed in more detail along the four analysis transects (Fig. 8).
For TR1, TR2 and TR4, the data are dominated by weakly
stable conditions (~ 65 %) compared to unstable (~ 19 %)
and stable (~ 16 %) conditions, whereas for TR3 unstable
conditions are more prevalent (~ 59 %) compared to stable
(~29 %) and weakly stable (~ 12 %) conditions. The rel-
ative reductions at the end of wind farms typically exceed
20% for all stability classes, but reductions are generally
smaller for unstable conditions than for stable and weakly
stable conditions. However, the transects do not show a sig-
nificantly slower wind farm wake recovery for stable condi-
tions, as has been found based on observations (Canadillas
et al., 2020; Platis et al., 2021). The presented transect anal-
ysis also differs strongly from such studies in that it consid-
ers time averages of different wind speeds and covers a very
large extent with the stability and wind direction criterion
only evaluated at the centre of the transects. Added to that,
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Figure 7. Maps of the modelled North Sea wind climatology at 90 m a.m.s.1., the corresponding wind resource in terms of the capacity factor,
and the resource deficit under the NRELS.1 scenario for the complete year and for the three stability classes. Top: maps of the yearly mean
wind speed (m s~1) under the NOWF scenario. Middle: capacity factor under the NOWF scenario (%). Bottom: absolute capacity factor
deficit for the NRELS.1 scenario (%). White polygons represent wind farm locations. Capacity factor computations are based on the power

curve of the NREL 5 MW wind turbine.

modifications of dynamic stability by wind farms, which has
previously been modelled with LES (Porté-Agel et al., 2014;
Lu and Porté-Agel, 2015), could be strongly enhanced by the
large, non-existent wind farms used in this study. The associ-
ated capacity factor profiles show that the relative impact on
the wind resource is large for all stability classes (Fig. S9).
The forcing by large wind farms and clusters can lead to a
halving of the capacity factor for all stability classes in some
transect sections. The relative impact on the capacity factor
values is much larger than for the mean wind speed, due to
the non-linearity of the turbine power curves (Fig. S3).

The wind farm capacity density used in the different wind
farm simulations strongly determines the mean wind speed
profile along these transects (Fig. 9). In each case, zones of
densely clustered farms (< 20 km apart) are characterized by
the strongest reductions and a limited farm wake recovery
that is typically less than half of the maximum deficit at the
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previous wind farm. The scenario with IEA 15 MW turbines
at 3.5MW km~? is characterized by the smallest reductions,
which are typically within 1.5ms™! at the upwind side of
wind farms. For higher capacity densities, these upwind edge
reductions are often more than twice as large and can ex-
ceed 3ms~! under very dense clustering. Only for recovery
distances of 30-60 km, the IEA8.1 and IEA10.0 scenarios
converge to within 0.5ms™! of the IEA3.5 scenario. Fur-
thermore, the impact of wind farm size on the intensity of
the reduction can be assessed by focusing on the first wind
farm in each transect: the larger wind farms of TR1, TR3
and TR4 have an along-transect farm length between 24 and
31km, while this is only 9km for the one in TR2. The as-
sociated reductions at the downwind edge of the wind farms
are approximately twice as large for TR1, TR3 and TR4 than
for TR2.

Wind Energ. Sci., 9, 697-719, 2024
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Figure 8. Relative deficit of the along-transect mean wind speed (%) at 90 m a.m.s.1. for the four transects indicated on Fig. 1. This concerns
the NRELS.1 scenario, subdivided in the three dynamic stability classes: unstable (pink), weakly stable (green) and stable (blue) according
to the Rg. Wind data are only considered when the wind direction deviates within +15° from the transect orientation (W to E) at the middle
grid cell of each transect. Grey shadings represent wind farm locations.
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Figure 9. Transects of the mean wind speed at turbine hub height for the different wind farm scenarios. These transects correspond to the
four lines in Fig. 1. Wind data are only considered when the wind direction deviates within +15° from the transect orientation (W to E) at
the middle grid cell of each transect. Grey shadings represent wind farm locations.
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When converting the wind speed information of the
NOWEF scenario into capacity factors, the transect averages
are ~ 58 % for TR1, TR2 and TR4 and ~ 38 % for TR3 when
considering the hub height and power curve of the NREL
5MW turbine. For the IEA 15 MW turbine, these increase
to ~ 66 % and ~46%, respectively. Figure 10 shows that the
associated, absolute reductions in these capacity factor fol-
low the general patterns established for the mean wind speed.
In each transect, the IEA3.5 scenario is characterized by the
smallest deficits at the upwind edge of wind farms, typically
around 10 % with larger values in dense clusters. For higher
capacity densities, the upwind edge reductions reach 25 % to
30% for closely spaced wind farms. The intensity of these
upwind edge reductions is strongly dependent on the degree
of upwind clustering and the sizes of the upwind farms. For
the scenarios with higher capacity densities, the superposi-
tion of the high momentum sink on the already intense farm
wake deficit eventually results in much lower wind farm ef-
ficiencies for these scenarios. For the SW—NE-oriented tran-
sects, the impact of the turbine type becomes apparent: for
the 90 m turbines in the NRELS.1 scenario, the absolute
deficits over the wind farms exceed those of the IEAS8.1 sce-
nario, which translates to a much stronger reduction in rela-
tive terms as the unaltered (NOWF) capacity factors for the
5 MW turbines are lower than for the 15 MW turbines.

The wind farm layout in the IEAS8.1 scenario is signifi-
cantly more efficient than for the NRELS.1 scenario, as re-
flected in the layout-integrated capacity factor and full load
hours in the evaluation domain (Table 4). As a consequence,
the integrated AEP is 27.4 % higher in the former. This dif-
ference is partly due to the rated wind speed being 0.8 ms™—!
lower for the 15 MW turbines so that the rated section of
the power curve is more wide (Fig. S2). Added to that,
taller turbines can take advantage of the wind speed gra-
dient with height, which leads to a larger fraction of wind
speeds in the rated regime and a reduced fraction in the
steep part of the power curve. To disentangle both effects,
the 90m wind speed data of the NRELS.1 scenario were
fed to the 15 MW power curve, which resulted in an AEP
of 539 TWh. This implies that approximately 40 % of the
increase in AEP can be attributed to the lower rated wind
speed and approximately 60 % to the wind speed gradient
with height. Combining 15 MW turbines with a low capacity
density of 3.5 MW km~2 only reduces the integrated capac-
ity factor from 64.2 % in the NOWF scenario to 51.8 %, as
a consequence of limited intra- and inter-farm wake impacts,
in agreement with Meyers and Meneveau (2012) and Gupta
and Baidya Roy (2021). From IEA3.5 to IEAS.1, the capacity
density increases by 131 %, whereas the AEP only increases
by 82 %. From IEAS.1 to IEA10.0, these increases are 23.4 %
and 13.1 %, respectively. This efficiency degradation when
moving to larger capacity densities can be recognized in
a reduced capacity factor and a reduction in the full load
hours (FLH): compared to IEA3.5, the IEA10.0 capacity fac-
tor is reduced from 51.8 % to 38.2 % and the FLH is reduced
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Table 4. Annual energy and power metrics integrated over all wind
farms in the evaluation domain. CF: layout-integrated capacity fac-
tor. FLH: full load hours for the complete layout. AEP: annual en-
ergy production for the complete layout. The calculations are based
on the wind speed data of the wind farm grid cells. The capacity fac-
tors for the NOWF simulation correspond to efficiency in absence
of intra- and inter-farm wakes.

Experiment  Turbine Total CF FLH AEP
capacity (%) (h) (TWh)
(GW)
NOWF NREL 5 MW - 561 - -
NOWF IEA 15 MW - 642 - -
NRELS.1 NREL 5 MW 191 327 2549 488
IEA3.5 IEA 15 MW 83 51.8 4136 342
IEAS.1 IEA 15 MW 191 41.4 3252 622
IEA10.0 IEA 15MW 236 382 2981 704

by approximately 1150h. This follows from the increased
wake losses that are further exacerbated by the densely clus-
tered layout and the presence of several large wind farms
that are typically characterized by very low power densities
(Volker et al., 2017).

4 Conclusions

We have used the regional climate model COSMO-CLM
to quantify the dependence of long-term, cluster-scale wake
losses on the turbine type, capacity density, wind farm spac-
ing and wind farm size for a hypothetical future wind farm
layout. First, the model skill in simulating the wind climate
was evaluated in a comparison with in situ, lidar and satellite
data, which revealed the following.

— The differences between the measured and modelled,
long-term mean wind speed at turbine hub height (~
100m) are generally within the measurement uncer-
tainty. This is also the case for differences at higher
altitudes (up to 290m), but closer to the surface
COSMO-CLM underestimates the mean wind speed (~
—0.5ms™"). Under stable stratification (~ 25 %), the
model underestimates the long-term mean wind speed
at turbine height but not under weakly stable and unsta-
ble stratification (~ 75 %).

— The agreement between the measured and modelled,
long-term wind speed histograms is high, with a PSS
above 95 % in most cases. The theoretical capacity fac-
tors derived from these histograms agree well overall,
but small underestimations (~ 1 %-5 %) are present at
some locations.

— The agreement with the wind speed measurements is

consistent over the different years of the simulation pe-
riod as inter-annual variations in the mean wind speed
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Figure 10. Transects of the absolute capacity factor deficit at hub height for the different wind farm scenarios. These transects correspond to
the four lines in Fig. 1. Wind data are only considered when the wind direction deviates within +15° from the transect orientation (W to E)
at the middle grid cell of each transect. Grey shadings represent wind farm locations.

difference and the PSS are small. The seasonal variabil-
ity in the shape and location of the wind speed distribu-
tion is also captured by COSMO-CLM.

— Multi-year histograms of wind direction also agree well,
with again a PSS above 95 % in most cases. The vari-
ation of the wind speed histograms over 12 directional
bins (30°) is also adequately captured in the model. This
encourages the application of COSMO-CLM to wind
farm modelling as wind farm shapes are adapted to the
regional wind climate.

As deviations mainly occur under stable conditions, a
stability-dependent bias correction could be considered for
future applications in addition to continuous efforts to im-
prove the model. Overall, this evaluation emphasizes the
value of having a large set of wind measurements available
in regions for offshore wind farm development, as it allows a
benchmarking of mesoscale models over the region of inter-
est.

The application of the model to a hypothetical, future wind
farm layout indicates that the creation of dense wind farm
clusters is accompanied by an alteration of the surrounding
wind climate and significant farm-to-farm wake interactions.
The impact of these interactions depends heavily on the tur-
bine type, the capacity density, the inter-farm spacing and
the size of the wind farms. In this study, the comparison of
two turbine types (NREL 5 MW and IEA 15 MW) and three
capacity densities (3.5, 8.1 and 10 MW km~2) show the fol-
lowing.

Wind Energ. Sci., 9, 697719, 2024

— For a capacity density of 8.1 MW km™2, the layout-
integrated AEP is ~ 27 % larger for a layout of 15 MW
turbines than for SMW turbines. This difference is
linked to the layout-integrated capacity factor being
considerably larger when using taller, 15 MW turbines
because of the increase in the wind resource with height
(60 %) and a lower rated wind speed (40 %). The use of
15MW turbines compensates for ~ 37 % of the wake
losses recorded in the NRELS.1 simulation.

— Under dominant wind directions with dense wind farm
clustering, the wind resource is strongly reduced due to
inter-farm wakes. Assuming 15 MW turbines, the abso-
lute reductions in the capacity factor at the upwind edge
of wind farms range from 3% to 17 % for a capacity
density of 3.5MW km~2 depending on the degree of
clustering and the size of the upwind farms. For a ca-
pacity density of 8.1 MW km~?2 this ranges from 5 % to
30 % and for 10 MW km~2 from 5 % to 33 %.

— Assuming a projected, future wind farm layout with
15MW turbines, increases in the capacity density of
the wind farms lead to strong efficiency reductions. The
layout-integrated capacity factor reduces from 51.8 %
for a 3.5MW km™2 capacity density to 38.2% for a
10 MW km~? capacity density, due to the intensification
of intra- and inter-farm wake losses.

— Wind farm wake effects play an important role for all
considered atmospheric stability classes, even if the im-
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pact is a bit smaller for unstable conditions. Under
strongly waked wind directions, the low capacity factors
(20 %—-30 %) under stable conditions (Rg > 0.25) can
be further reduced to well below 10 %, thereby nearly
completely halting the production of some of the sim-
ulated wind farms. Although these results are possibly
impacted by the negative model bias that was found for
stable stratification, it is expected that this large impact
under stable conditions still holds.

Whereas comparisons between wind farm parametrizations
have shown large variations in terms of modelled wind speed
deficits inside and behind wind farms (Ali et al., 2023), val-
idation efforts in several mesoscale models have indicated a
very good performance of the Fitch WFP (Fischereit et al.,
2022c; van Stratum et al., 2022; Ali et al., 2023). Nonethe-
less, the use of other WFP schemes might significantly al-
ter the magnitudes presented here, more so due to the large
clusters and large wind farms included in the considered lay-
out, which can even lead to wake losses for background wind
speeds well above rated. Hence, further benchmarking stud-
ies of WFPs for a range of atmospheric conditions and val-
idation data could help in further reducing this WFP-related
uncertainty. An additional complication here is that this study
includes wind farms of non-existent sizes for which valida-
tions simply do not exist.

Even if the mesoscale wind farm parametrization approach
has limitations, these modelling studies provide valuable in-
formation for the efficient deployment and operation of off-
shore wind infrastructure, more so because mesoscale mod-
els can consider the climatic variability of wake effects, for
large regions. This study demonstrates the potential of this
modelling approach to explore a large variety of wind farm
characteristics and layouts in a climatic context, which can
aid in a more efficient expansion of the offshore infrastruc-
ture.
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Table A1. Description of the in situ measurement stations. S: wind speed (m ~1); D: wind from direction (°). The superscripts a, b and ¢ link
measurement heights to measurement devices in the next column. 1x, 2x and 3 x refers to one, two, or three anemometers and/or wind vanes
at one measurement height. Source acronyms: KDP, Royal Netherlands Meteorological Institute (KNMI) data platform; MNVB, Meetnet
Vlaamse Banken; MDE, the Marine Data Exchange; FINO, Forschungsplattformen in Nord- und Ostsee; TNO, Nederlandse Organisatie

voor Toegepast-natuurwetenschappelijk Onderzoek.

Name (abbreviation) Location Heights (ma.m.s.l.) Measured variables Period Uncertainty Source
(%)
Westhinder (WH) platform 26 2xS8,D 2008-2020 5.6 MNVB
Wandelaar (WA) measuring pole 26 2x8,1xD 2013-2020 33 MNVB
Scheur-Wielingen (SW) measuring pole 25 1xS,D 2010-2020 33 MNVB
Oosterschelde (OS) measuring pole 17 2008-Jun 2019 33 KDP
Vlakte van de Raan (VVDR)  measuring pole 17 Sep 2009-Jun 2019 33 KDP
Lichteiland Goeree (LEGO) platform 38 2xS,D 2008-2020 3.3 KDP
Europlatform (EPL) platform 29 2xS8,D 2008-2020 33 KDP
Ijmond (IIM) measuring pole 17 2008-Jun 2019 33 KDP
P11-B (P11B) mast on platform 51 2xS8,D 2010-2020 5.6 KDP
Meteomast IJmuiden (MMIJ)  meteorological mast 27, 582, 92b a:3x8,D,b:2xS§ Nov 2011-Mar 2016 a:1.9;6:1.5 TNO
K13A (K13) mast on platform 74 2xS8,D 2008-2019 33 KDP
F3N (F3) mast on platform 60 2x x S,D 2010-Dec 2019 33 KDP
Huibertgat (HGT) measuring pole 18 2008-Jun 2019 33 KDP
AWG-1 (AWG]) mast on platform 60 2x8,D Sep 2009-2020 5.6 KDP
FINO1 (FINO1) meteorological mast 51,71, 912, 1020 a:1x8,D;b:1xS 2008-Jul 2009 a:19;b:1.5 FINO
FINO3 (FINO3) meteorological mast 50, 70, 90, 1002, 107> a:3x8,D;b:1xS 2009-Oct 2014 a:19;b:1.5 FINO
Humber Gateway (HGW) meteorological mast 34, 52, 70, 882, 68", 90 a:2xS;b:1xD;c:1xS8  Oct2009-Jul 2011 a:3.7,¢:1.5 MDE
Greater Gabbard (GG) meteorological mast 42, 52, 72, 822, 62", 88 a:2xS8;b:2xD;c:1xS 2008-2010 a:3.7,¢:1.5 MDE
London Array (LA) meteorological mast 20, 32, 574, 29, 78b, 82 a:2xS;b:1xD;c:1xS 2008-2010 a:3.7,¢:1.5 MDE

Table A2. Description of the lidar measurement stations. Source acronyms: RVO, Rijksdienst voor Ondernemend Nederland; TNO, Neder-
landse Organisatie voor Toegepast-natuurwetenschappelijk Onderzoek.

Name (abbreviation) Type Location  Heights (ma.m.s.l.)  Period Uncertainty ~ Source
(%)
Borssele 1 (BO) Zephir 300S buoy 40:20:200 Jun 2015-Feb 2017 3.3-34 RVO
Lichteiland Goeree (LEGO) Leosphere Windcube  platform  90:25:290 and 63 Nov 2014-2020 2.6-3.3 TNO
Europlatform (EPL) Zephir 300S platform  91:25:291 and 63 May 2016-2020 2.9-35 TNO
Meteomast [Jmuiden (MMIJ) Zephir 3008 platform  90:25:290 Nov 2011-Mar 2016 2.5-3.1 TNO
K13A (K13) Zephir 300S platform  91:25:291 and 63 2018-2020 2.7-32 TNO
TNVD Waddeneilanden A (TNW)  Zephir 300S buoy 40:20:200 Sep 2019-2020 3.3-34 RVO
Code and data availability. The code and data used to the Belgian coastal measurement network, at https:
generate Figs. 3-10 can be retrieved as one dataset at /Imeetnetvlaamsebanken.be/  (Meetnet ~ Vlaamse  Banken,
https://doi.org/10.5281/zenodo.8348700 (Borgers, 2023). The 2022). Mast data at the coast of the United Kingdom are

ERAS reanalysis data used to identify representative wind
years were downloaded via the Copernicus Climate Change
Service (C3S) Climate Data Store (CDS) and can be found at
https://doi.org/10.24381/cds.adbb2d47 (Hersbach et al., 2022). The
ASCAT data were retrieved from the Copernicus Marine Service via
https://doi.org/10.48670/moi-00183 (Copernicus Marine Service,
2022). The in situ measurements of the KNMI can be retrieved from
their data platform, at https://dataplatform.knmi.nl/group/wind
(Koninklijk Nederlands Meteorologisch Instituut, 2022). For the in
situ data at the Belgian coast, data are accessible via the website of
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available via the website of the Marine Data Exchange, at
https://www.marinedataexchange.co.uk/ (The Crown Estate,
2022). For the German Bight, the data are available at the
website of the FINO data platform, http://fino.bsh.de/ (Das
Bundesamt fiir Seeschifffahrt und Hydrographie, 2022). Data
from the IJmuiden meteorological mast and from the platform-
mounted wind lidars can be found at the TNO data cloud
website  https://nimbus.windopzee.net/ (Nederlandse Organ-
isatie voor toegepast-natuurwetenschappelijk onderzoek, 2022).
Finally, the data from the buoy-mounted lidars can be found

https://doi.org/10.5194/wes-9-697-2024
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at https://offshorewind.rvo.nl/ (Rijksdienst voor Ondernemend
Nederland, 2022).

Supplement. The supplement related to this article is available
online at: https://doi.org/10.5194/wes-9-697-2024-supplement.
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