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Abstract. Wind energy is regarded as an important component for global decarbonization strategies, and the
rapid expansion of offshore wind farms has led to increasingly large and closely spaced wind farm clusters. As
a result, assessing wake impacts between neighboring wind farms has become increasingly important. Multi-
ple numerical modeling approaches are available for such assessments and differ in their physical assumptions,
representations of atmospheric processes, and computational cost. Numerical weather prediction models and
fast-running engineering wake models are both used for long-term wake impact studies, yet they are based on
different assumptions regarding atmospheric variability and wake recovery. These differences introduce uncer-
tainty in predicted power production, and it remains unclear how consistently the different modeling approaches
estimate long-term wake impacts and how sensitive these estimates are to model formulation.

Here we compare wake impacts predicted by commonly used engineering wake models with those simulated
by a numerical weather prediction model (WRF), simulated in Part 1 (Porchetta et al., 2026) of this paper se-
ries, for a meteorologically representative year (2016), focusing on the planned Princess Elisabeth offshore wind
farm cluster and the Belgian—Dutch wind farm cluster in the southern North Sea. We show that engineering wake
models generally predict higher wind farm power production and smaller wake energy losses than WRF. Sepa-
rating these losses into internal and external components reveals that external wake energy losses have a larger
relative spread between modeling approaches than internal wake energy losses, particularly during summer.

By analyzing wake energy losses as a function of atmospheric stability, we demonstrate that discrepancies
between modeling approaches increase under stable stratification, which occurs more frequently during summer.
Under these conditions, reduced turbulent mixing leads to slower wake recovery and increased sensitivity to
the wake recovery formulation. Engineering wake models that explicitly account for turbulence-dependent wake
recovery show closer agreement with WRE, particularly for external wake losses. These results quantify the un-
certainty associated with long-term intra-farm and farm—farm wake estimates and identify atmospheric stability
as a key driver of model spread.

This paper forms the second part of a two-part study investigating wake impacts of offshore wind farms. In
Part 1, wake effects induced by the planned Princess Elisabeth wind farm cluster are analyzed using WRF to
characterize annual mean and sub-annual variability under atmospheric conditions. The present paper (Part 2)
builds on this analysis by comparing the WRF estimates with commonly used fast-running engineering wake
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models, enabling a systematic assessment of differences between modeling approaches and the uncertainty as-
sociated with long-term intra-farm and farm—farm wake estimates.

1 Introduction

Driven by global decarbonization ambitions, wind energy
capacity has expanded rapidly in recent years, urging for
a better understanding of its interaction with its surround-
ings. Furthermore, because of this rapid expansion of wind
energy, wind farms are larger in size and closer to each
other. In densely developed regions, such as the North Sea,
the interaction between neighboring wind farms, known as
the farm—farm wake interaction, becomes more important. A
farm wake is the region of reduced wind speed behind a wind
farm that affects the power production of a wind farm lo-
cated downstream (Lundquist et al., 2019; Barthelmie et al.,
2010; Pryor et al., 2021; Stieren and Stevens, 2022). These
farm—farm wake interactions introduce an additional source
of uncertainty in wind resource assessment and energy yield
estimates, which has direct impacts on wind farm develop-
ment. Moreover, wake impacts are not constant in time and
vary during the year, which is particularly important for op-
erational planning, maintenance scheduling, and short-term
power trading.

A variety of numerical models are used to examine these
farm—farm wakes, with different models focusing on spe-
cific atmospheric scales, ranging from the microscale to the
mesoscale, synoptic scales, and even global scales (Veers
et al., 2019; Porté-Agel et al., 2020). Microscale numeri-
cal approaches for studying farm—farm wakes encompass a
range of fidelity levels. High-fidelity computational fluid dy-
namics models such as large-eddy simulations (Maas and
Siegfried, 2022; Stieren and Stevens, 2022) and mid-fidelity
Reynolds-averaged Navier—Stokes models (van der Laan
etal., 2015, 2023) are computationally more expensive, often
still limiting their application to specific atmospheric con-
ditions. On the other hand, low-fidelity, fast-running engi-
neering wake models provide a cost-effective alternative for
wake studies that can account for multiple atmospheric con-
ditions (Nygaard et al., 2020; Nygaard and Hansen, 2016;
Munters et al., 2022). Yet, they greatly simplify the underly-
ing physics and often rely on empirical tuning, limiting their
ability to fully capture the actual atmospheric conditions.

In recent years, numerical weather prediction models have
been employed to study wakes (Cuevas-Figueroa et al.,
2022). These models account for multiple non-uniform spa-
tial and temporal atmospheric variables and are able to cap-
ture flow heterogeneity at the mesoscale. For wind energy
purposes, these models have horizontal spatial resolutions
that are typically between 1 and 3 km, which is larger than
the typical inter-turbine spacings (Fischereit et al., 2022a).
On some occasions, this spatial horizontal resolution can be
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as small as 333 m or as large as 5 km (Prosper et al., 2019).
Wind farm parameterizations are used within these models to
represent the effects of wind turbines that occur at the subgrid
scales (Veers et al., 2019). Historically, numerical weather
prediction models have not been considered the models of
choice for evaluating yearly power production or wake loss
estimates from wind farms due to their relatively high com-
putational cost. However, recent advancements in computa-
tional resources have allowed these models to be applied to
longer time periods (Akhtar et al., 2021; Borgers et al., 2024).
In numerical weather prediction models, wakes are not ex-
plicitly prescribed. Instead, wake dynamics are determined
by the atmospheric flow field, where the mean flow is ex-
plicitly resolved at the grid scale for the mesoscale model,
and subgrid-scale turbulence is represented through parame-
terizations. In these models there are no explicit assumptions
about wake propagation, recovery, or superposition, but the
resolution remains insufficient to resolve intra-farm wake in-
teractions down to the turbine scale ( < 1 km).

Fast-running engineering models, such as Jensen, Gauss-
BPA, TurbOPark, and cumulative curl models, have been
widely used to estimate the yearly production and wake
losses of wind farms due to their very low computational cost
(Pefia et al., 2018). Although engineering wake models are
fast-running compared with mesoscale models, their compu-
tational cost can still increase substantially with the number
of turbines, which is becoming increasingly important for
large wind farm clusters. The main limitation of engineer-
ing wake models lies in the assumptions and simplifications
used and how these assumptions remain valid for large wind
farms and farm—farm wakes. Engineering wake models can
be categorized into bottom-up, top-down, and coupled ap-
proaches. Bottom-up models simulate wakes at turbine scale
and combine individual wakes to represent farm-scale ef-
fects (Bastankhah and Porté-Agel, 2014; Katic et al., 1986).
These models perform well for intra-farm wakes but often
predict a faster recovery of wakes than observed for large
wind farms, leading to an underestimation of farm—farm ef-
fects (Fischereit et al., 2022b). This is partly because these
wake models do not represent all the boundary layer pro-
cesses that control momentum replenishment and thus wake
recovery in large wind farm clusters. Top-down models de-
scribe the impact of a wind farm on the atmospheric bound-
ary layer as a whole and are better suited to capture the total
momentum deficit induced by large wind farms but generally
lack flow heterogeneity dependence (Emeis, 2010; Antonini
and Caldeira, 2021). Coupled approaches aim to combine
turbine-scale wake formulations with boundary layer infor-
mation, offering improved physical consistency at the cost of
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increased complexity and calibration requirements (Stevens
et al., 2015; Nygaard et al., 2020).

Although there have been previous comparisons between
numerical weather prediction models and fast-running engi-
neering models (Hansen et al., 2015; Fischereit et al., 2022b),
they have not been conducted over an extended time period.
Fischereit et al. (2022b) found that mesoscale models are
able to accurately estimate the mean wind speed deficit but
incur a higher error in estimating peak wind speed deficits,
which can be partly attributed to their limited ability to re-
solve intra-farm wake effects. The same study showed that
most engineering wake models perform well for intra-farm
wakes but less so for farm—farm wakes, as they indicate a
faster recovery of wind-speed deficits, particularly at longer
downstream distances. Fischereit et al. (2022b) suggest that
engineering wake models could be enhanced in estimating
farm—farm wakes with the availability of more calibration
data. Recently, new developments such as the TurbOPark
wake model and the cumulative curl model have been pro-
posed to reduce the underestimation of fast-running engi-
neering models to better represent farm—farm wakes (Ped-
ersen et al., 2022; Bay et al., 2023).

Despite these advances, it remains unclear which model-
ing approach (numerical weather prediction model vs. fast-
running engineering wake models) provides more reliable
long-term estimates of wake impacts for large offshore wind
farm clusters. Since no validation data are available within
the scope of this study to establish a ground truth, the ob-
jective is not to identify a single best-performing model. In-
stead, comparing wake predictions from different model ap-
proaches allows the uncertainty associated with farm—farm
wake assessments to be quantified. Such a comparison makes
it possible to assess the spread in integrated metrics, such as
annual energy production and wake-induced losses, and to
identify the atmospheric factors, such as wind speed, wind
direction, and atmospheric stability, that drive differences be-
tween model predictions.

To address this gap, this study examines the annual mean
and sub-annual variability in wake effects induced by a
planned wind farm cluster on surrounding operational wind
farms. Wake impacts are predicted using both a numerical
weather prediction model (Part 1; Porchetta et al., 2026)
and commonly used fast-running engineering wake models
(Part 2). While both approaches are suitable for longer-term
analyses, a systematic comparison over a full, meteorologi-
cally representative year has so far been lacking. This com-
parison is conducted for the planned Princess Elisabeth (PE)
wind farm cluster, which will be constructed in the near fu-
ture in the Belgian part of the North Sea. The year under
investigation is the most meteorologically representative of
the past 30 years (see Part 1). This allows for a realistic
assessment of the impact of wakes on adjacent operational
wind farms. This study only includes commonly used wind
farm parameterization and engineering wake models using
standard calibration parameters, even though some models
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or calibration parameters may perform better under specific
conditions.

This paper constitutes Part 2 of a two-part study investi-
gating wake impacts of offshore wind farm clusters. While
Part 1 focuses on the characterization of annual mean and
sub-annual wake effects using a numerical weather predic-
tion model, the present paper (Part 2) extends this analy-
sis by comparing numerical weather prediction results with
commonly used fast-running engineering wake models. By
comparing the results of these different model strategies, this
study aims to quantify the spread in predicted wake impacts
and to identify key drivers of model approach discrepancies,
thereby providing insight into the uncertainty associated with
long-term farm—farm wake assessments.

2 Material and methods

The materials and methods presented in this section are ap-
plied to the new Princess Elisabeth (PE) wind farm clus-
ter and existing adjacent wind farms. However, the same
methodology can be adapted to study other farm—farm in-
teractions.

2.1 Study area and period

The study area and period are identical to Part 1 of this study
and consist of the meteorological year 2016, modeling the
new 3.5 GW Princess Elisabeth (PE) wind farm cluster of 15
MW turbines together with the existing adjacent wind farms
(Fig. 1). Three configurations are considered for both numer-
ical models: (i) a reference case without wind farms (‘“no
WF”), (ii) only the existing wind farms (“without PE”; black
dots in Fig. 1), and (iii) both the existing wind farms and the
new PE wind farms (“with PE”; black and red dots in Fig. 1).
In this part of the study (Part 2), we only focus on the effect
of the PE wind farm cluster on the Belgian—-Dutch (BE-NL)
wind farm cluster. In this part of the study (Part 2) only these
turbines are modeled, while all adjacent wind farms are mod-
eled within WRF (see Part 1). The implications of this sim-
plification are discussed in Sect. 2.3 and further evaluated in
Appendix A.

2.2 Numerical models
2.21 WRF

Simulations are performed using the Weather Research and
Forecasting (WRF) model v4.3 (Skamarock et al., 2008). The
same model configuration as in the companion study (Part 1)
is employed, consisting of three nested domains with hori-
zontal grid spacings of 18, 6, and 2km and boundary con-
ditions from the ERAS reanalysis. Wind farm effects are
represented using the Fitch parameterization (Fitch et al.,
2012). Three simulations are considered: a reference simula-
tion without wind farms (no WF), a simulation including the
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Figure 1. Location of the new Princess Elisabeth wind farms (red dots) and the existing wind farms (black dots) within the southern North
Sea. Yellow diamonds show the location of measurement masts used for the validation of the WREF setup in Part 1 of this study.

existing wind farms (without PE), and a simulation including
both the existing wind farms and the Princess Elisabeth wind
farm cluster (with PE). Further details of the model configu-
ration are provided in Part 1 of this study.

2.2.2 Fast-running engineering wake models

The engineering wake modeling is conducted using FLORIS
v4.4 (NatLabRockies, 2025), an open-source wake model-
ing framework developed by the National Laboratory of the
Rockies (NLR), formerly the National Renewable Energy
Laboratory (NREL). FLORIS provides state-of-the-art engi-
neering wake modeling capabilities, including tools for an-
nual energy production estimations and wake steering opti-
mization.

An ensemble of commonly used classical and more re-
cent wake deficit models is employed in this study to provide
a comparison with the numerical weather prediction model
WRE

As a classical bottom-up engineering approach, the Jensen
model (Katic et al., 1986) is included. The Jensen model as-
sumes that the wake expands as a cone with a fixed linear ex-
pansion constant, ky, independent of the ambient turbulence
intensity (TT). In this study, two values are considered for the
wake decay coefficient — (1) a “standard” value ky, = 0.04
and (2) areduced value ky, = 0.02 — following recent recom-
mendations based on a large-scale benchmark over an entire
fleet of offshore wind farms (Nygaard et al., 2022). We note
that stability-dependent formulations for the wake spreading
rate in the Jensen model have been proposed but are not ap-
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plied in this study to keep the number of wake model repre-
sentations constrained (Pefia et al., 2016).

The Gaussian wake model proposed by Bastankhah and
Porté-Agel (2014), hereafter referred to as Gauss-BPA, is in-
cluded as a more recent engineering wake formulation. In
this model, the wake is represented by a Gaussian velocity
deficit whose width depends linearly on the ambient turbu-
lence intensity, Tlymp, through a wake growth rate defined
as

k* = ky TLimb + kp. (1

The Gauss-BPA model is used with its out-of-the-box cali-
bration parameters, namely k, = 0.38 and k, = 0.004.

In addition to these conventional engineering models, the
TurbOPark model (Pedersen et al., 2022) is considered. Tur-
bOPark was specifically developed to mitigate excessive
wake recovery in long-distance wake development, including
farm—farm interactions, by means of a modified turbulence
recovery scheme. The model incorporates a non-linear wake
expansion that is sensitive to the local turbulence intensity
and its downstream decay, given by

d"gx(x) = ATI(x) = A\/M’ @

where oy, denotes the characteristic wake width, and A is a
calibration constant. The local turbulence intensity TI(x) at a
downstream distance x from the turbine is computed as the
quadratic sum of the ambient turbulence intensity Tl and
the wake-added turbulence intensity Tl (x), whose evolu-
tion is modeled following Frandsen (2007). The TurbOPark
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model is run using the default expansion coefficient A = 0.04
as well as the value A = 0.06, as proposed by van der Laan
et al. (2023), who show that the default parameter tends to
overestimate wake effects.

Finally, the cumulative curl model (Bay et al., 2023) is
included as a wake model specifically designed for large
wind farm arrays. The cumulative curl model builds upon the
Gauss—curl hybrid (GCH) model (King et al., 2021) by in-
corporating cumulative wake deflection and recovery mecha-
nisms that account for the superposition of multiple upstream
wakes. It introduces a set of streamwise counter-rotating
vortices generated by yaw misalignment, which are accu-
mulated across turbines to represent the combined effect of
wake steering. Unlike the GCH model, which superimposes
individual wakes, the cumulative curl model computes the
combined wake effect using a momentum-conserving for-
mulation proposed by Bastankhah et al. (2021). The wake
velocity deficit is modeled using a Gaussian profile, with
centerline deflection and recovery effects evolving cumula-
tively across the turbine array. The cumulative curl model
retains the deflection formulation from GCH while adding
secondary steering and yaw-induced recovery effects driven
by the accumulated vortex structures. The cumulative curl
model is run using default parameters.

For all cases, except the cumulative curl model that uses
its built-in superposition scheme, wake overlap is handled
using the sum-of-squares freestream velocity superposition
method. Turbines are aligned with the mean flow direction,
and therefore no additional wake deflection model is applied.
A summary of the deficit models used in this study is pro-
vided in Table 1.

FLORIS simulations are driven by meteorological condi-
tions extracted from the no-WF WREF simulations for the en-
tire year 2016 (see Part 1). These conditions include wind
speed, wind direction, and turbulence intensity (TT). The no-
WF velocity field is provided to FLORIS using two different
inflow setups. The first setup assumes horizontally homoge-
neous inflow and retrieves the wind speed from a single probe
point located at the geographic center of the BE-NL cluster
at an altitude of 96 m. In contrast, the heterogeneous inflow
configuration accounts for spatial variability in the incoming
flow, arising from coastal gradients or large-scale synoptic
structures.

In the heterogeneous configuration, FLORIS’s built-in
implementation described by Farrell et al. (2021) is used.
Specifically, the no-WF velocity field at 96 m height is ex-
tracted at the WRF grid points and fed to FLORIS. For each
wind turbine, FLORIS initializes the local inflow wind speed
by performing a linear barycentric interpolation of the WRF
wind speed field. Wake velocities downstream of each tur-
bine are then computed following the standard FLORIS wake
modeling approach but using this locally interpolated inflow
wind speed as the initial condition. No vertical interpolation
is applied since both vertical wind shear and veer are omitted
in the present study.
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A portion of the engineering wake model simulations as-
sume a time-varying TI estimated based on the no-WF WRF
data following Larsén (2024), which proposes using the
Kaimal turbulence spectrum to approximate the wind speed
component variances, oy, gy, and oy, at given heights and
wind speeds. Empirical ratios between o, and other compo-
nents then allow the TKE extracted from WREF to be trans-
formed into the along-wind standard deviation. The ambient
TI can then be estimated as

) 3)

with U, the mean wind speed over the averaging period at the
height of interest, and « and S, empirical height- and wind-
speed-dependent coefficients determined based on Kaimal
turbulence spectra. However, integrating this TI correction
strategy was shown not to significantly affect the estimated
TI compared to the classical approach, for which @ = 1 and
=1

Four different FLORIS simulation setups are subsequently
considered.

— Homogeneous FLORIS with fixed Tl. A time-varying
and spatially homogeneous wind field is assumed in
FLORIS, constructed from the wind speed and direction
at 96 m altitude at the geographic center of the BE-NL
wind farm cluster, taken from the no-WF WRF simula-
tion (Part 1). Turbulence intensity is fixed in space and
time at 6 %, a typical value for the offshore North Sea
area.

— Homogeneous FLORIS with varying TIl. A time-varying
and spatially homogeneous wind field and TI are as-
sumed in FLORIS, constructed from the wind speed,
wind direction, and TI at 96 m altitude at the geographic
center of the BE-NL wind farm cluster, taken from the
no-WF WRF simulation (Part 1). This setup aims at
evaluating whether incorporating temporal variability in
ambient turbulence resulting from changes in different
atmospheric conditions improves the representation of
wake recovery.

— Heterogeneous FLORIS with fixed Tl. A time-varying
and spatially heterogeneous wind speed field is assumed
in FLORIS, constructed from the wind speed at 96 m
altitude taken from the no-WF WRF simulation (Part 1).
Wind direction is kept spatially homogeneous and time-
varying, constructed from the no-WF WRF simulation
at 96 m altitude at the geographic center of the BE-NL
wind farm cluster (Part 1). Turbulence intensity is fixed
in space and time at 6 %, a typical value for the offshore
North Sea area.

— Heterogeneous FLORIS with varying TI. A time-
varying and spatially heterogeneous wind speed field is
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Table 1. Overview of the engineering wake models used in this study.

S. Porchetta et al.: External and internal yearly wake loss variations — Part 2

Model Hyperparameter Reference

Gauss-BPA Default Bastankhah and Porté-Agel (2014)

Jensen kw =0.04 Katic et al. (1986)

Jensen kw =0.02 Katic et al. (1986), hyperparam. following Nygaard et al. (2022)
Cumulative curl  Default Bay et al. (2023)

TurbOPark A =0.04 (default) Pedersen et al. (2022)

TurbOPark A =0.06 Pedersen et al. (2022), hyperparam. following van der Laan et al. (2023)

assumed in FLORIS, constructed from the wind speed
at 96 m altitude taken from the no-WF WRF simulation
(Part 1). Wind direction is kept spatially homogeneous
and time-varying, constructed from the no-WF WRF
simulation at 96 m altitude at the geographic center of
the BE-NL wind farm cluster (Part 1). A time-varying
and spatially homogeneous TI is assumed, constructed
from TI at 96 m altitude at the geographic center of the
BE-NL wind farm cluster, taken from the no-WF WRF
simulation (Part 1).

All four setups of the engineering wake models are run in
a time series mode with a 30 min resolution for 1 full year
(2016 selected in this study based on analysis in Part 1),
where each simulation time step is treated as quasi-steady
and independent. Consequently, the model does not account
for wake advection or temporal effects in wake propagation
contrary to WRF. As noted previously, not all wind farms in
the North Sea are modeled; for the engineering models used
in this study only those belonging to the BE-NL and PE wind
farm cluster are included. This reduced domain of not includ-
ing all North Sea wind farms allows for the simulation of 12
cases (3 layouts — no WF, with PE, and without PE similar to
WRF - combined with 4 input setups described above) cap-
turing the dominant inter-farm wake losses of the PE wind
farm cluster on the BE-NL wind farm cluster.

To facilitate comparison between WRF and the engineer-
ing wake models, envelope ranges are shown throughout this
study. In each case, the solid line represents the mean es-
timate of the engineering wake models and/or model con-
figurations considered in the analysis, while the envelope is
defined by the corresponding minimum and maximum esti-
mates. The envelope therefore represents the spread associ-
ated with these models and configurations. For figures show-
ing differences relative to WRE, the differences are first com-
puted for each engineering wake model or model configura-
tion individually relative to WRE, after which the mean and
envelope are determined from these differences.

2.3 Wake energy losses

Wake energy losses in Part 2 are evaluated using the same
conceptual framework as in Part 1 (Sect. 2.5), distinguish-
ing between internal, total (internal 4 external), and external
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wake energy losses. Wake energy losses are defined as per-
centage energy losses computed from temporally averaged
turbine power production relative to a reference case without
wind farms (no WF). Depending on the analysis, the aver-
aging period may correspond to the full simulation year, in-
dividual months, or subsets of the data conditioned on wind
speed, wind direction, atmospheric stability, or a combina-
tion thereof. To enable a direct comparison between WRF
and the engineering wake models, all wake energy losses are
normalized using the same reference energy obtained from
the no-WF WRF simulation.

Small differences between the wake energy losses of WRF
reported in Part 1 and those obtained in Part 2 arise from
differences in temporal resolution. While the WRF analysis
in Part 1 uses 10 min output, the engineering wake model
simulations in Part 2 operate on 30 min mean conditions.
For consistency, the WRF power output used in Part 2 is
therefore aggregated to 30 min resolution by averaging con-
secutive 10 min samples. This difference in temporal aggre-
gation can lead to small deviations in the estimated wake
losses (e.g., WRF internal wake losses in Part 1 and Part 2
0of 42.01£0.28 % and 41.46 £0.24 %, respectively) but does
not affect the comparison between WRF and the engineering
wake models presented in this study.

Note that the definition of internal wake energy losses is
not strictly identical between the WRF simulations (Part 1)
and the engineering wake models (Part 2). WRF-derived in-
ternal wake losses may contain a small contribution from
neighboring existing wind farms, whereas the engineering
wake models only account for wake effects generated within
the BE-NL cluster. Additional sensitivity analyses indicate
that this contribution is minor and does not affect the conclu-
sions of the model comparison (Appendix A).

2.4 Stability classification

Atmospheric stability is classified using the Monin—Obukhov
length (L) extracted from the WRF surface layer scheme
(Part 1). The classification follows the scheme of Van Wijk
et al. (1990), consistent with Part 1 (Sect. 2.4). Five stabil-
ity classes are considered: very stable (VS; 0 < L <200m),
stable (S; 200 < L < 1000m), near neutral (NN; |L|>
1000 m), unstable (U; —1000 < L < —200m), and very un-
stable (VU; —200 < L < Om).

https://doi.org/10.5194/wes-11-3295-2026
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3 Results and discussion

Results are presented either at the wind farm level or at the
grid cell level; the latter refers to individual horizontal grid
cells of the WRF model (Part 1). As multiple turbines may
be located within a single grid cell, all wind farm quantities
evaluated at the grid cell level (e.g., wake energy losses) rep-
resent aggregated model results rather than turbine-resolved
values. Since the engineering wake model results are com-
puted at the turbine level, these results are aggregated to the
WREF grid cell to enable a direct comparison.

3.1 Spatiotemporally averaged power

We next quantify the differences between the engineering
wake models and their various setups (homogeneous or het-
erogeneous inflow, fixed or varying turbulence intensity) rel-
ative to WREF. Prior to this comparison, a verification of the
no-WF cases was performed to ensure consistent use of WRF
inputs in the engineering wake models (Appendix B). Since
no observational data are available within the scope of this
study, the aim is not to identify the best-performing model,
but rather to assess the spread between models. To this end,
we use three performance statistics: the coefficient of deter-
mination RZ, the root-mean-square error (RMSE), and the
mean bias. The bias expresses the average difference be-
tween the power estimated by the engineering wake models
and WRE, where a positive bias indicates that the engineering
model predicts higher power than WREF, whereas a negative
bias indicates a lower power. In contrast, RMSE reflects the
typical size of the deviations between the two time series,
and R? describes how well the engineering model captures
the temporal variability seen in WRFE.

Table 2 summarizes these statistics for all engineering
wake models and the different setups for the simulations
without the PE cluster. It should be noted that all engineering
wake models and their different setups exhibit a positive bias
relative to WRE, ranging from approximately 0.18 GW for
TurbOPark (A = 0.04) to 0.342 GW for Jensen (ky = 0.04).
Table 2 shows that, among the examined engineering wake
models, TurbOPark with a spreading parameter of A = 0.04
provides the closest agreement with WRF, with RMSE val-
ues as low as 0.356 GW, a bias of 0.18 GW, and R? values up
to 0.917. By comparison, the Jensen model with k,, = 0.04
shows the largest deviations from WRF across all metrics,
with an RMSE value of 0.617 GW, bias of 0.342 GW, and R?
value 0.752. The same behavior is observed in the simula-
tions including the PE cluster (Table C1).

When comparing the different model setups (homoge-
neous or heterogeneous inflow, fixed or varying turbulence
intensity) in Table 2, the heterogeneous inflow combined
with varying turbulence intensity generally produces the
closest agreement with WRF. However, the relative impor-
tance of inflow conditions and turbulence intensity depends
on both the performance metric and the engineering wake
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model. For RMSE and RZ, improvements associated with in-
flow conditions typically amount to reductions of approxi-
mately 0.02-0.03 GW in RMSE and increases of about 0.01—
0.02 in R?> when comparing homogeneous and heteroge-
neous inflow conditions at both fixed and varying turbulence
intensity. In contrast, the impact of turbulence intensity on
RMSE and R? is more model-dependent: for Gauss-BPA,
switching from fixed to varying turbulence intensity under
both homogeneous and heterogeneous inflow conditions re-
duces RMSE by approximately 0.03 GW, exceeding the cor-
responding improvement due to inflow conditions, whereas
for the Jensen model the effect of turbulence intensity is
negligible, and improvements are primarily driven by inflow
conditions.

For the mean bias, the sensitivity to the setup is model-
dependent. Gauss-BPA shows a strong dependence on tur-
bulence intensity, with a reduction in bias of approximately
0.01 GW when switching from fixed to varying turbulence
intensity, while the bias change is small going from homoge-
neous to heterogeneous inflow. In contrast, TurbOPark shows
an almost invariant bias across all setups, with differences
below 0.001 GW, indicating that its bias is largely controlled
by the wake model formulation itself. The Jensen model ex-
hibits a weak sensitivity of the bias to both inflow conditions
and turbulence intensity, consistent with its formulation, in
which wake recovery does not explicitly depend on turbu-
lence intensity.

Differences between engineering wake model formula-
tions reach a maximum of 0.26 GW in RMSE, 0.17 in RZ,
and 0.16 GW in bias relative to WREFE, whereas variations as-
sociated with inflow conditions or turbulence intensity within
a given engineering wake model remain below 0.03 GW in
RMSE, 0.02 in R?, and 0.01 GW in bias. This indicates
that the engineering wake model formulation constitutes the
dominant source of variability in comparison to WREF, while
setup choices provide a secondary influence on model per-
formance.

Based on these findings, TurbOPark with A =0.04 is
used as the representative engineering wake model in sub-
sequent analyses when a single wake model is considered.
This choice does not imply that TurbOPark provides the most
accurate representation of wake effects, given that no obser-
vational validation data are available, and WRF cannot be
regarded as a ground truth. Rather, TurbOPark is selected
because it exhibits the closest overall agreement with WRF
within a consistent modeling framework, providing a sin-
gle reference for further comparative analysis. Likewise, the
setup with heterogeneous inflow with varying turbulence in-
tensity is selected as the preferred configuration for the re-
mainder of the study when a single setup is considered.

While calibration of engineering wake model parameters
could potentially further improve agreement with WRF in
terms of the spatiotemporally averaged metrics presented
above, such calibration would not necessarily improve agree-
ment at individual time steps. The time-dependent behavior
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of the different modeling approaches is therefore investigated
next.

3.2 Time-dependent behavior
3.2.1 Total farm power

The temporal evolution of the total BE-NL wind farm clus-
ter power for WRF and the engineering wake models in the
simulations without PE is shown in Fig. 2. The time series
further confirms the results obtained from the spatiotempo-
rally averaged comparison in Sect. 3.1. Over the year the
engineering wake models estimate higher total wind farm
power compared to WRF. This indicates smaller wake losses
in the engineering models relative to WREF, consistent with
previous studies showing that WRF with the wind farm pa-
rameterization of Fitch et al. (2012) produces stronger wake
deficits and reduced power production compared to engineer-
ing wake models (Fischereit et al., 2022b, 2025). Quanti-
tatively, the WRF power estimates fall within the envelope
of the engineering wake models for 40 % of the simulated
hours, while for the remaining 60 % of the time WREF lies
outside this range, indicating periods of stronger disagree-
ment between modeling approaches.

The results for the simulations with PE (Fig. D1) also show
that the engineering wake models estimate higher total power
compared to WREF. In this case, WRF power estimates fall
within the envelope of the engineering wake models for 38 %
of the simulated hours, while for 62 % of the time WREF lies
outside this range. This increased fraction of hours suggests
that the inclusion of the PE cluster increases the differences
between the modeling approaches. This could originate from
the fact that engineering wake models are primarily tuned for
intra-farm wakes and may be less suited to represent farm—
farm wake interactions without additional tuning (Nygaard
et al., 2020; Fischereit et al., 2022b).

Furthermore, also consistent with the spatiotemporally av-
eraged comparison in Sect. 3.1, the temporal comparison
in Fig. 2 shows that differences between wake engineering
models are larger than differences by different model setups.
This is depicted by the narrow spread between different se-
tups of a given engineering wake model (Fig. 2b, d, f) com-
pared to the larger spread between the envelope of the engi-
neering wake models (Fig. 2a, c, e).

3.2.2 Grid cell power

A grid cell refers to an individual horizontal WRF model grid
cell (for details of simulation setup see Part 1) and represents
the aggregated response of all turbines located within that
cell. The same spatial aggregation is applied to the engineer-
ing wake model results. Grid cell power at three locations
(Fig. 3a) is compared between the engineering wake mod-
els and WRF (without PE), corresponding to the farm center,
a coastal site, and a more offshore site. Similar results are
found for the with-PE investigation (Fig. D1).
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In contrast to the total farm power time series (Fig. 2), the
grid cell power time series (Fig. 3) exhibits larger differences
between the homogeneous and heterogeneous setups. At the
farm center (Fig. 3d, e), both configurations yield identical
results, as expected. At the coastal location (Fig. 3b, c), intro-
ducing heterogeneity improves agreement with WRE, reduc-
ing the bias from 0.9 to 0.7 MW. In contrast, at the offshore
location (Fig. 3f, g), the bias increases from 1.0 to 1.1 MW.
To interpret these differences, it is useful to distinguish be-
tween wake biases and wind speed gradient biases, the latter
being in the homogeneous inflow setups.

The wake bias shows higher power production estimates
by the engineering wake models compared to WRF for both
homogeneous and heterogeneous inflow setups. In addition,
the homogeneous configuration is affected by a wind speed
gradient bias because the inflow is derived from wind condi-
tions at a single grid point (at the spatial center of the wind
farm) and does not represent the spatial wind speed gradi-
ents resolved by WRF. Depending on the local wind speed,
this wind speed gradient bias can partially compensate or in-
crease the wake bias when the engineering models are com-
pared with WREF.

At the coastal grid cell, the homogeneous inflow has a
higher wind speed compared to the WRF grid cell wind
speed, which adds to the wake bias and yields a larger total
power bias. Introducing heterogeneity reduces this larger in-
flow relative to WREF, thereby reducing the power bias. At the
offshore grid cell, the homogeneous inflow has lower wind
speeds compared to the WRF grid cell wind speed, which
compensates the wake bias and leads to a smaller apparent
power bias. Accounting for heterogeneity corrects the inflow
toward the WRF wind speed. This removes the compensat-
ing inflow error present in the homogeneous configuration,
revealing the full wake bias and therefore increasing the to-
tal power bias compared to WRF. These changes in bias thus
reflect the presence or removal of wind gradient bias com-
pensation in comparison to WRF.

Although bias response to the inclusion of inflow hetero-
geneity differs between regions, the spatiotemporally aggre-
gated comparison in Sect. 3.1 shows smaller biases com-
pared to WREF for the heterogeneous inflow setup. Account-
ing for heterogeneity reduces inflow biases associated with
wind speed gradients, while local increases or decreases in
bias partially cancel when integrated over the full wind farm
and year. As a result, the total bias is reduced compared to the
homogeneous inflow setup, even though heterogeneity can
locally increase the bias at individual grid cells. We nonethe-
less note that including heterogeneity is expected to improve
the physical realism of the modeling setup. Even in cases
where the apparent bias increases, the heterogeneous config-
uration remains more faithful to the underlying flow physics,
as it better represents spatial variability in the inflow. The re-
maining discrepancies therefore primarily reflect differences
in wake model response between the WRF-based inflow and
the engineering wake model implementation.
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Table 2. RZ, RMSE [GW], and mean bias [GW] for the different engineering wake models (without PE) compared against WREF, shown
for the four model setups: homogeneous, fixed TI; homogeneous, varying TI: heterogeneous, fixed TI: and heterogeneous, varying TI. Color
shading highlights relative performance ranking of the engineering wake models within each metric column (R2, RMSE, and mean bias for
a given inflow setup) ranging from dark red (worst) to light red, orange, yellow, light green, and dark green (best). Typographic emphasis
(best: bold; worst: italic and underlined) highlights the relative performance of the different inflow setups within a given engineering wake

model.

Homogeneous

Heterogeneous

Fixed TI Varying TI Fixed TI Varying TI
Model R? RMSE Bias R? RMSE Bias R?  RMSE Bias R? RMSE Bias
Gauss-BPA 0.845 0488 0218 0864 0457 0.207 0.858 0468 0.218 0.875 0439 0.207
Cumul. Curl 0.879 0432 0215 0.892 0407 0212 0892 0.407 0215 0905 0.383 0.213

Jensen k,, — 0.02 0.842  0.493

Jensen ky, = 0.04

0213 0839 0497 0211 0.853 0476 0.210 0.855 0472 0212

TurbOPark A = 0.04 _

TurbOPark A =0.06 0.858 0468 | 0255 0.866

0454 | 0.255 0.872 0.444

0.254 0.880 0.430 | 0.255

3.3 Internal and external wake energy losses
3.3.1 Spatiotemporally averaged wake energy losses

Beyond the total power metrics discussed in Sect. 3.1, the
separation of internal and external wake energy losses in Ta-
ble 3 makes it possible to investigate the contributions of
intra-farm and farm—farm wake effects explicitly. Table 3
shows, as presented earlier, that differences between differ-
ent engineering wake models and WRF are larger compared
to the different inflow setups within a given engineering wake
model and WRE. For the latter, variations between homoge-
neous and heterogeneous and between fixed and varying TI
are small and mostly within the uncertainty range.

For the internal wake energy losses, WRF predicts larger
losses (41.46 £0.24 %) than any engineering wake model
across all inflow setups, which range from approximately
22 % for the Jensen model with ky, = 0.04 to about 31 % for
TurbOPark with A = 0.04, the latter providing the closest
agreement with WRF. These results are consistent with the
spatiotemporally averaged power comparison in Sect. 3.1,
where internal wake effects dominate the overall power dif-
ferences between modeling approaches.

Also for the external wake losses, differences between the
engineering wake models and WRF are larger than the differ-
ences from different inflow setups within a given engineer-
ing wake model. While WREF yields an external wake loss of
4.00£0.10 %, the engineering wake models span from near-
zero or slightly negative losses for Gauss-BPA and Jensen to
approximately 2.5 % for the cumulative curl and TurbOPark
models. This range indicates that external wake energy loss
estimates of the engineering models relative to WRF are pri-
marily controlled by the wake model formulation. In particu-
lar, models explicitly designed to represent long-range and
cumulative wake interactions, such as TurbOPark and cu-
mulative curl, produce external wake losses that are closer
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to WREF than the more classical engineering formulations
(Nygaard et al., 2020). A previous study by Fischereit et al.
(2022b) has shown that WRF with Fitch et al. (2012) can
provide a more realistic representation of farm—farm wake ef-
fects under specific atmospheric conditions compared to en-
gineering wake models (Fischereit et al., 2022b). While these
findings cannot be directly generalized to the full-year sim-
ulations analyzed here, the closer agreement of TurbOPark
and cumulative curl with WRF suggests that these models
may be more suitable for representing farm—farm wake inter-
actions than the other engineering wake models considered in
this study.

Comparing internal and external wake energy losses
shows that although the absolute inter-model spread is larger
for internal wake losses (22 %—-31 %), the relative inter-
model variability is larger for external wake losses, which
range from negligible or slightly negative values to about
2.5 %. This highlights that the farm—farm wake estimates are
more sensitive to the wake model formulation than to the es-
timates of intra-farm wake effects.

The slightly negative external wake energy losses obtained
for Jensen with kyw = 0.04 and Gauss-BPA should not be
interpreted as physically meaningful negative wake losses.
These values occur only for engineering wake models pre-
dicting very weak external wake effects. Further investi-
gation is required to better understand the origin of these
slightly negative values.

3.3.2 Spatial patterns of wake energy losses

In Fig. 4, the yearly averaged results for WRF and the differ-
ent engineering wake models using the heterogeneous, vary-
ing TI setup are shown, together with the differences (in per-
centage points) in wake energy loss between each engineer-
ing model and WREF. Both the internal (Fig. 4a—m) and ex-
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Figure 2. Total power (GW) for the BE-NL offshore wind farm cluster for simulations without PE. Shown are WRF, the mean and envelope
of all engineering models (a, ¢, e), and the different configurations of TurbOPark with induction factor A = 0.04 (b, d, f). The top row (a,
b) shows weekly averages computed from 30 min data, the middle row (c, d) shows a 1-week zoom (1-7 July 2016) at 30 min resolution,
and the bottom row (e, f) shows a 12h zoom (3 July 2016) also at 30 min resolution. The zoom periods were selected to show periods with
the largest differences between WRF and the engineering wake models. The dashed box shows the time period zoom within the longer time
series. The bias is calculated as the engineering wake model minus WRE.

ternal (Fig. 4n—z) wake energy losses are presented together
with the performance metrics compared to WRF in Table 4.
For the internal wake losses, all engineering wake models
show enhanced wake energy losses in the interior of the wind
farm. While several models show comparable spatiotem-
poral mean internal wake losses in Table 3 (e.g., 30.13 %
for Gauss-BPA and 30.50 % for cumulative curl), their spa-
tial agreement with WRF differs substantially (R? = 0.588
vs. 0.893 from Table 4). In particular, the Gauss-BPA and
Jensen with ky =0.04 models have larger deviations and
thus lower spatial correspondence with WREF. These results
indicate that similar spatiotemporally averaged internal wake

Wind Energ. Sci., 11, 3295-3319, 2026

energy losses can arise even if the spatial distributions are
different. This difference may partly be related to local wind
farm density, as internal wake losses are largest in the densely
packed interior of the wind farm. TurbOPark and cumulative
curl reproduce both the magnitude (Table 3) and the spatial
pattern (Table 4) of the internal wake losses more consis-
tently compared to WRFE.

For the external wake energy losses, the spatial agreement
between WREF and the engineering wake models exhibits a
larger spread than for the internal wake energy losses, with
R? values ranging from 0.127 for Gauss-BPA to 0.952 for
TurbOPark with A = 0.04 (Table 4). Only TurbOPark and
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Figure 3. Grid cell power output (MW) at three representative locations within the BE-NL wind farm cluster for simulations without PE.
Panel (a) shows the locations of the selected grid cells, representing the farm center (circle) as well as coastal (pentagon) and open-sea
(star) regions. Panels (d), (b), and (f) show weekly averages computed from 30 min data, while panels (e), (¢), and (g) show a 12h zoom
on 3 July 2016 at 30 min resolution. Shown are WRF (without PE) and the mean and envelope of all engineering wake models grouped
by homogeneous and heterogeneous setups. The dashed box indicates the zoomed period within the full time series. Bias is defined as the

engineering wake model power minus WRF power.

cumulative curl reproduce spatial patterns that are similar
to WREF, whereas the other engineering wake models show
weak spatial correspondence and are not able to represent
the farm—farm wake. This was also represented by the spa-
tiotemporal results in Table 3.

3.3.3 Monthly farm wake energy losses variations

Figures 5 and 6 show the monthly variation in internal and
external wake energy losses from the engineering wake mod-
els, expressed as percentage point (pp) differences compared
to WREF. Results are shown for three groups: (a) compari-
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son of inflow conditions, (b) TurbOPark A = 0.04 configu-
rations, and (c) heterogeneous inflow with varying TI for all
engineering wake models. For both the internal and external
wake energy losses a seasonal pattern is present, with larger
differences between the modeling approaches during sum-
mer than during winter months. This is also visible in the
time series of total wind farm power and grid cell power, re-
spectively (Figs. 2 and 3).

For the internal wake energy losses (Fig. 5c), wintertime
model approach differences range from 4 to 20 pp, increas-
ing to 19-31 pp during the summer months, with differences
between engineering wake models themselves being larger
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Table 3. Spatiotemporal mean internal and external wake losses for WRF and the engineering wake models. Uncertainties denote the half-
width of the 95 % confidence interval obtained from 1000 bootstrap resamples. All values are given in percent.

Internal wake loss [%] External wake loss [%]

Homogeneous ‘ Heterogeneous ‘ Homogeneous ‘ Heterogeneous
Fixed TI  Varying TI | Fixed TI  Varying TI | Fixed TI Varying TI | Fixed TI Varying TI
WRF 41.46+£0.24 ‘ 4.00+0.10

Gauss-BPA 29.59+0.20 30.18+0.19 | 29.54+0.20 30.13£0.20 | —0.37£0.14 —-0.46+0.14 | —034+£0.14 —0.44+0.14
Cumulative curl 3043+0.21 30.58£0.21 | 30.36+0.21 30.50£0.21 | +2.59+£0.04 +2.65+0.04 | +2.56+0.04 +2.62+£0.04
Jensen ky, = 0.02 29.09+£0.22  29.21£0.22 | 29.18+0.21 29.06+0.21 | +0.15+0.10 +0.03+£0.10 | +0.024+0.10 +0.09 £0.10
Jensen ky = 0.04 22354021 22284+0.21 | 22.20+£0.20 22.29+0.20 | —0.26+0.10 —0.17£0.09 | —0.16£0.09 —0.22+0.10
TurbOPark A =0.04 31.274+0.22 31.244+0.22 | 31.25+£0.21 31.21+0.20 | 4+2.66+£0.04 +2.79+0.05 | +2.62+0.04 +2.754+0.04
TurbOPark A =0.06 27.35+0.20 27.314+0.20 | 27.31+0.19 27.274+0.20 | +1.76+0.03 +1.87+£0.03 | +1.73+£0.03 +1.84+0.03
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Figure 4. Temporal mean internal (a—g) and external (n—r) wake energy losses for WRF and all engineering wake models with the heteroge-
neous, varying TI inflow setup. The second (h-m) and fourth (u—z) rows show the corresponding differences in wake energy losses, expressed
in percentage points, between each engineering wake model and the WRF simulation for internal and external wake losses, respectively.

compared to differences from inflow setups. For the external
wake energy losses (Fig. 6¢), differences between modeling
approaches range from 1 to 6 pp in winter and increase to
4-11 pp in summer. Although these absolute differences are
smaller than those found for the internal wake energy losses
(Fig. 5¢), the external wake energy losses predicted by WRF
are also considerably smaller, resulting in larger relative dif-
ferences between the modeling approaches for external wake
energy losses. In addition, the spread between wake model
formulations is more pronounced for external than for in-
ternal wake losses, reflecting the higher sensitivity of farm—
farm wake interactions to engineering wake model formula-
tions. Some slight negative external wake energy losses are
observed during some periods and for certain models, con-
sistent with earlier findings; this needs further investigation.

Wind Energ. Sci., 11, 3295-3319, 2026

In Part 1 of this study, both internal and external wake
energy losses show seasonal variability, linked to changes
in wind speed and atmospheric stability. The results pre-
sented here in Figs. 5 and 6 further show that these summer
conditions are associated with increased differences between
WREF and engineering wake model estimates (modeling ap-
proaches) for both internal and external wake energy losses.
During summer, lower wind speeds and more frequent sta-
ble stratification lead to reduced turbulent mixing and slower
wake recovery, conditions that are accounted for in WRF
through stability-dependent planetary boundary layer param-
eterizations but are only indirectly represented in engineering
wake models. Consequently, these differences between mod-
eling approaches persist downstream and amplify deviations
in wake energy losses. Engineering wake models such as Tur-
bOPark and the cumulative curl model, which incorporate
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Table 4. R2, RMSE (pp), and mean bias (pp) for the different engineering wake models compared against WREF, shown for the heterogeneous
with varying TI inflow setup. Bias is defined as engineering model — WRF.

Internal wake loss [%]

| External wake loss [%]

Model R?> RMSE Bias | R?> RMSE  Bias
Gauss-BPA 0588 10.628  —9.848 | 0.127 4597 —4.151
Cumulative curl 0.843 10.593 —10.234 | 0.911 1.354 —0.952
Jensen ky, = 0.02 0.750 10315  —9.565 | 0.323 3425 —3.052
Jensen ky = 0.04 0526 16550 —15.875 | 0.200  3.718 —3.308
TurbOPark A =0.04 0.893 8432  —8030 | 0952  1.105 —0.959
TurbOPark A =0.06 0.864 12.087 —11.695 | 0.939 1912 —1.706

turbulence-dependent wake recovery and wake expansion,
tend to show closer agreement with WRF under these condi-
tions. In addition, turbines operate less frequently in above-
rated conditions during summer than in winter. Since wake
effects are reduced when turbines operate above rated wind
speed, agreement between WRF and engineering wake mod-
els is generally higher in winter, further contributing to the
increased spread observed in summer. The increased spread
observed in summer therefore suggests that improved rep-
resentation of atmospheric stability and its impact on wake
recovery in engineering wake models is key to reducing dis-
crepancies with WRFE.

3.3.4 Variation with atmospheric stability

Building on the seasonal analysis from Sect. 3.3.3, an explicit
investigation on how the internal and external wake energy
losses from the different modeling approaches behave across
atmospheric stability classes is discussed next (Fig. 7). How
these energy losses depend on atmospheric stability classes
for WREF has been discussed in Sect. 3.3 and 3.4 in Part 1 of
this study. In general, Fig. 7 shows that the differences be-
tween the modeling approaches are primarily driven by the
wake modeling formulation rather than by the inflow condi-
tions.

For the internal wake energy losses with heterogeneous,
varying TI inflow conditions (Fig. 7a), the uncertainty ranges
associated with the different engineering wake models show
partial overlap with the WRF modeling approach, especially
during unstable conditions. However, differences between
modeling approaches still remain present during stable con-
ditions. This confirms that there is an increased sensitivity
of wake recovery to stability under low turbulence regimes.
Under higher-turbulence conditions, turbulent mixing accel-
erates wake recovery, leading to closer agreement between
the modeling approaches. The same can be observed from
Fig. 7b, which isolates the effect of inflow conditions for
the TurbOPark model (A = 0.04). In both Fig. 7a and b, the
uncertainty ranges of the engineering wake models and of
the different inflow conditions, respectively, largely overlap,
making it difficult to identify a single modeling approach or
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inflow configuration that is consistently closer to WRF for
internal wake losses.

For the external wake energy losses when comparing the
different modeling approaches under heterogeneous, varying
TI inflow conditions (Fig. 7c), overlap between uncertainty
ranges is observed across multiple stability classes and not
only under unstable conditions, which was the case for inter-
nal wake energy losses. However, in contrast to the internal
wake energy losses, the engineering wake models themselves
no longer overlap consistently over all stability classes, indi-
cating a stronger sensitivity of external wake losses to the un-
derlying wake formulation. In particular, models that explic-
itly account for turbulence-dependent wake recovery and ex-
pansion, such as TurbOPark and the cumulative curl model,
show closer agreement with WRF across stability classes.

When isolating the effect of inflow conditions for the Tur-
bOPark model (Fig. 7d), the uncertainty ranges associated
with the different inflow configurations overlap with each
other, similarly to the internal wake energy losses (Fig. 7b).
Nevertheless, a slightly closer agreement with WRF is found
for varying TI inflow conditions compared to fixed TI inflow
conditions for stable atmospheric conditions.

Overall, this analysis provides a physical explanation for
the seasonal patterns discussed in Sect. 3.3.3, where larger
differences between modeling approaches were observed
during summer. The increased occurrence of stable atmo-
spheric conditions in summer enhances the sensitivity of
wake recovery to the specific wake formulation, particularly
for external wakes. As a result, discrepancies between WRF
and engineering wake models, and among the engineering
models themselves, become more pronounced under these
conditions, whereas during periods dominated by unstable
stratification the enhanced turbulent mixing leads to closer
agreement across modeling approaches.

3.4 Flow field

Two flow field snapshots are examined (Fig. 8), one case
in which the flow can be considered quasi-steady and an-
other in which the flow is strongly transient. We compare
the velocity fields (wind speed and direction) generated by

Wind Energ. Sci., 11, 3295-3319, 2026
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0.04) results for the same four inflow setups. (¢) All engineering wake models corresponding to the heterogeneous, varying TI setup.

the TurbOPark model (A = 0.04, heterogeneous inflow with
varying TI) with those produced by WRF for both situa-
tions. In Fig. 9, we observe that the first snapshot selected
(15 March 2016) demonstrates a relatively steady behavior of
both the wind speed and wind direction with a slow ramp-up
in wind power. The resulting uncertainty envelopes remain
quite narrow for both time series. In contrast, the second se-
lected case (8 November 2016) depicts much wider uncer-
tainty envelopes associated with a strong variability in the
mean wind, especially regarding wind direction.

In the steady case (15 March 2016), both the spatial veloc-
ity fields (Fig. 8a, b) and the time series (Fig. 9a) demonstrate
consistent behavior. The WRF and TurbOPark flow fields ex-
hibit similar velocity patterns: wake propagation signatures
are comparable in both models, while the background ve-
locity field in FLORIS also appears to be in good agreement
with WRE. This spatial agreement is reflected in the temporal
evolution of the power time series, and the power production

Wind Energ. Sci., 11, 3295-3319, 2026

predicted by TurbOPark shows good correlation with WRF
throughout the period. Although TurbOPark systematically
predicts higher power due to faster wake recovery, both mod-
els capture comparable temporal trends, confirming that the
quasi-steady flow assumption is valid in this case.

In contrast, the transient case (8 November 2016) ex-
hibits fundamentally different behavior. As a steady-state
model, FLORIS assumes that wakes propagate instanta-
neously across the whole domain along the wind direction
measured at the central probing location of the wind farm. As
a consequence, the wakes appear as coherent flow structures.
In WREF, however, no such coherent wake patterns can be
identified because of the strong flow heterogeneity and rapid
temporal evolution. In addition, the inflow velocity field used
to drive TurbOPark (i.e., the no-WF WREF velocity field) dif-
fers substantially from the velocity field simulated by WRF
when the wind farm is included, particularly during the tran-
sient event (Figs. 8c, d and 9b). For the steady case, the

https://doi.org/10.5194/wes-11-3295-2026
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flow far from the wind farm remains broadly similar between
FLORIS and WRE, indicating that the farm primarily affects
the flow through its wake while having a limited impact on
the surrounding large-scale flow field. In contrast, during the
unsteady case, significant differences are observed even far
from the farm. This suggests a stronger interaction between
wind farm wakes and the atmospheric flow during transient
conditions, for example through farm-induced blockage ef-
fects or changes in boundary layer mixing. As a result, the
no-WF WREF field used to drive FLORIS may no longer rep-
resent the actual inflow conditions experienced by the farm.
A quantitative attribution of these mechanisms would require
a dedicated comparison between no-WF and with(out)-PE
WREF simulations during transient periods, which is beyond
the scope of the present study.

This incapacity to account for the temporal evolution of
wakes is inherent to the steady nature of the typical engi-
neering wake models used in this study. The engineering
wake models in this study rely on steady, analytical formula-
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tions and do not resolve time-dependent atmospheric bound-
ary layer dynamics, advection, or turbulence transport. WRF
solves the unsteady governing equations and explicitly repre-
sents atmospheric transport processes, thereby capturing the
spatiotemporal evolution of flow structures and their impact
on power generation.

To assess the specific impact of these dynamically evolv-
ing conditions, a wind direction unsteadiness flag (WDgag)
is introduced to identify periods of strong directional vari-
ability. The flag is activated when the difference between the
local wind direction at the wind farm probing location and
the domain-averaged wind direction exceeds a predefined
threshold of 30°.

The annual time series are then analyzed for periods where
WDq,e =1 and where turbines are operating, assuming a
minimum wind-speed cutoff. This analysis indicates that
such strongly transient conditions are rare, accounting for
only approximately 2 % of the analyzed year. This confirms
that engineering wake models should exhibit good agreement

Wind Energ. Sci., 11, 3295-3319, 2026
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Figure 7. Spatiotemporal conditional averages of wake energy losses by atmospheric stability class (VS: very stable; S: stable; NN: near-
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with WRF for the vast majority of operational conditions.
Additionally, it is worth noting that turbines are often cur-
tailed or shut down during these transient events, further lim-
iting the practical impact of discrepancies observed in tran-
sient cases.

4 Conclusions

This study investigates how wake losses of an offshore wind
farm cluster depend on the modeling approach, motivated by
the lack of systematic, year-long comparisons between nu-
merical weather prediction models and fast running engineer-
ing wake models. By analyzing a meteorologically represen-
tative year for the planned Princess Elisabeth wind farm clus-

Wind Energ. Sci., 11, 3295-3319, 2026

ter and the existing BE-NL wind farm cluster and comparing
wake impacts simulated with WRF (Part 1) and commonly
used engineering wake models (Part 2), the current work pro-
vides a framework to evaluate the spread in predicted wake
effects at both the farm and farm—farm scale for both model-
ing approaches.

Engineering wake models (with different inflow setups)
are compared against WRF for total wind farm power pro-
duction. In general, engineering wake models predict higher
power production and therefore smaller wake losses com-
pared to WRE. Differences arising from the choice of engi-
neering wake model are larger than those due to inflow setup,
indicating that model formulation has a stronger influence on
total farm power estimates than the specification of inflow
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conditions. Among the considered engineering wake mod-
els, TurbOPark with A =0.04 shows the closest agreement
with WRE, and the inflow setup that more closely agrees with
WREF is the heterogeneous inflow and varying turbulence in-
tensity (TL).

Including inflow heterogeneity at the grid cell level can lo-
cally appear to reduce agreement with WRF; however, this
effect is caused by bias compensation. Specifically, wind
speed gradient bias (between WRF and the engineering wake
model) offset overestimations of power production inherent
to the engineering wake models, leading to an apparent im-
provement in agreement at specific locations. When consid-
ered in a spatially and temporally averaged sense, heteroge-
neous inflow configurations show a closer agreement with
WRE.

Separating wake losses into internal and external wake en-
ergy losses indicates additional differences between the two
modeling approaches (WRF vs. engineering wake models).
For both losses, differences between engineering wake mod-
els are larger than differences associated with inflow setup
when comparing to WRF. External wake energy loss esti-
mates have a larger spread between modeling approaches
than internal wake energy losses, reflecting the higher sen-
sitivity of farm—farm interactions to engineering wake mod-
els. Engineering wake models that account for turbulence
intensity variations, such as TurbOPark and the cumulative
curl model, tend to show closer agreement with WRF and
better reproduce the spatial patterns of wake effects. In con-
trast, engineering wake models with similar spatiotemporally
averaged internal wake energy loss estimates can still ex-
hibit weaker spatial correspondence with WRE, highlighting
that agreement in spatiotemporally averaged losses does not
mean that the internal wake energy spatial structure is cap-
tured.

Seasonal variations in wake losses are present across both
modeling approaches, with larger differences during summer
than winter. In summer there are lower wind speeds and more
stable atmospheric conditions (Part 1), under which wake re-
covery is reduced, and the sensitivity of engineering wake
model estimates to wake recovery is increased. Although ex-
ternal wake energy losses are smaller in absolute magnitude
compared to internal wake energy losses, the relative devia-
tions from WRF are larger, particularly during summer, be-
cause the external wake losses themselves are comparatively
small. The stability class analysis shows indeed that this sea-
sonal behavior is linked to stable atmospheric conditions, un-
der which differences between modeling approaches system-
atically increase. This confirms that atmospheric stability is a
dominant physical mechanism governing the spread of wake
energy loss estimates, explaining why discrepancies between
modeling approaches are largest during summer and why
models with an explicit turbulence-dependent wake recov-
ery show closer agreement with WREF, especially for external
wake interactions.

Wind Energ. Sci., 11, 3295-3319, 2026
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The flow field comparison depicts certain conditions under
which differences between the modeling approaches arise.
For quasi-steady flow situations, TurbOPark A = 0.04 repro-
duces the velocity deficit patterns of WRF. In contrast, un-
der strongly transient inflow conditions with strong changes
in wind direction, the steady-state assumptions used by en-
gineering wake models limit their ability to capture the dy-
namically evolving flow structures present in WRF, which
causes larger differences between the modeling approaches.
However, such transient conditions occur infrequently, sug-
gesting that the impact is limited for long-term wake studies.

While this comparison between modeling approaches pro-
vides insight into the spread of long-term wake estimates
and what drives them, targeted validation against long-term
observations will be required to determine which modeling
approaches most realistically represent intra-farm and farm—
farm interactions.

Appendix A: Impact of surrounding North Sea wind
farms on internal wake loss estimates

To assess whether the different treatment of surrounding
wind farms in WRF and the engineering wake models affects
the comparison of internal wake losses, an additional set of
FLORIS simulations was performed in which all North Sea
wind farms included in the WRF simulations were modeled.
The results were compared against the reduced baseline con-
figuration used throughout this paper, in which only the BE—
NL and PE clusters are included. The reduced configuration
contains 572 turbines, while the full North Sea configuration
contains 1504 turbines.

The power loss in the BE-NL cluster attributed to the ad-
ditional surrounding wind farms is defined as

Preq — Pns

APreq = x 100 %, (A1)

red

where Preq is the BE-NL cluster power obtained with the re-
duced configuration, and Pys is the BE-NL cluster power
obtained when all North Sea wind farms are included. Pos-
itive values of A Prq indicate that the omitted surrounding
wind farms introduce additional wake losses not captured by
the reduced configuration.

Figure Al shows A Peq as a function of wind direction
for an inflow wind speed of 8ms~!, chosen as a worst-case
scenario to maximize wake impacts. Only the homogeneous
FLORIS configuration with fixed turbulence intensity is con-
sidered. As expected, the impact of the additional wind farms
is negligible for wind directions between approximately O
and 230°, for which no major wind farms are located up-
stream of the BE-NL cluster. For westerly to northwesterly
directions (~ 240-350°), corresponding to inflow from UK
wind farm clusters, A P.q reaches up to 1.85% for Tur-
bOPark (A =0.04) and 0.93% for TurbOPark (A = 0.06)
while remaining below 0.17 % for the Gauss-BPA and Jensen
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Figure A1. Additional external power loss A P4 in the BE-NL
cluster resulting from the inclusion of all surrounding North Sea
wind farms in FLORIS, shown as a function of wind direction at
8ms~! for five engineering wake models under homogeneous in-
flow with fixed TI. The cumulative curl model is omitted due to
excessive computational cost on the full-domain configuration.

models. Since these directions are not dominant in the south-
ern North Sea wind climate, the annual-average contribution
is expected to be substantially smaller.

These results indicate that the omission of surrounding
North Sea wind farms in the reduced engineering model con-
figuration introduces only a limited bias in the estimated
wake losses of the BE-NL cluster. Consequently, the differ-
ences between WRF and the engineering wake models re-
ported in this paper cannot be explained solely by the differ-
ent treatment of surrounding wind farms, and the compari-
son of internal wake losses remains meaningful despite the
slightly different definitions.

Appendix B: Verification engineering wake models
and WRF

To ensure consistent results between the different modeling
approaches (i.e., engineering wake models and WRF), the
no-WF simulations from both approaches are compared. In
the no-WF simulations, wind turbines are not explicitly in-
cluded; instead, the power production is calculated from the
wind speed using the turbine power curve. Figure B1 com-
pares the total BE-NL cluster power estimated by the engi-
neering models with the power estimated by WREF. Overall
we can see that the cluster power estimated by WRF and
the engineering wake models are in close agreement, thus
validating that all inputs from WRF are fed consistently to
the engineering wake model setups. As expected, the ho-
mogeneous engineering setups exhibit a substantially larger
spread compared to the heterogenous setups. Incorporating

https://doi.org/10.5194/wes-11-3295-2026

spatial heterogeneity in the engineering models yields im-
proved agreement with WREFE. Indeed, the no-WF wind field
is not uniform and can vary substantially over large distances,
e.g., due to the presence of coastal gradients or mesoscale
weather systems. The remaining discrepancies between the
heterogeneous setups of the engineering wake models and
WREF arise from differences in how the inflow wind speed
is defined for the engineering wake models. Here, the wind
speed at 96 m is used, whereas in WRF the power is calcu-
lated using the wind speed at hub height, which is different
from turbine to turbine. This mismatch in reference height
explains the minimal remaining differences.

Wind Energ. Sci., 11, 3295-3319, 2026
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Appendix C: Spatiotemporally averaged power
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Table C1. RZ, RMSE [GW], and mean bias [GW] for the different engineering wake models (with PE) compared against WREF, shown for
the four model setups: homogeneous, fixed TI; homogeneous, varying TI; heterogeneous, fixed TI; and heterogeneous, varying TI. Color
shading highlights relative performance ranking of the engineering wake models within each metric column (R2, RMSE, and mean bias for
a given inflow setup) ranging from dark red (worst) to light red, orange, yellow, light green, and dark green (best). Typographic emphasis
(best: bold; worst: italic and underlined) highlights the relative performance of the different inflow setups within a given engineering wake

model.
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Model

Gauss-BPA

Cumul. Curl
Jensen 0.02
Jensen 0.04

TurbOPark 0.04
TurbOPark 0.06

Homogeneous

Heterogeneous

Fixed TI Varying TI Fixed TI Varying TI
R? RMSE R? RMSE  Bias R* RMSE Bias R?> RMSE Bias
0.754  0.600 0773 0575 0294 0768 0582 0303 078 0559 0294
0.848 0471 0.865 0444 0.235 - 0.448 0240 0.879 0421 0236
0792  0.551 0.792 (0552 0280 0.807 0531 0.280 0806 0532 0.287
0.882
0.808 0.529 0.822 0509 0.292 0.824 0507 0294 0.837 0488 0.293
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Appendix D: Time-dependent behavior
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Figure D1. Total wind farm power (GW) for the BE-NL offshore wind farm cluster for simulations with PE. Shown are WRF (without
PE) and the mean and envelope of all engineering models (a, ¢, e) and the different configurations of TurbOPark with induction factor
A =0.04 (b, d, f). The top row (a, b) shows weekly averages computed from 30 min data, the middle row (¢, d) shows a 1-week zoom
(1-7 July 2016) at 30 min resolution, and the bottom row (e, f) shows a 12 h zoom (3 July 2016) also at 30 min resolution. The dashed box
shows the time period zoom within the longer time series.
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Figure D2. Grid cell power output (MW) at three representative locations within the BE-NL wind farm cluster for simulations with PE.
Panel (a) shows the locations of the selected grid cells, representing the farm center as well as coastal and open-sea regions. Panels (d), (b),
and (f) show weekly averages computed from 30 min data, while panels (e), (¢), and (g) show a 12 h zoom on 3 July 2016 at 30 min resolution.
Shown are WRF (without PE) and the mean and envelope of all engineering wake models grouped by homogeneous and heterogeneous
setups. The dashed box indicates the zoomed period within the full time series. Bias is defined as the engineering wake model power minus
WREF power.
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Code and data availability. FLORIS v4.4 is available at https:
//github.com/NatLabRockies/floris (last access: 1 June 2026; Nat-
LabRockies, 2025).
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