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Abstract. Mesoscale simulations are increasingly used to estimate wake effects within and between large wind farms, despite
limited validation for large-scale wake effects. This study evaluates the capabilities and limitations of mesoscale simulations in
capturing wake-induced impacts on wind turbine power production through a direct comparison with large-domain large-eddy
simulations (LES) for three planned offshore wind farms under realistic atmospheric conditions and a range of atmospheric
stabilities. We assess mesoscale performance in replicating wake characteristics behind single and multiple turbine clusters
and quantify the resulting variability in mean turbine power. Results show that mesoscale Weather Research and Forecasting
simulations with the Fitch wind farm parameterization capture key features of the velocity deficit downstream of both single
and multiple wind farms, with mean root-mean-square errors near 5% and good agreement with stability-driven wake behavior.
However, in these simulations, the mesoscale Fitch parameterization underestimates power losses from internal wake effects,
particularly when turbines align with the prevailing wind direction or under stable stratification. In these conditions, individual
wakes persist and dominate downstream power deficits. The coarse resolution of the mesoscale simulations limits their ability
to resolve individual wind turbine wakes that drive power fluctuations within wind farms. Nonetheless, mesoscale simulations
can yield accurate estimates of combined wake losses from internal and cluster effects across some wind direction sectors,
where errors in wake representation may cancel out. These findings underscore the strengths of mesoscale simulations for
capturing broader wake patterns, while highlighting their limitations for modeling turbine-level power losses. Future work
should explore hybrid modeling approaches to capture both long-range cluster wake propagation and localized internal wake

dynamics.

1 Introduction

Wind turbine wakes can extend over considerable distances and significantly diminish the power output of downstream tur-
bines (Barthelmie and Jensen, 2010). When turbines are clustered into large arrays, the combined array wake (i.e., cluster
wake) can propagate even farther downstream and reduce the power output of entire nearby wind farms (Platis et al., 2018;

Lundquist et al., 2019; Schneemann et al., 2020; Ahsbahs et al., 2020). This phenomenon is particularly prevalent in offshore



25

30

35

40

45

50

55

environments where the relatively low atmospheric turbulence (Bodini et al., 2019), consistent winds along small wind direc-
tion sectors, and spatially dense installations of wind farms (Warder and Piggott, 2025; 4C Offshore, 2025; McCoy et al., 2024)
contribute to significant wake-induced energy losses. To this end, accurately quantifying energy losses as a result of the cluster
wake effects is a crucial step toward securing efficient and transparent deployment of future wind farms.

Numerical models can be used to capture the physics of cluster wakes and calculate their impact on downstream turbine
arrays. Traditionally, low-cost engineering wake models have been widely used in the wind energy industry to quantify wake
losses. These simpler analytical models were originally derived for onshore wind farms, and they require site-specific tuning
and calibration before they are used to calculate energy losses inside a single wind farm (i.e., internal wake effects). More
recently, engineering wake models have been expanded and carefully tuned with the objective of accurately capturing cluster
wakes offshore (Nygaard et al., 2020). Still, their inability to account for important physical mechanisms that modify wake
evolution, like atmospheric stability and changes in surface roughness, makes them unfit for reliable wake assessments. More-
over, engineering wake models have historically been tuned in the North Sea and Baltic Sea (e.g., Barthelmie et al., 2006;
Barthelmie and Jensen, 2010; Go¢men and Giebel, 2018; Nygaard et al., 2020, 2022), where offshore wind development has
been widespread. However, such model calibrations are not transferrable to regions with different dominant atmospheric sta-
bility conditions, like the U.S. East Coast (Archer et al., 2016), and may require additional tuning and validation. As a result,
engineering wake models may fall short in their ability to provide reliable solutions for a wide range of geographic locations,
particularly when validation data is limited or nonexistent.

Mesoscale numerical weather prediction models, on the other hand, provide a computationally efficient alternative to rep-
resent cluster wakes over long distances in any region across the globe. Numerical weather prediction models can capture
important atmospheric phenomena relevant to wake evolution, like atmospheric stability, and the effect of wind turbines in the
flow using computationally inexpensive wind farm parameterizations (WFPs) (Fitch et al., 2012; Volker et al., 2015; Fischereit
et al., 2022a). Furthermore, unlike typical engineering wake models, numerical weather prediction models are not tuned to a
specific region and turbine size; therefore, these physics-based models may be scaled to better represent modern-sized wind
turbines in a wide variety of regions. Due to their coarse spacing ( X 1 10km), mesoscale models cannot resolve turbu-
lence in the flow. Similarly, because the grid spacing is much larger than the rotor diameter of wind turbines (D 200 m),
mesoscale models cannot also resolve individual turbine wakes. Therefore, uncertainty persists regarding the precision of
mesoscale models in accurately capturing the effects of internal and cluster wakes on the energy output of entire wind farms.

Validation of mesoscale simulations has primarily focused on their ability to capture the velocity deceleration downstream
of wind farms. Siedersleben et al. (2018a) and Cafadillas et al. (2022) compared long-term lidar measurements with mesoscale
simulations of several wind farms in the German Bight. They report a high agreement between the mesoscale model and the
lidar observations for short- and long-range wake effects (Siedersleben et al., 2018a; Caiiadillas et al., 2022). Mesoscale model
output has also been compared to aircraft wind measurements downstream of wind farm clusters, illustrating the ability of
mesoscale simulations to capture the spatial extent of the wakes downstream of wind farms (Siedersleben et al., 2018a, b;
Canadillas et al., 2022; Ali et al., 2023; Agarwal et al., 2025). Validating numerical simulations using observations over short

periods is hindered by the ability to accurately capture the background meteorological conditions in the simulations. If the back-
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ground ow is not well represented, then the validity of the mesoscale simulations cannot be evaluated (Lee and Lundquist,
2017; Siedersleben et al., 2018b; Ali et al., 2023; Fischereit et al., 2022a). An alternative approach to model validation is to
employ higher- delity numerical simulations to examine the skill of the mesoscale simulations in representing wake effects.
Comparisons between mesoscale simulations and Reynolds-averaged Navier—Stokes (RANS) models, and large-eddy simt
lations (LESs) support the fact that mesoscale models can capture the velocity downstream of the wind farms (Vanderwende
et al., 2016; Fischereit et al., 2022b). Fischereit et al. (2022b) also show that mesoscale simulations may not be suitable for
representing the blockage effect upstream of wind farms and individual turbine wakes.

Limited validation has centered on mesoscale models' skill in capturing changes in wind turbine power caused by wakes.
Lee and Lundquist (2017) showed that mesoscale simulations are capable of representing wind turbine power variability across
an onshore wind farm over a four-day period. They showed that turbine power production tended to be overestimated by the
model, likely due to a mismatch in the background atmospheric conditions. To reduce the uncertainty associated with capturing
the atmospheric conditions of a particular date, Sanchez Gomez et al. (2024) employed long-term wind turbine power data and
numerical simulations to examine long-range cluster wakes in the North Sea from a statistical perspective. Sanchez Gomez
et al. (2024) found that mesoscale simulations generally represent the in uence of cluster wakes on the front-row turbines;
however, these models fail to capture cluster wake effects on the entire downstream wind farm, likely because they are not
capable of representing internal wake dynamics. Using idealized mesoscale simulations and LES, Vanderwende et al. (2016
also showed the mesoscale simulations with grid spacing 1km fail to capture changes in turbine power from internal
wakes.

Despite limited validation for internal and external wake effects, mesoscale simulations are increasingly being used to
estimate the wind resource and wake effect for large-scale wind deployment. Akhtar et al. (2021) and Borgers et al. (2024)
used a regional climate model to simulate future offshore wind energy production scenarios for the North Sea. They warn that
densely spaced wind farm clusters may reduce the capacity factor of neighboring wind farms b0&authe North Sea
(Akhtar et al., 2021; Borgers et al., 2024). Pryor et al. (2021) and Pryor and Barthelmie (2024a) conducted a similar analysis
on the U.S. East Coast. Using numerical simulations of 57 days, Pryor et al. (2021) quanti ed the combined internal and
cluster-wake-induced energy losses of hypothetical wind farm layouts, suggesting that mean energy losses co@8léxceed
In a similar vein, Pryor and Barthelmie (2024a) examined the combined cluster and internal wake effects from two mesoscale
wind farm parameterizations on the U.S. East Coast. In particular, Pryor and Barthelmie (2024a) indicated that the average
combined wake losses can range frafi?to 37%, depending on the wind farm parameterization, and that internally waked
turbines can sustain mean losses larger 8@ Rosencrans et al. (2024) employed a different framework to investigate the
long-term effect of large-scale offshore wind deployment. Rather than simulating a subset of days, Rosencrans et al. (2024)
conducted numerical simulations of a complete annual cycle for the mid-Atlantic using multiple options for representing
turbine-generated turbulence. They found that the combined effect of internal and cluster wakes can result irB8¢to
reduction in power, with internal wakes accounting for the largest power losses (Rosencrans et al., 2024). More recently, Xia
et al. (2025) conducted numerical simulations across a “typical meteorological year” to examine wake-induced energy losses

across the U.S. East Coast, using wind farm layouts informed by up-to-date information to better approximate the installed
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density capacity of the individual lease areas. They highlight the need to revisit conventional wind speed de cit-based loss
assessments to estimate energy losses from cluster wakes, especially in regions where hub-height winds are consistently abo
rated speed (Xia et al., 2025). A common denominator across numerical studies using mesoscale models is that in specic
atmospheric conditions, wind farm wakes can persist in exceS$ kin downstream of large clusters (Akhtar et al., 2021;

Pryor et al., 2021; Pryor and Barthelmie, 2024a, b; Rosencrans et al., 2024; Xia et al., 2025).

Here, we evaluate the ability of mesoscale simulations to capture the velocity deceleration downstream of wind farms and the
effect of internal and cluster wakes on wind turbine power for a variety of realistic atmospheric conditions. Because large-scale
deployment in the United States is currently underway, we use LESs as a baseline to assess the mesoscale simulations. LES
can explicitly resolve turbulence in the ow and individual wind turbine wakes; thus, offering a faithful representation of wake
evolution. The article is structured as follows. A description of the numerical framework and the wind farms considered here is
presented in Sect. 2. The atmospheric conditions covered in the study are described in Sect. 3. We evaluate the velocity in the
wake of the wind farms for the mesoscale simulations and LES in Sect. 4, and examine the ability of the mesoscale simulation
to capture the effects on turbine power in Sect. 5. Discussion of our results and concluding remarks are provided in Sect. 6.

2 Numerical framework

We perform mesoscale and large-eddy simulations of three offshore wind farms on the U.S. East Coast using the Weather
Research and Forecasting (WRF) model v4.2.2. The planned South Fork, Sunrise Wind, and Revolution Wind offshore wind
farms are located off the coasts of Rhode Island and Massachusetts. South Fork and Revolution Wind are locaf@kinabout
downstream of Sunrise Wind along the predominant wind direction (southwesterly winds), providing an ideal setup to investi-
gate cluster wake effects from closely spaced wind turbine arrays (Fig. 2). All three wind farms are planndd fdWsgvind
turbines, providing a combined nameplate capacity:@6 GW. Here, we represent all wind turbines in the three wind farms
using a scaled-down version of the International Energy Agency (AW reference wind turbine (Gaertner et al., 2020).
To achieve a rated power &l MW, the IEA15MW reference wind turbine is scaled down by reducing its rotor dianGBtgr
to 206 m The turbine's hub height is also reducedl@3 m

A three-domain, one-way nested setup is used to evaluate cluster and internal wake effects in the mesoscale simulatior
reanalysis Hersbach et al. (2020) provides initial and boundary conditions to the outer mesoscale domain. Implicit Rayleigh
damping in the tof® km of the domain prevents gravity wave re ection from the upper domain boundary (Klemp et al., 2008).
The three mesoscale domains employ a stretched vertical grid, where 15 of the 52 vertical levels are contained within the rotor
layer of thel1 MW turbine, per the recommendation of Tomaszewski and Lundquist (2020). Wind turbines are represented by
a momentum sink and a source of turbulence kinetic energy via the Fitch WFP (Fitch et al., 2012; Archer et al., 2020) in the
innermost domain only (i.e., domain M03 withx = 1km ) with a turbulence kinetic energy (TKE) generation factof. df.

Note that the correction for the blockage effect from Vollmer et al. (2024) was not used here.
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for the LES are obtained via of ine coupling from domain M03 of a precursor mesoscale simulation without wind turbines.

A stretched vertical grid is used in the LES to resolve the small scales of turbulence near the surface. A uniform grid spacing
of z=5m is used in the lowes200m The vertical grid spacing increases linearly ta = 50m atz = 700m to match the

vertical grid spacing of the mesoscale simulation. Because the vertical grid spacing from the mesoscale boundary conditions is
much coarser than in the LES near the surface, spurious gravity waves can develop and propagate throughout the domain. Ti
mitigate spurious gravity wave activity, we include Rayleigh damping at the lateral domain boundaries (Appendix A). We also
include implicit Rayleigh damping in the taj0km to prevent spurious re ections of gravity waves from the upper domain
boundary. Thel1 MW wind turbines in the LES are represented using an actuator disk parameterization based on Mirocha
et al. (2014) and Aitken et al. (2014), with modi cations as described in Appendix B.

The LES and mesoscale simulations employ similar physics parameterizations to ensure a direct comparison between bott
modeling frameworks. Water vapor, cloud water, rain, cloud ice, snow, and graupel processes are represented using the Thomp
son microphysics scheme (Thompson et al., 2008). Longwave and shortwave radiation effects are included in the simulations
via the Rapid Radiative Transfer Model for Global Climate Models (RRTMG; lacono et al., 2008). The Noah land surface
model (Chen and Dudhia, 2001) and Monin—Obukhov similarity theory (Dyer and Hicks, 1970) are used to provide moisture,
heat, and momentum uxes at the bottom boundary of the domains. Unresolved convection in the outer mesoscale domain
(i.e., domain M01) is modeled using the Kain—Fritsch scheme (Kain, 2004). Due to the grid spacing of the mesoscale simula-
tions( x 1km), turbulence mixing must be parameterized. Here, we use the Mellor—Yamada—Nakanishi—Niino (MYNN)
Level 2.5 boundary layer parameterization (Nakanishi and Niino, 2006) for all mesoscale domains. For the LES, we use the
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Table 1. Domain setup for the mesoscale and large-eddy simulations, including the horizontal grid spacithg mean vertical spacing
across the turbine rotor layerzg, , the number of grid points along each direction the choice of wind turbine parameterization in each

domain, and turbulence closure.

Modeling ) Wind Turbine Turbulence
Domain x [m] zpe [mM] Nx;Ny;Nz o
Framework Parameterization Closure
MO1 9000 295; 295,52 -
Mesoscale MO02 3000 13.7 499,499, 52 - MYNN
MO03 1000 769, 787,52 Fitch WFP
LES LO1 20 4.8 2851;2551;102 Actuator Disk NBA

MYNN: Mellor-Yamada—Nakanishi—Niino
WEFP: Wind Farm Parameterization
NBA: Nonlinear Backscatter and Anisotropy

nonlinear backscatter and anisotropy model with turbulence kinetic energy (TKE)-based stress terms to represent subgrid scals
turbulence (Kosow, 1997; Mirocha et al., 2010).

2.1 Wind turbine positions

Wind farms located in the Massachusetts and Rhode Island lease areas are subject to additional environmental and technic:
constraints that in uence turbine spacing (e.g., BOEM, 2021). As a result, their layouts typically follow uniform east—-west and
north—south grid patterns witbnm 1nm spacing {nm 1:852km), consistent with U.S. Coast Guard recommendations
(USCG, DHS, 2020). South Fork Wind, Revolution Wind, and Sunrise Wind are expected toiddtalV turbines based on
turbine supplier agreements (McCoy et al., 2024). We populate the lease areas using publicly available data from each project's
construction and operations plan (Jacobs Engineering Group Inc., 2021; Vanasse Hangen Brustlin, Inc., 2023; Stantec Consult
ing Services Inc., 2021), assuming a unifotB52km 1:852km spacing and. 1 MW turbine rating, based on information
available as of 13 March 2024.

The three simulated wind farms consist of a total of 161 wind turbines with an average effective turbine spacing of about
4:8km (23D) for wind directions betweeB00 and250 . The turbine layout for the three simulated wind farms is shown
in Fig. 2a. Under southwesterly ow—the predominant wind direction in the region (Musial et al., 2013; Bodini et al., 2019;
Rosencrans et al., 2024)—the directions of alignment withihken radius for each turbine ar205, 212, 224 , 235,
and243 (Fig. 2b) with average spacing df1km (20D), 6:7km (33D), 2:7km (13D), 6:7km (33D), and4:1km (20D),
respectively. Due to the domain discretization and because the turbines are represented at the grid cell center, the simulate

of alignment compared to the LES (Fig. 2b, d). New directions of alignment are also evident, as illustrated by the dashed black
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Figure 2. Wind farm layout for the South Fork (red), Sunrise Wind (purple), and Revolution Wind (grey) wind farms. Panel (a) shows the
physical turbine positions, while panel (c) shows the turbine layout in the mesoscale simulation. Front-row turbines for southwesterly ow
are highlighted with black circles in panels (a) and (c). Panels (b) and (d) illustrate the directions of alignment measured clockwise from
true north for turbines in Sunrise Wind withir7&m radius under southwesterly ow. Note that the effective directions of alignment change

in the mesoscale simulation due to the domain discretization. An additional direction of alignment in the mesoscale is represented by the

dashed line in panel (d).

line in Fig. 2d. Moreover, in some cases, turbines within the wind farm can be separated by a single grid ddthf).eather
than the physical:852 km spacing. Subsequent analysis is based on the turbine spacing and directions of alignment de ned
by the physical turbine positions.
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Table 2. Summary of atmospheric conditions for the ve simulated cases, including mean hub-height windJspegad direction |, and
the minimum and maximum values pfL andRig throughout the simulation time.

Start Date [UTC] Duration[hr] Un[ms '] ,[] z=L[ ] Rig [ ]

15 February 2017, 06:00 2.17 5.49 212.8 -0.031,0.131 0.021, 0.510
27 July 2017, 22:00 5.00 8.83 214.3 -0.007,0.078 0.005, 0.463
26 November 2019, 14:30 1.58 7.24 221.5 0.027, 0.090 0.436, 0.562
1 November 2020, 12:30 1.58 10.16 239.8 -0.065,-0.052 -0.918, -0.577
4 November 2020, 20:15 1.42 9.47 207.6 -0.028,0.018 -0.171,0.229

3 Atmospheric conditions

We investigate wake effects for a range of atmospheric conditions representative of the region under consideration. Winds on
the U.S. East Coast are predominantly from the southwest (Musial et al., 2013; Bodini et al., 2019; Rosencrans et al., 2024);
therefore, we search for dates when the wind direction at hub height is arcud5 . To study internal wake effects, we also

select cases when the wind direction creates an aligned wind farm arrangeme2%i.225 ;240 ). Based on these criteria,

our analysis considers a narrow wind sector witfii25 ;2475 ]. Hub-height wind speeds below rated spégtims 1)

are chosen so that the wake-induced velocity de cit translates entirely into power reduction. Finally, although we consider
atmospheric stability conditions that range from weakly stable to weakly unstable, we focus our analysis on weakly stable
conditions, as these can have a substantially higher impact on downstream wind turbines.

To this end, we perform LESs and mesoscale simulations of ve dates that match the desired wind speed, wind direction, and
stability criteria. Table 2 summarizes the atmospheric conditions for each of the simulated cases. We characterize atmospheric
stability at the surface and across the turbine rotor layer using data at the wind farms' locations using the nest resolution
mesoscale domain (M03) without turbines. Stability at the surface is de ned here using the inverse of the Obukhov length
normalized by height (Eq. (1)), where is the friction velocity, s is the surface temperature,=0:4 is the von Karman
constantg is the gravitational acceleratioQs is the surface kinematic heat ux, ard= 10m. Here, we de ne stable condi-
tions asz=L > 0 and unstable conditions asL 0. Because atmospheric stability across the turbine rotor layer may differ
from that at the surface (Rosencrans et al., 2024; Xia et al., 2025), we also quantify stability across the turbine rotor layer
using the bulk Richardson number (Eqg. (2)), where the vertical gradients of potential tempgrpauneé wind speefu; v) are
estimated between the surfg@= 10m) and the top of the turbine rotor layéxr = 236 m). Here, we de ne stable conditions
asRig > 0and unstable conditions &g 0.

z=L = ZiSQ: Q)
o = o “
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Figure 3. Vertical pro les of wind speed (a), wind direction (b), and potential temperature (c) for the ve simulated dates. For each date, the
rst and last valid time stamps are represented by solid and dashed lines, respectively, while time stamps in between are represented by the
lled colors. The horizontal black lines in each panel represent the bottom of the rotor, hub height, and top of the rotat ¥oA\evind

turbine.

The simulated cases cover a range of variability in wind speeds, wind directions, and temperature pro les throughout the
lower portion of the boundary layer (Fig. 3). 15 February 2017 is characterized by a near-constant wind speed across the rotor
layer with a large (almosB5 ) southerly shift in wind direction over time. Atmospheric stability at the surface and across
the rotor layer is initially weakly unstable and evolves to be weakly stable. 27 July 27 2017 exhibits a shallow boundary
layer with slow changes in wind speed and direction over time. Both the surface and rotor layer stability transition from near-
neutral conditions to weakly stable conditions. The boundary layer on 26 November 2019 remains weakly stable throughout
the simulated times and shows a steady increase in wind speed as the wind shifts toward the west. On 1 November 2020
wind speed at turbine heights remains nearly constant over time, while the wind direction shifts toward the south. Atmospheric
stability remains unstable at turbine heights and at the surface. Finally, 4 November 2020 exempli es a transition from an
unstable boundary layer to a near-neutral surface layer, while stability across the rotor layer becomes weakly stable. Wind
speed varies slightly over time, while the wind shifts in direction toward more westerly ow.

Wind conditions throughout the ve simulated cases enable analysis of internal and cluster wake effects for a variety of
atmospheric stability conditions. To evaluate the representativeness of our simulations, we compare the simulated atmospheri
conditions with long-term (20-year) data from the National Offshore Wind dataset (NOW-23; Bodini et al., 2020, 2024). Hub-
height wind speed for the selected cases is consistently below rated speed (Fig. 4a) so that the largest wake effects occu
(Lundquist et al., 2019). The hub-height wind direction js= 217 , on average, and includes the directions of alignment
for the turbines in the wind farms (i.e205 ;225 ;240 ) (Fig. 4b). Furthermore, the most common wind direction in the
simulated cases is betwe@i5 and?220 , matching the most frequent wind direction according to the climatology of the
region. Surface layer and rotor layer stability are predominantly stable for the selected cases (Fig. 5). Most of the simulated
cases (75%) exhibit stable conditions across the turbine rotor layer, whereas 25% of cases exhibit unstable conditions at turbine

heights (Fig. 5b). The long-term climatology also shows that a majority of cases are stable (79%) rather than unstable (21%)



Figure 4. Probability density distribution for wind speed (a) and wind direction (b) at hub héi@3tm) in the highest-resolution mesoscale
domain (M03) for a simulation without turbines. The velocity eld at hub height is sampled spatially across the region covered by the wind
farms and temporally every 5 minutes. The black lines illustrate the climatology of the region based on the 2023 National Offshore Wind
dataset (NOW-23; Bodini et al., 2020, 2024). The wind speed and wind direction distributions from NOW-23 are sampléd@mn . The

wind speed distribution from NOW-23 is shown for wind directions betwkgh and270 .

Figure 5. Probability density for the atmospheric stability at the surface (a) and across the turbine rotor layer (b) in the highest-resolution
mesoscale domain (M03) for a simulation without turbines. The stability metrics are sampled spatially across the region covered by the wind
farms and temporally every 5 minutes. The black lines illustrate the climatology of the region based on the 2023 National Offshore Wind

dataset (NOW-23; Bodini et al., 2020, 2024). The stability metrics from NOW-23 are shown for wind directions b&8®eand270 .

based on the Richardson number. Similarly, 68% of the cases are stable and 32% are unstable based on the surface stabili
criteria (Fig. 5a), which is comparable to the surface layer stability estimates from the climatology of the region (57% stable
and 43% unstable). Note that these simulations are not designed to evaluate wake effects across atmospheric conditions th:
are fully representative of the climatology of this region; rather, the purpose is to capture typical conditions and examine how

215 the mesoscale modeling framework performs.
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Figure 6. Time-averaged velocity eld at hub height for the mesoscale (a) and LES (b) simulations on 4 November 2020 at 20:37 UTC.
The dotted black lines in each panel illustrate the locations of the velocity transects, and the red dots indicate the midpoint distance of each

transect.

4 \elocity de cit

The velocity elds at hub heighz = 133 m) are averaged in time to provide an adequate comparison between the LES and the
mesoscale solution. The horizontal wind speed elds are averaged using 15 minute time windows, corresponding to 15 time
stamps from the LES and 3 time stamps for the mesoscale. Fig. 6 illustrates the time-averaged wind speed at hub height for the
mesoscale and LES on 4 November 2020 at 20:37 UTC.

We compare the time-averaged velocity from the LES and mesoscale simulations at two different locations to examine the
ability of the mesoscale model to represent cluster wakes. We consider the velocity eld immediately upstream of South Fork
and Revolution Wind to investigate the combined wake of all turbines in Sunrise Wind (transect 1 in Fig. 6). We sample the
velocity eld approximately2 Xmeso ( Xmeso = 1km) south of the leading turbines in South Fork and Revolution Wind to
avoid mesoscale winds at turbine-containing grid points, which is equivalent to approxifmsi2tiety, or 25:2 rotor diameters
(25:2D), north of Sunrise Wind. We also consider the velocity eld downstream of the three wind farms to investigate the
combined wake of all turbines in the domain (transect 2 in Fig. 6). Transect 2 is approximately perpendicular to the mean wind
direction for the simulated cases and is abadtkm (36D) downstream of Revolution Wind. The location of Transect 2 is
selected to capture the full spatial extent of the wake under the wind directions analyzed here.

The transects of the time-averaged velocity eld from the LES are averaged spatially to provide a more direct comparison
with the mesoscale wind elds. Akm moving average is applied to the LES velocity transects to Iter out ow features
smaller than the grid spacing of the mesoscale domain. Spatial averaging effectively removes small-scale features of the ow
that cannot be captured by the mesoscale grid while retaining the signal from individual turbine wakes that sometimes persist

far downstream.

11



235

240

245

250

255

Table 3.Mean root-mean-square erf®MSE) between the LES and mesoscale simulations for each stability case. The RMSE is calculated

for the velocity immediately upstream of the Revolution Wind and South Fork wind farms (transect 1 in Fig. 6).

Stability Case hRMSEi [ms '] HhRMSEi [%]

All Cases 0.36 4.80
Stable 0.38 5.14
Unstable 0.31 3.93

Differences in the wake between the LES and mesoscale simulations are evaluated using the the root-mean-square errc
(RMSE). The RMSE between the LES and mesoscale for each 15-minute time windevealculated following Eq. (3),
whereU gs (t;x) is the time- and space-averaged velocity transect of the UgSso (t; X) is the time-averaged transect of the
mesoscalex; is the distance along each trans&ctle ned in Fig. 6, andN is the number of grid points along each transect.

Note that the velocity transect for the mesoscale is interpolated to match the spatial resolution of the LES. We also calculate

for larger differences at faster wind speeds (Eqg. (4)).

\d X U X U, tx 2
RMSE(t) = H meso(,X.)N Les (t; %) o
Xi 2T
\d X V] X U tx 2
RM\SE(I) — {J meso(,Xl) LES(,X,) (4)

—2
x; 2T Ules (EXi)N

4.1 Cluster wake between wind farms

The combined wake of the turbines in Sunrise Wind is well captured by the mesoscale simulation, especially under unstable
atmospheric conditions (Table 3). The aver&4dSE of the velocity eld in the wake of Sunrise Wind between the LES

and mesoscale simulations is ab@B@ms ! across the different stability cases. On average RRtSE between the LES

and mesoscale simulations18%larger in the stable case than in the unstable case RMSE of the normalized velocity
diﬁerence%&(ﬁj\ﬂ‘SE) further illustrates the larger discrepancies between the two modeling approaches. Although the
difference inRMSE between the LES and mesoscale for unstable and stable conditions i§&G@iaths 1), the normalized

RMSE under stable conditions is one percentage point larger than under unstable conditioRM$Eeis larger in the

stable case because individual turbine wakes may persist far downstream (increasing the magbiiede ol gs in the

the denominatonES in Eq. (4)).

Under stable conditions, the individual wakes of the turbines in Sunrise Wind can persist far downstream and reach the front-
row turbines of the downstream clusters. Fig. 7 exempli es some of the limitations of the mesoscale simulation in capturing
near-range cluster wakes. The individual turbine wakes are apparent in the time- and space-averaged LES velocity eld (Fig.

12



Figure 7. Time-averaged velocity eld at hub height for the mesoscale (a) and LES (b) simulations under stable atmospheric conditions. The
velocity elds are averaged in time between 14:30 and 14:45 UTC on 26 November 2019. The dotted black lines in each panel illustrate the
locations of the velocity transects, and the red dots indicate the midpoint distance of each transect. Panel (c) shows the velocity along the

transect for the LES and mesoscale simulation. For reference, the mean wind direction across the2&gion is

7b, c), especially downstream of the northeast turbines of Sunrise Wind. In contrast, in the mesoscale simulation, the effects of

individual turbine wakes do not persist far downstream (Fig. 7a, c). Furthermore, when the wind direction is aligned with the
260 turbines, the wakes from the aligned turbines in Sunrise Wind combine and form a distinct and large velocity deceleration that

may not be well captured by the mesoscale solution (Fig. 7¢). As will be shown in Sect. 5.2, a mesoscale simulation cannot

resolve individual turbine wakes, especially when the wind direction matches the direction of alignment for the turbines inside

the wind farm.

Under unstable stability conditions, individual turbine wakes generally merge with the larger-scale cluster wake before reach-

265 ing downstream clusters (Fig. 8). As a result, the difference between the wake in the LES and mesoscale simulations is smaller

270 Even though individual turbine wakes may not persist far downstream, larger localized velocity decelerations still occur, like
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280

Figure 8. Time-averaged velocity eld at hub height for the mesoscale (a) and LES (b) simulations under unstable atmospheric conditions.
The velocity elds are averaged in time between 22:00 and 22:15 UTC on 27 July 2017. The dotted black lines in each panel illustrate the
locations of the velocity transects, and the red dots indicate the midpoint distance of each transect. Panel (c) shows the velocity along the

transect for the LES and mesoscale simulation. For reference, the mean wind direction across the2@8ion is

downstream of the northeast turbines in Sunrise Wind. The mesoscale simulations can accurately capture these localized ve

locity decelerations in the ow in unstable conditions.
4.2 Combined cluster wake from all wind farms

The combined cluster wake of the three wind farms is well captured by the mesoscale simulations for both stability cases
(Table 4). Both thdRMSE and theRMSE between the LES and mesoscale are comparable for stable and unstable conditions.
In contrast to the results in Sect. 4.1, the difference between the LES and mesoscale is slightly larger for unstable conditions,
as wake recovery is underestimated in the coarser grid. Nevertheless, the combined wake from all the turbines in the domain is
well represented in the mesoscale simulations.

The combined wake of the three wind farms under stable conditions is characterized by a distinct broad wind speed de cit.
Fig. 9 illustrates the typical wake under stable conditions. Individual turbine wakes are evident in the LES wind elds but not
in the mesoscale, especially in the northern portion of the domain, where turbines in Revolution Wind do not experience the
cluster wake from South Fork or Sunrise Wind. Moreover, because the mesoscale cannot resolve individual turbine wakes, it
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Table 4. Mean root-mean-square erf®MSE) between the LES and mesoscale simulations for each stability case. The RMSE is calculated

for the velocity downstream of the three wind farms (transect 2 in Fig. 6).

Stability Case hRMSEi [ms '] HhRMSEi [%]

All Cases 0.37 4.97
Stable 0.36 4.82
Unstable 0.39 5.35

also cannotisecapture the velocity acceleration in between the individual wakes. To compensate, the winds accelerate on the

lateral sides of the wind farm faster in the mesoscale simulation. It is likely that a similar but opposite phenomenon occurs

upstream of the wind farm, where the wind decelerates due to blockage. Nevertheless, the mesoscale simulation accuratel
represents the magnitude of the larger-scale deceleration downstream of the three wind farms and the spatial gradient in the
wake. To illustrate, the pronounced velocity deceleration in the northeast part of the domain, driven by the combined wake

effects from the high turbine concentration in the northeastern region of Sunrise Wind and the eastern turbines of Revolution
Wind, is well captured (red arrow in Fig. 9c).

Under unstable conditions, the combined wake of the three wind farms exhibits a bimodal shape. Fig. 10 illustrates the
typical wake under unstable conditions. Just as individual turbine wakes recover more quickly under unstable atmospheric
conditions, the collective wake of the wind farms also recovers faster than in stable conditions. The bimodal structure of the
combined cluster wake arises from the rapid recovery in the central portion of the wake (Fig. 10c), which is accurately captured
by the mesoscale simulation. In contrast to the stable cases, individual turbine wakes are not evident downstream of the three

wind farms (Fig. 10c).

5 Wind turbine power

To compare the power production of the turbines in the LES and mesoscale, we apply a 10 minute moving average to the power
data in the LES to remove uctuations in power production caused by turbulence in the ow. Furthermore, we normalize the
time-averaged power production of each turbine in the domain. The normalized power production-tif thebine in the
domain(P;) is de ned as the ratio between the time-averaged pdi®e) and the mean power of the front-row turbines in
Sunrise WindP; (t)ij2rr for southwesterly ow (illustrated as black circles in Fig. 2). In this way, we evaluate the ability of

the mesoscale model to capture changes in power production relative to freestream conditions for a variety of wind speeds.

Pi(t)
P ()ij2rr

We compare the normalized power between the LES and the mesoscale for turbines that are subject to internal wakes anc

Pi(t)= ®)

turbines that only experience wakes from an upstream cluster. A turbine is considered to be subject to internal wakes when
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Figure 9. Time-averaged velocity eld at hub height for the mesoscale (a) and LES (b) simulations under stable atmospheric conditions. The
velocity elds are averaged in time between 15:45 and 16:00 UTC on 26 November 2019. The dotted black lines in each panel illustrate the
locations of the velocity transects, and the red dots indicate the midpoint distance of each transect. Panel (c) shows the velocity along the

transect for the LES and mesoscale simulation. For reference, the mean wind direction across the228ion is

it has an immediate upstream neighbor under southwesterly( gw 225 ). Because the turbines in each wind farm are
separated by:852km (9D), any turbine with an upstream neighbor witldkm (14:5D) will be subject to internal wakes

(red circles in Fig. 11). Because some turbines in South Fork and Revolution Wind will experience a combination of internal
and external wakes, we only consider turbines in Sunrise Wind for the internal wake analysis. To examine cluster wakes, we
consider the turbines in South Fork and Revolution Wind that are only expected to be impacted by the wake from Sunrise Wind
(blue circles in Fig. 11).

The mesoscale shows more skill in capturing the effect of short-range cluster wakes than of internal wakes within a wind
farm (Fig. 12). Although the mesoscale can accurately capture the velocity deceleration from the entire Sunrise Wind cluster
(Sect. 4.1), the normalized power production of the front-row turbines in Revolution Wind and South Fork is not necessarily
well represented (Fig. 12a). The slope of the regression line of the LES and mesoscale dat@®is5palyd the regression
coef cientis R? = 0:5 for cluster-waked turbines. Nevertheless, the median normalized power across all wind direction sectors
is P =0:893andP = 0:895for the LES and mesoscale, respectively. This behavior shows that, although the mesoscale is not

capable of capturing the mean variability in turbine power, it may be capable of representing the average cluster wake effect
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