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Abstract. The rapid expansion of wind farm installations in the North Sea results in an increased need for
understanding their influence on the local atmosphere, as well as the interactions between them. Wind farm
operation and power production are affected by wakes produced both within and upstream of the wind farms.
Accurately estimating these impacts requires robust mesoscale atmospheric modeling capable of capturing ex-
tended wind speed deficits and their dependence on atmospheric stability. This study presents a 3-year-long
mesoscale analysis using the Weather Research and Forecasting (WRF) model at a horizontal resolution of 1 km,
a comparatively long and high-resolution configuration within the context of offshore wake research. The sim-
ulations are evaluated against four lidars located in the Southern Bight of the North Sea in the vicinity of the
3.7 GW Belgian–Dutch offshore wind farm cluster, providing an extensive observational basis that covers up-
stream, intra-farm, and downstream flow conditions. Coupling the mesoscale atmospheric model with the Fitch
wind farm parameterization scheme improves simulation accuracy, particularly in regions frequently affected
by wake effects. An evaluation across different atmospheric boundary layer stability regimes shows that the
model performs best under less extreme stability, while a detailed assessment of upstream, intra-cluster, and
downstream wake characteristics highlights the added value of the Fitch scheme for multi-year offshore appli-
cations. Finally, synthetic aperture radar images from selected wake events are compared with the model output,
demonstrating that the wind farm parameterization scheme effectively captures the larger-scale structure and
wind speed deficit of the wind farm wake at the analyzed timestamps. Together, these results provide one com-
prehensive long-term evaluation of offshore wake behavior in a dense wind farm cluster, helping to address the
current gap in mesoscale wake studies.
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1 Introduction

In recent years, wind energy has become one of the most
promising electricity generation technologies for a sustain-
able energy system. Especially offshore, wind farms are
growing in size and number, resulting in gigawatt-scale clus-
ters being installed in each other’s vicinity. Therefore, it is
important to quantify the effects of wind farms in terms of
both how their interaction impacts operation and energy pro-
duction and their local influence on the atmosphere. These
effects vary based on the predominant atmospheric condi-
tions and wind characteristics.

One of the most pertinent tasks is the understanding
and quantification of wake effects produced by wind farms.
Wakes exert a substantial influence on downstream wind tur-
bines, as they lead to decreased wind speeds and increased
turbulence that affect both the power production and the fa-
tigue of the wind turbine (Stanley et al., 2022; Jézéquel et al.,
2024). Crucially, wakes are the dominant driver of power
losses in offshore wind farms, reducing power extraction of
the order of 10 % to 20 % compared to lone-standing tur-
bines (Lee and Fields, 2021). Furthermore, especially for
large wind farms, individual turbine wakes merge into wind
farm wakes that have been shown to persist several tens of
kilometers downstream of the wind farm, depending on the
atmospheric conditions (Ali et al., 2023). As a result, off-
shore wind farms are affected by current and future neigh-
boring farms, and reducing uncertainties in these interactions
is becoming increasingly important for the efficient develop-
ment of offshore wind energy.

High-fidelity simulations like large-eddy simulations
(LES) can provide useful insights into the interaction be-
tween wind turbines and the atmospheric boundary layer
(ABL), with different approaches for wind turbine represen-
tation being developed (Sorensen and Shen, 2002; Stevens
et al., 2018; Stipa et al., 2024). However, computational
cost for high-resolution LES remains very high, rendering
them impractical for simulating large wind farm clusters over
long periods. In addition, performing LES under real atmo-
spheric conditions increases the computational cost further as
proper coupling with a mesoscale model is required (Muñoz-
Esparza et al., 2014; Haupt et al., 2023; Kale et al., 2023).
As a result, mesoscale numerical weather prediction (NWP)
models remain the most cost-effective state-of-the-art tool to
assess atmospheric conditions spanning a wide geographic
area and a prolonged period. NWP models typically operate
on horizontal grid spacings of 1 to 3 km, necessitating the
use of different parameterization schemes to capture the ef-
fects of subgrid-scale physics such as convection, hydrome-
teor microphysics, radiation, surface interactions, and turbu-
lence. Over the past years, many NWP models have also in-
cluded parameterization schemes to account for the influence
of the wind turbines within the ABL. An extensive descrip-
tion of these wind farm parameterization (WFP) schemes in

NWP models can be found in the work of Fischereit et al.
(2022a).

In particular, although several alternatives have been de-
veloped (Volker et al., 2015; Ma et al., 2022a), the most
widely used WFP scheme in NWP models is the method pro-
posed by Fitch et al. (2012). Even though the scheme has
significant limitations, e.g., in the turbulence kinetic energy
(TKE) representation (Archer et al., 2020), the freestream
wind estimation (Vollmer et al., 2024), and the inclusion of
subgrid-scale wakes (Ma et al., 2022b), the original imple-
mentation has been shown to agree reasonably well with
high-fidelity simulations (Archer et al., 2020; Peña et al.,
2022; Fischereit et al., 2022b; García-Santiago et al., 2024),
field measurements (Larsén and Fischereit, 2021; Ali et al.,
2023; Fischereit et al., 2024), and turbine production data
(Lee and Lundquist, 2017; Santoni et al., 2020). Neverthe-
less, further validation studies over extended time periods
are needed to reduce uncertainties in quantifying wind farm
wakes and the resulting inter-farm interactions (Fischereit
et al., 2022a).

The vast majority of WFP studies utilize the Weather Re-
search and Forecast (WRF) model (Skamarock et al., 2019).
WRF is an open-source and widely used NWP model able
to simulate complex atmospheric phenomena and extreme
events (Larsén et al., 2019; Shenoy et al., 2021; Müller et al.,
2024). It has been used in a variety of studies that esti-
mate the influence of wind farm effects (e.g., Pryor et al.,
2019, 2020; García-Santiago et al., 2023), including analyses
of wind farm effects under different ABL stability conditions
(Cañadillas et al., 2020; Rosencrans et al., 2024; Palatos-
Plexidas et al., 2024). In addition, specific events like ex-
treme winds (Pryor and Barthelmie, 2021), storms (Ivanova
et al., 2025), and low-level jets (Vanderwende et al., 2015;
Quint et al., 2025; Olsen et al., 2025) are well reproduced
by WRF at different locations across the globe. Although
there are a few studies that simulate the wind farm effects
using mesoscale models at 1 km or sub-kilometer scales un-
der real atmospheric conditions (Gomez et al., 2024), long-
term high-resolution mesoscale simulations and validations
remain largely absent from the literature.

The current work presents an assessment of model perfor-
mance and analysis of wake effects from a 3-year-long high-
resolution (1 km) WRF simulation of the Southern Bight of
the North Sea, with a specific focus on the 3.7 GW Belgian–
Dutch wind farm cluster. This cluster consists of several
high-density wind farms installed next to each other, mak-
ing it the largest offshore cluster operational today, hence re-
sulting in a prime test case for studying wind farm wakes.
Extending the analysis over 3 years enables a comprehensive
characterization of seasonal patterns and temporal variabil-
ity.

This study is driven by two primary objectives that ad-
dress notable gaps in current offshore wake research. The
purpose of this study is not to validate the Fitch parameter-
ization in isolation, but rather to assess the long-term pre-
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Figure 1. (A) Map of the three nested domains used for the WRF simulations, with a horizontal resolution of 9 km (D01, blue box), 3 km
(D02, black box), and 1 km (D03, red box). (B) Zoomed-in view of the high-resolution innermost domain (D03), including the simulated
wind turbines (black dots).

dictive performance of the full WRF–Fitch modeling system
for offshore wake dynamics in an operationally relevant en-
vironment. First, we assess the 3-year WRF–Fitch simula-
tion performance using lidar measurements positioned both
within and around the Belgian–Dutch cluster, enabling an
evaluation of model performance under varying ABL stabil-
ity regimes. This is particularly relevant given that long-term
wake validations at 1 km resolution (assessed under differ-
ent stability regimes) remain rare, especially in densely built
offshore environments. The strategic placement of the lidar
probes allows us to assess how the model represents inflow
conditions, intra-cluster wake dynamics, and downstream re-
covery for different wind directions and wind speed regimes,
and the availability of four lidars spanning upstream, down-
stream, and intra-farm positions provides a uniquely com-
prehensive observational basis for this evaluation. Second,
we evaluate the performance of WRF for a set of specific
wake events by comparing the simulated wake signatures
with satellite-retrieved wind fields. This dual comparison,
quantitative through lidar transects and qualitative through
two-dimensional SAR wake structures, provides a robust,
multi-sensor estimation of wake deficits, blockage effects,
and model skill. Together, these objectives provide a com-
prehensive long-term evaluation of offshore wake behavior
in a high-density wind farm cluster.

The remainder of the study is structured as follows. Sec-
tion 2 outlines the methodology, including the WRF model
setup, the classification of ABL stability, the measurement
datasets used, and the definitions of performance metrics.
Section 3 highlights the simulation results, including the
overall atmospheric conditions and model performance as-
sessed against lidar data under varying stability conditions,
wind speed magnitudes, and specific events. An additional
analysis of upstream, intra-farm, and downstream wake char-
acteristics based on WRF simulations is also presented. Fi-
nally, Sect. 4 summarizes the main findings of this study.

2 Methodology

This section outlines the methodology used to create and
analyze the high-resolution dataset. First, the configuration
of the WRF model is described. Next, the definition and
the classification of atmospheric stability regimes are intro-
duced. Finally, the lidar observations and the SAR images
used for model performance assessment are presented, fol-
lowed by the evaluation metrics applied in this study.

2.1 WRF model setup

Simulations were performed with version 4.5.2 of the WRF
model (Skamarock et al., 2019) over a period of 3 years:
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Table 1. Physics parameterization schemes selected for this study in WRF, along with their associated references.

Parametrization WRF Scheme Reference

Planetary boundary layer (PBL) MYNN 2.5 level Nakanishi and Niino (2006)
Surface layer model ETA Similarity Monin and Obukhov (1954)
Land surface model NOAH LSM Mukul Tewari et al. (2004)
Cumulus Kain–Fritsch Kain (2004)
Microphysics WSM5 Hong et al. (2004)
Radiation RRTMG Iacono et al. (2008)

2021, 2022, and 2023. The initial and boundary conditions
are derived from 30 km spatial resolution ERA5 hourly re-
analysis data (Hersbach et al., 2020). Three nested square do-
mains are employed with grid resolutions of 9, 3, and 1 km,
respectively, as depicted in Fig. 1. Furthermore, one-way
nesting is applied to prevent any potential noise generated
within the innermost domain from propagating into the par-
ent domains. In the vertical direction, 80 non-equidistant
levels are used up to 50 hPa, while the first 30 levels are
densely distributed starting from approximately 5 m up to
320 m height, with an average vertical resolution of 11 m.
Adaptive time stepping is used with a target Courant–
Friedrichs–Lewy number of 0.84 and 0.6 for the horizon-
tal and vertical directions, respectively. In addition, vertical
velocity damping is enabled to ensure robustness and sta-
bility during the multi-year runs using a Rayleigh damp-
ing layer with a depth equal to 5000 m from the model top
and a damping coefficient of 0.15 ms−2. The results of the
high-resolution domain D03 are processed every 10 min for
comparison to lidar data. The model physics configuration is
based on the New European Wind Atlas (NEWA) setup (Hah-
mann et al., 2020; Dörenkämper et al., 2020) and is presented
in Table 1. The cumulus scheme is activated only at the out-
ermost domain of 9 km resolution. Regarding the planetary
boundary layer (PBL) turbulence modeling, the MYNN 2.5
(Nakanishi and Niino, 2006) scheme is used, as it is the only
scheme available in WRF v4.5.2 that allows for the advec-
tion of TKE produced by the WFP as explained below. Note
that, rather than performing a specific sensitivity study to op-
timize model skill for the location of interest, a single WRF
configuration, close to the well-known NEWA setup, is cho-
sen in order to evaluate a typical out-of-the-box performance
of the model against measurements.

Wind farm parameterization

For this study, the WFP scheme proposed by Fitch et al.
(2012) is used. The influence of turbines on the atmosphere
is described by imposing a momentum sink in the mean flow,
which enables the conversion of a fraction of the kinetic en-
ergy (KE) into electricity, while the remaining KE is trans-
formed into TKE. The WRF model is executed with and
without wind farm parameterization activated (hereafter WF
and NWF, respectively) within a single model run, using two

identical D03 domains, to isolate wake effects. The study fo-
cuses on the investigation of the Belgian–Dutch cluster; how-
ever, nearby offshore wind farms in the Southern Bight of
the North Sea, i.e., in the UK and in the Netherlands, are
included in the simulations. The locations of all the wind
turbines included in the simulations are obtained from the
study of Hoeser et al. (2022). The wind farms are depicted
in Fig. 1b, and they are exclusively simulated on the highest-
resolution domain. The main characteristics of the wind tur-
bines used are presented in Table A1 in the Appendix. The
principal equations for describing the influence of the wind
farms on the mean flow in a discrete Cartesian computational
cell (i, j , and k) are defined as

∂|V |ijk

∂t
=−

N
ij
t CT(|V |ijk)|V |2ijkAijk

2(zk+1− zk)
ec, (1)

∂TKEijk
∂t

=
N
ij
t CTKE(|V |ijk)|V |3ijkAijk

2(zk+1− zk)
ec, (2)

∂Pijk

∂t
=
N
ij
t CP(|V |ijk)|V |3ijkAijk

2(zk+1− zk)
. (3)

These equations describe the change in horizontal wind
speed |V |, the TKE enhancement due to wind turbines, and
the wind power production P , where zk defines the height
at model level k, and Aijk is the cross-sectional rotor area
of one wind turbine between the height levels k and k+ 1.
Furthermore, N ij

t is the number of turbines located within
the computational cell (i,j ). The thrust coefficient CT and
power coefficient CP depend on the wind turbine type and
are obtained from a mix of public and confidential data.
The TKE coefficient is defined as CTKE = α(CT−CP), with
α = 1 in the original Fitch implementation, driven by the idea
that momentum lost by the mean flow, which is not con-
verted to electrical power, is transformed into turbulence.
However, it was found that this can lead to a significant
overestimation of the TKE compared to high-fidelity sim-
ulations (Archer et al., 2020). Although there remains sig-
nificant debate over the appropriate value of α (Larsén and
Fischereit, 2021; García-Santiago et al., 2024), this study
uses the current default value in WRF; i.e., α = 0.25. A 6-
month sensitivity analysis using α = 0, α = 0.25, and α = 1
is presented in Appendix A2 (Figs. A1 and A2), indicat-
ing that no single α value consistently outperforms the oth-
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ers, given the considered time period and locations. Last,
ec in Eqs. (1) and (2) is the energy correction factor that
ensures that the vertically distributed extraction matches the
turbine power curve at hub height (adapted from the WRF
source code). The wind speed deficit due to the wind turbine
influence is defined as the normalized difference between
the unperturbed and the wind-farm-affected wind speed; i.e.,
1Uwake = (UNWF−UWF)/UNWF× 100.

For simplicity, we consider the area-averaged momentum
flux deficit:

1M =

∑Nc
i ρ0

(
U2

NWF−U
2
WF
)
Si∑Nc

i Si
, (4)

where ρ0 is the density of the atmosphere near hub height,
assumed constant and equal to 1.225 kgm−3, S is the area of
interest (e.g., the Belgian–Dutch cluster area), and Nc is the
number of computational cells within this area.

The thrust force for each wind turbine is also computed:

T =
1
2
ρ0CTATU

2
hub, (5)

where AT is the area swept by the rotor blades, estimated
using the rotor diameter of each turbine, and Uhub is the hub-
height wind speed within a grid cell when the Fitch scheme
is activated (WF).

2.2 Atmospheric boundary layer stability

The stability conditions in the lower layers of the ABL can
be assessed by analyzing temperature, wind speed, and sur-
face heat fluxes (Stull, 2015). These variables are closely as-
sociated with atmospheric turbulence and the resulting wake
mixing. In this work, the atmospheric stability is character-
ized by the value of Obukhov lengthL (Monin and Obukhov,
1954), as retrieved from WRF via the inverse L (RMOL)
variable. Obukhov length governs how shear and buoyancy
contribute to the production and dissipation of TKE:

L=−
u3
∗θv

κg
(
w′θ ′v

)
s

, (6)

where u∗ is the friction velocity, θv is the mean virtual po-
tential temperature at the first model level above the surface
(approximately at 5 m), κ = 0.41 is the von Kármán con-
stant, g= 9.81 ms−2 is the gravitational acceleration, and
(w′θ ′v)s is the surface virtual potential heat flux. Stable con-
ditions are present when L > 0, when shear production and
buoyancy destruction counteract, leading to limited turbu-
lence and intermittency. In contrast, when L < 0, buoyancy
enhances turbulence, resulting in stronger vertical motion
and mixing. In neutral conditions, when |L| →∞, buoy-
ancy has a negligible effect and turbulence is driven solely
by shear. Besides the main stable, unstable, and neutral con-
ditions, four additional ABL stratification categories, as de-
fined in Table 2, are considered in the analysis, seeking to

Table 2. Atmospheric stability classes. Obukhov length L values
are assessed from WRF simulations (Eq. 6), and seven classes are
selected, adapted from the work of Gryning et al. (2007).

Stability classes Obukhov length values (m)

Very stable 0< L≤ 50
Stable 50< L≤ 200
Stable–neutral 200< L≤ 500
Neutral |L|> 500
Unstable–neutral −500< L≤−200
Unstable −200< L≤−100
Very unstable −100< L≤ 0

deliver a more comprehensive representation of the stabil-
ity conditions. This approach is similar to the work of Gryn-
ing et al. (2007) and has been implemented in the studies of
Olsen et al. (2022) and Palatos-Plexidas et al. (2024).

2.3 Offshore observations

There are two sources of observations used in this work,
and they are presented in this section. Initially, lidar profile
measurements are employed to assess model performance
throughout the entire analysis period. Subsequently, syn-
thetic aperture radar (SAR) data from the Southern Bight of
the North Sea are utilized to compare and validate the model-
assessed wakes at specific events.

2.3.1 Lidars

Model performance is evaluated against 10 min averaged
wind speed and wind direction measurements from four ver-
tical profiling lidars located in the Southern Bight of the
North Sea, close to the Belgian–Dutch wind farm cluster. As
discussed below, considering the wind roses at this site, the
locations of the lidars (see Fig. 2) provide a unique opportu-
nity for assessing wake effects. Details on their location and
the operation period during the simulation time window are
described in Table 3. The following lidars are considered:

– WHi. The Westhinder (WHi) lidar is a ZX 300M in-
stalled on the Westhinder (MP7) survey platform lo-
cated approximately 40 km southwest of the Belgian–
Dutch cluster, close to the French border in Belgium.
The lidar was installed in August 2021 and is oper-
ated by the von Karman Institute for Fluid Dynam-
ics (Glabeke et al., 2023). In this study, we utilize
data from the campaign between 4 August 2021 and
18 July 2022. The lidar measures at 11 different heights,
i.e., 34.5, 44.5, 62.5, 79.5, 104.5, 124.5, 149.5, 174.5,
224.5, 274.5, and 324.5 mTAW. Measurement heights
are in meters above the Tweede Algemene Waterpass-
ing (mTAW), implying that the average sea level at low
tide in Ostend (Belgium) is used as the zero level. This
value lies 2.3 m below mean sea level.

https://doi.org/10.5194/wes-11-3555-2026 Wind Energ. Sci., 11, 3555–3585, 2026
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Figure 2. Measurement locations in the domain of interest. The black dots indicate turbine locations included in the WRF simulations.

Table 3. Description of the lidars used in this study. Data availability is expressed as the percentage of time each lidar was operational
relative to the full simulation period (2021–2023). Timestamps of missing data are also accounted for in the table.

Lidar Location Operational period in WRF time window Data availability (%)∗

Westhinder (WHi) 51°23′18.74′′ N, 2°26′16.18′′ E Aug 2021–Jul 2022 25.1
Borssele B (BSB) 51°43′34.90′′ N, 2°57′56.09′′ E Jan 2021–Sep 2023 85.3
Europlatform (EPL) 51°59′52.51′′ N, 3°16′29.32′′ E Jan 2021–Dec 2023 95.2
Lichteiland Goeree (LEG) 51°55′60.00′′ N, 3°40′00.00′′ E Jan 2021–Dec 2023 96.9

∗ Data availability refers to the timestamps for which wind speed and wind direction measurements overlap. The table also presents the final number of timestamps retained
for analysis after applying the filtering procedure described in Sect. 2.3.3.

– EPL and LEG. Northeast of the cluster, two more lidars
are installed on the Europlatform (EPL) and Lichtei-
land Goeree (LEG) platforms, respectively. Data are
provided by the Wind Energy Research Group of TNO,
which operates the lidars (Verhoef et al., 2020; Bergman
et al., 2022). LEG features a Leosphere WindCube li-
dar v2.1 providing measurements at eight heights, i.e.,
62, 90, 115, 140, 165, 190, 215, and 240 m above mean
sea level. EPL is equipped with a ZX 300M lidar (Ver-
hoef et al., 2020), with data provided at 63, 91, 116, 141,
166, 191, 216, 241, 266, and 291 ma.m.s.l.

– BSB. Inside the cluster, data from the ZX 300M li-
dar installed at the TenneT platform Borssele B (BSB)
and operated by the KNMI are used (Knoop and
de Jong, 2023), with measurements at 11 heights, i.e.,
59, 83, 108, 117, 139, 164, 190, 201, 224, 244, and
294 ma.m.s.l.

Considering the prevalence of southwesterly and, to a
lesser extent, northeasterly wind directions at this site (see
Fig. 4), the combination of WHi, BSB, EPL, and LEG pro-
vides a suitable alignment to include a freestream, intra-
cluster wake and far-wake observation for these wind direc-

tions. All lidar observations come in the form of 10 min av-
erages. Both lidar measurements and model output are in-
terpolated to a reference hub height of 107 m above ground
level, corresponding to the hub height of many wind turbines
within the domain of interest.

2.3.2 SAR data

The SAR data used in this study were retrieved by
the Sentinel-1 European Space Agency mission. More
specifically, there are two satellites, Sentinel-1A (2014–
present) and Sentinel-1B (2016–2021), equipped with C-
band synthetic aperture radar (SAR) instruments operating
at 5.405 GHz, and both satellites follow a sun-synchronous
polar orbit at an altitude of 693 km (Hasager et al., 2024).
Focusing on the area of interest, including the Belgian–Dutch
wind farm cluster in the Southern Bight of the North Sea, as
well as additional upstream and downstream areas to study
potential wake structures, the analyzed time instances occur
approximately at 06:00 UTC every 12 d and at 17:40 UTC
every 6 d, respectively (Sentinel-1A, 2021–2023). The opera-
tion of Sentinel-1B during 2021 provided an additional set of
overpasses at around 17:32 UTC every 6 d. This corresponds
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to approximately 8 to 10 SAR snapshots per month over the
area of interest during the analyzed period. The wind speed
at 10 m height is then estimated by applying the CMOD5N
geophysical model function (Hersbach et al., 2007), as also
explained in the work of Siedersleben et al. (2020). This
indirect-retrieval method assumes that radar backscatter from
the sea surface, which reflects centimeter-scale waves gen-
erated by instantaneous wind stress, can be converted into
wind speed at 10 m height (Ahsbahs et al., 2017, 2018).
The wind fields are provided at a 500 m pixel resolu-
tion through the Global Wind Atlas Science Portal of the
Danish Technical University (DTU) Wind Energy Depart-
ment (https://science.globalwindatlas.info/#/map/satwinds,
last access: 30 July 2025).

2.3.3 Data filtering

Two different types of filtering are used for the lidar mea-
surements and the SAR data, respectively. For the lidars, we
apply a threshold and discard wind speed values outside the
range of [0.5,70]ms−1. The lower bound was set to dis-
card very low wind speeds in which the wind direction be-
comes ill-defined. A similar approach was taken by Pentikäi-
nen et al. (2023). It was verified that this bound does not
significantly impact wind speed validation results. The up-
per bound discards spuriously high measurements. The re-
sulting interval retains relevant wind speed values for wind
energy purposes, including wind speeds below cut-in and
above cut-out. The same thresholds are applied to the WRF
wind speeds in both the NWF and the WF simulations (dis-
carding approximately 0.3 % of the WRF timestamps). To
avoid 180° wind direction ambiguity in the lidar data, we
exclude instances exhibiting abrupt directional shifts greater
than 120°, as these are considered non-physical. Although
such outliers could alternatively be corrected using nearby
observational sources or the WRF output, we opt to discard
them entirely to ensure a more robust and reliable obser-
vational dataset. This filtering results in an additional data
removal of approximately 1 %–2 % of the total values pre-
sented in Table 3, depending on the location. We then use the
common timestamps of both filtered lidar and WRF datasets
for evaluating both wind speed and wind direction.

The SAR data are polluted by wind turbines and ships in
the area of interest, creating local outliers in the retrieved
wind fields. In this case, we use a Hampel filter to detect
the outlier values (Hampel, 1971). This method detects lo-
calized outliers of a series of data x = {x1,x2, . . .,xn} us-
ing the median absolute deviation (MAD) in a sliding win-
dow of size Wi . The median value mi is computed across
the sliding window, and the MAD is defined as MADi =
median(|xj −mi |), where xj is the value in the sliding win-
dow Wi . The MAD is scaled to be comparable to the stan-
dard deviation for Gaussian data as σi = 1.4826 ·MADi . A
point xi is considered an outlier if |xi −mi |> nσ ·σi . In this
study, the Hampel filter is applied across the transect that

connects WHi, BSB, and EPL locations (see Fig. 19). To de-
tect outliers, we use a sliding windowWi = 3 and set nσ = 3
to prevent excessive outlier detection and ensure robustness
without over-filtering the data.

2.3.4 Evaluation metrics

Different evaluation metrics are used to provide a compre-
hensive understanding of model performance. More specif-
ically, the bias, the centered root mean squared error
(cRMSE), the Pearson correlation coefficient (r), and the
Earth Mover’s Distance (EMD) are computed for the wind
speed and the wind direction. The mathematical definitions
of these metrics are provided in Appendix A1. The same met-
rics have been employed in several studies to evaluate model
performance in calculating wind fields (Rosencrans et al.,
2024; Olsen et al., 2025).

The bias score measures the systematic error between
the simulations and the observations, indicating a consis-
tent overestimation (positive bias) or underestimation (neg-
ative bias). The cRMSE is used to quantify the average error
magnitude between the model and the lidars, emphasizing
the variability around the mean value. The EMD evaluates
the similarity between two distributions by calculating the
minimum cost required to transform one distribution into an-
other, thereby facilitating the comparison of the overall shape
and distribution of predicted and observed wind speed and
wind direction data. The Pearson correlation coefficient (r)
measures the linear relationship between predicted and ob-
served values. While bias, cRMSE, and EMD values clos-
est to zero indicate better model performance, the Pearson
correlation coefficient (r) ranges from −1 to 1, with values
closer to 1 signifying a stronger direct linear relationship be-
tween the model and the lidar measurements. To compute
means of the wind direction, the circular mean is applied
(Mardia and Jupp, 2009). The cRMSE equation for circu-
lar variables (Eq. A6) has been adopted from the study of
Rosencrans et al. (2024). Instead of the Pearson correlation
for linear values, the circular–circular correlation ρ is used
(Mardia and Jupp, 2009). All metrics are computed using
the built-in functions of the NumPy (Harris et al., 2020) and
SciPy (Virtanen et al., 2020) Python packages. Furthermore,
the wasserstein_circle function from the Python Op-
timal Transport (Flamary et al., 2021) package is used to cal-
culate the EMD for the wind direction.

Last, for the SAR transects, we compute the mean abso-
lute error, MAE=

∑n
1|USAR−UWRF|, where n is the num-

ber of points across the upstream, intra-farm, and down-
stream regions of each transect (70 points in total after re-
gridding the SAR and WRF data). In addition, for the same
time instances, we evaluate the point-wise absolute error,
AE= |Ulidar−UWRF|, using the lidar observations as refer-
ence.
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Figure 3. ABL classification based on the WRF-estimated L values at the BSB location over the 3-year simulation period. The stability
classes are described in Table 2. On the y axis, the frequency of each ABL condition is depicted, and on the x axis, the months of each year,
from 1 (January) to 12 (December), are shown. Bars marked with “o” and “x” correspond to the NWF and WF simulations, respectively.

3 Results

This section discusses the simulation results and compares
them to observations. First, Sect. 3.1 investigates the atmo-
spheric conditions during the simulation period, focusing on
dominant stability regimes and wind roses. Next, Sect. 3.2
compares model results to lidar observations. In addition to
the validation of the full 3-year dataset, the impact of stabil-
ity on model performance is quantified. Further, wind fields
along the lidar transect (see Fig. 2) are analyzed to focus
more specifically on wind speed deficits (Sect. 3.2.3) and
blockage (Sect. 3.2.4). Finally, Sect. 3.3 presents a compari-
son between WRF and SAR data for four specific events.

3.1 Atmospheric conditions

Two main atmospheric characteristics are considered for the
investigation, the Obukhov length (Eq. 6 and Table 2) and
the wind fields presented as wind roses, assessed at the
four lidar locations. All results presented in this study use
wind speed and direction rotated to Earth-fixed coordinates.
Furthermore, only the horizontal wind speeds (hereafter re-
ferred to as wind speeds) are analyzed both in the measure-
ments and in the models. Figure 3 illustrates the monthly-
averaged L distributions for the years 2021 (Fig. 3a), 2022
(Fig. 3b), and 2023 (Fig. 3c). The values of L are calculated
using WRF at the BSB lidar probe, for both the NWF (left
bars indicated with “o”) and the WF (right bars indicated
with “x”) simulations. Despite the intra-annual variability in
ABL stratification, the monthly L distributions indicate that
very unstable conditions prevail over the 3-year-long analy-
sis. Peaks of the very unstable atmospheric conditions pre-
dominantly occur in January, as well as during late summer
and autumn.

Stable and very stable atmospheric conditions are pri-
marily observed from late winter through early summer,

while their occurrence is significantly reduced during au-
tumn. Specifically, June 2021, May 2022, and June 2023 ex-
hibit notably high frequencies of stable and very stable atmo-
spheric conditions. Furthermore, a significant number of neu-
tral cases is also observed. The frequency of neutral or near-
neutral conditions is associated with strong winds, which en-
hances the importance of shear effects over buoyancy. For
example, in February 2022, severe storms occurred (Ivanova
et al., 2025), resulting in a higher frequency of neutral events
over the Southern Bight of the North Sea.

Overall, the predominance of unstable to very unstable
events has been highlighted in several studies over the past
decade. For example, Archer et al. (2016) demonstrated that
the marine ABL along the US northeastern coast was mostly
unstable during a 2003–2011 measurement campaign. Simi-
lar conclusions for the North Sea have been reported in recent
WRF-based studies (Porchetta et al., 2024; Palatos-Plexidas
et al., 2024). However, it is important to note that ABL stabil-
ity strongly depends on the region and period of interest. For
instance, Rosencrans et al. (2024) found an almost equal mix
of unstable and stable conditions, with relatively few neu-
tral cases, in the Rhode Island–Massachusetts area based on
WRF simulations from September 2019 to September 2020.

In addition to the intra-annual stability distributions in the
BSB location, the influence of the wind turbines on the ABL
stratification should be addressed. The inclusion of wind tur-
bines affects the intra-farm ABL stratification, resulting in
an increase of 5 % to 15 % of the very unstable events dur-
ing the 3-year period. In addition, an increase in very sta-
ble instances is observed, while neutral and close-to-neutral
cases are slightly reduced. The increase in very unstable and
very stable cases may be attributed to the wind-farm-induced
wake, which leads to lower wind speeds and, consequently,
reduced friction velocity magnitudes u∗.
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Figure 4. Top: wind roses calculated at the WHi (A), BSB (B), EPL (C), and LEG (D) probe locations using the WF simulations. Bottom:
wind roses extracted from the lidar measurements at WHi (E), BSB (F), EPL (G), and LEG (H). Both the lidar measurements and the model
output are interpolated at the hub height.

Figure 4 illustrates the wind roses from the WF simula-
tions (top), as well as the lidar-derived wind roses (bottom) at
the analyzed locations. The investigation over the 3-year pe-
riod indicates that the predominant wind direction at all loca-
tions is consistently from the southwest. At the WHi location,
WRF provides a slight shift to the westerly wind direction
compared to the lidar observations. A similar trend is noticed
in the cases of the LEG and EPL locations, where events be-
tween the southwest to west wind directions are more preva-
lent in the model. Similar behavior in WRF has been reported
in the work of Kalverla et al. (2019), where winds were 10°
clockwise biased. At the BSB probe, the wind rose trends
align between the model and the measurements, offering a
highly accurate comparison with the lidar data.

3.2 Model validation with lidar observations

3.2.1 Three-year evaluation

Figure 5 presents wind speed metrics for the 3-year WRF
simulations compared with lidar observations. ERA5 data,
extracted from the nearest grid point and interpolated to hub
height, are also shown as a baseline. Although WRF and li-
dar time series have a native 10 min resolution, for the aggre-
gated analysis in this section, we upscale the datasets (WRF

and lidars) to hourly averages to match the temporal resolu-
tion of ERA5. This hourly-averaged representation ensures a
consistent and fair comparison of WRF and ERA5 with the
lidar observations. The bias score (Fig. 5A) shows that both
ERA5 and the NWF simulation exhibit a consistent negative
bias at all sites except BSB, a consequence of the inherent
ERA5 underestimation that propagates into WRF. The ad-
ditional wind speed reduction introduced by the Fitch WFP
leads to a slightly more negative bias in the WF run, although
WRF generally aligns better with the lidar observations than
ERA5. Part of the improved bias in the NWF runs likely re-
sults from an error-cancellation effect with the negatively bi-
ased ERA5 input, whereas in the WF simulations, these er-
rors become slightly amplified due to wake-induced deficits
but remain lower than those in ERA5. At BSB, both ERA5
and the NWF runs show a positive bias, while the WF simu-
lation produces a smaller negative bias, corresponding to an
improvement of about 82 % over NWF and 73 % over ERA5
in the near wake under the predominant southwesterly flow.

In contrast to the bias score, ERA5 shows a lower cRMSE
than both WRF configurations, indicating that it captures
the temporal variability more consistently, whereas WRF ex-
hibits a smaller bias due to a more accurate representation
of the mean flow. The EMD scores (Fig. 5C) further sug-
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Figure 5. Evaluation metrics for wind speeds against lidar data: bias (A), cRMSE (B), EMD (C), and r (D) scores. All values are interpolated
to hub height. Darker colors signify poorer alignment with the observations.

Figure 6. Evaluation metrics for wind directions against lidar data: bias (A), cRMSE (B), EMD (C), and r (D) scores. All values are
interpolated to hub height. Darker colors signify poorer alignment with the observations.

gest that the WF configuration achieves the best agreement
at BSB, with reductions of approximately 74 % over NWF
and 65 % over ERA5. The Pearson correlation (Fig. 5D) re-
mains high across all datasets, with minimum values of 0.90
for NWF, 0.91 for WF, and 0.93 for ERA5. Overall, both
WRF and ERA5 exhibit a domain-wide negative wind speed
bias, except at BSB, largely driven by the underestimation in
ERA5. Consequently, wind speeds remain slightly underes-
timated in both the NWF and WF simulations over the full
3-year period.

Figure 6 presents bias (Fig. 6A), cRMSE (Fig. 6B), EMD
(Fig. 6C), and circular correlation ρ (Fig. 6D) for wind di-
rections, validating the WF, NWF, and ERA5 cases against
the lidar observations. Both wind speed and wind direction
metrics vary across the analyzed locations, with wind direc-
tion showing greater variability overall. First, it is important
to highlight that the WF case yields more accurate wind di-
rection estimates than the NWF simulations. Furthermore,
when WFP is activated, wind direction bias at BSB is re-
duced by 51 %. At WHi, all models exhibit a consistent bias
of approximately 6.5 to 7.1°, while at EPL the models show
a larger bias of about 11 to 12°. The cRMSE, EMD, and ρ at
BSB indicate less consistent wind direction alignment with
the lidars compared to the other locations. Overall, ERA5

outperforms the WRF model in wind direction validation
at the analyzed locations. The larger cRMSE in WRF com-
pared to ERA5 is expected because the coarser ERA5 fields
do not resolve kilometer-scale wind speed fluctuations, re-
sulting in a smoother signal and lower instantaneous error.
In contrast, the higher spatial and temporal variability rep-
resented in WRF leads to phase mismatches between simu-
lated and actual wind fluctuations, producing larger instan-
taneous discrepancies that manifest as higher cRMSE. The
study of Pronk et al. (2022) shows that ERA5 outperforms
WRF simulations in terms of cRMSE and correlation coeffi-
cient, both on land and offshore, under different stability con-
ditions. Additionally, a consistent negative bias in wind speed
is reported. These findings align with the WRF sensitivity
analysis of Olsen et al. (2025) in the North and Baltic seas,
indicating that ERA5 outperforms the various WRF configu-
rations in terms of cRMSE and correlation.

In Fig. 7, the wind speed bias for each wind direction
at each location is depicted, allowing a clearer assessment
of the bias sources. Colored lines represent NWF, WF, and
ERA5 datasets, and the dashed lines indicate zero bias. At
WHi, EPL, and LEG, where wakes are observed due to
the existence of the Belgian–Dutch cluster, the NWF and
WF simulations generally show similar distributions, except
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Figure 7. Wind speed bias under different wind direction sectors, evaluated against lidar observations. All values are interpolated to hub
height. The deviation from the dashed black line indicates the degree of misalignment with the observations.

Figure 8. Wind direction bias under different wind direction sectors, evaluated against lidar observations. All values are interpolated to hub
height. The deviation from the dashed black line indicates the degree of misalignment with the observations.

along the principal wake directions, where NWF performs
slightly better. More specifically, at WHi the dominant wake
influence arrives from the northeast, and around 45° the
NWF bias is closer to zero. A similar pattern appears at EPL
and LEG, where NWF bias is closer to zero around 225 and
255°, respectively. At EPL in particular, the bias is close to
zero between 190 and 225° in the NWF simulations. In all
three cases, both WRF configurations reduce the negative
bias found in the ERA5 data, highlighting the fact that the
Fitch scheme introduces an additional bias downstream of
wind farm regions. Conversely, in the intra-farm region at
BSB, the Fitch scheme provides a more accurate wind speed
distribution across all wind directions, underscoring its im-
portance in strongly waked environments. This behavior of
the Fitch scheme, showing prolonged wakes and enhanced
wind speed deficits at locations farther downstream and more
accurate wind speed distributions closer to the turbines, has
also been reported in previous studies (García-Santiago et al.,
2024; Ali et al., 2023).

Similar to the wind speed bias per wind direction, Fig. 8
shows the wind direction bias. Although the mean bias in

Fig. 6A suggests closer agreement between the lidars and
ERA5, WRF provides a better representation of the wind di-
rections when the wind originates from the north to south-
southeast (0 to 180°). Conversely, for westerly wind direc-
tions between 180 and 360°, ERA5 performs better. At BSB,
the mean bias is nearly identical between the WF runs and
ERA5, but ERA5 shows slightly closer agreement with the
lidar measurements across all wind directions.

3.2.2 Impact of ABL stability on model performance

ABL stability conditions have been shown to play a signif-
icant role in influencing wind shear, buoyancy, and turbu-
lence production, which in turn affect the width and length
of downstream wind farm wakes (Rosencrans et al., 2024;
Palatos-Plexidas et al., 2024). Therefore, it is essential to
quantify these effects and assess the performance of WRF
under varying ABL stratification.

Figure 9 depicts the wind speed scores estimated at the
hub height. The ABL stability classes are determined at the
BSB location using the Obukhov length derived from the
NWF simulations. The dashed black lines at each plot char-
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Figure 9. Hub-height wind speed metrics under different stability conditions: bias (A), cRMSE (B), EMD (C), and r (D) scores. ABL classes
are assessed at BSB in the NWF simulations. Solid lines denote the NWF runs, while dashed lines correspond to WF simulations. The
deviation from the dashed black line indicates the degree of misalignment with the observations.

acterize the ideal score values, while the solid colored and
dashed lines represent the NWF and WF simulations at each
location, respectively. The EPL and LEG locations exhibit
comparable patterns, with slightly greater wind speed under-
estimation at LEG during weakly stable to very stable con-
ditions. In contrast, the wind speed assessed at BSB shows
larger discrepancies. At this location, the influence of wind
turbines in the WF simulation is more evident, where a neg-
ative bias due to the wake is always observed (wind speed is
underestimated). At WHi, the WF case provides a very ac-
curate match, especially under neutral and stable conditions
where the bias is close to zero. Similar trends are also shown
in the EMD scores, where reduced distribution matching ap-
pears at BSB and a closer match to observations is noticed at
WHi, EPL, and LEG.

The cRMSE is around 1.8 to 2.5 ms−1 for all the cases,
while there are subtle differences across the domain under
different ABL conditions. Specifically, during very unstable
to close-to-neutral conditions, WHi, BSB, and EPL gener-
ate a reduced cRMSE, while LEG provides the best cRMSE
during stable–neutral conditions. Furthermore, the cRMSE at
BSB under very stable conditions remains close to 2 ms−1 in
the WRF runs. Last, correlation r is higher than 0.80 when
stability conditions are near neutral and stable, while dur-
ing more extreme ABL stratification, correlation values are
lower and vary from 0.69 to 0.77. The increase in cRMSE
under very stable conditions is also reflected in the Pearson
correlation, which decreases when transitioning from stable–

neutral to very stable regimes. At BSB, all wind speed met-
rics improve in the WF simulations relative to the NWF runs
across the different stability regimes, even under very sta-
ble conditions that are known to be associated with enhanced
wakes (Rosencrans et al., 2024; Ali et al., 2023; Siedersleben
et al., 2020). These findings align with the correlation anal-
ysis between WRF and sonic anemometer measurements in
the Horns Rev wind farm (Peña and Hahmann, 2012), which
shows that model uncertainty increases as atmospheric sta-
bility deviates from neutral, i.e., under very stable or very
unstable conditions. Although the Obukhov length diagnosed
by the PBL scheme becomes uncertain under strongly stable
conditions when Monin–Obukhov similarity theory is known
to break down (Stiperski and Calaf, 2023; Optis et al., 2016)
due to weak or intermittent turbulence, it remains a funda-
mental and practical metric for characterizing ABL stability
in mesoscale models. Despite its limitations, many studies
use Obukhov length, as it provides a consistent, physically
based framework for classifying stability regimes and inter-
preting wake behavior (Rosencrans et al., 2024; Quint et al.,
2025).

Wind direction scores presented in Fig. 10 indicate differ-
ent trends compared to the wind speed metrics above. Focus-
ing on the bias score, the best alignment is observed at BSB
and specifically when the ABL conditions vary from very
unstable to stable–neutral. The cRMSE reaches its highest
values during periods of extreme ABL stratification, in both
very stable and very unstable conditions, across all locations,
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Figure 10. Hub-height wind direction metrics under different stability conditions: bias (A), cRMSE (B), EMD (C), and ρ (D) scores. ABL
classes are assessed at BSB in the NWF simulations. Solid lines denote the NWF runs, while dashed lines correspond to WF simulations.
The deviation from the dashed black line indicates the degree of misalignment with the observations.

with particularly pronounced misalignment observed at BSB
and WHi during very unstable events. Furthermore, cRMSE
underscores the difficulty in accurately capturing wind direc-
tion, particularly at the BSB location under unstable–neutral
stratification. At BSB, EMD suggests that during very unsta-
ble to unstable–neutral conditions, there is a discrepancy of
around 7.5 to 10° in the wind direction distributions, which
reduces when transitioning to neutral and stable stratifica-
tion. On the other hand, higher discrepancies occur during
weakly stable to very stable conditions at WHi and EPL lo-
cations. Circular correlation ρ provides comparable results
to cRMSE, where the model performs less accurately during
very unstable and very stable conditions, and the best match-
ing is when ABL stratification is near neutral. More pre-
cisely, during very unstable events, ρ drops down to approx-
imately 0.58 and 10.59 at the WHi and BSB locations, re-
spectively, indicating limited consistency in directional vari-
ability during these conditions. The high cRMSE and the low
circular correlation observed at the BSB and WHi locations
during very unstable events may be attributed to lower winds
and enhanced turbulence. At BSB in particular, there is an
important influence of the wind turbines in the flow, impact-
ing the overall cRMSE and ρ.

The validation analysis under different stability conditions
reveals differences in model performance across the various
locations. We should highlight that overall the WF simula-
tion performs better across the locations. However, in addi-
tion to the analysis aggregated over the full 3-year simulation

Figure 11. Frequency of the wind speed classes under SW (11.6 %)
and NE (6.8 %) wind directions, respectively. The frequency is cal-
culated on the common timestamps of the lidars and not over the
full period of analysis.

period presented here, specific interest also lies in analyzing
wind speeds across different magnitudes and specific wind
directions to focus more on wake effects, as discussed in the
next section.
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3.2.3 Assessment of wind speeds along the transect

In this section, we describe the influence of the wind speed
magnitude on the intra-cluster and downstream wind speed
deficits by comparing both the NWF and the WF simulations
with lidars across the transect that connects the WHi, BSB,
and EPL locations, with an almost-perfect collinear align-
ment of these lidars (see Fig. 2). The analysis is based on
timestamps where lidar measurements are commonly avail-
able, representing about 24.4 % of the total time instances.
The limitation is primarily due to the availability of WHi
measurements (see Table 3). The study focuses on two pre-
dominant wind direction categories: southwest (SW) and
northeast (NE), and the frequency of each wind speed class
is depicted in Fig. 11. This configuration allows both SW
and NE wind directions to effectively characterize the wind
fields upstream and downstream of the Belgian–Dutch clus-
ter. Both wind direction and wind speed classifications are
based on the average value across the three sites (WHi, BSB,
and EPL), obtained from the NWF simulations.

Figures 12 and 13 depict the wind speeds along the tran-
sect connecting WHi, BSB, and EPL for the four different
wind speed classes under SW and NE wind directions, re-
spectively. The distributions at each location are clipped at
the 1st and 99th percentiles solely for illustrative purposes,
without affecting the presented statistics. Overall, the WF
simulations slightly underestimate the wind speed, and this
is corroborated by the bias scores in the full-period heatmaps
presented in Fig. 5A. More precisely, under SW winds, the
model underestimates wind speeds at the upstream location
of WHi across all the wind speed classes. Particularly when
the wind speed is between [3,5) ms−1 or above 11 m s−1, the
wind speed deficit, extracted by the Fitch model, is overesti-
mated at BSB. On the other hand, the model provides a more
accurate wake pattern when wind speed belongs to [5,8) and
[8,11) ms−1 classes. These wind speed ranges usually corre-
spond to the power ramp-up region of a wind turbine, where
power output exhibits strong sensitivity to wind speed varia-
tions. Under northeasterly winds (see Fig. 13), the WF sim-
ulations underestimate wind speeds in both the [3,5) and
the [5,8]ms−1 ranges across all locations, while perfor-
mance improves markedly when wind speed varies from 8
to 11 ms−1. In both SW and NE wind direction regimes,
the WF simulations overestimate the intra-farm wind speed
deficit when wind speed is above 11 ms−1.

Table 4 summarizes the wind speed bias and cRMSE
across the wind speed classes for the SW wind direc-
tion, highlighting how the model performance varies in
upstream, intra-farm, and downstream locations. Under
SW winds, where the flow progresses from WHi (up-
stream)→BSB→ (intra-farm)→EPL (downstream), the
largest errors occur upstream at WHi in the 3 to 5 ms−1 class
(bias=−1.12 ms−1, and cRMSE= 1.51 ms−1, which are
very similar to the WF and NWF runs), reflecting that small
inflow uncertainties propagate strongly before the flow en-

counters the farm. As the flow moves through and down-
stream of the farm, the bias of the WF simulations system-
atically decreases at both BSB and EPL for wind speeds be-
tween 5 and 11 ms−1. The cRMSE increases with the wind
speed magnitude, indicating that although the mean wind
speed is well captured, the variability associated with wake
turbulence and flow transitions is still not well reproduced.
Overall, the cRMSE in the WF simulations is comparable to
or slightly lower than that in the NWF simulations across all
locations and wind speed regimes.

Under NE winds, where the flow reverses
(EPL→BSB→WHi), a similar pattern emerges, as
presented in Table 5. The upstream location (EPL) shows
a reduced bias at low wind speeds (about −0.50 ms−1 in
both NWF and WF) but a higher cRMSE (near 1.9 ms−1).
Within the farm (BSB), bias remains modest across most
wind speed classes, while cRMSE stays elevated. When
wind speed is in the 8 to 11 ms−1 class, WF provides an
almost negligible bias at both EPL and BSB. At higher wind
speeds (above 11 ms−1), both bias and cRMSE increase,
especially at BSB, although the WF simulations still yield
more accurate bias at intra-farm and downstream locations.
The improved bias in the NWF simulations and under
specific wind speed magnitudes can be associated with
error cancellation of the already-biased ERA5 data (see
Sect. 3.2.1). The differences in bias and cRMSE scores
between the NWF and WF simulations at the upstream
locations (WHi under SW wind directions and EPL when
wind comes from the northeast) are related to the fact that
the flow can already be slightly affected by the UK wind
farms on the west and the Dutch cluster on the NE, as
presented in Fig. 1B.

Although Figs. 12 and 13 present transects under differ-
ent wind speed magnitudes for the SW and NE wind direc-
tions, transect-based analyses of instantaneous wake events
have also been reported using flight measurements (Ali et al.,
2023; Fischereit et al., 2024). Those studies showed that the
Fitch WFP in WRF can reproduce the wake features and
reduce wind speed biases along transects. The transects in
Figs. 13 and 14 extend this type of analysis but rely on lidar
observations rather than flight data, allowing for a compari-
son of more events and analyzing upstream, intra-farm, and
downstream wake characteristics.

Notably, distinct intra-cluster wake patterns emerge un-
der SW and NE wind conditions. Under SW winds, the
strongest wind speed deficit originates within the Belgian
wind farm cluster and remains nearly unchanged as the
flow proceeds across the Borssele zone. In contrast, under
NE winds, the wind speed decreases progressively through-
out the entire wind farm region, beginning in the Borssele
cluster and intensifying as the flow enters the denser Bel-
gian wind farms. Furthermore, the wake recovery rate is
less smooth at high wind speed magnitudes. These findings
highlight the directional dependence of wake dynamics and
underscore the need for improved model representation of
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Figure 12. WRF-assessed hub-height wind speed along the WHi, BSB, and EPL transect for SW wind directions, with wind direction
calculated as the mean across the three lidar sites. Vertical lines mark the Belgian–Dutch cluster (black) and the Belgian-only wind farm
areas (red). The wind speed range on the y axis varies across classes to highlight class-specific distributions, and the maximum wind speed
deficit value within the Belgian–Dutch zone is depicted.

Figure 13. WRF-assessed hub-height wind speed along the WHi, BSB, and EPL transects for NE wind directions, with wind direction
calculated as the mean across the three lidar sites. Vertical lines mark the Belgian–Dutch cluster (black) and the Belgian-only wind farm
areas (red). The wind speed range on the y axis varies across classes to highlight class-specific distributions, and the maximum wind speed
deficit value within the Belgian–Dutch zone is depicted.
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Table 4. Performance metrics under the different wind speed classes for SW wind direction.

Metric Location [3–5) ms−1 [5–8) ms−1 [8–11) ms−1 [11–15) ms−1

NWF WF NWF WF NWF WF NWF WF

Bias (ms−1) WHi −1.11 −1.12 −0.60 −0.63 −0.38 −0.41 −0.32 −0.35
BSB −0.47 −0.82 1.22 −0.03 1.41 −0.52 1.39 −1.28
EPL −0.95 −1.02 0.13 −0.15 0.31 −0.10 0.16 −0.54

cRMSE (ms−1) WHi 1.51 1.51 1.70 1.70 1.74 1.74 2.07 2.07
BSB 1.15 1.07 1.49 1.30 1.71 1.62 2.33 2.23
EPL 1.45 1.40 1.64 1.61 1.81 1.70 1.89 1.91

Table 5. Performance metrics under the different wind speed classes for NE wind direction.

Metric Location [3–5) ms−1 [5–8) ms−1 [8–11) ms−1 [11–15) ms−1

NWF WF NWF WF NWF WF NWF WF

Bias (ms−1) WHi −0.73 −0.86 −0.26 −0.63 0.58 0.05 1.19 0.29
BSB −0.23 −0.61 0.54 −0.42 1.43 0.02 1.12 −0.83
EPL −0.51 −0.53 −0.40 −0.46 0.07 −0.01 −0.54 −0.60

cRMSE (ms−1) WHi 2.04 1.93 1.71 1.64 2.86 2.83 2.52 2.52
BSB 2.00 1.99 1.90 1.76 2.74 2.65 2.96 2.92
EPL 1.94 1.91 1.92 1.92 2.71 2.72 2.65 2.65

low-speed flows and intra-cluster wake effects. More specif-
ically, the maximum wind speed deficits increase with wind
speed magnitude. At wind speeds above 11 ms−1, the dif-
ference between SW and NE conditions becomes substan-
tial: under SW winds, the maximum deficit reaches approx-
imately 2.75 ms−1, whereas under NE winds it increases to
about 4.06 ms−1. At lower wind speeds (below 8 ms−1), the
largest deficits in both SW and NE regimes occur near the
center of the densely built Belgian wind farm zone. At higher
wind speeds, however, the location of the maximum deficit
shifts. Under SW winds, the strongest deficit moves toward
the northeastern boundary of the Belgian zone, near the in-
terface with the Dutch Borssele cluster. Conversely, under
NE winds, the maximum deficit appears at the downstream
exit of the Belgian wind farm cluster. These contrasting be-
haviors between the wake trends under SW and NE wind
directions arise from the strong dependence of wake evo-
lution on turbine spacing. The averaged density of the Bel-
gian wind farms that the analyzed transect crosses is about 10
to 12 MWkm−2, while the Borssele cluster has a density of
about 4 to 5 MWkm−2. Therefore, the dense Belgian clus-
ter produces rapid wake merging and a deeper cumulative
deficit, whereas the more widely spaced Borssele layout al-
lows partial recovery before wakes redevelop downstream.
As a result, SW winds encounter an already-merged wake
that weakens over the coarse Borssele area, while NE winds
first traverse the coarse Borssele layout, where deficits re-
main modest and then intensify sharply upon entering the
dense Belgian cluster.

Figure 14A and B present the frequency of the ABL stabil-
ity conditions under the different wind speed ranges for SW
and NE wind directions, respectively. The ABL stability clas-
sification is based on Obukhov length, averaged across the
three lidar probes in the NWF simulations. Under low-wind-
speed conditions, very unstable and unstable events tend to
dominate. Conversely, a transition toward near-neutral ABL
stratification under high wind speeds is also evident. Previ-
ous studies (Rosencrans et al., 2024; Palatos-Plexidas et al.,
2024; Porchetta et al., 2024) have demonstrated the depen-
dence of wake propagation and wind speed losses on ABL
stability, showing that when transitioning from neutral to sta-
ble and very stable stratification, wakes tend to extend fur-
ther downstream of wind farms. Similarly, we underscore
the relation between wind speed magnitude, ABL stratifica-
tion, and wake propagation, where during high wind speeds,
the frequency of neutral and stable events is enhanced, and
wakes propagate a few tens of kilometers downstream of the
Belgian–Dutch cluster.

In addition to the frequency of the stability regimes, in
Fig. 14C and D, the magnitude of the average normalized
wind speed deficit is presented under the different stabil-
ity conditions. The wind speed deficits are estimated as the
average across the three analyzed lidar locations. It is ob-
served that under very unstable and unstable occurrences,
the wake magnitude is relatively lower (varying from 2.7 %
to 8.3 %). Higher wake magnitudes are observed under near-
neutral ABL stratification, with wind speed deficits increas-
ing as conditions transition from unstable to neutral and sta-
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Figure 14. Frequency of the ABL stability conditions for each wind speed regime, under SW (A) and NE (B) wind directions. The stability
regimes based on L are computed as the average of the WHi, BSB, and EPL from the NWF simulations. Plots (C) and (D) show the
averaged wake magnitude across the three locations for different ABL conditions and wind speed classes under SW and NE wind directions,
respectively. Note that N/A denotes not available.

ble. However, this should be interpreted together with the
frequency of events in each wind speed class, which shows
that the number of very stable cases, where wake effects
are relatively strong, is not particularly large. On the other
hand, the wind speed deficits during very unstable and un-
stable events that occur more frequently (especially when
wind speed is below 8 ms−1) are significantly lower. Near-
neutral conditions occur more frequently when wind speed
is above 8 ms−1 in both SW and NE wind direction, and
the wake magnitude in these cases ranges from about 7 %
to 12 %. Greater wind speed magnitudes are associated
with more pronounced downstream wind speed deficits (see
Figs. 12 and 13), as higher wind speeds in this region oc-
cur more frequently under neutral to stable conditions. Un-
der these regimes, particularly during stable conditions, re-
duced turbulent mixing limits wake recovery, leading to en-
hanced and more persistent wakes (Rosencrans et al., 2024;
Ali et al., 2023; Siedersleben et al., 2020). The transition to-
ward neutral and stable ABL conditions with the increasing
wind speed may contribute to the higher cRMSE values ob-
served in Tables 4 and 5, as these regimes are associated with
enhanced shear.

3.2.4 Wake characteristics and blockage effects in the
Belgian–Dutch cluster

The analysis presented in the previous section, based on SW
and NE wind directions, supports the investigation of the
two-dimensional wake characteristics and blockage effects
within the Belgian–Dutch wind farm cluster. A reduction in
wind speed upstream of the wind farms is evident under both

SW and NE wind directions. In the transect under SW winds
(Fig. 12), a noticeable wind speed deficit begins approxi-
mately 8 km upstream of the wind farm within the 5 % wind
speed deficit region. This reduction is present across the
different wind speed magnitudes but becomes more rapid
around 4 to 5 km upstream, particularly when wind speeds
exceed 5 ms−1. For NE wind directions (Fig. 13), the block-
age effect is also visible, though it is confined to a smaller re-
gion, approximately 2 to 3 km upstream of the Borssele wind
farm.

The wake maps in Fig. 15 further confirm the presence
of blockage effects under both SW and NE wind conditions.
The solid purple lines indicate the 5 % wind speed deficit
area, while the dashed purple lines represent the maximum
wake length within this area for each wind speed regime and
wind direction. The wake structures become less coherent
at wind speeds below 5 ms−1, while an induction zone de-
fined by the 5 % wind speed deficit region is observed in
low wind speeds. More precisely, the maximum blockage
distance from the front row of the wind turbines appears
at around 10 km under the SW wind direction (Fig. 15A1),
whereas it appears at around 5 km in the NE wind direction
regime (Fig. 15A2). In addition, Table 6 presents the values
of the 5 % wind speed deficit area and the maximum wake
length within this area. The largest coherent wake region is
extracted using connected-component labeling. Its perime-
ter is obtained from the contour of the binary mask, and the
maximum extent is computed as the convex-hull diameter of
the perimeter points. The estimation of both the 5 % wind
speed deficit area and the maximum wake length near SW
or NE wind directions is performed using the SciPy Python
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Figure 15. Wind speed deficits calculated at the hub height under the four wind speed regimes. The orange line illustrates the WHi, BSB,
and EPL transect. Subscript 1 indicates that wind direction is SW (top), and subscript 2 denotes NE wind direction conditions (bottom). Wind
speed deficits are averaged across each wind speed class. The solid purple lines depict the 5 % wind speed deficit, and the dashed purple lines
show the maximum wake length within this area.

Table 6. Wake characteristics under the different wind directions and wind speed classes. The wake area corresponds to the 5 % wind speed
deficit region shown in Fig. 15, while the wake length is defined as the maximum extent within this area, indicated by dashed lines.

Wind direction [3–5) ms−1 [5–8) ms−1 [8–11) ms−1 [11–15) ms−1

Wake area Wake length Wake area Wake length Wake area Wake length Wake area Wake length
(km2) (km) (km2) (km) (km2) (km) (km2) (km)

Southwest 1581 71.5 3272 100.6 3078 95.0 3668 101.9
Northeast 1797 68.8 3060 106.1 3221 105.5 3639 113.2

package (Virtanen et al., 2020). The values under the differ-
ent wind speed regimes in Table 6 are comparable for both
SW and NE wind directions.

When the flow transitions to higher wind speeds
(above 5 ms−1), the wake structures become more coher-
ent, leading to overall longer wake lengths (see Table 6).
In the 5 to 8 ms−1 class, a blockage region forms upstream
of the turbines, extending approximately 8 to 9 km from the
first row under both SW and NE conditions. At higher wind
speeds, this blockage pattern becomes negligible, and the
flow tends to deflect around the cluster and propagate farther
downstream.

Figure 16 summarizes the momentum flux deficit char-
acteristics within the 5 % wind speed deficit area. We ap-
ply Eq. (4) using hub height wind speeds extracted from the
WF simulations, with1MT evaluated over the total 5 % wind
speed deficit area and 1MF over the Belgian–Dutch cluster
area only to isolate the momentum extraction due to the wind

turbines. Both 1MT and 1MF increase with wind speed
(Fig. 16A) due to enhanced turbine-induced momentum ex-
traction at higher wind speeds. Under the NE wind direction,
where the flow interacts first with the coarser Borssele zone,
the overall momentum flux deficits (1MT and1MF) display
a more consistent, near-linear increasing trend over the wind
speed range of 5 to 15 ms−1. The fractions of blockage, farm
(i.e., the actual momentum source), and downstream momen-
tum flux deficit distributions over the total 5 % wind speed
deficit area are presented in Fig. 16B (SW) and 16C (NE).
An increase in momentum flux deficit within the blockage
zone is observed for wind speeds between 5 and 8 ms−1. Fur-
thermore, although higher wind speeds enhance momentum
extraction from the wind farms, the concurrent expansion of
the 5 % wind speed deficit area results in a larger fraction of
the momentum flux deficit being distributed downstream of
the wind farms.
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Figure 16. (A) Momentum flux deficits across the total 5 % wind speed deficit region (1MT) and the Belgian–Dutch cluster area (1MF).
Momentum flux deficit fractions within the 5 % wind speed deficit area under SW (B) and NE (C) wind directions across different wind
speed regimes. The farm area is the only source of momentum due to the Fitch WFP scheme. The contributions of blockage, farm (i.e.,
momentum extraction), and downstream momentum flux deficits are depicted using the numbers at each bar.

Figure 17. Streamwise-averaged and normalized 1Uwake, CT, and thrust computed based on Eq. (5). The gray-shaded area extending to
about 28 km represents the length of the Belgian–Dutch cluster, while the light blue bins depict the streamwise-averaged wind turbine density.
The top row shows cases with SW wind direction, and the bottom row corresponds to the NE wind direction.

Figure 17 presents the streamwise normalized wind speed
deficit 1Uwake, thrust, and turbine CT within the Belgian–
Dutch cluster. All streamwise quantities are averaged over
the spanwise direction, considering only grid points corre-
sponding to wind turbine locations (i.e., excluding surround-
ing flow regions without turbines). The thrust coefficient CT
is computed utilizing the CT curves provided in the wind
turbine files used for the Fitch simulations (see Table A1).

Consistent with the preceding analysis, all quantities are es-
timated using wind speeds at a uniform hub height of 107 m.
The streamwise-averaged wind turbine density is shown in
the light blue bins, with higher density indicating the Bel-
gian offshore zone. Under SW wind directions and low-
wind-speed regimes (Fig. 17A1), an increase in 1Uwake is
observed, accompanied by a decrease in thrust as the flow
crosses the dense Belgian offshore zone. The wind speed
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deficit then decreases within the coarser Borssele zone, con-
sistent with the prevailing very unstable stability conditions
presented in Fig. 14A. Although the trends in the stream-
wise wind speed deficit and thrust curves are similar at
higher-wind-speed regimes, for wind speeds between 11 and
15 ms−1 (Fig. 17D1),1Uwake shows a slight increase within
the Borssele zone that can be associated with the transition
to neutral and stable conditions (see Fig. 14A).

Under NE wind speeds, the streamwise trends differ, as the
flow first encounters the coarser Borssele zone. Similarly to
SW regimes, for wind speeds below 5 ms−1, the wind speed
deficit remains relatively low, likely associated with prevail-
ing very unstable conditions that favor faster wake recovery,
even within the Borssele zone. In the 5 to 8 ms−1 wind speed
regime, there is a more gradual increase in the wind speed
deficit, resulting in a decrease in thrust that begins to sta-
bilize within the Belgian offshore zone. The trends at wind
speeds between 8 to 11 and 11 to 15 ms−1 are consistent,
with a modest increase in thrust at higher wind speeds.

Overall, across all cases, higher wind speeds are associated
with increased 1Uwake and thrust, followed by a transition
to neutral and stable conditions. The thrust coefficient CT re-
mains generally constant, showing minor increases in denser-
turbine regions. For the NE wind direction at high wind
speeds,CT is lower in the front rows of the Borssele wind tur-
bines, likely due to the higher inflow velocities. Furthermore,
the slight increase in1Uwake observed in the front rows may
reflect the development of the turbine induction zone. The
complex layout of the Belgian–Dutch cluster results in no-
table differences between the SW and NE wind directions
and varying wind speed conditions.

3.3 Comparison of wake events with SAR data

In this section, we focus on a one-by-one comparison of
the WRF model output with SAR data. SAR images are re-
trieved from Sentinel 1A and 1B satellites as explained in
Sect. 2.3.2, and they provide wind speed fields at 10 m height.
Four specific timestamps have been selected to analyze the
wind speed patterns derived from SAR and WRF data, as
well as to validate the model performance across the transect
that connects the WHi, BSB, and EPL lidars (see Fig. 2).
These timestamps were selected manually based on the vi-
sual appearance of wind farm wakes in the SAR images.
Although an average of 8 to 10 snapshots per month (see
Sect. 2.3.2) covers the analyzed region, the focus on wake
events affecting the WHi, BSB, and EPL lidar sites under
the SW and NE wind directions resulted in a further reduc-
tion in the available snapshots. Therefore, an additional event
from September 2020, outside the defined 3-year simulation
period, has been deliberately included for analysis. The ex-
act dates, times, and ABL stratification conditions derived
from the NWF simulations, based on the Obukhov length
and the planetary boundary layer height (PBLH), are pro-
vided in Table 7. Although this study uses only four specific

SAR scenes and does not explicitly evaluate SAR data re-
liability, previous validation works provide strong evidence
supporting the accuracy of SAR-retrieved winds. For ex-
ample, Hasager et al. (2011b) compared SAR-derived wind
speeds with meteorological mast measurements in the Baltic
Sea and reported a small bias of −0.25 ms−1 and a corre-
lation coefficient of R2

= 0.783 across 900 images. Simi-
larly, de Montera et al. (2020) assessed 1544 SAR Level-
2 Ocean product instances against four offshore buoys and
three coastal weather stations around Ireland, finding an av-
erage bias of −0.4 ms−1.

Figure 18 presents the comparison of SAR and WRF wind
fields at 10 m height. The left column shows the SAR-derived
wind speeds, denoted by a subscript 1. The middle column
depicts the WF wind speeds, indicated by a subscript 2, and
in the right column, the reference NWF wind speeds are il-
lustrated and denoted with a subscript 3. In case A, higher
wind speeds are also related to stable–neutral conditions and
a shallow boundary layer (see Table 7). The wake structure
of the Belgian–Dutch wind farm cluster is well captured by
the WF simulation. However, a slight deviation in wind di-
rection is observed in WRF, exhibiting a positive bias toward
more westerly flow. A similar bias has also been highlighted
in the wind roses (Fig. 4) and in the wind direction vali-
dation heatmap in Fig. 6A. The prolonged wake extending
more than 50 km downstream under stable–neutral stratifica-
tion agrees with the findings of Cañadillas et al. (2020) and
Platis et al. (2018), who also report that wake structures are
more pronounced and longer during stable conditions. Fur-
thermore, Siedersleben et al. (2020) examined a stable event
simulated with the Fitch scheme in WRF (version 3.8.1),
comparing the original formulation (a = 1) with a variant ex-
cluding the added TKE term, and showed that including the
added TKE source under stable stratification results in a more
realistic representation of the prolonged wake of a SAR-
retrieved 10 m wind speed pattern. In our study, although
we use a finer grid spacing (1 km instead of 1.67 km) and
a reduced TKE coefficient (a = 0.25), which limits the in-
fluence of the added TKE term, we observe very good agree-
ment between the SAR image and the WF simulations during
stable conditions. Furthermore, Ali et al. (2023) evaluated
several WFP schemes to characterize the wake of a specific
event using 10 m wind speeds from SAR data. Their results
show that, when comparing the Fitch model with a = 1 and
a = 0.25, the latter produces a longer wake downstream of
the wind farms, similar to the behavior observed in case A
analyzed in the present study.

In case B, the wake is weaker but still detectable both in
the SAR image and in the WF simulation. In this case, sta-
bility conditions are very unstable, and the PBLH is around
700 m, explaining the attenuated wake pattern. Case C is
characterized by higher wind speeds, L varies from −300
to −450 m, and PBLH is approximately 300 m across the
three locations, resulting in a more unstable–neutral strati-
fication profile, resulting in the observed downstream wake
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Figure 18. Two-dimensional wind speeds at 10 m height: SAR images (left, subscript 1), WF simulations (middle, subscript 2), and NWF
simulations (right, subscript 3). Four snapshots are compared where the wind-farm-produced wake is present. The red line depicts the transect
connecting the WHi, BSB, and EPL locations.

https://doi.org/10.5194/wes-11-3555-2026 Wind Energ. Sci., 11, 3555–3585, 2026



3576 A. Palatos-Plexidas et al.: A 3-year high-resolution mesoscale wind farm wake simulation

Table 7. Description of the atmospheric conditions on the SAR-WRF comparison timestamps. Obukhov length L and PBLH are estimated
from the NWF simulations.

Case, date, and time (UTC) WHi BSB EPL

L PBLH Stability L PBLH Stability L PBLH Stability
(m) (m) (m) (m) (m) (m)

A: 2020-09-19 17:40:00 259.5 291.9 Stable– 355.0 264.6 Stable– 1000 326.2 Neutral
neutral neutral

B: 2021-10-08 17:40:00 −38.7 688.8 Very −27.2 729.9 Very −29.9 715.9 Very
unstable unstable unstable

C: 2022-03-25 17:40:00 −450.9 297.6 Unstable– −296.1 317.1 Unstable– −410.8 317.6 Unstable–
neutral neutral neutral

D: 2023-08-20 06:10:00 −51.1 249.3 Very −98.8 338.9 Very −61.3 357.7 Very
unstable unstable unstable

of about 40 to 50 km. Similar but shorter wake patterns of
about 25 to 35 km have been observed during neutral stratifi-
cation in the study of Platis et al. (2018). Last, in case D, very
unstable ABL conditions prevail, and the PBLH varies be-
tween 250 m upstream at the WHi location and 358 m down-
stream at the EPL area. This is the only SAR image with
clear wakes for SW wind conditions. Overall, the patterns
of the wakes are accurately represented by the WF simula-
tions, highlighting the importance of using the Fitch WFP
scheme in WRF. Although SAR assumes neutral stability
to compute the 10 m wind speed, there are discrepancies
with the WRF model, especially in cases B and D, where
very unstable stratification dominates based on the values of
Obukhov length. Uncertainty exists regarding the assump-
tion of SAR image neutrality used to calculate wind fields,
an issue that has also been reported in previous studies across
different applications (Hasager et al., 2011a; Ahsbahs et al.,
2017). Furthermore, there is uncertainty in the estimation
of L within WRF, as it strongly depends on the PBL and
surface schemes applied in each configuration.

In addition to the wind speed deficit maps, Fig. 19 presents
the transects that connect WHi, BSB, and EPL. The green
line illustrates the 10 m height SAR wind speeds, while the
purple and orange lines correspond to the WF and NWF sim-
ulation outputs, respectively. Although a Hampel filter (see
Sect. 2.3.3) is applied to the transect of the SAR data, we can
still observe a few outlier values, especially in the intra-farm
area. The wind turbines generate spikes in the wind fields
due to strong radar reflection (Hasager et al., 2015; Ahsbahs
et al., 2020). Therefore, to further evaluate the performance
of the WRF model, hub-height lidar measurements are in-
corporated when available, depicted as gray scatter points in
Fig. 19. In addition to the qualitative assessment of the wind
speeds in Fig. 19, Table 8 presents the MAE across the up-
stream, intra-farm, and downstream transect regions, as well
as the point-wise AE, when lidar measurements are available,
and the evaluation methodology is described in Sect. 2.3.4. In

cases A, B, and C (NE wind flow), the transect follows the di-
rection EPL (upstream)→BSB (intra-farm)→WHi (down-
stream), whereas case D corresponds to a SW flow event,
where the sequence reverses.

Case A shows good agreement in the representation of the
transect wake. Specifically, while the WF simulation tends to
underestimate wind speeds upstream and within the Bors-
sele zone, it accurately captures the wind speed deficit in
the Belgian wind farms and downstream of the wind farm
cluster. This is also reflected in Table 8, where WF gen-
erates a slightly higher MAE only in the upstream region,
with MAE= 0.49 ms−1 compared to MAE= 0.37 ms−1 in
the NWF simulation. However, the improvement between
the WF against the NWF simulations in MAE in the intra-
farm region and downstream is 81 % and 85 %, respectively.
Similarly, in Case B, both the intra-farm and the downstream
wind speed patterns are well represented by the WF simu-
lation. Although the overall trend is accurately reproduced,
the WF simulation tends to overestimate the wind speeds up-
stream and downstream of the wind farms. Additionally, a
flow acceleration is observed as the wind exits the Belgian–
Dutch cluster. This pattern is consistent with the broader flow
conditions downstream of the Belgian–Dutch cluster, since a
similar acceleration is evident in the SAR observations and
in both the WF and the NWF simulations. Both the lidar
measurements and the WF simulation effectively capture the
intra-farm wind speed deficit and the downstream flow ac-
celeration. Furthermore, in Table 8, MAE and AE are better
in the WF simulation than in the NWF simulation across the
full transect regions.

Case C also features NE-incoming wind conditions. Sim-
ilar to the previous cases, the WF simulation successfully
captures the wind speed deficit trends both within the intra-
cluster zone and in the downstream wake recovery region.
Both the NWF and the WF simulations show noticeable dis-
crepancies upstream at EPL compared to lidar observations,
with an AE reaching above 3 ms−1. This is significantly im-
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Figure 19. Wind speeds along the WHi, BSB, and EPL transects. Comparison between WF (purple), NWF (orange), and SAR (green) at
10 m height, including lidar observations at 107 m height (scatter points) along the transects where available. Similar to Figs. 12 and 13, the
vertical black and red dashed lines indicate the Belgian–Dutch cluster and the Belgian zone only, respectively.

proved both at BSB and downstream at WHi, where WF sim-
ulations outperform the NWF runs in terms of both MAE
across the transect regions and AE against the lidar measure-
ments. During this event, the Obukhov length at EPL is rel-
atively high and negative, indicating unstable to near-neutral
conditions. This may be attributed to less negligible shear,
which can contribute to increased deviations from the lidar
measurements. In the NWF simulation, an unrealistic and

nearly linearly increasing pattern in wind speed of approxi-
mately 0.5 ms−1 between EPL and WHi is observed. Case D
is the only selected timestamp with a SW wind direction. Al-
though the SAR data exhibit considerable noise, particularly
within the intra-farm region, the WF simulation is still able to
reproduce the wind speed deficit and the downstream wake
recovery trend. In this case, only EPL lidar measurements are
available, which show good agreement with the WF simula-
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Table 8. Mean absolute error (MAE) and point-wise lidar absolute error (AE) for the NWF and WF simulations. MAE is computed across the
upstream, intra-farm, and downstream regions of the transects shown in Fig. 19. The intra-farm region corresponds to the full Belgian–Dutch
cluster, delineated by the two vertical dashed black lines.

Case WHi BSB EPL

SAR MAE (ms−1) Lidar AE (ms−1) SAR MAE (ms−1) Lidar AE (ms−1) SAR MAE (ms−1) Lidar AE (ms−1)
NWF WF NWF WF NWF WF NWF WF NWF WF NWF WF

Aa 1.38 0.20 N/A N/A 1.08 0.20 N/A N/A 0.37 0.49 N/A N/A
Ba 1.10 0.62 1.18 0.86 1.07 0.22 1.26 0.77 0.58 0.43 1.16 1.10
Ca 1.33 0.66 0.98 0.56 1.43 0.66 1.46 0.54 1.04 0.75 3.04 3.06
Db 0.30 0.29 N/A N/A 0.51 0.29 N/A N/A 0.67 0.59 0.22 0.20

a WHi is downstream and EPL upstream; b WHi is upstream and EPL downstream. N/A: not available.

tion, with a slightly improved AE compared to the NWF run.
Furthermore, the MAE provides a more accurate matching
with the 10 m SAR wind speeds across the three transect re-
gions in the WF simulations.

4 Conclusions

This study incorporates high-resolution mesoscale simula-
tions using WRF coupled with the Fitch WFP scheme over
a 3-year-long period (2021–2023), focusing on the South-
ern Bight of the North Sea. The performance of the model is
evaluated across the full 3-year simulation period, with addi-
tional analysis presented under varying ABL stability condi-
tions and wind speed magnitudes. Furthermore, the model-
simulated wind speeds are compared against 10 m wind
speeds derived from SAR data for specific events. A key con-
tribution lies in the detailed investigation of upstream, intra-
farm, and downstream wake structures, utilizing both WRF
model outputs and observational data at selected locations.

Our findings demonstrate that the use of the Fitch WFP
scheme, in combination with this particular WRF configu-
ration, captures the wake effects and provides an improve-
ment in model performance relative to a simulation without
wind farms at the intra-farm region. First, focusing on the
time-averaged wind speeds over the full analysis period, the
WF simulations yield a substantial improvement in both bias
and EMD, with reductions of approximately 82 % and 73 %
compared with the NWF simulations, respectively, in the
intra-cluster (BSB location). Furthermore, when analyzing
the wind speed bias under different wind directions, both
NWF and WF configurations reduce the negative bias in-
herited from the ERA5 data, with the results indicating that
the Fitch scheme introduces an additional deficit downstream
of the Belgian–Dutch cluster. However, within the intra-farm
area, the Fitch scheme provides a more accurate wind speed
distribution across all wind directions, underscoring its im-
portance for representing strongly waked environments. Be-
yond the improvements in bias and EMD, the WF simula-
tions perform similarly to the NWF runs in terms of cRMSE
and correlation, with only small and marginal differences.

Similarly, wind direction metrics are also improved in the
WF simulations, as bias is reduced by approximately 51 %
at BSB, while an analysis of wind direction biases by sec-
tor reveals that WF can perform better than ERA5 for wind
directions from the northeast to the south.

The ABL classification based on the values of Obukhov
length indicates that very unstable conditions prevail close
to the Belgian–Dutch cluster. In addition, this work high-
lights that when the stability conditions are near neutral, WF
simulations provide an adequate comparison against the li-
dars, while during extreme stratification, the uncertainty in
the model increases. Classifying wake events based on wind
speed magnitude reveals that increasing wind speeds are as-
sociated with a transition in ABL stability from very unstable
toward neutral and stable regimes, accompanied by intensi-
fied wake intensity.

Extending the analysis to wake characteristics under dif-
ferent wind speed regimes and focusing on SW and NE wind
directions reveals several consistent patterns. First, under
SW wind direction, the WF simulations accurately cap-
ture the wake structure when wind speeds range between 5
and 8 ms−1, providing an almost negligible bias at BSB
and downstream at EPL. Under the NE wind direction, the
optimum performance of WF simulations occurs at wind
speeds between 8 and 11 ms−1. Although the model tends
to overestimate intra-farm wind speed deficits at BSB un-
der higher-wind-speed conditions, it shows comparable im-
provements in long-distance downstream wakes at EPL (for
SW winds) and WHi (for NE winds), where smaller bias
and cRMSE values are obtained. The differences in wake
structure and its evaluation under SW and NE wind con-
ditions likely reflect the influence of the densely built Bel-
gian wind farm cluster compared with the coarser turbine
spacing in the Borssele zone. Furthermore, with increasing
wind speed, an overall enhancement in the 5 % wind speed
deficit area and maximum wake length is observed. Momen-
tum extraction, expressed as a momentum flux deficit within
the Belgian–Dutch cluster, increases with wind speed due
to the higher incoming momentum. At higher-wind-speed
regimes, thrust increases, with localized reductions occurring
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in dense-wind-turbine regions, reflecting the corresponding
decrease in wind speed. In addition, at lower-wind-speed
regimes, an upstream wind speed reduction zone is observed,
consistent with enhanced upstream distribution of the mo-
mentum flux deficit. As the wind speed magnitude increases,
the blockage effect weakens, and the flow remains more
aligned with the turbine cluster, resulting in a more coher-
ent downstream structure.

Furthermore, a comparison with SAR images at specific
events shows that WF performs well in representing the wake
structure generated by the Belgian–Dutch cluster. In both
the intra-farm and the wake recovery regions, WF provides
a realistic wind speed deficit. To assess the performance
of the model during these events, MAE and AE are com-
puted. More specifically, MAE is estimated across the up-
stream, intra-farm, and downstream regions, while AE is cal-
culated at each lidar location when measurements are avail-
able. Building on the previously discussed improvements in
the qualitative wake-pattern representation, the error metrics
further confirm that the WF simulations provide better align-
ment with observations than the NWF runs across all loca-
tions, with the most pronounced improvements occurring in
the intra-farm and downstream regions.

This study can accurately evaluate the model performance
by utilizing upstream, intra-farm, and downstream lidar mea-
surements as well as SAR images at specific events. System-
atic biases in both wind speed and direction are evident, par-
ticularly in the wind speed metrics. However, it should be
highlighted that the model is driven by ERA5 hourly data,
which consistently introduce biases, affecting the boundary
conditions in WRF and propagating wind speed underesti-
mations to the analyzed locations. In addition, due to un-
certainties introduced by the PBL schemes in WRF, explor-
ing alternative physics configurations in the future may be
warranted to enhance simulation accuracy. The scope of this
study is limited to using the Fitch WFP scheme combined
with the MYNN 2.5 PBL scheme. Additional multi-year
simulations using different WFP schemes, like the explicit
wind farm (EWP) parameterization scheme (Volker et al.,
2015; García-Santiago et al., 2024) applied with different
PBL schemes or the induction correction to the original Fitch
scheme (Vollmer et al., 2024), could also provide insights
into the year-long effects of large wind farm clusters.

This work may serve as a resource for future studies, of-
fering a comprehensive 3-year analysis of ABL stratification,
wake dynamics, and model validation. The importance of
mesoscale models is underscored since they can adequately
describe the wake effects at large scales, where high-fidelity
simulations are still impractical. In addition, the availabil-
ity of measurements is essential for ensuring the reliability
of numerical simulations and for quantifying associated un-
certainties. Finally, further improving our understanding of
wind farm wake dynamics will require both advances in wind
farm modeling and more extensive measurement campaigns.

Appendix A: Validation of the model

A1 Evaluation metrics

The following equations are used to calculate the wind speed
metrics:

BiasV =

∑N
i (VWRF,i −Vlidar,i)

N
, (A1)

cRMSEV =

√√√√√∑N
i

((
VWRF,i −VWRF

)
−
(
Vlidar,i −Vlidar

))2
N

, (A2)

rV =

∑N
i

(
VWRF,i −VWRF

)
−
(
Vlidar,i −Vlidar

)√∑N
i

(
VWRF,i −VWRF

)2√∑N
i

(
Vlidar,i −Vlidar

)2 . (A3)

The equations used to calculate the wind direction scores
are defined in this section:

circmean(θ )= atan2

(
1
N

N∑
i

sin(θi),
1
N

N∑
i

cos(θi)

)
, (A4)

Biasθ = circmean(θWRF− θlidar), (A5)

cRMSEθ =

√
circmean

(
180°− ||

(
θWRF,i − θWRF

)
−
(
θlidar,i − θlidar

)
| − 180°|

)2 , (A6)

ρθ =

∑N
i sin(θWRF,i − circmean(θWRF))
×sin(θlidar,i − circmean(θlidar))√∑N
i sin2(θWRF,i − circmean(θWRF))√∑N
i sin2(θlidar,i − circmean(θlidar))

. (A7)

The Earth Mover’s Distance is assessed using the Wasser-
stein first distance (WD). WD is defined as a distance be-
tween two probability measures P and Q on a metric space
(R×R) by

EMD(P,Q)= inf
γ∈0(P,Q)

∫
R×R

‖x− y‖dγ (x,y), (A8)

where 0(P,Q) denotes the set of all couplings with
marginals P and Q.

A2 WRF–Fitch sensitivity analysis

A sensitivity analysis of the turbulent kinetic energy (TKE)
coefficient α in the Fitch WFP scheme is performed. Four
different WRF simulations are considered: a no-wind-farm
case (NWF), F0 (α = 0), F0.25 (α = 0.25, which repre-
sents the reference wind farm simulation used in this study),
and F1 (α = 1). These simulations are validated against ob-
servations from four lidar locations over the period from
15 January 2022 to 15 July 2022, in comparison with ERA5
reanalysis data.

Figures A1 and A2 present the wind speed and wind di-
rection validation metrics, respectively. The results indicate
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that the F1 configuration generally provides improved per-
formance at the BSB location. However, no single configu-
ration consistently outperforms the others across all sites and
metrics. Consequently, the F0.25 configuration is selected as
the reference wind farm setup for this study, as it provides a
balanced overall performance.

Figure A1. Evaluation of hub-height wind speeds from four WRF simulations and ERA5 using observations from four lidars: bias (A),
cRMSE (B), EMD (C), and r (D) scores.

Figure A2. Evaluation of hub-height wind directions from four WRF simulations and ERA5 using observations from four lidars: bias (A),
cRMSE (B), EMD (C), and ρ (D) scores.
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Table A1. Details on the wind farms used in the model setup. Power and thrust curves remain confidential for most of the wind turbines used
in the Fitch WFP.

Country Wind farm Turbines (no.) Turbine–capacity Hub height (m) Rotor diameter (m)

Belgium C-Power I 6 Senvion–5.0 MW 93.3 126
Belgium C-Power II and III 48 Senvion–6.15 MW 93.3 126
Belgium Rentel 42 SWT–7.35 MW 102 154
Belgium Northwind 72 Vestas–3.0 MW 80.1 112
Belgium Northwester 2 23 Vestas–9.5 MW 107 164
Belgium Norther 44 Vestas–8.4 MW 107 164
Belgium Nobelwind 50 Vestas–3.3 MW 77.1 112
Belgium Belwind I 55 Vestas–3.0 MW 70.1 112
Belgium Belwind I 1 Alstom Hailiade–6.0 MW 98.1 150
Belgium Seastar 30 SG–8.4 MW 107 164
Belgium Mermaid 28 SG–8.4 MW 107 164
The Netherlands Borssele I and II 94 SWT–8.4 MW 107 164
The Netherlands Borssele III and IV 77 Vestas–9.5 MW 107 164
The Netherlands Borssele V 2 Vestas–9.5 MW 107 164
The Netherlands Luchterduinen 43 Vestas–3.0 MW 81 112
The Netherlands Egmond aan Zee 36 Vestas–3.0 MW 70 90
The Netherlands Princess Amalia 60 Vestas–2.0 MW 60 80
UK Scroby Sands 30 Vestas–2.0 MW 68 80
UK East Anglia ONE 102 SG–7.0 MW 120 154
UK Galloper 56 SWT–6.0 MW 88 154
UK Greater Gabbard 140 SWT–3.6 MW 78 107
UK Gunfleet Sands I and 2 48 SWT–3.6 MW 78 107
UK Gunfleet Sands III 2 SWT–6.0 MW 84 120
UK London Array 175 SWT–3.6 MW 87 120
UK Kentfish Flats I 30 Vestas–3.0 MW 70 90
UK Kentfish Flats II 15 MHI Vestas–3.3 MW 83.6 112
UK Thanet 100 Vestas–3.0 MW 70 90
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Code and data availability. The ERA5 hourly reanalysis data
(Hersbach et al., 2020) that have been used in this study are pub-
licly available, and they can be downloaded from the Copernicus
Climate Data Store at https://doi.org/10.24381/cds.bd0915c6 (Hers-
bach et al., 2023). WRF is an open-source model, and the ver-
sion used in this study can be found on GitHub: https://github.com/
wrf-model/WRF/releases/tag/v4.5.2 (last access: 4 August 2026).
The files used to configure the WRF simulations can be shared upon
request. The lidar profiles provided by TNO (EPL and LEG plat-
forms) are publicly accessible: https://offshorewind-measurements.
tno.nl/en/data/ (last access: 2 May 2025). The lidar profiles at the
BSB platform are provided by KNMI: https://dataplatform.knmi.
nl/dataset/windlidar-nz-wp-platform-10min-1 (last access: 5 May
2025). WHi (MP7) lidar profiles remain confidential.
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Muñoz-Esparza, D., Kosović, B., Mirocha, J., and van Beeck, J.:
Bridging the transition from mesoscale to microscale turbulence
in numerical weather prediction models, Bound.-Lay. Meteo-
rol., 153, 409–440, https://doi.org/10.1007/s10546-014-9956-9,
2014.

Nakanishi, M. and Niino, H.: An improved Mellor–Yamada level-3
model: Its numerical stability and application to a regional pre-
diction of advection fog, Bound.-Lay. Meteorol., 119, 397–407,
https://doi.org/10.1007/s10546-005-9030-8, 2006.

Olsen, A.-M., Øiestad, M., Berge, E., Køltzow, M. Ø., and Valko-
nen, T.: Evaluation of marine wind profiles in the North Sea
and Norwegian Sea based on measurements and satellite-derived
wind products, Tellus A, 74, https://doi.org/10.16993/tellusa.43,
2022.

Olsen, B. T. E., Hahmann, A. N., Alonso-de-Linaje, N. G., Ža-
gar, M., and Dörenkämper, M.: Low-level jets in the North
and Baltic seas: mesoscale model sensitivity and climatol-
ogy using WRF V4.2.1, Geosci. Model Dev., 18, 4499–4533,
https://doi.org/10.5194/gmd-18-4499-2025, 2025.

Optis, M., Monahan, A., and Bosveld, F. C.: Limitations and break-
down of Monin–Obukhov similarity theory for wind profile ex-
trapolation under stable stratification, Wind Energy, 19, 1053–
1072, https://doi.org/10.1002/we.1883, 2016.

Palatos-Plexidas, A., Gremmo, S., Porchetta, S., Beeck, J. V., Cruz,
L. D., and Munters, W.: A numerical analysis of wind farm
wake characteristics in the southern part of the North Sea,
J. Phys. Conf. Ser., 2767, 092078, https://doi.org/10.1088/1742-
6596/2767/9/092078, 2024.

Peña, A. and Hahmann, A. N.: Atmospheric stability and tur-
bulence fluxes at Horns Rev–an intercomparison of sonic,
bulk and WRF model data, Wind Energy, 15, 717–731,
https://doi.org/10.1002/we.500, 2012.

Peña, A., Mirocha, J. D., and Van Der Laan, M. P.: Eval-
uation of the Fitch wind-farm wake parameterization with
large-eddy simulations of wakes using the Weather Research
and Forecasting Model, Mon. Weather Rev., 150, 3051–3064,
https://doi.org/10.1175/MWR-D-22-0118.1, 2022.

Pentikäinen, P., O’Connor, E. J., and Ortiz-Amezcua, P.: Evalu-
ating wind profiles in a numerical weather prediction model

Wind Energ. Sci., 11, 3555–3585, 2026 https://doi.org/10.5194/wes-11-3555-2026

https://doi.org/10.1175/1520-0493(2004)132<0103:ARATIM>2.0.CO;2
https://doi.org/10.1175/1520-0493(2004)132<0103:ARATIM>2.0.CO;2
https://doi.org/10.1029/2008JD009944
https://doi.org/10.5194/wes-10-245-2025
https://doi.org/10.5194/wes-10-245-2025
https://doi.org/10.5194/wes-9-97-2024
https://doi.org/10.1175/1520-0450(2004)043<0170:TKCPAU>2.0.CO;2
https://doi.org/10.1175/1520-0450(2004)043<0170:TKCPAU>2.0.CO;2
https://doi.org/10.1088/1742-6596/2505/1/012012
https://doi.org/10.1088/1742-6596/2505/1/012012
https://doi.org/10.1002/we.2267
https://doi.org/10.5194/ems2023-271
https://doi.org/10.5194/ems2023-271
https://doi.org/10.5194/gmd-14-3141-2021
https://doi.org/10.1002/we.2339
https://doi.org/10.5194/wes-6-311-2021
https://doi.org/10.5194/gmd-10-4229-2017
https://doi.org/10.1002/we.2758
https://doi.org/10.5194/wes-7-2407-2022
https://doi.org/10.1002/9780470316979
https://doi.org/10.5194/wes-9-1153-2024
https://doi.org/10.1007/s10546-014-9956-9
https://doi.org/10.1007/s10546-005-9030-8
https://doi.org/10.16993/tellusa.43
https://doi.org/10.5194/gmd-18-4499-2025
https://doi.org/10.1002/we.1883
https://doi.org/10.1088/1742-6596/2767/9/092078
https://doi.org/10.1088/1742-6596/2767/9/092078
https://doi.org/10.1002/we.500
https://doi.org/10.1175/MWR-D-22-0118.1


A. Palatos-Plexidas et al.: A 3-year high-resolution mesoscale wind farm wake simulation 3585

with Doppler lidar, Geosci. Model Dev., 16, 2077–2094,
https://doi.org/10.5194/gmd-16-2077-2023, 2023.

Platis, A., Siedersleben, S. K., Bange, J., Lampert, A., Bärfuss, K.,
Hankers, R., Cañadillas, B., Foreman, R., Schulz-Stellenfleth, J.,
Djath, B., Neumann, T., and Emeis, S.: First in situ evidence of
wakes in the far field behind offshore wind farms, Sci. Rep., 8,
2163, https://doi.org/10.1038/s41598-018-20389-y, 2018.

Porchetta, S., Howland, M. F., Borgers, R., Buckingham, S., and
Munters, W.: Annual wake impacts in and between wind farm
clusters modelled by a mesoscale numerical weather prediction
model and fast-running engineering models, Wind Energ. Sci.
Discuss. [preprint], https://doi.org/10.5194/wes-2024-58, in re-
view, 2024.

Pronk, V., Bodini, N., Optis, M., Lundquist, J. K., Moriarty, P.,
Draxl, C., Purkayastha, A., and Young, E.: Can reanalysis prod-
ucts outperform mesoscale numerical weather prediction models
in modeling the wind resource in simple terrain?, Wind Energ.
Sci., 7, 487–504, https://doi.org/10.5194/wes-7-487-2022, 2022.

Pryor, S., Barthelmie, R., and Shepherd, T.: 20 % of US elec-
tricity from wind will have limited impacts on sys-
tem efficiency and regional climate, Sci. Rep., 10, 541,
https://doi.org/10.1038/s41598-019-57371-1, 2020.

Pryor, S. C. and Barthelmie, R. J.: A global assessment of extreme
wind speeds for wind energy applications, Nature Energy, 6,
268–276, https://doi.org/10.1038/s41560-020-00773-7, 2021.

Pryor, S. C., Shepherd, T. J., Barthelmie, R. J., Hahmann, A. N.,
and Volker, P.: Wind Farm Wakes Simulated Using WRF,
J. Phys. Conf. Ser., 1256, 012025, https://doi.org/10.1088/1742-
6596/1256/1/012025, 2019.

Quint, D., Lundquist, J. K., and Rosencrans, D.: Simulations sug-
gest offshore wind farms modify low-level jets, Wind Energ. Sci.,
10, 117–142, https://doi.org/10.5194/wes-10-117-2025, 2025.

Rosencrans, D., Lundquist, J. K., Optis, M., Rybchuk, A., Bodini,
N., and Rossol, M.: Seasonal variability of wake impacts on US
mid-Atlantic offshore wind plant power production, Wind Energ.
Sci., 9, 555–583, https://doi.org/10.5194/wes-9-555-2024, 2024.

Santoni, C., García-Cartagena, E. J., Ciri, U., Zhan, L., Vale-
rio Iungo, G., and Leonardi, S.: One-way mesoscale-microscale
coupling for simulating a wind farm in North Texas: Assessment
against SCADA and LiDAR data, Wind Energy, 23, 691–710,
https://doi.org/10.1002/we.2452, 2020.

Shenoy, M., Raju, P., and Prasad, J.: Optimization of physical
schemes in WRF model on cyclone simulations over Bay of
Bengal using one-way ANOVA and Tukey’s test, Sci. Rep., 11,
24412, https://doi.org/10.1038/s41598-021-02723-z, 2021.

Siedersleben, S. K., Platis, A., Lundquist, J. K., Djath, B., Lam-
pert, A., Bärfuss, K., Cañadillas, B., Schulz-Stellenfleth, J.,
Bange, J., Neumann, T., and Emeis, S.: Turbulent kinetic energy
over large offshore wind farms observed and simulated by the
mesoscale model WRF (3.8.1), Geosci. Model Dev., 13, 249–
268, https://doi.org/10.5194/gmd-13-249-2020, 2020.

Skamarock, W. C., Klemp, J. B., Dudhia, J., Gill, D. O., Liu,
Z., Berner, J., Wang, W., Powers, J. G., Duda, M. G., Barker,
D. M., and Huang, X.-Y.: A description of the advanced research
WRF version 4, NCAR tech. note ncar/tn-556+ str, NCAR, 145,
https://doi.org/10.5065/1dfh-6p97, 2019.

Sorensen, J. N. and Shen, W. Z.: Numerical modeling
of wind turbine wakes, J. Fluids Eng., 124, 393–399,
https://doi.org/10.1115/1.1471361, 2002.

Stanley, A. P. J., King, J., Bay, C., and Ning, A.: A model
to calculate fatigue damage caused by partial waking dur-
ing wind farm optimization, Wind Energ. Sci., 7, 433–454,
https://doi.org/10.5194/wes-7-433-2022, 2022.

Stevens, R. J., Martínez-Tossas, L. A., and Meneveau, C.:
Comparison of wind farm large eddy simulations us-
ing actuator disk and actuator line models with wind
tunnel experiments, Renew. Energ., 116, 470–478,
https://doi.org/10.1016/j.renene.2017.08.072, 2018.

Stipa, S., Ajay, A., and Brinkerhoff, J.: The actuator farm model for
large eddy simulation (LES) of wind-farm-induced atmospheric
gravity waves and farm–farm interaction, Wind Energ. Sci., 9,
2301–2332, https://doi.org/10.5194/wes-9-2301-2024, 2024.

Stiperski, I. and Calaf, M.: Generalizing Monin-
Obukhov Similarity Theory (1954) for Complex At-
mospheric Turbulence, Phys. Rev. Lett., 130, 124001,
https://doi.org/10.1103/PhysRevLett.130.124001, 2023.

Stull, R. B.: Practical meteorology: an algebra-based survey of at-
mospheric science, University of British Columbia, https://www.
eoas.ubc.ca/books/Practical_Meteorology/ (last access: 15 July
2025), 2015.

Vanderwende, B. J., Lundquist, J. K., Rhodes, M. E., Takle, E. S.,
and Irvin, S. L.: Observing and simulating the summertime low-
level jet in central Iowa, Mon. Weather Rev., 143, 2319–2336,
https://doi.org/10.1175/MWR-D-14-00325.1, 2015.

Verhoef, J., Werhoven, E., Bergman, G., and Van der Werff, P.: Eu-
roplatform LiDAR measurement campaign; instrumentation re-
port, TNO R10867, TNO, 2020.

Virtanen, P., Gommers, R., Oliphant, T. E., Haberland, M., Reddy,
T., Cournapeau, D., Burovski, E., Peterson, P., Weckesser, W.,
Bright, J., van der Walt, S. J., Brett, M., Wilson, J., Millman, K.
J., Mayorov, N., Nelson, A. R. J., Jones, E., Kern, R., Larson,
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