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Abstract. Accurate yet efficient wake modeling is essential for wind farm layout optimization (WFLO). Wind turbine wakes are
disturbed regions of flow behind a wind turbine, characterized by lower mean wind speeds and higher turbulence, which reduce
downstream power production and increase structural loading. This study compares an Artificial Neural Network (ANN)-based
surrogate trained on Reynolds Averaged Navier-Stokes (RANS) data with two representative engineering wake models based
5 on the TurbOPark and Super-Gaussian formulations. The work includes recalibration of the engineering models, a systematic
flow simulation study across varying turbine counts and spacings, and WFLO benchmarks validated against RANS-based
Annual Energy Production (AEP). Results show that the ANN surrogate achieves the lowest RMSE and MAPE across all
scenarios in flow estimation, albeit at a higher computational cost. In WFLO, the TurbOPark-based model produced the highest
RANS-validated AEP layouts, despite having lower predictive accuracy, suggesting that optimization complexity influences

10 outcomes. Blockage modeling increased computational cost without improving accuracy.
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1 Introduction

A key challenge when designing a wind farm is determining the optimal placement of wind turbines. This decision must
consider various factors, including nearby communities, local wind conditions, electrical infrastructure, seabed conditions,
and other relevant considerations. The interaction between turbines through wake effects is particularly important, as it can
significantly reduce energy output and, in turn, impact project economic viability.

To obtain the best achievable placement of the turbines Wind Farm Layout Optimization (WFLO) can be applied. WFLO
utilizes numerical optimization to minimize or maximize a given cost function, typically a variation of energy production or
energy cost, while adhering to predefined constraints (see e.g., Herbert-Acero et al., 2014; Baker et al., 2019; Bortolotti et al.,
2022). In WFLO, it is essential for flow models to account for wake effects. Existing approaches can be broadly classified
into two categories: engineering wake models, which construct the wind farm flow field by superposing individual wakes, and
Computational Fluid Dynamics (CFD) models, which resolve the underlying physics through numerical simulation.

The first engineering model, proposed by Jensen (1983) and often referred to as the Park model, was primarily concerned
with representing the wake-centre velocity and employed a top-hat shape to do so. This approximation initially worked well,
but became increasingly problematic as the turbine and wind farm sizes increased. The breakdown of turbulent structures leads
to the wake becoming self-similar and converging toward a Gaussian-like shape. For this reason, later variations typically rely
on a Gaussian profile to model the wake deficits. The area where the wake is self-similar is referred to as the far wake. The
location downstream of the turbine where this occurs depends on both atmospheric and terrain conditions. Dar et al. (2019)
investigated this with LES simulations and showed that self-similarity occurs 1 to 3 rotor diameters (D) in complex terrain and
between 3 to 10 rotor diameters for flat terrain. The different areas of the flow around a wind turbine are labeled and illustrated
in Fig. 1.

In the literature, engineering models and CFD methods are often referred to as low- and high-fidelity models, respectively.
As implied, the low-fidelity engineering models are not considered as accurate as high-fidelity CFD models; however, they
are much faster. Compared to Reynolds Averaged Navier Stokes (RANS), the engineering models are ~ 10% x faster (van der
Laan et al., 2015b) and compared to Large Eddy Simulation (LES) ~ 107 x (Porté-Agel et al., 2020). The CFD methods are
too slow for an application like WFLO, where the flow needs to be evaluated multiple times during the optimization process.
At the same time, the accuracy of the engineering models is challenged by optimization algorithms that, by nature, exploit
and/or avoid areas of low accuracy. To mitigate the most adverse effects of this, a minimum constraint is often imposed on the
inter-turbine separation, as engineering models are tuned to the self-similar far wake and generally perform poorly in the near

wake and early transition zone.

An alternative to classical models is the use of data-driven surrogate models. Surrogates are models that seek to approximate
a higher-fidelity model at a fraction of the cost. In wake modeling, surrogates are typically trained with RANS or LES data.
Zehtabiyan-Rezaie et al. (2022) has conducted a review of the field, encompassing various types of Artificial Neural Network

(ANN) based wake surrogates, as well as classic Machine Learning (ML) techniques such as Proper Orthogonal Decomposi-
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Figure 1. Simplified illustration of the flow around a wind turbine, depicting the upstream induction zone and the downstream wake, which
is separated into the near wake, transition region, and far wake. The illustration includes the effective wind speed and the velocity deficit,

illustrating the influence of the turbine on the background flow.

tion (POD) and Dynamic Mode Decomposition (DMD). Some notable works include Ti et al. (2021); Yang and Deng (2023),
who trained an ANN-based RANS surrogate using multiple parallel neural networks, each corresponding to a specific grid
location in the turbine flow. A limitation of this approach is that the surrogate cannot be used with automatic differentiation in
gradient-based WFLO or any optimization with continuous turbine coordinates, as these models are undefined outside the con-
sidered grid points. To address this, we have previously developed ANN-based RANS surrogates with continuous definitions
that support automatic differentiation (Schgler et al., 2023; Pish et al., 2024). One limitation of training ANN-based surrogates
is the need for extensive data to cover cases across various inflow types and operating conditions. Schgler et al. (2024) inves-
tigated Physics-Informed Neural Networks (PINNs) as a means to reduce data requirements, ultimately finding that a hybrid
data-and-physics loss was too costly given the gains. Gafoor et al. (2025) demonstrated the possibility of an RANS PINN
surrogate trained solely with physics information. Together, current literature indicates a significant potential in ANN-based

RANS surrogates.

While numerous studies on ANN wake surrogates hypothesize that these models can outperform traditional engineering
approaches in flow simulation and WFLO accuracy, numeric validation studies remain limited. Anagnostopoulos and Piggott
(2022) trained an ANN surrogate using data from an engineering model and applied it to both yaw optimization for a fifteen-
turbine array and layout optimization for a six-turbine configuration. Similarly, Sun and Yang (2023) developed an ANN
surrogate trained on data from an engineering model and conducted a WFLO study incorporating hub-height optimization for

a thirty-turbine wind farm. Yang et al. (2022) and Yang and Deng (2023) demonstrated the ANN-RANS surrogates developed
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by Ti et al. (2021) in yaw optimization of a five-turbine row and in a WFLO re-powering study of the Horns Rev 1 offshore
wind farm, respectively. However, neither study validated their results against CFD simulations or against Supervisory Control
and Data Acquisition (SCADA) data. In contrast, Li et al. (2024) introduced a novel RANS-based ANN surrogate trained
using a Generative Adversarial Network (GAN). Their study included flow simulation via the superposition of single-wake
models applied to the Horns Rev 1 wind farm, with power production results compared against RANS, time-averaged LES,
and SCADA data, though only for a limited range of inflow cases. Likewise, Liu et al. (2025) trained a Convolutional Neural
Network (CNN) surrogate using time-averaged LES data and validated it using time-averaged LES simulations from a row of
five turbines with varying inter-turbine spacings.

In summary, the existing validation studies in the literature have been limited by surrogate training and validation using low-
fidelity engineering model data, WFLO without validation, flow studies with few turbines or limited variation in the studied
farm layouts, and restricted inflow conditions. In this work, systematic experiments are conducted to validate a pre-developed
RANS-ANN for flow simulation and WFLO. The contributions of this work include the following two main items, a flow study
and a WFLO study:

la. Re-calibration of engineering models to a RANS-based single wake dataset.

1b. Comparative study investigating the accuracy of an ANN wake model and two popular engineering model setups for
wind farm flow simulation with a varying amount of wind turbines, including a cost-benefit analysis of accuracy, memory

consumption, and computational cost.

2. WFLO validation study of the ANN wake model against two engineering model setups and three different optimization

algorithms. Validation of the optimized layouts with RANS-based Annual Energy Production (AEP) estimates.

The paper consists of Sect. 2, which outlines the studies conducted and the methods used. In Sect. 3, the results of the
studies are presented and discussed. In Sect. 4, the conclusions of the study are summarized, and suggestions for future work

are presented.

2 Methodology
In this section, the methods used in the paper are presented, and the experiments conducted are described.
2.1 Reynolds Averaged Navier-Stokes (RANS)

RANS is a steady-state CFD model that solves the mean flow by modeling all turbulence scales. In this work, the effects
of turbulence are modeled with the k-e-fp eddy viscosity model (van der Laan et al., 2015a, b). The inflow represents a
logarithmic profile, where the ambient turbulence intensity (TI) based on the turbulent kinetic energy at hub height, is set by
the roughness length. For the WFLO AEP study, the Tl is set to 6%, yielding an offshore roughness length of 2.5x 10~ m. The
turbines are modeled by Actuator Disks (AD) Troldborg et al. (2015). The AD thrust and tangential force distributions utilize
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— Outer logarithmic grid
— Inner linear grid
— Wind farm projected area

Figure 2. Illustration of utilized PyWakeE1llipsys—flatbox mesh.

an analytical Joukowsky rotor model, as proposed by Sgrensen et al. (2020), but recalibrated by van der Laan et al. (2020) for
improved performance under veer and shear. The RANS simulations are performed with the PyWakeE1lipsys code (DTU
Wind and Energy Systems, 2023), which wraps the E11ipSys3D finite volume flow solver (Michelsen, 1992; Sgrensen,
1994). A Cartesian mesh with inner and outer grids was used, as illustrated in Fig. 2, where generic parameters are introduced;

these are described in Tab. 1, which also includes the specific values considered in this study.

Table 1. Parameters for PyWakeE1lipSys—flatbox mesh considered during simulations.

Parameter Description Considered values
Zgrid Outer flow domain height 25D

Rgrid Outer flow domain extend 500D

Mn Northern inner domain length 3D

Mg Eastern inner domain length 20 D

Ms Southern inner domain length 3D

Mw Western inner domain length 5D

VAY: Inner box height 3D

As Grid spacing D/8

The WFLO RANS AEP simulations are performed for all wind directions and wind speeds with intervals of 5° and 1 ms™,
respectively, yielding 1584 inflow cases. The simulations are run consecutively, with a new wind direction simulated by rotating
the wind farm layout and a new wind speed by scaling the turbine controllers according to Reynolds number similarity (van der
Laan et al., 2019), while the inflow is kept constant. This reduces the total number of required iterations because only local

changes need to be recalculated, as discussed by van der Laan et al. (2022). Furthermore, the wind speed cases are simulated
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from low to high, and the wind speed cases above the wind farm rated wind speed are skipped, which reduce the total number
of flow cases by about 40%. Finally, a relative low convergence level of 10~ is applied, which reduces the computational
effort by an order of magnitude, while the convergence error in terms of AEP is 0.02%, as shown in van der Laan et al.
(2022). A single AEP simulation with this RANS setup takes between 28 and 33 hours employing 1000 cores using the Sophia
High Performance Computer (HPC) (Technical University of Denmark, 2019a), which is equipped with first generation AMD
EPYC 7351 cores (released in 2017). Tests of PyWakeEllipSys RANS simulations on a different HPC with more modern fourth

generation AMD Genoa-X cores (released in 2023) shows a speed up of a factor 2.
2.2 Engineering models

In this work, the PyWake engineering model framework (Pedersen et al., 2023) was used as the engine to run wind farm
simulations. PyWake is a highly efficient framework that provides a high degree of abstraction for the components commonly
found in low-fidelity wind farm models. The vast number of module combinations means only a subset can be considered at a
time. We have chosen to consider a configuration based on the Turbulence Optimized Park model (TurbOPark) (Nygaard et al.,
2020, 2022). The configuration is altered slightly and is therefore generally referred to as the TP model to avoid confusion with
the original TurbOPark (Nygaard et al., 2022). The second alternative considered is based on a configuration submitted to the
American WAKE Experiment (AWAKEN) (Bodini et al., 2026), which utilizes the super-Gaussian model proposed by Blondel
and Cathelain (2020) and is therefore referred to as the SG model.

Regardless of the wake model used to represent the wind farm flow field, wake superposition is required. This is typically
performed using either linear or quadratic methods. In the present work, linear superposition is applied for velocity deficits
(Aw) in both configurations, while a quadratic max sum is used for added turbulence intensity (I,) in the SG configuration. An
overview of superposition methods is provided by Porté-Agel et al. (2020).

For readers already familiar with engineering wind farm models, a summary of the two configurations is shown in Tab. 2,

while the models are presented in greater detail in the remainder of the subsection for previously unfamiliar readers.
Turbo Park (TP) model

The TP model uses the updated Turbulence Optimized Park model (TurbOPark) Nygaard et al. (2022), a Gaussian wake model
derived from the classic Gaussian wake model by Bastankhah and Porté-Agel (2014). The wake model is shown in Eq. 1.

Au(x) r?
7 = (<) "
c(x):1—\/1_%£f)/w (1b)

where Au(z) is the wake deficit at the downstream position z, U is the free-stream velocity, C(x) is the peak velocity deficit at
the wake centerline, r is the radial distance from the wake center, Ct the coefficient of thrust, and o, () is the variable wake
expansion factor, which is the major difference between the TurbOPark implementation and the default Gaussian deficit model

which uses a constant wake expansion factor. The expression for the wake expansion factor o, (x) is implemented using the
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Table 2. Comparison of PyWake configurations (with/without blockage). Values flanked by dashes indicate shared settings across both

blockage configurations. A single dash (-) indicates that the component is not used.

SG TP
Component w/o Blockage w/ Blockage w/o Blockage w/ Blockage
‘Wake model — Blondel and Cathelain (2020) — — Nygaard et al. (2022) —
Blockage model - Forsting et al. (2023)" - Forsting et al. (2023)"
Turbulence model — Crespo and Hernandez (1996) — - Crespo and Herndndez

(1996)

Superposition (Aw) — Linear — — Linear —**
Superposition (1) — Quad. Max. Sum — - Quad. Max. Sum
Wind farm model Prop. Downwind AlI2All Iter. Prop. Downwind AlI2All Iter.
Ground model — Mirror — — Mirror —
Rotor averaging — Center — — Gaussian overlap —

* Updated version of (Troldborg and Meyer Forsting, 2017).

** In the original TurbOPark paper, quadratic superposition was employed; however, this approach is incompatible with the blockage model (Forsting et al., 2023).

Frandsen (2005) turbulence model, which is why the TurbOPark model does not require a standalone added turbulence model.

ow(2) is shown in Eq. 2 parameterized with v and (3 from Frandsen (2005).

Ow (x)

D :€+%- (\/(a—&—ﬁx/D)Q—l—l—\/l—i-aQ

(y/(a-l—ﬁx/D)z—kl—f—l)a (2a)
-1
" (VI+a2+1)(a+pz/D) ’
a=cr1lo, ﬂ::i/L%ITO (2b)
]_1+\/1—6T
£i=C |-————,
2 i-éy 2o

where Cr :=min (C’T, OTJim)
Where [ is the ambient TI, A is a wake expansion calibration parameter, c;,; and cy o are calibration parameters from the
Frandsen (2005) model, and ¢ is an initial characteristic wake width i.e. 0,,(0)/D = €. Here, it is important to note that the
engineering wake models operate under an assumption that [, = I,,, where I}, = \/m /U is the TI derived from turbulent
kinetic energy and I,, = 7, /U is the streamwise TI based on the standard deviation (std) of the flow in the streamwise direction
o This differs from the more physically accurate relationship I ~ 0.8 - I,,, derived from standard atmospheric turbulence
ratios (Panofsky and Dutton, 1984). However, this simplification is not expected to alter the main conclusions, as the calibrated

models exhibit similar overall trends.
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Super Gaussian (SG) model

The SG model, as previously mentioned, uses the super-Gaussian model proposed by Blondel and Cathelain (2020); here, we
present the simplified analytical version. The model unifies the observation that the far wake can be accurately modeled as a
Gaussian, whereas the near wake more closely resembles a top-hat shape. By augmenting the super-Gaussian shape parameter
n, the velocity deficit takes on different forms, i.e., when n = 2 it becomes a regular Gaussian shape, while for n > 2 the shape

gradually becomes more top-hat-like.

Au(z) _ (r/D)"
i = e (=5 on) o
_92/n—-1_ [o4/n—2 _ nCr
= \/2 6T 2/ (o (2)/ D) e
o(x) 11+V1-Cr
3 = (asI +bs)x/D + cq 3 VIO (3¢)
n~ayexp(bs-x/D)+cy, ay:=3.11 (3d)

where I is the gamma function, I is the effective TI. Eq. 3d shows the exponential function that Blondel and Cathelain (2020)
created to avoid having to solve for n and is the key change to enable fast evaluations of the flow. The effective TI is evaluated
using the added TI () model proposed by Crespo and Herndndez (1996) and the quadratic sum. The Crespo and Herndndez
(1996) model is shown in Eq. 4. To evaluate the axial induction (a,), the method by Madsen et al. (2020) as implemented in

PyWake is utilized, and a quadratic max summation is used for superposition.

Ia — 0'73a?r.1832510—0.0325 (l,/D)—OBQ (4a)

am = 0.083 C3 4 0.0586 C3 +0.2460 Cp (4b)

1=,/ +max(I,,)? (4c)
J

where j is an index indicating a neighboring turbine.
Blockage

While wake effects are the primary drivers of flow interactions between turbines, turbine induction also plays a role. In PyWake,
these effects are modeled using blockage models. When blockage is considered, the Self-Similarity Deficit model by Troldborg
and Meyer Forsting (2017), as updated by Forsting et al. (2023), is employed.

Aub

7= ag(z, Ct)v(z)sech®™ <Cgr> (5a)

7"1/2 (CE)
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L+ (2/R)*

where v is the centre-line induction, ay is the axial induction factor, R is the rotor radius and 7 /> () is a linear induction zone

half radius, defined as:

r1/2(2) —cx-(z/R) + e, (5¢)
R
ao(z,Cr) = (1 /1=~ (z,Cr)- CT), (5d)

Where c) and ¢, are tunable parameters introduced to account for the effects of wind-farm blockage. In the updated blockage
model (Forsting et al., 2023), the v(x, C't) function was updated to gradually shift from a far-field formulation to a near-field

formulation. The said +y function is introduced below, with an abstraction of the transition function reported as a () function:

1 forz/R < —6
_ \ (z )—V\
0 for —1<z/R

Ct —0.4911
~(z,Cr) = {5(@- (—0.06489 sin (T_o1577> + 1.116)

+(1=0(z))- (C%anf+c%bnf+CTCnf+dnf>} (59

The near-field expressions is parameterized with ay¢, byr, ¢ and dys. For the far-field parameters, the original values are used

as reported in Eq. 5f.
2.3 Recalibration of deficit models

To ensure that the deficit models considered are compared fairly, they have been recalibrated to a single-wake RANS dataset.
To construct the dataset, a pre-existing RANS Lookup Table (LUT) is used, which consists of 3D fields of velocity deficit and
wake-added TI for all combinations of C7 € [0.1,0.2,0.3,0.4,0.5,0.6,0.7,0.8,0.9,0.923] and I, € [5, 10,20, 30] %. The inflow
represents a logarithmic profile where the roughness length is used to set Iy, as described in subsection 2.1. The single-wake
RANS dataset is constructed by linearly interpolating/extrapolating the RANS-LUT to wind speeds U € [4,5,6,7,8,9,10]
m/s and turbulence intensities I € [5,10,15,20,25,30,35,40] %, covering the modeling space. Similar RANS single wake

databases have been used to construct surrogate models in previous work Criado Risco et al. (2023); van der Laan et al. (2026).
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The Bayesian optimization framework proposed by Nogueira (2014) is used to minimize the L? norm between the hub-
height velocity fields of the RANS data and the deficit models. For each flow case, an L? norm is calculated, and the mean
of those is used as the optimization objective function. The deficit models are calibrated to account for velocities between 2
and 10 rotor diameters downstream of the source turbine and up to 2 rotor diameters in the cross-flow direction. The upstream
deficit model is calibrated considering the region between 1 and 2 rotor diameters downstream of the source turbine and up to
2 rotor diameters away in the cross-flow direction. The optimization is initialized with 50 parameter configurations sampled
from uniform distributions (detailed in Tab. 3). A set of parameters is denoted in vector form as ¢, and a collection of them
in matrix notation as ®. A given set of parameters constitutes a realization of the wake deficit parameters shown in Tab. 3; the
original uncalibrated parameters are not shown here but are included inside the results section with the optimized parameters
in Tab. 6.

This implementation of Bayesian optimization uses Gaussian Process (GP) regression, here, the posterior predictive distri-

bution for a test input ¢, is given by:

f(¢*) ‘ ‘Pay NN(UGP(¢*)7UéP(¢*)) (63)
pce(¢,) =k, (K+o02l,) 'y (6b)
o&p(@,) =k(d,,8,) — k] (K+o2L,) 'k, (6¢)

where N (1,02) denotes a Gaussian distribution with mean p and std o, y is the vector of observed outputs at the n training
points, ¢,, can be used to account for observation and model uncertainty but here is just included for numerical stability with
o, = 1073, I, is the n x n identity matrix, and pugp and ogp are the mean and std obtained through GP regression. The
covariance matrix K and test covariance vector k, are constructed using a pre-specified kernel function. This framework uses
a Matérn kernel for the GP regressor with smoothness parameter vy = 2.5 and length scale set to 1, which can therefore be

removed as it only occurs in denominators; the Matérn kernel is shown in Eq. 7.

K60 0) = s (VI s~ 6,12)™ Ko, (VI ;6 2) ™

(vp1) 271
where k(¢;,¢;) is the Matérn covariance between parameter sets ¢; and ¢, K,,, is the modified Bessel function of the
second kind, and T" is the gamma function. The elements of the covariance matrix K are given by K;; = k(¢;,¢;), and the
test vector is:

+
ko= [k(d1.06.) k(d3.0,) -~ k(d,.6.) ®)
To guide the selection of the next evaluation point, an acquisition function is required. This implementation uses the Upper
Confidence Bound (UCB) acquisition function to decide the next best set of parameters. In this implementation an exploration

parameter of x = 2.576 is used for UCB as shown in Eq. 9.

UCB(¢,) =g(f(¢.) | ®,y) = ncp(d.) +rogp(P.) )

10
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The Bayesian optimization is run for 200 sequential iterations. In each iteration, the GP model is fitted to all previously
observed parameter sets, the UCB acquisition function is maximized to select the following parameter set ¢, to evaluate, and

the objective function is computed at this point. After all iterations, the parameters associated with the lowest error are reported.

Table 3. Parameter bounds for the considered wake models during the calibration process.

SG (Blondel and Cathelain, 2020)
as bs cs by cy

Lower 0.001 0.001 0.001 -2 0.1
Upper 0.5 0.01 05 1 5
TP (Nygaard et al., 2022)
A e ez ce Criim
Lower 0.001 0.01 0.01 0.01 0.01
Upper 0.5 5 5 3 1

Blockage (Forsting et al., 2023)
Cca Cp ca Cy  Gnf bnf Cnp dng
Lower 0.05 0.05 -2 23 -3 303
Upper 3 3 2 2 3 3 3 3

2.4 Artificial Neural Network (ANN) surrogate

In this work, a pre-trained RANS-based wake surrogate developed by Pish et al. (2024), based on the work of Schgler et al.
(2023), is employed for wind farm simulations and WFLO. The surrogate is based on a conventional ANN architecture,
commonly referred to as a deep neural network, a fully connected feed-forward neural network, or a Multi-Layer Perceptron
(MLP). The model takes the Cartesian position in space (z, ¥y, z), the yaw offset from the inflow direction (), C, and the TI
as inputs. While TI is considered during our experiments, yaw misalignment is not. Not addressing yaw misalignment was a
conscious decision to limit the scope of the paper as it would entail a significant increase in additional case to evaluate with
RANS.

In Eq. 10 the MLP is defined as a set of equations. Eq. 10a shows the input s, Eq. 10b hidden layer /, and Eq. 10c shows the
output of the MLP fy(s).

0 T
h( ) =s= |:£L’, Yy, zZ, 7, CT) I:| (103')
Y =50 (W(l)h(l_l) + b(l)) , l=12,.,L-1 (10b)

fo(s) = WD RE=D 4 ) (10c)

Where (), o, WO (1) are the activation, activation function, weights, and bias at layer [, respectively, and L is the total

number of layers. The model is trained with a single wake RANS dataset of the DTU10MW reference wind turbine (Bak et al.,

11
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2013). The architectures of the employed models are summarized in Tab. 4 and a brief overview of the engineering model

configuration for the ANN is presented.

Table 4. Summary of pre-trained RANS ANN surrogates, and model configuration details for engineering model type simulation. Values

flanked by dashes indicate shared settings across both flow model outputs.

Parameter Ay model I, model

T-range [-3D, 7T0D]

y-range [-6D, 6D]

Neurons pr. layer (70, 102, 102, 102) (118,118,118, 118)

Activation (o) (tanh, 3 x sigmoid) (4 x sigmoid)

No. of params 28847 43071
ANN engineering model configuration

Superposition (Aw) — Linear —

Superposition (1) — Linear —

Wind farm model — Propagate Downwind w/o blockage /

AlI2All Iterative w/ blockage —
Ground model — Mirror —
Rotor averaging — Center —

2.5 Wind farm flow study

To evaluate the accuracy of the three low-fidelity options: the two engineering models and the ANN surrogate, we conduct
a systematic study examining the influence of turbine count and inter-turbine spacing. Because flow construction based on
superposition inherently introduces errors that depend on these parameters, varying them enables a structured investigation of
construction error and facilitates a direct comparison of the engineering models and the ANN. Additionally, the study examines
how these factors impact memory requirements and computational costs.

To examine the effect of turbine count, six base layouts are considered with n¢ € {6,10,20,30,40,50}. Fig. 3 illustrates
these configurations. To assess the impact of inter-turbine spacing, each base layout is scaled by a separation factor sy €
{3D,5D, 7D}, resulting in a total of eighteen distinct layouts. Each layout is simulated using RANS, the calibrated and
uncalibrated engineering models, and the ANN surrogate. By comparing these results, trends in model performance can be
identified and the effectiveness of the ANN surrogate evaluated.

In the flow study, each possible model-layout combination is evaluated under different inflow conditions consisting of wind
speeds U = 8.0ms~! and 14ms~—!, ambient turbulence intensities I = 5% and 10%, and wind direction angles 6 ranging from

270° to 315° in increments of 3°.

12
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Figure 3. Circular turbine layouts evaluated in the wind farm flow study. The grid circles represent normalized radial positions, which are

scaled by a separation factor sw¢ € {3D,5D,7D} to generate configurations with varying inter-turbine spacing.

2.6 Wind farm layout optimization (WFLO)

To compare the low-fidelity models in WFLO, optimization is performed using each of the available low-fidelity models and the

results are validated by estimating the Annual Energy Production (AEP) with RANS simulation. A WFLO case is formulated

with the objective of maximizing AEP, subject to a minimum turbine separation s,;, = 2D and polygonal boundary P:

13
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max AEP({(ws,y:) } it
{(z3,y:) ;08 ({( ) 1)

Nwt Ny Mo

A 8760 > > Pil{(@ms ym) bty U, 0k) p (U, O,
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s.t. \/(xz —2¢)%2 4+ (Yi — Yg)? > Smin, ViF#(q

(xiayi)epv Vizlwuvnwt

Where z;, y;, and P; are coordinates and power produced at turbine ¢, and n is the number of turbines. p is a probability
mass function indicating the probability of seeing a given combination of wind speed bin {{; and binned wind direction 0.
During optimization, the AEP is estimated with a wind direction bin for every 1° to avoid artificially unwaked areas which the
optimization algorithms would exploit. However, during validation the bin discretization has been decreased to only consider

a bin for every 5° to conserve computational resources driven by the cost of RANS simulations, as discussed in Sect. 2.1.

The optimization is performed with the DTU-developed software Topfarm2 (Pedersen et al., 2025). Three different
gradient-based optimization algorithms are considered as implemented in Topfarm2: Sequential Least Squares Quadratic
Programming (SLSQP) (Kraft, 1988; Virtanen et al., 2020), Interior Point OPTimizer (IPOPT) (Wéchter and Biegler, 2006),
and Stochastic Gradient Descent (SGD) (Quick et al., 2023). In all cases, the gradients for the optimization are provided by the

Automatic Differentiation included in PyWake.

Table 5. Parameters of considered optimization algorithms as used during studies with TopFarm2.

Parameter SLSQP IPOPT SGD
Max. iterations 1,000 1,000 2,000
Convergence tolerance 1x1073MWh 1x 1072 -
Initial learning rate - - 17.83 m
Momentum weight 1 (1) - - 0.1
Momentum weight 2 (31) - - 0.2
Final learning rate - - 0.01 m
Initial constant learning rate iterations — - 100
early stopping ratio - - 0.1

The considered site is based on the IEA 740-10-MW reference wind power plant (Kainz et al., 2024). The boundaries are
altered to accommodate more turbines within a smaller projected wind farm area, as the RANS cost is proportional to the
projected wind farm area. Figure 4 (a) shows the considered boundary conditions with the wind farm projected area, meaning
the smallest circle that contains the whole farm. In Fig. 4 (b), the site flow conditions are depicted as a wind rose. As a
simplification during optimization and validation, the ambient TI was set to Iy = 6% for all flowcases. The layout optimization

procedure is performed for each low-fidelity model, both with and without a blockage model, and for the engineering models

14
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Figure 4. (a) Boundary constraint for the considered layout optimization (b) Wind rose at the considered IEA 740-10-MW reference site.

in their original and recalibrated forms, using multiple optimization algorithms and random initial layouts. For cases without

blockage, all three optimization algorithms, SLSQP, IPOPT, and SGD, are used, each initialized from the same set of five

290 randomly generated layouts to enable a consistent comparison across algorithms.

For cases including the blockage model, ten random initial layouts are considered; however, only the SGD algorithm is

used, as it is less memory-intensive than the other approaches due to batch sampling of the wind rose. From the resulting set

of optimized layouts, the layout yielding the highest AEP is selected for each low-fidelity model and subsequently validated

using RANS simulations, thereby limiting the total number of RANS cases to one per low-fidelity model.

295 2.7 Evaluation metrics

To evaluate the relative performance of the different models, quantitative measures are needed. In this work, we use the Mean

Absolute Percentage Error (MAPE), the Root Mean Square Error (RMSE), the maximum absolute error (Ey,.x), and the error

standard deviation (o g).

MAPE = e

N =

>

u; — U

U,

300 RMSE =

Ernax = max |U2 - u;‘

K2
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where u; is the true wind speed for observation 4, u} is the predicted wind speed, and NV the total number of observations. In
Eq. 12a the denominator uses the free-stream velocity U, rather than u;, in order to avoid numerical issues in heavily waked
regions, where low wind speeds can lead to disproportionately large relative errors. Conversely, this formulation prevents large
errors in unwaked regions from being underrepresented in the overall metric.

For flow field comparisons, regions within one rotor diameter of the turbines are omitted, making the analysis domain (2) a
subset of the whole flow domain (g ). The whole flow domain is the hub-height flow plane, with grid parameters provided

in Tab. 1 and shown in Fig. 2.

Qz{(x,y)EQﬂow‘ \/(z7$1)2+(y7y2)22D vZ‘:laza"'anwt } (13)

Where this subset is used the metric will be marked with an 2-subscript.

3 Results and Discussion
In this section, the results of the studies are presented and discussed.
3.1 Recalibration of wake model

The calibrated model parameters are summarised in Tab. 6. Overall, the changes are not dramatic: the sign of each parameter

is preserved. However, several parameters do show substantial numerical differences.

Table 6. Original and recalibrated parameters for the considered wake- and blockage models.

SG (Blondel and Cathelain, 2020)

as bs Cs by cy
Org. 0.1700  0.0050  0.2000  -0.6800 2.4100
Recalib.  0.3332  0.0048 0.1625 -0.4242 2.9034
TP (Nygaard et al., 2022)
A cr 1,2 Ce C'T 1im
Org. 0.0400  1.5000 0.8000  0.2500  0.9990

Recalib. 0.2817 1.2016 3.1484  0.1421 0.7751
Blockage (Forsting et al., 2023)

Ca cg e Cn
Org. 0.8889 1.4142 -0.672  0.4897
Recalib.  0.6208 2.6617 -0.5066  1.8932
Gnf by Cnyf dny
Org. -1.381 2.627  -1.524  1.3360

Recalib. -2.1531 2.0948 -2.7612  2.9041
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For the SG model, most changes are relatively small, except for as, which increases from 0.17 to 0.33. This parameter gov-
erns the relationship between wake width and rotor thrust. Because the original calibration was based on a mix of experimental
data, whereas the present work uses RANS data, different thrust and wake-width characteristics are expected; therefore, a
noticeable change in a is expected.

For the TP model, the parameter c; 2 changes markedly from 0.80 to approximately 3.15. The parameters cy,; and cr 2
impact the auxiliary variables « and § in Nygaard et al. (2020) that together act as replacements for both the ambient TI and
C in the wake expansion formulation. The initial values for c; ; and ¢y » were lifted from (Frandsen, 2005; IEC, 2010). The
original value was derived from measurement data, whereas the present RANS simulations employ a fundamentally different
turbulence formulation. Consequently, a substantial adjustment is required for consistency with the RANS flow.

In the self-similarity deficit blockage model, the polynomial-fit parameters a, ¢, b s, cn¢ and d,, 5 also vary considerably.
Because these coefficients describe a polynomial rather than a directly interpretable physical relationship, the practical im-
plications of their changes are difficult to interpret. The parameters cg and cy, however, are more interpretable and show
meaningful shifts. The parameter cy represents an offset in the linear rotor half-radius induction zone, introduced to correct
for wind-farm blockage effects. Effects that are absent in the single-turbine RANS dataset used here. A significant change is
therefore expected. The scaling factor cg, which modulates the influence of the rotor half-radius, is similarly affected.

In Tab. 7, error metrics are collected to compare results before and after recalibration. The error metrics in Tab. 7 show

Table 7. Metrics before and after recalibration for the two considered models.

SG (Blondel and Cathelain, 2020)
RMSE  FEnax oE MAPE

Org. 0.0354 0.2224 0.0347 0.3460
Recalib.  0.0205 0.1588 0.0194  0.2005
TP (Nygaard et al., 2022)

RMSE  Emax OE MAPE
Org. 0.0716  0.2679 0.0681 0.6733

Recalib.  0.0167 0.2850 0.0165 0.1563
Blockage (Forsting et al., 2023)

RMSE  Emax OE MAPE

Org. 0.0039 0.0131 0.0023  0.0500

Recalib.  0.0019  0.0079 0.0018  0.0201

improvements across all measures for the SG and blockage models. For the TP model, most metrics also improve, except for
the maximum absolute error. This exception was surprising, but as the remaining metrics improved, it is expected that this was
due to a large error near the rotor. This idea is supported by inspecting the spatial distribution of the mean RMSE (averaged
over inflow conditions) in Fig. 5 (d), which indicates that the most significant errors occur immediately behind the turbine at
x=2D.
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The overall takeaway from Fig. 5 is that the calibrated models yield substantially improved performance, particularly outside
the near wake. The TP model exhibits the greatest overall improvement, which aligns with expectations: it was initially intended
340 for farm-to-farm wake interactions and is therefore not expected to perform optimally in the intra-farm or single-wake context

without recalibration.
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y/D [-]
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Figure 5. Wake- and blockage model calibration RMSE error maps

3.2 Wind farm flow study

The layouts introduced in Fig. 3 were evaluated with separation factors syt € {3D,5D,7D}. Flow simulations were performed
using all the available low-fidelity models (SG model, TP model, and the ANN), with the engineering models assessed in

345 both calibrated and uncalibrated forms. To distinguish the calibrated and uncalibrated models a superscript (7) is used with

18



350

355

https://doi.org/10.5194/wes-2026-19 WIND
Preprint. Discussion started: 13 February 2026

~
© Author(s) 2026. CC BY 4.0 License. o We \ EZFET\I%YE

uncalibrated models e.g. SG' refers to the uncalibrated SG model. Similarly, to distinguish between the models with and
without blockage the superscript (*) is used to indicate the inclusion of blockage e.g. SG™* indicates the uncalibrated SG
model with blockage.

To quantify the accuracy of the lower-fidelity simulations, the RANS simulations described in subsection 2.1 were used as the
reference ground truth. A masked flow domain, defined in Eq. 13, was applied to exclude the region immediately surrounding
each turbine, as this region is irrelevant for optimization and does not represent a feasible turbine spacing. Fig. 6 presents
MAPE( and RMSE, as functions of the number of turbines n,¢, with mean values indicated by solid lines and bootstrapped
95% confidence intervals shown as shaded regions. The ensemble mean is constructed from the considered inflow conditions,
including wind directions, wind speeds, and ambient TTs.

Fig. 6 presents the results for the models without blockage; for completeness, the metrics with blockage are reported in

Appendix A.
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Figure 6. Flow study result metrics for an increasing number of wind turbines, without a blockage model. (a-c) RMSEq with calibrated wake
models, (d-f) RMSEq with uncalibrated wake models, (g-i) MAPEq with calibrated wake models, and (j-1) MAPEgq with uncalibrated

wake models.

19



https://doi.org/10.5194/wes-2026-19 WIND

Preprint. Discussion started: 13 February 2026 —~ ENERGY
(© Author(s) 2026. CC BY 4.0 License. e we \ SCIENCE

® european academy of wind energy
m

The results show that the error consistently decreases as the separation factor increases. This trend reflects the increasing
complexity of the wake interactions at smaller inter-turbine distances. In these regimes, near-wake dynamics violate key as-
sumptions in simplified wake models, particularly the superposition of individual wakes, which becomes progressively less

360 valid as group effects strengthen (e.g., Andersen et al., 2014; Gunn et al., 2016). Simultaneously, the wake of a single turbine
also behaves in a more complex manner in the near wake, further complicating the modeling of denser farms. Similarly, there
is a shared trend of the error growing with the number of turbines, though at times it is subtle, which can be explained by the
modeling error of superposing wakes, becoming increasingly problematic as the number of turbines increases. These trends
between the error and the number of turbines and turbine density are observed for both the calibrated and uncalibrated engi-

365 neering models. It is also observed that the SG model with the lowest recalibration error is the one with the lowest error here,
increasing confidence in the recalibration process.

Furthermore, calibration improves the engineering models across both configurations, reducing the mean error and the width
of the confidence intervals, indicating improvements in accuracy and robustness across wind directions and inflow conditions.
An exception occurs for the MAPE, of the TP model at st = 3D, where calibration produces a lower mean error, but the

370 confidence interval worsens. The reason is not immediately apparent, though it could be that the original model was intended
for long-distance wakes and therefore produced consistent but poor results in the near wake, which would explain the poor
performance.

Across all cases, the ANN-based surrogate outperforms the engineering models. Its superior performance is attributed to its
ability to represent complex, spatially varying flow structures without relying on strong simplifying assumptions about wake

375 behavior. This expressiveness enables the ANN to capture near-wake features with substantially higher fidelity, resulting in
significantly lower errors than traditional engineering approaches.

In Fig. 7, the computational cost and memory consumption are plotted against the number of wind turbines. Figures 7 (a) and (b)
both show the computational cost, but in Fig. 7 (a) the cost is expressed in CPU hours (CPUh), meaning that only models exe-
cuted on the CPU can be compared directly. CPU hours are calculated by multiplying the walltime (in hours) by the number of

380 CPU cores used during the simulation, allowing for a fair comparison. The nodes used have 32 cores, the Engineering models
can be run on a single core, unlike the ANN, which by default uses all available cores. Figure 7 (b), on the other hand, reports
the real walltime in seconds, enabling direct comparison with the GPU-accelerated ANN. All simulations have been conducted
on identical and exclusive nodes on the DTU cluster Sophia (Technical University of Denmark, 2019b).

All the results are reported with a 95% confidence interval, based on an ensemble over the inflow conditions (wind direc-

385 tion, wind speed, and ambient TIs) and separation factors sy¢. The confidence is quite high, indicating that the variation in
computational resource requirements with respect to layout density and inflow conditions is low. The results are shown on a
semi-logarithmic plot, which likely contributes to the appearance of increasing confidence; however, it is also expected to be
low.

Figure 7 (a) shows that, in terms of CPUh, the fastest model is the SG model, followed by the TP model, with the ANN being

390 the slowest. The ANN being the slowest is expected, as evaluating it requires multiple matrix multiplications, as described in

Eq. 10, whereas the engineering models require far fewer computations. The TP model employs a Gaussian overlap for the
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Figure 7. Average computational resource cost of a flow case for increasing wind-farm sizes without inclusion of blockage. (a) Relative cost

in CPU hours, (b) real-world cost in walltime (seconds), and (¢) Random Access Memory (RAM) consumption in MB.

rotor averaging strategy, which requires additional flow evaluation and appears to increase its computational cost; however,
this relative difference decreases as the number of turbines increases. In Fig. 7 (b), we see that the real-time performance of the
ANN improves significantly when GPU acceleration is enabled, placing it roughly on par with the TP model. Without GPU
acceleration, however, the computational cost of the ANN is too high for applications such as WFLO, where many repeated
evaluations would otherwise become prohibitively expensive.

The memory requirements of the considered models are similar, as shown in Fig. 7 (c), except for the GPU-accelerated ANN,
which requires more memory. However, as all models remain below 1 GB of RAM, this remains well within an acceptable

range. The more pressing concern is the availability of GPU resources.
3.3 WFLO study

A series of WFLO problems was solved using the optimization algorithms listed in Tab. 5 for each engineering model, both
recalibrated and uncalibrated, as well as for the ANN model. All optimizations were executed on identical and exclusive
nodes of the Sophia cluster (Technical University of Denmark, 2019b) to ensure comparable runtime conditions. As PyWake
at the time of writing does not support automatic GPU gradients, all optimizations have been performed using CPU resources

only. Table 8 summarizes the performance of different combinations of wake models and optimization algorithms. For each
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algorithm within a given model, the random seed that achieved the highest expected AEP is reported. To aid interpretation, the

AEP value for the best-performing algorithm in each model is highlighted in bold.

Table 8. AEP of the optimized layouts produced from the best-performing initial seeds. Results shown in bold indicate the optimization

algorithm that achieved the highest AEP, selected for RANS validation.

Low-fidelity AEP [GWh]

Method w/o Blockage w/ Blockage
SLSQP IPOPT SGD SGD

SG 3049 3050 3046 3058

SG' 2972 2966 2954 2969

TP 2974 2968 2956 2958

TP 2750 2747 2721 2739

ANN 3041 3042 3040 3047

T Uncalibrated model

The results in Tab. 8 are separated into cases with and without blockage. Only the SGD algorithm was used for cases with
blockage due to the substantially higher memory consumption of these models. The batch sampling inherent to SGD makes it
computationally less expensive, making it the only approach feasible at the required wind-rose resolution. Consequently, SGD

results are used throughout for cases with blockage. A visualization of the obtained layouts is available in Appendix B.

For AEP validation with RANS, one optimized layout was selected for each low-fidelity model, both with and without block-
age, corresponding to the ten results marked with bold in Tab. 8. Table 9 presents the RANS AEP alongside the corresponding
low-fidelity AEP and an accuracy estimate, together with key optimization metrics for assessing computational expense. The
best-performing metrics in Tab. 9 are highlighted in bold. The inclusion of blockage did not improve the accuracy of any model,
despite its greater physical fidelity; however, it substantially increased the optimization cost by factors of between ~ 6x and
~ 20x. The ANN was an exception, where the blockage case was cheaper; this could be because the [POPT algorithm, which
succeeded in the case without blockage, more aggressively explores the loss landscape than the SGD, which is known to be
resistant to local minima.

The TP model produced the layout with the highest RANS AEP, despite being the least accurate in predicting RANS
AEP from its low-fidelity estimate, excluding uncalibrated counterparts. This outcome is somewhat unexpected given that the
recalibrated models and ANN were tuned against RANS data, making RANS the designated ground-truth reference in this
study. By contrast, the SG model reproduced the RANS AEP most accurately, followed closely by the ANN, with TP trailing
significantly. Hence, the ability to reproduce the RANS AEP accurately was not correlated with the ability to find the highest
RANS AEP layout through optimization in this study.

One possible explanation for this behaviour is that the issue arises as an artifact of the optimization process. To investigate

this, we first examine whether, among the layouts previously studied in RANS, the layout obtained using each low-fidelity
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Table 9. Comparison of RANS-validated AEP and optimization statistics for wind farm layouts generated using different wake models,

evaluated with and without blockage. The best-performing values within each category are highlighted in bold.

w/o Blockage w/ Blockage
Metric

SG SGf TP TP! ANN SG* SG™™ TP* TP ANN*
RANS AEP [GWh] 3083 3090 3093 3091 3080 3092 3091 3091 3088 3089
Low-fidelity AEP 3050 2972 2974 2750 3042 3058 2969 2958 2739 3047
[GWh]

Low-fidelity Acc.  98.92 96.18 96.16 88.98 98.75 98.9 96.04 95.71 88.7 98.67
[% of RANS]

Opt. alg. IPOPT  SLSQP SLSQP SLSQP IPOPT | SGD SGD SGD SGD SGD
Walltime [h] 4.513 04275  0.6851 0.5117 159.1 28.29 10.17 13.62 7.423 92.54

T Uncalibrated model, * Model with blockage effects included

model represents the best layout that the model could theoretically produce. To test this hypothesis, a cross-comparison is
performed in which the AEP is calculated using each low-fidelity model for all layouts evaluated with RANS. In Fig. 8,
the results of this cross-comparison are presented as a heatmap showing the change in AEP (AAEP) relative to the default
optimized model-layout pair. Entries with positive AAEP in a given model row therefore indicate that a better layout exists
compared to the one obtained during optimization. As illustrated in Fig. 8, significant improvements in AEP can be achieved
for both the SG model and the ANN without blockage, whereas for the TP model, no better layout is available. In cases with
blockage, however, there is a single better layout for the TP* model: the one generated by the TP model without blockage. In
comparison, no better layout exists for the SG* model, and the improvement for the ANN™ is so slight that it is not visible at
the displayed decimal precision.

According to the data in Tab. 9, a trend appears indicating that the SG model and ANN produce more accurate AEP estimates
than the TP model. To determine whether this trend holds more generally, the accuracy of the low-fidelity models is assessed
by comparing their AEP estimates with the RANS AEP for all available layouts. This comparison is presented in Fig. 9, where
additional aggregated metrics for each row have been included, along with a model podium to easily identify the models most
closely matching RANS predictions for each layout. As shown in Fig. 9, the hierarchy of models in terms of AEP estimation
accuracy places the TP model in third position. In contrast, the SG model and ANN compete for first place, with the SG
model ultimately emerging as the most accurate. Both the SG model and the ANN are more advanced than the TP model. The
SG model incorporates a transition from a top-hat shape in the near wake to a Gaussian profile in the far wake, addressing
limitations of a fully Gaussian wake. In contrast, the ANN is substantially more expressive than the engineering models, with
more than 28,000 tunable parameters compared to fewer than 10. While this analysis highlights differences in AEP estimation
accuracy, the WFLO results reveal that accuracy alone does not guarantee optimal layouts. In fact, the recalibrated TP model

produced the best layouts in our WFLO experiment, despite demonstrating the lowest accuracy among the calibrated models.
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Figure 8. Cross-comparison of AAEP for layouts optimized by different low-fidelity models, showing changes relative to each model’s
default layout. Each row corresponds to a distinct model used to compute AEP. Each column corresponds to a distinct layout generated by

optimizing with a selected model.

The TP model achieved strong RANS AEP validated performance despite having lower AEP accuracy than the SG and
ANN models. This was the first indication we observed that AEP accuracy, while important, is not the only critical factor in
achieving an optimal layout. Further investigation across all RANS-validated layouts confirmed this pattern: the SG and ANN
models consistently showed higher AEP accuracy, yet they did not yield the best layouts during WFLO. These observations are
based on experiments with a limited number of initial random seeds, so while the results indicate that the TP model performs
better, further experiments would strengthen this conclusion. That said, since computational resources are inherently limited
in WFLO applications, this represents a realistic scenario for ANN-based optimization, and the TP model demonstrates better
performance even under these practical constraints.

This insight raises two questions: why might a less accurate model be advantageous during optimization, and is this behavior
systematic? Although a definitive answer remains elusive, we hypothesize that increased model fidelity in wake representations
induces greater multimodality in the objective function geometry. As turbine-turbine interactions and the resulting flow become
more complex, the relationship between turbine placement and AEP becomes correspondingly more complex. This complexity
amplifies both the number and sharpness of local extrema, complicating the optimization problem and increasing the likelihood
that gradient-based methods become trapped in local minima.

Multimodality has been examined in a recent paper by Poole (2025), which investigated its prevalence in circular farms and

applied a smoothing strategy proposed by Thomas et al. (2017). Although limited to relatively small and simple farms, the
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Figure 9. Comparison of AEP estimates from low-fidelity models against RANS for all layouts. Each row corresponds to a distinct model
used to compute AEP. Each column corresponds to a distinct layout, which are the same layouts considered in Figure 8. The colors show the
relative difference between the RANS-computed AEP and model-computed AEP associated with each layout. Podium rows indicate the top

three models that most closely matched RANS predictions for each layout, while additional columns report aggregated metrics.

study establishes a correlation between farm size and multimodality. Simultaneously, they demonstrated that the mitigation
strategy could reduce the modality of the objective function’s geometry.

Earlier work by Stanley and Ning (2019) suggested reparameterizing wind farm layouts using the Boundary-Grid (BG)
approach, which places turbines along the farm boundary. This assumption does not generally hold, as it ignores electrical
infrastructure during optimization. Nonetheless, reducing multimodality by reducing the number of design variables remains a
sound approach, as it can preserve AEP accuracy while making local minima easier to avoid.

An alternative approach, aligned with our hypothesis that complex wake modeling increases multimodality, is to simplify
flow models. Thomas and Ning (2018) developed a wake model with an adaptable spread, enabling artificially smeared wakes
during early optimization. Smearing of wakes reduces locally unwaked areas and lowers the number of local minima. As
convergence nears, the wake spread is gradually removed, allowing final optimization with the original wake model. Another

method is the FLOWERS analytical AEP model by LoCascio et al. (2024), which further simplifies classical assumptions by
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considering a single turbine operating condition, constant wake expansion, a unified wind speed per directional bin, and a
Fourier series approximation of wind directions. These simplifications enable an analytical AEP expression and significantly
reduce the degree of multimodality.

480 To investigate this hypothesis, an experiment to visualize the multimodality of the objective function was conducted. Unfor-
tunately, the admittedly limited experiment only showed a slight indication that the TP model produces lower multi-modality.
Therefore, the experiment has been documented but moved to Appendix C as further studies are required to reach a definitive

conclusion on the matter.

4 Conclusions

485 This study systematically validated an ANN-based surrogate model against two representative engineering models for wind

farm flow simulation and WFLO. The main findings can be summarized as follows:

1. Recalibration of engineering models: Bayesian optimization applied to RANS-based single-wake data significantly
improved the accuracy of both engineering models, with the most pronounced improvements observed in the near-wake
region. These improvements are reflected in reduced RMSE and MAPE values compared to the original configurations,

490 indicating better alignment with RANS flow characteristics.

2. Flow simulation performance: Across all tested layouts and inflow conditions, the ANN surrogate consistently out-
performed the engineering models in terms of RMSEq and MAPE(. The ANN’s ability to represent complex spatial
flow structures enabled a higher fidelity flow representation. This improved accuracy comes at a higher computational
cost than engineering models, though GPU acceleration mitigates this by enabling much faster real-world computational

495 time with a factor of ~ 8x for larger farms.

3. WFLO results and optimization behavior: Despite lower AEP-prediction accuracy, the recalibrated TP model pro-
duced layouts with the highest RANS-validated AEP. Conversely, the SG model and ANN surrogate achieved the most
accurate AEP estimates but did not yield the best-performing layouts. This discrepancy suggests that higher model fi-
delity may introduce additional complexity in the optimization landscape, potentially making convergence for gradient-

500 based algorithms, leading to the result that simpler models can occasionally yield layout of higher realized AEP.

4. Impact of blockage modeling: Including blockage effects did not improve AEP prediction accuracy or layout perfor-

mance but substantially increased computational cost.

Further research should investigate the multimodality of the WFLO problem more thoroughly, particularly when using high-
fidelity surrogates, including formally characterizing the convexity of the optimization landscapes associated with different

505 wake models and conducting sensitivity analyses of optimal layout AEP with respect to wake model parameters.
Minimizing the impact of multimodality: Work focusing on multifidelity, employing simplified wake models in early itera-

tions to reduce it initially, followed by high-fidelity surrogates for final convergence. An investigation into whether ANN-based
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optimization can improve upon layouts generated by simpler models, such as the TP model, could further provide insight into
the practical benefits of high-fidelity surrogates.
Finally, improving scalability with trust-region methods and extending validation to larger farms and broader inflow condi-

tions will strengthen the applicability of surrogate-based optimization in real-world settings.
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Appendix A: Flow study with blockage
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Figure A1. Flow study result metrics for an increasing number of wind turbines, with a blockage model. (a-c) RMSE with calibrated wake

models, (d-f) RMSE with uncalibrated wake models, (g-i) MAPE with calibrated wake models, and (j-1) MAPE with uncalibrated wake

models.
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Appendix B: Layouts obtained during WFLO
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Figure B1. Initial and final layouts obtained through WFLO
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Appendix C: Multi-modality experiment

We investigated the hypothesis, that the improved RANS AEP obtained using the TP model correlates with a lower degree of
multi-modality in the objective function. To do so the SG, TP, and ANN models were employed to evaluate the improvement
in AEP (AAEP) that could be achieved by adding a turbine to the best-performing layout obtained with the TP model. By
systematically assessing the addition of the turbine at different locations throughout the farm. In practice, a grid was constructed
with a density of one grid point per D, and the AEP improvement (AAEP) was then evaluated for every possible location the
additional turbine could be placed in the grid.

Because the ranges vary significantly, which obscures the perceived smoothness of the objective function map, AAEP is

min—-max normalized independently for each observation, placing all the results within a range of O to 1:

—_ AAEP(z,y) — min, ,(AAEP)
AAEP = : Y 1
(@) max;, ,(AAEP) €D

The resulting objective function maps, illustrating AAEP, are shown in Fig. C1. Additionally, two extra subplots are in-

cluded, showing AAEP at y ~ £10D for all three models in one plot at a time.

Figure C1 (a) to (c) illustrate that there is slightly less variability in the range of AAEP for the TP model compared to the
other two. In Fig. C1 (d) and (e), the cross-plane AAEP is visualized. Here, the differences between the models are subtle:
the TP model shows marginally smoother variations, with fewer extreme peaks and valleys, compared to SG and ANN, but the
overall patterns remain broadly similar. As this can be difficult to see visually std (o) values are displayed in Fig. C1 (d) and (e)
to quantify the variability in each cross-section. Lower values of ¢ indicate smoother objective function landscapes. Here, the

TP model consistently shows the lowest o, supporting the observation of reduced multi-modality.
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