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Abstract. Engineering wake models are routinely validated against SCADA measurements with discrepancies between pre-

dicted and observed power often attributed directly to limitations in the wake model itself or to inadequate calibration. Wind

farm power assessment however involves a sequence of processing steps, of which wake modelling is only the final stage.

Disagreement between predictions and observations may therefore stem from the wake-model physics itself but also from the

software implementation, the reconstructed inflow, or the atmospheric conditions sampled.5

This work aims to assess these different contributions independently by evaluating the entire wake modelling chain, from

wind-resource assessment to the final power estimation. SCADA data from two offshore wind farms, Westermost Rough and

Anholt, are processed using two independently developed filtering workflows and complemented with profiling LiDAR mea-

surements and 1km-resolution WRF simulations. The resulting inflow conditions are used to drive two wake models, Jensen

and TurbOPark, both sensitized to the ambient turbulence intensity. Three wake-modelling software packages are considered10

(FLORIS, PyWake, and FOXES) while WindIO is used to ensure identical inputs across all implementations.

The two SCADA-filtering workflows yield nearly interchangeable wind speed timeseries (bias ≤ 0.04ms−1, r ≈ 1), but

differ in wind direction by up to 7.27◦ at Anholt, likely due to differences in northing calibration procedure. For identical

inputs, software implementation alone produces bias spreads of up to 4% for TurbOPark, comparable to the effect of the wake-

model choice itself, while Jensen remains consistent across packages. Farm-level bias is further shown to be an insufficient15

performance indicator that should therefore be complemented by additional metrics such as farm-level RMSE, correlation, and

turbine-level statistics. Indeed, bias compensation can lead to near-zero farm-wide biases that hide binned farm-mean errors of

±5% and farm-MAE exceeding 20% under very stable or strongly heterogeneous inflow conditions. At the turbine-level, the

analysis highlights the need to account for local wind speed gradients when evaluating individual turbine power, establishing

clear spatial correlation between wind speedup maps and turbine power error spatial distribution.20

Overall, these results support a shift away from AEP-based validation toward time-series or condition-binned approaches.

They additionally motivate a better inclusion of physical phenomena such as heterogeneity-aware models. They finally call for

better community standards, through, e.g. the development of shared standards such as WindIO.
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1 Introduction25

Wind turbine wakes are the primary source of power losses in wind farms, with Annual Energy Production (AEP) losses as

high as 20 % for offshore sites (Lee and Fields, 2021). These wakes not only affect turbines operating within the same farm but

can propagate over extended distances, leading to significant inter-farm losses. Accurate prediction of these losses is therefore

a prerequisite for reliable wind farm design, yield assessment, and operational planning, and carries direct implications for the

economics of offshore wind (O’Malley et al., 2024).30

Despite the recent gain of popularity of large-eddy simulations (Jong et al., 2026) and mesoscale models (Rosencrans et al.,

2024; Porchetta et al., 2026), steady-state engineering wake models often remain the tool of choice for wake loss assessment.

These models typically describe the wake wind speed deficit as an analytical expression fitted to site data. Their conceptual

simplicity and low computational cost make them uniquely suited for applications requiring a high number of evaluations,

such as iterative energy yield assessment. Over the past decades, a rich landscape of wake deficit models has been developed,35

including the classical top-hat deficit formulation of Jensen (1983), the Gaussian formulation derived by Bastankhah and

Porté-Agel (2014), or the TurbOPark model (Pedersen et al., 2022). In parallel, efforts have focused on better capturing deep-

array effects through improved wake superposition schemes (Zong and Porté-Agel, 2020; Lanzilao and Meyers, 2021) and

parametrisations for wake-added turbulence (Crespo and Hernández, 1996). These models have progressively been assembled

into both open-source toolboxes - such as FLORIS(NREL, 2025), PyWake(Pedersen et al., 2023) and FOXES(Schmidt et al.,40

2023) - and commercial packages, contributing to their widespread adoption.

Over the years, wake models have been validated through numerous studies taking advantage of the growing availability of

Supervisory Control And Data Acquisition (SCADA) data, offering unprecedented insight into wind farm physics. An early

comparison led by Barthelmie and Jensen (2010) at the Nysted offshore wind farm revealed that engineering wake models

systematically underestimate deep-array wake losses, though Gaumond et al. (2014) showed that properly accounting for wind45

direction uncertainty closes much of the apparent model-observation gap. Hansen et al. (2012) further demonstrated a clear

dependence of wake-induced power deficits on atmospheric stability. More recently, Nygaard et al. (2022) validated TurbOPark

and Park against SCADA data from 19 offshore wind farms, quantifying their respective uncertainties and biases. Vollmer et al.

(2024) extended the benchmarking effort to farm-to-farm interactions at Sandbank and Dan Tysk, showing that engineering

models approximate overall wake losses well but systematically underestimate the increased losses under stable conditions.50

This validation effort has gone hand in hand with a quest for optimal recalibrated tuning parameters, ultimately leading to

the proposition of condition-dependent (Van Binsbergen et al., 2024) or even dynamic (Doekemeijer et al., 2019) wake model

calibration frameworks.

Indeed, the parameters of engineering wake models, often treated as universal, are in fact sensitive to the meteorological

conditions at the site. Atmospheric stability and Turbulence Intensity (TI) govern wake recovery rates (Hansen et al., 2012;55

Barthelmie and Jensen, 2010), with stable stratification producing longer, more persistent wakes (Platis et al., 2018, 2022), and
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seasonal or synoptic variability adding further structure (Rosencrans et al., 2024; Palatos-Plexidas et al., 2024). Additionally, at

coastal sites such as Anholt or Westermost Rough, inflow heterogeneity driven by land-sea gradients introduces another layer

of spatial complexity as reported by, e.g. , van der Laan et al. (2017), Ahsbahs et al. (2018) or Peña et al. (2018) for the Anholt

wind farm. Nygaard et al. (2022) additionally state that accounting for inflow heterogeneity is an essential component for a60

fair model comparison based on 19 offshore wind farms benchmark. These sensitivities imply that model performances are

inherently site- and condition-dependent, and that a single set of parameters cannot be expected to yield consistent accuracy

across diverse sites and atmospheric regimes.

A second, less recognised source of variability arises not from physics but from software. Mudafort et al. (2024) showed

that even when using the same wake model formulation, implementation choices, such as rotor-averaging methods, wake65

combination schemes, and near-wake treatment, introduce differences across software packages. This raises a fundamental

question for validation studies: when a model disagrees with observations, how much of the discrepancy originates from model

physics, how much from user’s implementation choices, and how much from the inflow and observational data used as inputs?

Addressing these questions requires to consider the entire wake modelling workflow and the subsequent validation proce-

dure, not just the wake model itself. Wake modelling for wind farm power estimation typically involves two main stages: wind70

resource assessment (WRA) and the wake modelling itself. WRA aims at characterising the inflow conditions. Its complexity

greatly varies depending on the data source: extracting point data from mesoscale simulations is relatively straightforward,

though it may require additional bias correction (Hahmann et al., 2020), while estimating the inflow state from SCADA

measurements requires extensive filtering to remove faulty measurements, curtailment periods, or abnormal operating condi-

tions. Light Detection And Ranging (LiDAR) systems complete the picture by resolving the flow over the full rotor-swept75

height, and are now mature enough to serve as reference instruments (Clifton et al., 2018). Yet, they remain spatially punctual,

weather-dependent, and subjected to well-documented biases in the retrieved turbulence statistic (Kelberlau and Mann, 2020).

Regardless of the data source, the modeller must make a series of informed choices when designing the setup, for example,

which thresholds to use for flagging abnormal turbine operation or how to filter the data temporally.

The accuracy of the resulting power estimates depends not only on the WRA methodology but also on the engineering80

wake model itself, which is subject to its own limitations as discussed above. Each step of the workflow therefore introduces

additional sources of uncertainty depending on the modeller’s choices and the limitations of the tools used. In this work, we

distinguish four main source of uncertainties:

– Inflow uncertainties: variations in derived inflow conditions resulting from different WRA strategies, in particular from

different SCADA-processing workflows;85

– Wake-model uncertainties: differences in power predictions between wake models;

– Implementation uncertainties: differences arising from distinct software implementations of the same wake model;

– Condition-dependent uncertainties: differences in wake-model accuracy depending on the atmospheric state, such as the

evolution of power prediction bias across stability classes.
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Most existing validation studies address these workflow layers simultaneously so that their relative contribution to the global90

error cannot be evaluated separately. A first step toward a more systematic decomposition was made by Lejeune et al. (2026),

who applied two independent SCADA filtering workflows and three software implementations of two wake models to the

Westermost Rough offshore wind farm. That study found TurbOPark AEP spreads of up to ±1% across software for identical

inputs, and direction-dependent power discrepancies of 1-2 % between filtering workflows. It further showed that the Weather

Research and Forecasting (WRF) mesoscale model provides a reasonable mean inflow estimate but lacks the temporal accuracy95

of SCADA-derived conditions, and that the wake model error correlates with atmospheric stability and wind direction. The

analysis was, however, limited to a single wind farm, two wake models operating at fixed ambient TI, and a single year of data.

The present paper extends this work along three dimensions. First, the analysis is expanded both spatially and temporally:

the Anholt wind farm is included in the study while the Westermost Rough analysis is revisited, extending it to two years

of data. This paper consequently covers contrasting North Sea and Kattegat environments with different turbine types and100

layouts. Second, the wake models are sensitized to the ambient TI, allowing them to better respond to changes in atmospheric

state compared to the original study where the TI was initially held constant. Third, the contextual analysis of prediction

errors is extended to include horizontal flow heterogeneity, highlighting its intricate interplay with wake recovery. Together,

this extended analysis shall allow to gain a better understanding of the uncertainties involved in wake model validation with

SCADA data by systematically decomposing the different steps of the workflow.105

The remainder of the paper is structured as follows. Section 2 describes the SCADA, LiDAR, and WRF datasets for both

wind farms. Section 3 details the SCADA filtering workflows and the wake-modelling framework. Section 4 analyses and

compares the inflow conditions derived from the different sources. Section 5 presents the wake modelling results, including

the impact of atmospheric stability and flow heterogeneity on prediction errors. Section 6 discusses the impact of the different

sources of uncertainties on the overall wake modeling workflow accuracy, and Section 7 summarises the main conclusions.110

2 Dataset descriptions

This paper studies two offshore wind farms operated by Ørsted: Westermost Rough and Anholt. Figure 1 shows the layout of

both farms along with the mean hub-height wind speed field retrieved from WRF (see Sect. 2.3 below for a comprehensive

description of the WRF setup).

Westermost Rough is located off the east coast of the UK and consists of 35 Siemens Swt-6.0-154 turbines. With a hub115

height of 102 m, each turbine has a nameplate capacity of 6.0 MW, summing up to a total installed capacity of approximately

210 MW. The coastline lies approximately 7 km to the west, inducing strong coastal velocity gradients for westerly winds

as visible in Fig. 1. To the east, a large open-sea fetch extends unobstructed. Westermost Rough was additionally built in

the vicinity of the Humber Gateway wind farm, located to the south-east and consisting of 73 Vestas V112-3.0 MW turbines

totaling 219 MW. In addition to the LiDAR and SCADA data provided by Ørsted, this study makes use of 1 km-resolution120

WRF mesoscale simulations conducted within the scope of the EU Horizon project DTWO (DTWO Consortium, 2024; Larsén

and the DTWO Consortium, 2025).
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Anholt is located in the Kattegat, between the Djursland peninsula and Anholt island, approximately 20 km from shore. With

111 Siemens SWT-3.6-120 turbines and a total installed capacity of 400 MW, it was the largest wind farm in Denmark until

2019. The Siemens SWT-3.6-120 has a rated power of 3.6 MW and a hub height of 82 m. To the west of the wind farm lies125

the Danish coast, while an approximately 100 km long open-sea fetch extends to the north-east with the Anholt island the only

obstacle. As for Westermost Rough, both site measurements (SCADA and LiDAR) and WRF mesoscale data are used.

The remainder of this section describes the different datasets used: field data (SCADA and LiDAR) is first introduced, after

which the WRF simulation framework is presented.

Figure 1. Wind farm layouts: mean hub-height WRF wind speed field for the dominant wind direction ±15◦ (255◦ for Westermost Rough and

285◦ for Anholt) with turbine positions overlaid. (Left) Westermost Rough, and the neighboring Humber Gateway wind farm parametrized

using Fitch et al. (2012). (Right) Anholt. [▲] LiDAR position. [×] Farm barycenter.

2.1 SCADA datasets130

The SCADA data were provided by Ørsted in the form of 10-minute aggregated records for both wind farms. This raw SCADA

data was later processed through two independent SCADA-filtering workflows as discussed in Section 3.1. These workflows

are named after the institutions that developed them, namely the VKI and IWES workflows.

For Westermost Rough, the dataset covers the complete calendar years 2016 and 2017. For Anholt, the dataset spans Septem-

ber 2013 to June 2015, with varying data availability across the period.135
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For each turbine, the following channels are used in the present study: (i) mean active power output, P̄10min (ii) mean

nacelle anemometer wind speed, ū10min, (iii) standard deviation of nacelle anemometer wind speed, σu,10min, (iv) mean

nacelle orientation, used as a proxy for the incoming wind direction ϕ̄10min, and (v) mean blade pitch angle, β̄10min.

The SCADA-TI is then derived as:

TI10min =
σu,10min

u10min
. (1)140

2.2 LiDAR datasets

In addition to the SCADA measurements, profiling LiDAR measurements were made available at each wind farm to provide

hub-height wind speed and direction timeseries. The measurements origin from Leosphere WindCubes, installed on the roof

of the offshore substations (OSS) of each wind farm, each scanning across 12 vertical levels (up to ≈ 320m). The LiDAR

positions are indicated in Fig. 1 as red triangles. For each level, the mean and standard deviation of the horizontal wind speed,145

ūH,10min and σuH ,10min along with the wind direction, ϕ̄10min are retrieved as 10-minute aggregated data. Their value at hub

height is then estimated based on a simple linear interpolation while TI10min is computed based on Eq. 1 but using uH as a

proxy for the streamwise wind speed thus slightly diverging from the earlier definition.

At Westermost Rough, the LiDAR was installed on the OSS at 53◦48′18′′N, 0◦07′59′′E. The measurement campaign ran

from 13 January 2016 to 6 December 2017, with scarce data availability over the period (Fig. 4). The LiDAR being located150

inside the wind farm, all its measurements are waked.

At Anholt, the LiDAR was installed at 56◦35′44′′N, 11◦09′10′′E, on the OSS at the western edge of the array. The mea-

surement campaign spans 1 January 2013 to 31 December 2014 with mostly continuous availability over the period. Due to its

location, some of the LiDAR measurements are affected by the wind farm wake, especially for easterly winds.

2.3 WRF datasets155

To complement the SCADA and LiDAR site measurements, this study also makes use of mesoscale data generated within the

DTWO project (Fischereit et al., 2026; DTWO Consortium, 2024; Larsén and the DTWO Consortium, 2025) . Specifically,

WRF simulations were performed over the North Sea for two periods: a two-year period covering 2016-2017 for Westermost

Rough, and a simulation covering July 2013 to June 2014 for Anholt.

2.3.1 WRF setup160

The WRF setup consists of three nested domains with horizontal grid resolutions of 9, 3, and 1 km. Runs are executed in 8-day

batches with a 1-day overlapping spin-up period. All neighboring wind farms commissioned during or before the simulation

periods (e.g. Humber Gateway) are included using the Fitch parameterisation (Fitch et al., 2012), while Westermost Rough

and Anholt themselves are not modeled. ERA5 reanalysis provides boundary conditions every 6 h, and spectral nudging is

applied in the outermost domain to constrain atmospheric features with horizontal scales larger than 200 km. The other physical165

parameterizations used in the simulations are: short- and long-wave radiation following the RRTMG scheme (Iacono et al.,
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2008), planetary boundary layer represented by the Mellor-Yamada-Nakanishi-Niino scheme (Nakanishi and Niino, 2006),

surface layer using the Monin-Obukhov Janjić Eta scheme (Janjić, 1994), Noah (Chen and Dudhia, 2001) land surface model,

convection following the Kain-Fritsch scheme (Kain, 2004), and microphysics using the WSM 5-class scheme (Hong et al.,

2004).170

2.3.2 WRF features

These WRF datasets are used to derive the atmospheric features and subsequently correlate wake models performance to the

atmospheric state through these labels. Virtual probes are placed at the barycenters of both wind farms, to extract the local WRF

values of the freestream wind speed, wind direction, turbulence intensity, and stability class; their hub-height wind velocity

fields are also extracted. While SCADA data are available at a 10-minute resolution, WRF simulations were exported at a175

30-minute resolution. All results reported here are subsequently aligned (i.e. no averaging) to the 30-minute timestamps and

processed accordingly.

Atmospheric shear and veer are neglected: the flow is assumed horizontally homogeneous at the rotor scale. Stability classes

are inferred from the inverse Monin-Obukhov length (RMOL= 1/L) following the classification of surface layer stability

provided in Table 1.180

Stability class Abbreviation Range of L [m]

Very Stable VS 0≤ L < 50

Stable S 50≤ L < 200

Near-Neutral Stable NNS 200≤ L < 500

Neutral N |L| ≥ 500

Near-Neutral Unstable NNU −500≤ L <−200

Unstable U −200≤ L <−100

Very Unstable VU −100≤ L < 0

Table 1. Atmospheric stability classification based on the Monin-Obukhov length (L).

Complementary to the stability class, a time-varying TI is estimated from the WRF data following Larsén (2024), which

proposes to use the Kaimal turbulence spectrum to approximate the wind speed component standard deviations, σu, σv , and

σw, at given heights and wind speeds. Empirical ratios between σu and the other components then allow the turbulence kinetic

energy (TKE) extracted from WRF to be converted into the along-wind standard deviation. The ambient TI is estimated as

TI =
σu

u
=

1

u

√
2TKE

1+α−1 +β−1
, (2)185

with u the time-averaged hub-height wind speed (consistent with u defined in Section 3.2) and α and β empirical, height- and

wind-speed-dependent coefficients determined from Kaimal turbulence spectra.
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Finally, flow heterogeneity is quantified by two velocity gradient indicators: an along-wind gradient α∥ and a cross-wind

gradient α⊥. Both are estimated at each time step by fitting a plane to the hub-height velocity field sampled at the WRF grid

points located within the farm footprint. Denoting by ui and uc the hub-height wind speed at the ith WRF grid point and at190

the barycenter of the wind farm respectively, the plane coefficients (αx,αy) are obtained by least-squares minimisation of the

wind speed residuals:

R(αx,αy) =

Ngp∑
i=1

[ui − (uc +αx (xi −xc)+αy (yi − yc))]
2
, (3)

where Ngp is the number of WRF grid points within the farm polygon and (xc, yc) is the position of the barycenter of the wind

farm. The along- and cross-wind gradients are then obtained by projecting (αx,αy) onto the WRF-derived freestream wind195

direction ϕ at the same timestamp:

α∥ = −αx sinϕ−αy cosϕ, α⊥ = αx cosϕ−αy sinϕ. (4)

Residuals are tracked to ensure the quality of the fit. Homogeneous inflow corresponds to α∥ = α⊥ = 0, whereas deviations

from zero reflect the presence of mesoscale gradients.

3 Methodology200

The different sources of uncertainties presented in the introduction are assessed by running the workflow under different

configurations (e.g. with WRF or SCADA-filtered inflow data, or across FLORIS, PyWake, and FOXES) and comparing the

resulting power estimates to quantify variability across workflows.

The following subsections describe the SCADA-filtering and wake modelling stages of the workflow in detail.

3.1 SCADA filtering205

The first stage of the workflow consists of filtering the raw SCADA data to retrieve filtered turbine power production as

reference data for model validation. In addition, ambient wind speed u, wind direction ϕ and Turbulence Intensity TI timeseries

are derived directly from the nacelle measurements. The ambient timeseries are intended to represent the freestream inflow

conditions at the wind farm for each timestamp, and are used both as model input and for binning the results.

No standardised process exists to derive the inflow states from the SCADA data. The approach in this paper is to derive them210

independently at two of the contributing institutes: at Fraunhofer IWES with an internal toolchain (Vollmer et al., 2024), and

at VKI with a workflow based on the open-source FLASC (Fleming et al., 2022) toolchain. This makes it possible to assess the

portion of uncertainty in the validation reference and the inflow wind that arises solely from differences in raw data processing.

The process of filtering the power production involves identification of the turbine operating status using the available

SCADA channels. One by-product of the filtering are nacelle-anemometer or SCADA power curves derived from the filtered215

power data. As the filtering process differs between the institutes, the resulting SCADA power curves can also slightly differ.
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Figure 2. SCADA-driven wake model validation workflow. The WRA stage (labelling/filtering) can be substituted with WRF or LiDAR

inflow data without modifying the downstream stages. The calibration block (greyed out) is shown for completeness but is outside the scope

of this paper.

For deriving the ambient wind timeseries, the nacelle measurements of wind speed and wind direction undergo several

quality controls and correction methods. The two SCADA-processing workflows are explained in more detail in the following

sections.

3.1.1 Fraunhofer IWES workflow220

The in-house workflow at Fraunhofer IWES has been developed in the context of commercial projects and has, for example,

been used for model validation in the German X-Wakes project (Vollmer et al., 2024). It follows a three-step procedure designed

to generate timeseries of corrected wind speed and direction at each turbine, as well as an estimate of the turbines’ power

production under 100 % availability. The three steps are:

1. flagging turbine performance that deviates from standard operating conditions;225

2. correcting wind direction and wind speed during standard operation;

3. gap-filling all three parameters during periods flagged as having deviating performance.

Turbine underperformance is identified using variance filters and polygon filters in wind-speed-power and pitch-power space.

Wind speed and wind direction measurements are flagged and filtered for implausible values and trends between consecutive

timestamps. Flagged wind speeds are also flagged in the power signal for turbine underperformance.230

Wind direction measurements are corrected for two main error sources, temporal inconsistency and incorrect north-reference

calibration, using a FOXES wake simulation as a reference.
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The gap-filling approach is closely aligned with the German TG10 guideline (FGW, 2024), which involves discarding all

meteorological measurements during turbine downtimes and replacing them with corrected external data. In this workflow,

100 m wind speed from ERA5 is used as the external data source. A correction to the specific wind conditions at each turbine235

is applied by training a k-nearest-neighbours algorithm on periods of standard operation, using wind direction and month of

the year as input features.

Freestream conditions are obtained by averaging the previously corrected wind direction over all turbines, and the wind

speed over only those turbines classified as free from wake effects. The classification is based on a wake model run for each

wind direction, which identifies turbines unaffected by internal wakes and therefore suitable as freestream reference points.240

3.1.2 VKI workflow

The in-house workflow at VKI is based on the open-source FLASC (Fleming et al., 2022) toolchain and aims to generate a

consistent, filtered SCADA dataset together with representative freestream inflow conditions. It follows a four-step procedure:

1. preprocessing and filtering of raw SCADA data;

2. correction of wind direction measurements (northing calibration);245

3. consistency filtering across turbines;

4. determination of freestream conditions from upstream turbines.

Raw SCADA data are first converted into the FLASC internal format and subjected to a sequence of filtering steps. For each

timestamp, measurements with missing values in wind speed or power are discarded, as are non-physical values (e.g. negative

or unrealistically large wind speeds). Data are further filtered based on turbine operating conditions, including minimum power250

thresholds and curtailed operation. Sensor-stuck faults are identified using a standard-deviation threshold applied over three

consecutive measurements. Finally, outliers in the power curve are removed using an iterative, median-based filtering approach.

No gap-filling is performed, and filtered data points are excluded from further analysis.

Wind direction measurements are subsequently corrected through a multi-step northing calibration procedure. First, the

consistency of directional offsets between turbines is evaluated to detect temporal discontinuities. A homogenization with the255

HOGER method (NatLabRockies, 2026; Fleming et al., 2022), developed within the TWAIN project, is then applied to remove

relative temporal variations in turbine northing calibration. For a single turbine, the residual steady offset is corrected by align-

ing the energy-ratio curve derived from the filtered SCADA data with the corresponding curve obtained from FLORIS wake

model simulations, yielding a reference wind direction. Subsequently, the remaining turbine-specific biases are estimated using

this reference as an initial guess and corrected through alignment of energy-ratio curves. Additional consistency checks account260

for inter-turbine dependencies: measurements from a given turbine are flagged as invalid if upstream turbines influencing its

operation are themselves flagged as faulty.

Freestream conditions are derived using a wake-model-based classification of upstream turbines. FLORIS simulations are

performed over the full wind rose using an enlarged wake expansion coefficient to conservatively identify turbines operating in
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unwaked flow. For each timestamp, wind direction is first averaged across all turbines to obtain a farm-level reference direction,265

after which the upstream wind direction, wind speed and TI are computed by averaging only the turbines classified as upstream.

The power curves derived from the VKI-filtering workflow are shown in Fig. 3 for both sites.

Figure 3. SCADA-derived power curves from the VKI-filtering workflow: (Left) Westermost Rough. (Right) Anholt.

3.2 Wake modelling

The freestream inflow is parametrised in terms of a single freestream hub-height wind speed, u, wind direction, ϕ, and tur-

bulence intensity, TI, per timestamp. The turbine power curves are constructed from the filtered SCADA data while the270

thrust curves are retrieved from publicly available data sources (Bulder et al., 2016; Lanzilao and Meyers, 2021; wind-

turbine-models.com, 2026; commissie mer, 2021). Wind farm simulations are performed using the open-source toolboxes

FLORIS (NREL, 2025), PyWake (Pedersen et al., 2023) and FOXES (Schmidt et al., 2023) with the Wind Farm API (WIFA) (Quick

et al., 2024, 2025) ensuring consistent input data across the three software packages. The wake models are run in a quasi-steady

configuration and ignoring turbine downtimes and other abnormal operations: all turbines are considered as running according275

to their power curve. While WRF velocity field would allow to drive the wake model run using a heterogeneous inflow, the

inflow derived from the SCADA data does not. All simulations are therefore performed using an homogeneous inflow configu-

ration for a fairer inter-inflow comparison. Two wake models are considered: Jensen (Jensen, 1983) and TurbOPark (Nygaard

et al., 2020).

Perhaps as the most classical engineering wake model, Jensen (Jensen, 1983) assumes that the wake expands as a cone with280

a fixed linear expansion coefficient kwk. In this study, the original Jensen model is adapted to account for the effect of TI on

the wake recovery following:

kwk = kwk,TI TI (5)

where kwk,TI = 0.67 is a calibration parameter as proposed by EMD International A/S (2025). For a standard offshore TI of

6%, this corresponds to kwk = 0.04, which is the default value used for offshore conditions in the original Jensen model. Wakes285

are superimposed quadratically in the simulations with the Jensen model, using the freestream velocity as the reference (Katic

et al., 1987).
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The TurbOPark model (Pedersen et al., 2022) was specifically developed to mitigate excessive wake recovery over long

downstream distances through a modified turbulence recovery scheme. The model uses a non-linear wake expansion sensitive

to the local TI and its downstream decay:290

dσwk(x)

dx
= ATIeff(x) = A

√
TI2 +TI2wk(x), (6)

where σwk denotes the characteristic wake width and A is a calibration parameter. The effective local turbulence intensity,

TIeff(x), at downstream distance x is obtained as the quadratic sum of the ambient turbulence intensity TI and the wake-added

turbulence intensity TIwk(x), whose evolution is modelled following Frandsen (2007). The TurbOPark model is run with the

default expansion coefficient A= 0.04 and with quadratic superposition of wake deficits, using the freestream velocity as the295

reference.

Both models are fed with a basic set of model parameters defining the wake model through the WIFA interface. Most

notably, rotor averaging is performed on a 3×3 grid, centered at the turbine hub with no correction for shear or veer. The

complete set of parameters used is reported in Appendix A. In this study, it is not further investigated how these parameters

are interpreted internally by each software package, and which default settings are used for parameters not explicitly specified.300

The model outputs are therefore expected to differ both from each other and from the canonical formulations in the original

model references. This residual variability is part of the inter-software uncertainty assessed in Sect. 5.2.

3.3 Metrics

Three performance metrics are used throughout this study: they are first applied to the cross comparison of the inflow state

inferred from different data sources and then to the assessment of the wake model power estimates with reference to the SCADA305

data. The performance metrics considered are the bias, b, the root mean square error (RMSE), ε, and the Pearson correlation

coefficient, r. For power, b, ε, and r are computed using power normalized by the rated power, P ∗ = P/Prated [-]. For inflow

estimation, the same metrics are computed from the differences between the estimated and reference inflow variables. Metrics

are evaluated at the wind farm-level by first computing them for each turbine and then averaging across all turbines.

4 Analysis of the different inflow sources310

This section discusses the inflow characterisation at both sites. The atmospheric features derived from the WRF simulations are

first presented in Section 4.2, providing insight into the local flow physics at Westermost Rough and Anholt. The consistency

of these WRF-derived features with the SCADA and LiDAR field measurements is then assessed in Section 4.3.

4.1 Data availability

The monthly data availability for both sites is summarised in Fig. 4 (bottom). For the SCADA data, data availability is defined315

as the fraction of turbines from which exploitable power measurements were retrieved after filtering for any given timestamp.
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For the WRF and LiDAR data, data availability at a given timestamp is either 100% or 0%, depending on whether valid wind

speed and direction measurements are available. All data availability metrics are averaged over one-month windows.
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Figure 4. Data availability: monthly fraction of turbines with exploitable SCADA measurements, and binary availability of WRF and LiDAR

data. (Top) Westermost Rough. (Bottom) Anholt.

4.2 WRF-derived features

The WRF labels presented in Section 2.3 allow to better understand the wind climatology at both site and build insight from320

about large scale trends, unavailable to the punctual SCADA measurements. These labels are shown in Fig. 5 where the wind

rose, stability rose and wind speed gradients directional distributions are reported.

At Westermost Rough (Fig. 5, top row), winds are predominantly from the south-west with a sharp peak around 250◦ (West-

South-West). Unstable conditions dominate the stability rose while stable conditions occur predominantly for winds with an

onshore component. Both the mean cross-wind gradient α⊥ and the along-wind gradient α∥ remain small in the easterly325

sector, consistent with the long and homogeneous sea fetch in that direction. By contrast, larger mean gradient magnitudes are

observed in the westerly sector, indicative of the upstream presence of land and of the flow adjusting to the reduced surface

roughness of the offshore environment. The wake signature of the neighbouring Humber Gateway wind farm is also clearly

visible around 165◦ (South-South-East) as a sharp peak in cross-wind velocity gradient.

Similar observations can be made from the directional distributions at Anholt (Fig. 5, bottom row). Winds blow predomi-330

nantly from a south-easterly to north-westerly sector with unstable conditions dominating the stability rose. Fewer homoge-
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neous conditions are encountered than at Westermost Rough, probably as a result of the larger spatial extent of the Anholt

farm. Onshore sectors are nonetheless associated with overall higher gradients, while a significant dip in cross-wind gradient

is observed to the north-east, in the direction of Anholt island.

Figure 6 finally reports the joint distribution of the WRF-derived ambient TI and stability class at both farms. A near-linear335

dependence is visible at both sites, with TI decreasing from approximately 10-12 % in very unstable conditions to 3-4 % in

very stable conditions. The bin-mean values are TI = 7.3% at Westermost Rough and 8.8% at Anholt. The distribution at

Westermost Rough is bimodal and somewhat more spread across stability classes than at Anholt where the bulk of the data

is concentrated around near-neutral conditions. This is consistent with the literature where mean TI values in the range of

5-8% are frequently reported (e.g. Larsén et al. (2026); Hansen et al. (2012)). The default value TI = 6 % often considered as340

representative of offshore conditions for engineering wake-model studies (e.g. Doekemeijer et al. (2022); Van Binsbergen et al.

(2024)) therefore lies below the timeseries-mean at both sites. Figure 6 nevertheless shows that it corresponds approximately

to the TI associated with neutral conditions. While selecting this default value, TI = 6 % allows the atmospheric-related

uncertainty to be assessed in an unbiased way with respect to stability, it might consequently introduce a small negative bias

from an AEP perspective.345
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Figure 5. WRF-derived directional distributions: (Left) wind speed rose. (Center) stability rose. (Right) along- and cross-wind gradient

components: mean value (full line) and P10 and P90 (shaded area). (Top) Westermost Rough. (Bottom) Anholt.
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Figure 6. Joint distribution of turbulence intensity and stability class for (Left) Westermost Rough and (Right) Anholt. Marginal distribu-

tions: stability class (Bottom) and TI (Right). Dashed red line indicates the mean TI.

4.3 Comparison of derived features across inflow sources

As discussed previously, the definition of the inflow remains ambiguous, with each WRA methodology suffering from its own

limitations. In an attempt to mitigate workflow-dependent uncertainties, we assess the variability across the different inflow

sources available, namely SCADA-VKI, SCADA-IWES, LiDAR, and WRF. This comparison is shown in Figs. 7 and 8 for the

two sites and for wind speed and wind direction, respectively. The upper part of these plots provides pairwise performance350

matrices for each metric, while the lower part shows the corresponding pairwise correlation scatter plots. Prior to comparison,

all timeseries are temporally aligned on the WRF timestamps. For the LiDAR data, timeseries are split between waked and

unwaked timestamps. For Anholt, all LiDAR timestamps with a wind direction within [180◦,340◦] are flagged as unwaked

while, at Westermost Rough, all LiDAR timestamps are marked as waked since the LiDAR is located inside the farm. For a

fair comparison, waked conditions are shown in the correlation scatter plots but are excluded from the performance matrices of355

Anholt. Still, for Westermost Rough, the performance matrices are computed including waked conditions as discarding them

would essentially remove all available data points from the comparison.

We computed b , ε and r for each pair of sources, with the x-axis source as reference, i.e. positive b indicates that the y-axis

source overestimates the x-axis source. Better performance corresponds to lighter colour shades in the matrices.

Considering wind speed and direction, the scatter plots (Figs. 7 and 8, bottom panels) reveal distinct behaviours depending on360

which inflow pairs are compared. The SCADA-SCADA panels collapse onto the 1:1 line at both farms for both the wind speed

and wind direction meaning the two filtering workflows produce nearly interchangeable inflow timeseries. For the LiDAR, the

wind direction based filtering creates a sharp cutoff between waked and unwaked condition in the wind direction correlation

plot. Simultaneously, the transition from waked to unwaked conditions appears as a diffuse shift in the wind speed scatters.
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Figure 7. Wind speed performance matrices and correlation plots for (Left) Westermost Rough and (Right) Anholt. The cells of the perfor-

mance matrices follow the same ordering as the correlation plots. (Top per panel) Pairwise performance matrices: b [m s−1], ε [m s−1], and

r [-] across all inflow sources. Each cell shows the metric for the y-source relative to the x-source. (Bottom per panel) Pairwise correlation

scatter plot; blue: unwaked conditions; orange: waked conditions.
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Figure 8. Wind direction performance matrices and correlation plots for (Left) Westermost Rough and (Right) Anholt. The cells of the

performance matrices follow the same ordering as the correlation plots. (Top per panel) Pairwise performance matrices: b [◦], ε [◦], and r

[-] across all inflow sources. Each cell shows the metric for the y-source relative to the x-source. (Bottom per panel) Pairwise correlation

scatter plot; blue: unwaked conditions; orange: waked conditions.
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Wind speeds are underestimated by the LiDAR for waked conditions at below-rated speeds and converge back toward the 1:1365

line from rated. Once waked timestamps are excluded, the scatter recenters onto the diagonal. The WRF panels show a broader

cloud at both sites, indicating a substantial loss of temporal correspondence, though the cloud remains centered on the 1:1 line.

The wind speed performance matrices (Fig. 7) quantitatively confirm these observations. The SCADA intercomparison (up-

per triangle) shows excellent agreement. Inter-workflow biases are 0.04m s−1 at Westermost Rough and Anholt, with RMSE

values of 0.34 and 0.38m s−1 respectively and near-perfect correlation (r ≥ 0.99). These biases are all the more small when370

compared to typical nacelle anemometer measurement uncertainties of order 0.1m s−1 (Beltrán et al., 2013). For the LiDAR,

the wind speed bias reaches −0.47m s−1 at Westermost Rough (where waked timestamps are retained) and −0.28m s−1 at

Anholt (where they are excluded), with correlations remaining high (r ≥ 0.94). The WRF row shows that the wind speed bias

flips sign between sites: WRF overestimates at Westermost Rough (up to +0.29m s−1) and underestimates at Anholt (down to

−0.50m s−1) compared to the SCADA data. WRF’s RMSE is essentially independent of the reference (ε≈ 2.05-2.12m s−1375

at both farms compared to the SCADA) when excluding waked conditions. Finally, slightly degraded wind speed correlations

are noted, r ≈ 0.85-0.89, when comparing WRF to the SCADA sources.

For wind direction (Fig. 8), the SCADA intercomparison reveals a small bias of −1.99◦ at Westermost Rough (RMSE

10.48◦, r = 0.92) whereas a much larger bias of 7.27◦ is reported at Anholt (RMSE 15.55◦, r = 0.95). This discrepancy at

Anholt likely reflects differences in per-turbine northing correction between the two workflows. The LiDAR wind direction380

biases follow a similar trend with lower biases observed at Westermost Rough (|b| ≤ 0.98◦). Despite its waked conditions,

the LiDAR is able to capture the wind direction with good agreement with the SCADA data. At Anholt, the bias between the

LiDAR and the SCADA-IWES wind direction is smaller (b=−2.18◦) than between the LiDAR and the SCADA-VKI data

(b= 5.32◦). The WRF wind direction bias remains small at Westermost Rough (|b| ≤ 2.24◦) but reaches almost 11◦ at Anholt

while RMSE stays close to 30◦ at both sites, and correlations ranges between 0.69 and 0.80.385

The TI comparison is less conclusive, primarily because no unambiguous TI baseline can be defined. Each source resolves

turbulence over a different averaging volume and with a different sensitivity to local flow features: the nacelle anemometers

sit downstream of the rotor, the profiling LiDAR are subject to probe-volume averaging and cross-contamination, and the

WRF does not resolve fine-scale turbulence. A rigorous cross-source assessment would therefore require dedicated corrections

for each instrument, which is beyond the scope of this work. In the absence of a true reference, and since the LiDAR-WRF390

agreement becomes reasonable once waked conditions are excluded, the WRF-derived TI is retained as the reference in the

following. The pairwise correlation plots and performance matrices supporting this choice are reported in Appendix B.

Overall, Figures 7 and 8 support the view that, even though WRF lacks the temporal accuracy of the SCADA-filtered

datasets, it provides a reasonable estimate of the mean wind speed and direction and can be used as a proxy for large-scale

flow features. Only two inflow sources are retained for the wake modelling results of Section 5: a SCADA-Merged, dataset,395

which provides the best temporal accuracy, and a WRF dataset. The SCADA-Merged dataset, hereafter referred to as SCADA

dataset, is constructed by averaging the SCADA-VKI and SCADA-IWES on a time step basis. However, only the wind speed

and wind direction are directly estimated based on the SCADA-data. Due to the high sensitivity of wake model to the inflow

TI and the large variability of the TI estimates across sources, the WRF-derived TI is indeed retained for both inflow source
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thus overriding the SCADA-derived TI. A similar approach was notably used by Mayol et al. (2026) who used synthetic WRF400

TI measurements for WRA.

5 Wake modelling results

The wake modelling framework introduced in Section 3.2 is now applied to both wind farms. The resulting power timeseries

are compared against the SCADA reference. This comparison addresses three key questions: How does the workflow affect

the wake model performance metrics? To what extent does the atmospheric state influence the accuracy of the wake model405

results? And how do these discrepancies appear in the temporal evolution of the power timeseries across seasonal and diurnal

timescales?

5.1 Baseline reference power

The operational flags considered are normal operation, curtailed, power-boost, downtime, and invalid. Each SCADA-filtering

workflow may however use a different methodology to derive turbine operational flags. As a result, one workflow may classify410

a given timestamp as downtime, while another may classify the same timestamp as invalid. This can lead to different sets of

valid timestamps and, consequently, different reference power timeseries.

After verifying the consistency of the turbine operational flags, the outputs of both workflows are merged to define a common

set of valid timestamps. For a given timestamp, if the two SCADA workflows agree on the turbine’s operational status, the

corresponding power value is retained in the reference timeseries. If the workflows disagree, the timestamp is flagged as415

invalid. This merged reference power timeseries is referred to as SCADA.

Timestamps associated with widespread turbine unavailability or operational disruptions within the windfarm could signif-

icantly skew the error-metric assessment if included as-is. Two filtering steps are therefore applied to the merged reference

power timeseries: at the turbine-level, any power measurement not classified as normal operation is discarded, i.e., set to NaN.

At the farm-level, all turbine power measurements for a given timestamp are discarded if more than 75 % of them are simul-420

taneously classified as neither normal operation nor power-boost condition, since they are unlikely to be representative of a

standard wind farm operation. Power-boost measurements are nonetheless kept as boosting means small power increments

without substantial effects on the turbine’s thrust coefficient curve, and, as consequence, on wake effects between neighboring

turbines.

5.2 Wind-farm performance metrics425

The performance matrices are shown in Figs. 10 and 11 for Westermost Rough and Anholt, respectively. Comparable to the

analysis of the inflow, b [-], ε [-], and r [-] are reported. Power is normalized by the rated power, P ∗ = P/Prated [-] prior to any

metric computation. For each cell, the metrics are computed at the turbine-level and then averaged over the wind farm, allowing

each turbine to weight uniformly in the error, regardless of its data availability. The first column, framed in black, compares
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each wake model run to the SCADA reference power while the remaining cells correspond to inter-model comparisons. Results430

for Jensen and TurbOPark are reported separately.

5.2.1 Comparison of modelled power against the SCADA reference

The comparison first focuses on the modelled power against the SCADA reference, i.e. on the framed column of the matrices.

Figure 9 provides a qualitative comparison of the wake model powers against the reference SCADA power. The trends observed

are the same across the two sites. The SCADA-derived inflow leads to better results than WRF, an observation then validated435

by the performance matrices in Figs. 10 and 11. Biases remain very small thanks to farm-level averaging and to the filtering

applied by the power curve. Correlations remain above 0.93 with respect to the SCADA reference, slightly lower than for the

inflow itself.

The WRF-driven results follow the same general trend but exhibit higher RMSE and lower correlation. Interestingly, the bias

is not consistently better for the SCADA inflow: WRF-driven results even show slightly improved bias at Westermost Rough for440

the TurbOPark model, nearing zero bias. However, even for this specific case, concluding that WRF outperforms SCADA would

be misleading since the RMSE and correlation are worse for WRF than for the SCADA inflow. This apparent bias improvement

may stem from WRF’s wind speed bias compensating for intrinsic wake model bias in specific cases. This observation strongly

supports moving away from AEP-based validation toward time-series validation, as AEP-based approaches focus solely on

mean total bias and thus neglect much of the problem’s physical complexity.445

5.2.2 Inter-model and inter-software comparison of the modelled power

Focusing on the inter-model comparison, little can be inferred from the scatter plots alone (Fig. 9): the Jensen and TurbOPark

point clouds look similar. The performance matrices however reveal clear differences in the behaviour of the two models.

The Jensen model exhibits homogeneous performance across software implementations with a maximum variability of 0.01

across software packages, confirming the consistency of this simple model across toolboxes. This is not the case for TurbOPark450

whose more complex implementation results in substantial inter-software variability in the metrics despite all inputs through

WindIO being equal. For instance, at Anholt, the bias spans −0.02 to +0.02, with respect to the SCADA, across the three

software implementations. Being more complex than Jensen, TurbOPark requires a larger number of implementation choices,

each of which may influence the final result. Differences may therefore emerge from elements such as the details of wake

superposition or rotor-averaging algorithms. The correlation and RMSE are however more uniform across software and inflow455

choices. Jensen appears to slightly outperform TurbOPark when investigating the RMSE and Pearson correlation, but these

differences are too small to be really conclusive.

These observations additionally highlight an important methodological point: while accurate WRA is a necessary step to-

ward reliable yield assessment, the uncertainty arising from the wake modelling procedure, down to the choice of software

implementation, can be nearly as impactful as the WRA choice itself. With identical inputs and identical models, different soft-460

ware implementations yield noticeably different results. This calls for caution when reusing wake model parameters calibrated

in a different software environment, as the optimal values may not necessarily transfer.
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Figure 9. Power pairwise correlation scatter plots, SCADA against wake model (Jensen and TurbOPark, averaged over all software pack-

ages): (Top) Westermost Rough. (Bottom) Anholt. (Left) SCADA-derived inflow (Right) WRF-derived inflow. The solid line marks the 1:1

line.

5.3 Impact of atmospheric conditions

Figures 12 and 13 compare the SCADA reference power to the mean across all software implementations and wake models

for different atmospheric states. For the sake of conciseness, only the SCADA inflow source is analysed here. Since no strong465

overperformer was identified in the previous section, the results for all software implementations and wake models are averaged

together.

The matrices are constructed in three steps. First, the data are binned according to the chosen pair of atmospheric labels.

Each bin, denoted Bi, consists of a set of NBi
timestamps sharing the same pair of atmospheric labels. Wind speed, u, and

wind direction, ϕ, are taken directly from the SCADA-derived inflow, whereas quantities not directly retrievable from field470

measurements, namely the atmospheric stability class and the wind speed gradient magnitude |α|=
√

α2
∥ +α2

⊥ (defined in

Eqs. 3-4), are recovered from the WRF datasets. It should be reminded that the WRF-derived labels are proxies for the actual

atmospheric state rather than direct measurements and that some timestamps may therefore be misclassified when binned based

on this data.

Within each bin, the mean error is first computed individually for each turbine wt:475

ewt(Bi) =
1

NBi

∑
t∈Bi

(
Pwm
wt (t)−P SCADA

wt (t)
)
=

1

NBi

∑
t∈Bi

(∆Pwt(t)) , (7)
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Figure 10. Westermost Rough, power performance metrics: (Top) Jensen model. (Bottom) TurbOPark model. Power is normalised as

P ∗ = P/Prated [-]. Bias b [-], RMSE ε [-], and Pearson correlation coefficient r [-] are reported for each pair of inflow sources and software

implementations.

where Pwm
wt (t) and P SCADA

wt (t) denote the normalized wake-modelled and reference power at turbine wt and timestamp t,

respectively. As discussed in Section 5.1, only timestamps and turbines classified under normal operation are retained at this

stage. The per-turbine errors are then aggregated over the Nwt turbines of the farm:

Emean(Bi) =
1

Nwt

Nwt∑
wt=1

ewt(Bi), and EMAE(Bi) =
1

Nwt

Nwt∑
wt=1

|ewt(Bi)|, (8)480

so that all turbines contribute equally to the aggregated metric: 1
NB

∑
iEmean(Bi) = b/ Now considering a bin, Ball, covering

all samples available, the time-averaged farm-bias is recovered so that Emean(Ball) = b while ewt(Ball) is simply the time-

averaged bias of turbine wt.

The resulting binned power errors are shown in Figs. 12 and 13. The farm mean Emean (top panels) provides an indication

of the total wind farm error within the selected bin (i.e. bias). Since averaging errors across the wind farm causes bias compen-485
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Figure 11. Anholt, power performance metrics: (Top) Jensen model. (Bottom) TurbOPark model. Power is normalised as P ∗ = P/Prated [-

]. Bias b [-], RMSE ε [-], and Pearson correlation coefficient r [-] are reported for each pair of inflow sources and software implementations.

sation between turbines, the farm-Mean Absolute Error (MAE) EMAE (middle panels) is added. Finally, the sample count NBi

in each bin is reported in the bottom panels, and bins with NBi < 50 are discarded to ensure sufficient statistical convergence.

Figures 12 and 13 reveal a more nuanced picture than that presented in Section 5.2. The global metrics hinted at good farm-

level performance when feeding the wake model with the SCADA-derived inflow. The binned metrics, on the other hand, tell

a less favourable story. The farm mean error generally oscillates between roughly −5% and +5% across most bins, partly490

averaging out over the wind rose. At around ≈ 10% on average, the farm-MAE is more in line with the RMSE values reported

in Figs. 10 and 11. This agreement nevertheless degrades sharply for some conditions, reaching more than 20% at Anholt

under very stable conditions or highly heterogeneous inflow. While this confirms the ability of engineering wake models to

capture general power production trends, it also highlights their limited fidelity when finer-grained conditions are considered.

This limitation should be kept in mind given the growing interest in using such models for applications that demand turbine-495
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Figure 12. Westermost Rough, binned power error: farm mean Emean (Top row) and farm-MAE norm EMAE (Middle row) [%], and sample

count NBi (Bottom row), as a function of (Left) wind direction vs. stability class, (Center) wind speed vs. stability class, and (Right) wind

speed vs. gradient magnitude |α|.
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Figure 13. Anholt, binned power error: farm mean Emean (Top row) and farm-MAE EMAE (Middle row) [%], and sample count NBi

(Bottom row), as a function of (Left) wind direction vs. stability class, (Center) wind speed vs. stability class, and (Right) wind speed vs.

gradient magnitude |α|.
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level or temporally-resolved power estimates, such as adequacy studies (e.g. O’Malley et al. 2024) or fatigue load assessment

(e.g. Frandsen 2007; Patel et al. 2026).

Both farm-mean and farm-MAE errors concentrate in the [8-12] m s−1 wind speed range, which corresponds to the wake-

loss regime near rated operation, where small velocity errors translate into the largest power errors. Below this range, power

production is low, leading to high relative errors but negligible absolute errors. Above it, turbines transition to rated operation500

and power output becomes essentially independent of small wind speed variations. The error around rated conditions is never-

theless smaller than in previous investigations by the authors (Lejeune et al., 2026), which relied on publicly available power

curves. This improvement is largely due to the use of SCADA-derived power curves which are intrinsically more consistent

with the rest of the workflow. This stresses again the importance of methodological coherence across the full processing chain.

5.3.1 Impact of stability505

For both wind farms, Figures 12 and 13 reveal a dependence of the wake model error on atmospheric stability. A similar

trend is visible at both wind farms with power bias increasing when moving from unstable to stable conditions. Unstable

stratification enhances turbulent entrainment and therefore accelerates wake recovery, leading to higher actual power than

predicted (Hansen et al., 2012; Platis et al., 2022). Conversely, stable stratification suppresses entrainment and slows wake

recovery, leading to lower actual power than predicted. Given the clear dependence of the WRF-derived TI on stability, the510

wake models can be considered stability-dependent. The results however show, that the observed dependency of losses to the

atmospheric stability exceeds its parameterization in the models. This might be addressable with a site-specific calibration of

the wake model recovery rate parameters or the access to more accurate TI estimates.

Some key differences appear between the two sites. First, the stability dependence is more pronounced at Anholt, reaching

up to Emean ≈ 15% under very stable conditions, which we partially attribute to its larger number of turbines and the resulting515

stronger cumulative wake effects. A second notable difference emerges when binning the data by wind direction and stability.

At Anholt, the impact of stability is approximately uniform across wind direction and wind speed bins. At Westermost Rough,

the picture is more contrasted. For the offshore sector [60-180◦], the error shifts from positive (overestimation in VS) to near

zero (in VU), while for the land sector [210-330◦] it shifts from slight underestimation (in VS) to stronger underestimation

(in VU). The relative impact of stability is therefore preserved across sectors, but the absolute error level differs, hinting at a520

direction-dependent offset. Likewise, while the farm-MAE is uniform across stability bins at Westermost Rough, it shows a

strong stability dependence at Anholt reaching up to 25% in very stable conditions for the [10-12 m s−1] bin. This is again

consistent with the higher number of turbines and the stronger sensitivity of cumulative wakes to a misrepresented recovery

rate.

5.3.2 Impact of flow heterogeneity525

The first observation when binning by wind speed and gradient magnitude is the difference in the total count distribution

between the two farms (bottom-right panels of Figs. 12 and 13). At Anholt, the distribution is more compact, consistent with

its larger spatial extent and longer distance from shore. At Westermost Rough, larger gradient magnitudes are reached, partly
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because fewer WRF grid points are included in the smaller farm footprint and partly because of the closer proximity to the

coast.530

The farm mean error Emean is mostly insensitive to gradient magnitude at Westermost Rough and shows some dependence

to it at Anholt. The farm-MAE panel, on the other hand, shows a clear transition toward higher EMAE with increasing gradient

at Anholt, from approximately 10% at low |α| to 20% at high |α| in the rated region. A similar but weaker trend is observed

at Westermost Rough, from approximately 7.5% to 12.5%. The weaker response at Westermost Rough, despite its larger

absolute gradients, largely reflects the difference in farm size: along its main axis, Anholt extends over more than three times535

the distance of Westermost Rough, so a given gradient produces a larger wind speed difference across the farm. Even at zero

gradient, the farm-MAE remains high, indicating that inflow heterogeneity is not the dominant driver of the wake model error,

though it does contribute to it.

The need to account for inflow heterogeneity is confirmed by Figs. 14 and 15 which report the spatial distribution of the

per-turbine time-averaged power error, ewt =∆Pwt, for specific wind direction bins and compares it to the per-turbine time-540

averaged wind speedups, µwt = uwt/uc, as extracted from the WRF runs. The wind speedups are obtained by normalizing the

wind speed retrieved at the turbine location uwt by the wind speed at the barycenter of the wind farm, uc. The analysis focuses

on the [8-12 m s−1] wind speed range, where gradients have the strongest impact on the power error. For each farm, results

are shown for four wind direction bins: [30-60◦], [120-150◦], [210-240◦], and [300-330◦]. Each scatter is complemented by a

directional indicator reporting, for each bin, the extent of the bin studied, the mean wind direction of the inflow ū, the mean545

wind-speedups gradient direction, ∇µwt, and the mean power error gradient direction, ∇ewt. Consistent with the wind speed

gradient definition, the power error and wind-speedups gradients are obtained by projecting the per-turbine quantity onto the

WRF grid and evaluating the mean spatial gradient over the farm footprint.

Two distinct idealized power-error patterns can be distinguished from these maps as reported on Fig.16. The first appears

when the power-error gradient and the wind-speedups gradient are aligned but of opposite sign (Fig.16 (a)). This configuration550

emerges when the wake model fails to capture the inflow heterogeneity: the wind-speedups gradient points toward the region

of increasing wind speed, where the homogeneous inflow underestimates the actual wind speed, leading to an underestimation

of the power on that side of the farm and vice versa. The second pattern (Fig.16 (b)) arises when the power-error gradient is

aligned with the wind direction with negligible wind speed gradient, which is a signature of wake superposition effects. In this

case, the error is dominated by the downstream accumulation of wake losses that are not properly captured by the wake model,555

producing an along-wind error gradient. In practice, the two effects are often superimposed and modulated by their respective

strengths (Fig.16 (c)), leading to more complex error patterns as already noted by e.g. Ahsbahs et al. (2018)

Several general comments can be made based on Figs. 14 and 15. First of all, at both farms and across all sectors, the

lowest per-turbine errors are consistently found on the upstream row. This is a direct consequence of the SCADA-based inflow

derivation procedure: the freestream wind speed is estimated from the upstream turbines, so that once fed back through the560

SCADA-derived power curve, these turbines yield near-zero bias by construction. The error then grows moving downstream,

reflecting the progressive accumulation of wake model inaccuracies. This is not the case for the WRF-driven results (not
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Figure 14. Westermost Rough, per-turbine mean power error, ewt, for u ∈ [8,12]m s−1, model-averaged, for four wind direction sectors :

30-60◦, 120-150◦, 210-240◦, and 300-330◦. Each panel includes a directional indicator showing the sector extent (shaded blue area), the

mean wind direction (blue arrow), the mean wind speedups gradient direction (red arrow), and the mean power error gradient direction

(yellow arrow), together with the corresponding mean wind speedups gradient and power-error gradient magnitudes.

shown), where the error is more uniformly distributed across the farm with no clear upstream-downstream pattern and an

overall degraded performance since the WRF inflow is extracted at the barycenter of the wind farm.

Additionally, a remarkable agreement is observed between the WRF-derived wind-speedups and the SCADA-derived power565

error across most sectors and for both wind farms. This confirms that, despite being only a numerical proxy for the real data,

WRF still captures the large-scale spatial trends relevant to wind farm performance. These observations however slightly vary

depending on the farm considered.

Westermost Rough (Fig. 14) experiences strong coastal gradients due to its proximity to the coast with limited wake ef-

fects due to it relatively small size. Only the offshore sector [30-60◦] is associated with homogeneous wind speeds: it yields570

a negligible wind speed gradient (|∇µwt|= 0.03% km−1), yet a clear along-wind power error gradient persists (|∇ewt|=
0.35% km−1). This gradient shows near-zero bias for upstream turbines but shifts toward negative values downstream, likely

resulting from improper wake superposition as described by the simplified case (b). As visible from the speedup maps, the

three remaining sectors all experience a strong coastal gradient (|∇µwt| ≥ 0.39% km−1), resulting in a high power error gra-

dient over the wind farm. The [120-150◦] and [300-330◦] sectors correspond to the simplified case (a) identified earlier with575

wind-speedups and power error gradients of opposite sign. Their power error then appears clearly driven by the lack of het-

erogeneous inflow in the proposed wake modeling setup. The onshore sector, [210-240◦], on the other hand, presents a similar
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Figure 15. Anholt, per-turbine mean power error, ewt, for u ∈ [8,12]m s−1, model-averaged, for four wind direction sectors : 30-60◦, 120-

150◦, 210-240◦, and 300-330◦. Each panel includes a directional indicator showing the sector extent (shaded blue area), the mean wind

direction (blue arrow), the mean wind speedups gradient direction (red arrow), and the mean power error gradient direction (yellow arrow),

together with the corresponding mean wind speedups gradient and power-error gradient magnitudes.
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Figure 16. Idealised power-error patterns for a theoretical wind farm. Markers denote turbines coloured by their mean power error ewt,

positive values indicating power overestimation. Dashed lines are iso-speed contours of the background wind speed field, coloured by the

local wind speed u. The mean wind direction ϕ, the wind speedups gradient ∇µwt, and the resulting power error gradient ∇ewt are shown as

full arrows. (a) ∇ewt aligned with ∇µwt but of opposite sign, the signature of an inflow heterogeneity dominated error. (b) Uniform inflow,

with ∇ewt aligned with the wind axis as wake losses accumulate downstream. (c) Both mechanisms acting together.

configuration but aligned with the main wind direction, thus potentially adding a wake modeling bias on top of the one induced

by flow heterogeneity, corresponding to (c).

Figure 17 extends this comparison from the four selected bins to the full wind rose. It demonstrates quantitatively the link580

between the derived wind speedup gradient and the power error gradient across all wind direction bins. Both the along- and

cross-wind components of the wind speedup and of the power error show a similar evolution across the wind rose, confirming

that flow heterogeneity acts on top of wake modeling as one of the main driver of the spatial distribution of the power error.

At Anholt (Fig. 15), a strong spatial correlation is again observed between the speedups and power error maps. This corre-

lation however does not translate quantitatively into the metrics studied. All sectors demonstrate some degree of heterogeneity,585

with wind-speedups gradients spanning 0.13 to 0.48% km−1 against 0.03 to 1.46% km−1 at Westermost Rough. For all sectors

but the [300-330◦] one, the power error gradient is roughly aligned with the wind direction but of opposite sign hinting that

some of the power losses can be blamed on the intrinsic limitation of the wake model in computing deep-array effects. This

is particularly apparent for the south-westerly sector [210-240◦], which combines the largest wind speed gradient of the farm

(|∇µwt|= 0.48% km−1) with the smallest power error gradient (|∇ewt|= 0.17% km−1), suggesting that the heterogeneity590

and wake superposition effects partially compensate each other for this sector. Conversely, for the north-westerly sector [300-

330◦], a marked power overestimation is observed on the south-west side of the farm transitioning to underestimation on the

north-east side, consistent with the direction of the wind speed gradient and similarly to what was observed at Westermost
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Figure 17. Directional distributions of the wind-speedup and power-error gradients, for u ∈ [8,12]ms−1, model-averaged: −∇µwt (dark

red, left axis) and ∇ewt (orange, right axis), both in %km−1. Median (full line) and P25 and P75 (shaded area). (Top) along-wind component.

(Center) cross-wind component. (Bottom) gradient magnitude.

Rough. These observations are consistent with past investigations led at Anholt, with Peña et al. (2018) reporting that explic-

itly accounting for the horizontal wind-speed gradient in AEP calculations had a limited impact on the total yield at Anholt,595

though affecting the individual turbine power error.

Figure 17 is less conclusive for Anholt than it was for Westermost Rough. The correlation between the two binned sequences

largely erodes despite the good visual match between the speedups and power error maps observed on Fig. 15. The link between

the wind-speedups gradient and the power error gradient can nonetheless be spotted for the cross wind component over the

[225-60◦] window with coinciding peaks over the two sequences. Several causes explaining this degraded match could be600

hypothesized: a less Cartesian layout, more intricate wake interactions, or the more complex structure of the flow caused by

the larger spatial extent of the wind farm. All of these ultimately challenge the linear nature of the proposed approach, making
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it less adequate for this specific case rather than truly questioning the actual impact of the heterogeneity on the wake model

accuracy.

Taken together, the spatial maps confirm that wake superposition and inflow heterogeneity are two distinct mechanisms605

contributing to the per-turbine error: the former produces a downstream error pattern aligned with the wind direction, while the

latter produces a flow asymmetry tied to the coastal gradient. The wake superposition is a long-standing limitation of analytical

wake models, already studied by many authors (Zong and Porté-Agel, 2020; Lanzilao and Meyers, 2021). On the other hand,

capturing inflow heterogeneity requires either a spatially-resolved inflow source such as WRF (Nygaard et al., 2022), a flow

model that resolves the coastline explicitly van der Laan et al. (2017) or space- and time-resolved inflow maps from dedicated610

field campaigns (Ahsbahs et al., 2018).

The coexistence of both mechanisms has direct implications for calibration. As illustrated at Anholt, heterogeneity and wake

superposition errors can partially compensate each other. A wake expansion coefficient kwk tuned on such a sector would mix

together two opposing biases and is unlikely to transfer to other conditions. The south-easterly sector of Westermost Rough

[120-150◦] raises another concern. There, the observed gradient is caused by both the land-sea roughness transition and the615

wake of the neighbouring Humber Gateway wind farm. A single gradient indicator cannot split these contributions. These

observations motivate the need for heterogeneity-aware calibration strategies that distinguish coastal effects from farm-to-farm

interactions.

5.4 Temporal distribution of power error

Although AEP has historically been the primary performance metric for wind farm assessment, the industry is increasingly620

shifting toward time-series-based approaches. This shift reflects evolving operational concerns, notably the growing relevance

of grid integration and balancing requirements (e.g. O’Malley et al. 2024). Figure 18 examines the temporal accuracy of the

wake model predictions by binning the farm mean power error per 2 h blocks and per month. For each farm, three panels

are reported: the power error obtained with the SCADA inflow, the same quantity for the WRF-derived inflow, and the mean

stability class according to WRF. It should be noted that the available data spans two years for Westermost Rough but less than625

one year for Anholt so that the statistics presented below may not be fully representative of a typical meteorological year. The

goal of this section is not to exhaustively discuss the climatology of these sites but rather to quantify what their seasonal and

daily variability implies for the accuracy of the wake modeling workflows.

Since the conditions encountered are not uniform across the year, the error does not average out when binned on a temporal

basis, resulting in varying power biases fluctuating with the atmospheric conditions. At Westermost Rough, the summer months630

are associated with stable conditions, the sea surface remaining colder than the above air. This triggers less wake recovery and

hence stronger wake losses, a mechanism not fully captured by the wake models as already evidenced in Sec. 5.3.1. A similar

but weaker pattern emerges on the diurnal axis: in summer, night-time is associated with lower air temperatures while the

sea temperature remains mostly constant triggering close to neutral conditions. The resulting variation in wake losses is fully

captured by neither the SCADA nor the WRF-driven setup with respective time-binned errors spanning −5% to +2% and635

−7.5% to +10%. These values are significantly higher than what would be expected from an AEP perspective and may
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seriously hinder the ability of wake model to deal with applications where temporal accuracy is required. The model behaves

best in the mid-season where the bias is negligible and worst in winter when the relatively warm sea triggers unstable conditions.

The Anholt site is characterized by a different wind climatology, yet the same general conclusions hold regarding the behavior

of the wake model though more extreme bias fluctuations are encountered over the year: −2.5 to +3% and −10 to +3%640

On top of being higher than its SCADA-counterpart, the WRF-derived power bias is especially interesting to investigate.

Indeed, the same WRF-derived turbulence intensity is used to generate both the WRF- and SCADA-derived inflows, so that the

difference between the two upper panels originates solely from the estimations of the wind speed and direction of the inflow.

Additionally, the binning is purely temporal and does not involve stability in any way. Yet, a strong visual correlation persists

between the patterns of the middle and bottom panels indicative of a stability-dependent accuracy of the WRF inflow.645
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Figure 18. Temporal distribution of power error: (Left) Westermost Rough. (Right) Anholt. (Top) farm mean power error for the SCADA-

derived inflow [%]; (Middle) farm mean power error for the WRF-derived inflow [%]; (Bottom) corresponding atmospheric stability class

as retrieved from WRF. Both power error histograms are shown as a function of month and 2 h period of the day and model- and software-

averaged.

6 Discussion

Connecting back to the initial identification of uncertainty sources in the modelling workflow, the results of Sects. 4 and 5

allow their relative importance and degree of interaction to be assessed. A visual synthesis is additionally provided by Fig. 19,
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which reports the distribution of the per-timestep farm power bias for every combination of inflow source, turbulence intensity

treatment, wake model and software implementation. Complementary to the simulations driven by the synthetic WRF turbu-650

lence intensity, results obtained with a fixed value of 6% are also reported. Both the timeseries-based median and mean are

reported on this figure, the former being equal to the values reported in the power performance matrices.
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Figure 19. Binned bias distribution for different combination of inflow/wake model/software package: violin plot of the timeseries of the

power biases. Median (thick black line) and mean (white circle) of the timeseries bias. Upper and lower horizontal mark indicate the 5% and

95% bounds. (Top) Westermost Rough and (Bottom) Anholt.
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6.1 Inflow uncertainties

The two SCADA-filtering workflows produce nearly interchangeable wind speed timeseries (b≤ 0.04m s−1, r ≈ 1), confirm-

ing that this source of uncertainty is small for wind speed. Wind direction, by contrast, shows larger discrepancies at Anholt655

(b= 7.27◦), most likely attributable to differences in northing calibration. Accordingly, Fig. 19 shows a good agreement be-

tween the power bias distributions obtained from the SCADA-derived inflows. The consistency of the wind speeds fed to the

turbine power curves explains this match, wind direction acting only as a secondary effect through the wake propagation.

Comparable levels of wind direction bias are found between WRF and the SCADA-derived inflows, whereas the WRF-

derived wind speed diverges more markedly from SCADA, with biases up to |b|= 0.50m s−1, a lower correlation and a higher660

RMSE indicative of a temporal mismatch. As power scales with the cube of the wind speed, minor wind speed errors turn into

large power deviations, which directly translates into the distribution of the power error. While the bias remains close to zero

on average, the uncertainty envelope associated with the WRF-derived inflow is much larger than for the SCADA one.

Finally, the choice of TI treatment appears to be a second-order effect, not significantly affecting the time-based distribution

of the power bias. Still, throughout the investigations and compared to past studies led by the authors (Lejeune et al., 2026),665

the inclusion of TI was observed to have a small but beneficial impact on the wake model estimates, especially when binning

the data based on stability.

6.2 Wake-model uncertainties

Neither model (i.e. Jensen and TurbOPark) was consistently shown to outperform the other across all conditions. Both are

ultimately limited by their underlying assumptions, in particular by expansion coefficients that lump together a wide range of670

physical mechanisms, from stability-driven recovery to flow heterogeneity. The choice of wake model nevertheless stands as

a major contributor to the overall bias, with differences of up to 5% observed at Anholt between the two models for the same

inflow source and software package. It is however not clear to which extent these differences could be reduced through an

adequate calibration of the underlying models.

6.3 Implementation uncertainties675

Jensen exhibits consistent performance across FLORIS, PyWake and FOXES, confirming the robustness of this simple model.

TurbOPark, by contrast, shows inter-software bias spreads of up to 4% at Anholt for identical inputs. This fundamentally

questions the transferability of calibration efforts across software implementations.

6.4 Condition-dependent uncertainties

The binned analysis reveals that the time-averaged bias alone is not sufficient to assess wake model performance. On Fig. 19,680

the mean and, perhaps even more remarkably, the median both stand close to zero for most configurations, yet they reflect

widely different realities depending on the wake model considered, as shown by the varying spread of the error across wake

modeling workflows. Farm-mean errors of ±5% and farm-MAE exceeding 20% were indeed observed under specific atmo-
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spheric conditions, despite near-zero wind farm biases. Atmospheric stability is the dominant driver, with a clear monotonic

trend from negative error under unstable conditions to positive error under stable conditions, while flow heterogeneity acts as a685

secondary effect. The temporal analysis confirms that these condition-dependent biases translate into systematic seasonal and

diurnal patterns in the power error.

Overall, the results show that uncertainties related to operating conditions and inflow dominate the overall error, whereas the

selected SCADA filtering workflow has only a limited effect on the estimated power output. This finding should, however, be690

interpreted with caution, since the close agreement between the filtering workflows partly results from systematically excluding

problematic timestamps when calculating the error metrics, as described in Sect. 5.1.

Two additional results stand out. First, the choice of software package can be as impactful as the choice of wake model

itself: an uncertainty most often invisible to the modeller. Second, bias alone is not sufficient to characterise model perfor-

mance: a bias-based analysis would incorrectly conclude that the WRF-derived inflow provides the most faithful inflow at695

Westermost Rough on an AEP basis, whereas the corresponding binned-bias distributions (Fig. 19) are markedly broader than

their SCADA-driven counterparts. For these specific cases, the near-zero mean results occurs thanks to compensating errors

across atmospheric conditions rather than from genuine accuracy.

7 Conclusions

This work set out to address a question that arises when a wake model is compared to measurements: when a model disagrees700

with observations, how much of the discrepancy originates from the model physics, how much from the user’s implementation

choices, and how much from the inflow and observational data used as inputs? By combining four inflow derivation procedures

(SCADA-IWES, SCADA-VKI, WRF and LiDAR), two wake models sensitized to ambient TI (Jensen and TurbOPark) and

three software packages (PyWake, FOXES or FLORIS) across two offshore wind farms (Westermost Rough and Anholt), the

present study attempts to quantitatively assess these contributions.705

Inflow conditions were found to have the strongest influence on power estimates, particularly at individual time stamps

and for binned data. The two SCADA-filtering workflows produce nearly interchangeable wind-speed timeseries, while wind

direction exhibits slightly larger differences attributable to the nacelle-alignment methodology used. Harmonising the two

filtering workflows proved difficult in the absence of community guidelines, particularly concerning the definition and use of the

reference operational flags. This highlights another key requirement wake modeling workflow should enforce: the consistency710

of the workflow as a whole. For instance, improved results were obtained when the power curves and driving inflow were

derived from the same dataset. Likewise, the location at which inflow velocities are extracted must remain consistent with the

modeling assumptions as it might vary depending on the inflow.

Despite being a proxy for the real flow, WRF demonstrated that it reproduces the large SCADA trends remarkably well. This

was especially well illustrated by the correspondence between the WRF speedups and the measured power error. However, the715

temporal correlation of the mesoscale data proved to be too low to derive robust power estimates for individual timestamps

35



or even binned-data. Yet, for some configurations, the WRF-derived inflow appeared to be the most accurate wake modeling

workflow from an AEP (i.e. time-averaged bias) perspective while RMSE and Pearson corelation immediately discarded this

initial conclusion. This strongly suggests moving away from AEP as the sole evaluation metric as compensation of biases

across conditions can hide problems in representativeness of the inflow.720

The inter-model comparison could not establish which of Jensen or TurbOPark led to more accurate results. Their accuracy

actually depends on the inflow used and the farm studied and could certainly be further improved by an adequate tuning of their

model parameters. The presented analysis should additionally be completed by the analysis of wake losses accuracy, effectively

decoupling inflow accuracy from wake modeling accuracy. Nevertheless, TurbOPark proved to be slightly more sensitive to

the software package used than Jensen, with a spread in AEP of up to 4% for identical inputs in the most extreme case. This725

source of uncertainty, invisible to the modeller, directly motivates ongoing community standardisation efforts such as WindIO

and the WIFA framework.

Regarding the wake models, the comparison with SCADA power data under normal operation shows that their performance

is not uniform across atmospheric states. Most of the error occurs in the [8-12 m s−1] range, where wake effects are the

strongest. Directional trends are more pronounced at Westermost Rough than at Anholt, consistent with its greater distance730

from shore. Although both wake models feature a stability-dependent expansion coefficient, they fail at fully capturing the

effect of atmospheric stability with unstable conditions leading to power underestimation and vice versa.

Flow heterogeneity was not identified as the dominant contributor to the global farm error, yet clear spatial patterns associated

with it emerge when the error is evaluated at the turbine-level. Disentangling flow heterogeneity from wake recovery is thus

a prerequisite for more accurate predictions. This also carries a cautionary note for wake-model tuning: calibrating the wake-735

expansion coefficient at the bin level may still be insufficient to reproduce the actual farm behaviour because the calibration

may incorrectly attribute an inflow gradient to wake recovery. These calibration efforts are further undermined by the lack

of long-term SCADA datasets. When binning the data per atmospheric conditions, the user quickly experiences data scarcity,

preventing any statistically meaningful conclusion from being drawn. Isolating any single effect therefore remains challenging

as two years of concurrent SCADA data are insufficient to populate all relevant combinations of atmospheric states.740

Together, these findings call for improved community guidelines and shared validation datasets to support more robust

and reproducible wake-modelling workflows. They additionally support a shift from classical AEP-based validation toward

timeseries- or binned-based approaches. This should then allow to better isolate the phenomena driving the power production

error at the turbine-level thereby opening the door to more successful calibration efforts.

Further work will build on these results by developing a calibration framework toward site-specific approaches, in particular745

through the explicit inclusion of neighboring wind farm wakes, coastal gradients and atmospheric stability effects.

Appendix A: Wake model configuration

The windIO configuration used to drive the wake simulations is provided in Tab.A1. These parameters are processed and

interpreted by WIFA that eventually feeds them to the underlying wake modeling software packages (PyWake, FOXES or
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FLORIS) along with the inflow timeseries. How these parameters and states are interpreted and processed by WIFA or its750

underlying tools however falls outside the scope of the present paper.

Table A1. Wake model configuration passed to FLORIS, PyWake and FOXES through the WindIO interface. Keys refer to the WindIO wind

farm model schema. Settings are identical between the two models except where indicated.

Component WindIO key Jensen TurbOPark

Wind deficit wind_deficit_model.name Jensen TurbOPark

...k_a 0.00 0.00

...k_b 0.67 0.04

...free_stream_ti true false

use_effective_ws false

Axial induction axial_induction_model 1D

Deflection deflection_model.name None

Turbulence turbulence_model.name CrespoHernandez

Superposition ...ws_superposition Squared

...ti_superposition Squared

Rotor averaging rotor_averaging.grid grid

n_x/n_y_grid_points 3× 3

background/wake_averaging grid

.._exponent_for_power 1

.._exponent_for_ct 1

Blockage blockage_model.name None

Appendix B: Turbulence intensity cross-comparison

None of the sources considered provides a reliable estimate of the ambient TI. Nacelle-mounted anemometers sit downstream of

the rotor and are therefore affected by rotor-induced turbulence and flow distortion perturbing their TI measurements. Following

IEC 61400, these measurements should accordingly be corrected through a nacelle transfer function, unavailable here, so that755

the uncorrected SCADA-derived TI are expected to overestimate the ambient TI compared to freestream references. The

vertical profiling LiDAR also suffer from limitations for TI measurements: on top of being partially waked, they systematically

misestimate turbulence owing to probe-volume averaging and the cross-contamination effect induced by the conical scanning

geometry, as demonstrated by Kelberlau and Mann (2020). Finally, with no explicit sub grid-scale turbulence modelling, the

WRF-derived TI cannot be considered as the baseline reference either.760

These observations are confirmed by the correlation plots and performance matrices of Fig. B1. The inter-SCADA compari-

son shows nearly no bias and excellent correlation (r ≈ 0.95) at both sites. When compared to the LiDAR, the SCADA-derived

TI shows a negative bias of −3 % to −9 %, as a result of the local flow features affecting the nacelle anemometry. The WRF-
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derived TI shows a consistent negative bias of −2 % to −5 %, except for the unwaked Anholt case where the bias reaches +2 %.

On the LiDAR-WRF correlation scatter, the waked measurements provide higher TI estimates than the freestream WRF, which765

is not affected by wake-added TI; once waked conditions are excluded, the scatter shifts back toward the 1:1 line, suggesting

that the WRF-derived TI is a reasonable estimate of the ambient TI. Correlation and RMSE nevertheless remain poor across

pairwise comparisons, reflecting the difficulty of using a uniform definition of TI across sources and the sensitivity of TI to

local flow features.
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Figure B1. Turbulence intensity performance matrices and correlation plots for (Left) Westermost Rough and (Right) Anholt. The cells

of the performance matrices follow the same ordering as the correlation plots. (Top per panel). Pairwise performance matrices: b [%], ε

[%], and r [-] across all inflow sources. Each cell shows the metric for the y-source relative to the x-source. (Bottom per panel) Pairwise

correlation scatter plot; blue: unwaked conditions; orange: waked conditions.
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