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Abstract

As the role of offshore wind generation increases in modern power systems,
the need for enhanced modelling techniques becomes critical. In problems
involving iterative computations, simplified offshore wind farm models often
disregard complex aerodynamic effects in order to reduce computational time.
However, those effects have a significant impact on the produced electricity.
To address this current modelling limitation, we develop a new topology-
aware wind farm surrogate using supervised machine learning techniques.
This surrogate model is trained to capture the complex relationship between
free flow wind information and electrical output, irrespective of the wind
farm layout. This allows bypassing the need to train a different model for
each wind farm, while enabling the simulation of farms lacking historical
data (such as those in construction phase). This is achieved by enriching
the input space of the machine learning surrogate with novel geometric and
physics-informed features, making it adaptable to any offshore wind farm
configuration.
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1. Introduction1

Offshore energy has the potential to deliver large amounts of low-carbon,2

renewable energy to fulfil a large part of future electrical needs. In 2023, the3

worldwide amount of installed offshore wind power was 75.2 GW [1]. The4

European Union has recently set targets for an installed capacity of at least5

60 GW of offshore wind energy by 2030, and 300 GW by 2050. However, the6

output power of offshore wind farms is weather-dependent, and thus highly7

fluctuating, and hard to predict. This leads to growing concerns regarding8

the reliability of the electricity supply for future renewable-dominated power9

systems. In this paper, we aim to enhance the quantification of these issues10

by improving the modelling of offshore wind farm operations.11

Within a wind farm, the wind speeds seen by different turbines vary12

due to complex aerodynamic phenomena. Wake effects cause a reduction13

of wind speed due to upwind turbines extracting kinetic energy from the14

wind, and turbulence influencing the recovery of wind speed. These effects15

are particularly significant in offshore conditions, thus having a considerable16

impact on the resulting wind farm generated energy. Modelling the exact17

output of offshore wind farms in problems involving iterative computations is18

often performed using very simple wind farm models. Such problems applied19

to power systems include adequacy computations that aim at assessing the20

reliability of a power system, and involve simulating millions of possible states21

for the power system. Therefore, for iterative power systems computations,22

wake losses are either ignored [2], or roughly approximated [3, 4, 5], notably23

with the Jensen wake model [6].24

Accurately assessing the power production of a wind farm, i.e. accounting25

for aerodynamic effects and wind turbines interacting with each other, is26

not straightforward. However, given the planned growth of offshore wind27

farms, it is important to understand and accurately simulate the variability28

of the output power with a tractable computation time in order to ensure29

their reliable integration into power systems. Wind farms simulation models30

can accurately capture complex wake effects, but their high computational31

burden makes them impractical. However, a database can be generated from32

wind farm simulations, then be used to train fast models based on Machine33

Learning (ML) techniques. In this paper, supervised ML techniques will34

thus be used to build a fast, accurate, and topology-aware surrogate model35

of offshore wind farms.36
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Most current works [7, 8, 9, 10] using ML to represent wind farms are37

building a model only applicable for the wind farm on which they have been38

trained, i.e., for a fixed layout and wind turbine characteristics. This means39

that the model has to be completely retrained for any modification of the40

wind farm configuration, i.e., adding/removing turbines or changing the tur-41

bine type in case of re-powering of older turbines. Consequently, the current42

ML models cannot be applied to various wind farms, such that a different43

model has to be trained for each wind farm topology. Considering the diver-44

sity in layout shape, turbine spacing, turbine characteristics, ... of the future45

offshore wind landscape, current methods are not computationally efficient.46

Moreover, the topology of future wind farms, which are not yet built, remains47

unknown and this uncertainty must be taken into account when studying48

them, which can be achieved by considering different possible configurations49

(leading to different power outputs) of those farms. Finally, none of the cited50

works allows the possibility to consider turbine failures. Indeed, in case of51

maintenance or repair, an idle turbine does not produce electricity, thus does52

not extract energy from the wind. Its situation affects all downwind turbines,53

and the wind energy is actually redistributed among neighbouring turbines54

in a complex way. This impacts the wind farm production, especially with55

turbines that have a large rotor diameter.56

A few papers have focused on creating generalized ML models, to ensure57

that the training process should be carried out only once. In [11], two neu-58

ral networks (respectively capturing wake and turbulence field) are trained59

with a database consisting of simulations performed on a standalone wind60

turbine. While showing strong capabilities to capture the complex spatial61

relationship between inflow conditions and the wake fields, the developed62

model exhibits a high computation time for large wind farms. Indeed, power63

computations for a wind farm requires the propagation of the wake field,64

which involves running the neural network many consecutive times. This can65

lead to error accumulation as the power prediction on a downstream turbine66

depends on the predictions (and accuracy) made on the upstream turbines.67

In reference [12], a dataset is built upon medium-fidelity aerodynamic sim-68

ulations (based on Reynolds-averaged Navier Stokes equations) and the ML69

model uses atmospheric and physics-informed features to generalize to dif-70

ferent layout configurations. However, the proposed model is limited to very71

specific wind conditions. Authors in [13] train physics-induced graph neural72

networks, able to generalize to unseen wind farm configurations. However,73
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the use of graph neural networks involves a high computation time that in-74

creases with the number of turbines. In this way, the reported time is 0.1 s75

for a 40-turbine wind farm, which exceeds wind farm simulation tools based76

on advanced wake models, perhaps making them quite cumbersome for iter-77

ative computations. Besides, the model in [13] cannot handle heterogeneous78

turbine types.79

In this context, this paper presents a novel approach to develop a sur-80

rogate model for offshore wind farms, built on wind farm simulations. The81

model accounts for heterogeneous turbine types and turbine failures and,82

most importantly, is designed to generalize to unseen wind farm configura-83

tions. This means it can be applied to any offshore wind farm worldwide, with84

the training process performed only once. Furthermore, the model achieves85

low computational times for power assessments, making it highly efficient and86

broadly applicable. Specifically, this paper has three main contributions.87

Firstly, a generic, topology-aware ML model is trained to accurately cap-88

ture complex aerodynamic effects arising within offshore wind farms. The89

model relies on an augmented set of features, including atmospheric, geo-90

metric, physics-informed, and turbine-specific characteristics, which makes91

it able to generalize to any (future) farm configuration. By externalizing92

the complexity from the model architecture to the input features set, the93

proposed model has a very low computation time in both training and infer-94

ence stages, such that the ML model is highly valuable in problems involving95

iterative computations (see methodology in Fig. 1).96

Convert wind farm 

layout to ML features

Wind farm 

simulations

ML model 

inputs

Topology aware

ML model

Convert wind farm 
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Turbine 

powers

Set of training wind farms

Trained ML model
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Figure 1: Diagram of the proposed methodology

Secondly, a database of is built to form a significant training set for the97

ML surrogate. In the absence of real-life data, offshore wind farm simulations98

4
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are leveraged to constitute the training database. The latter encompasses99

enough diversity in wind conditions and wind farm configurations for enabling00

the ML model to generalize to unseen data. Situations with turbine failures01

and the subsequent redistribution of wake are also encompassed within the02

database.03

Thirdly, the generalization capabilities of the model are leveraged to ac-04

count for uncertainties in the layout and turbine choice of future offshore05

wind farms. A sensitivity analysis on yearly energy production with regard06

to farm density and layout, as well as turbine characteristics, can be easily07

carried out with the topology-aware surrogate. This is further illustrated08

in our case study by integrating the model into a long-term adequacy study09

aimed at assessing the reliability indices of a future power system with a high10

share of offshore generation.11

The remainder of this paper is organized as follows. Section 2 explains12

the creation of the training database using wind farm simulations. In section13

3, the generic wind farm surrogate is presented: the different input features14

are explained and the performances of the proposed model are evaluated on15

a real wind farm. Benchmark comparisons with existing models are carried16

out, and the scalability to large wind farms is also studied. In section 4, a17

case study of adequacy studies of the Belgian power system using the Monte-18

Carlo methodology is performed. Finally, main findings and perspectives are19

summarized in the last section.20

2. Wind farm simulations: generation of a representative synthetic21

database22

As wind farm simulations (even with low or medium-fidelity models) can-23

not be directly embedded in complex power systems problems, there is a24

crucial need for creating a representative synthetic database on which faster25

ML models can be trained.26

2.1. Wind farm simulations27

To build the training database, Computational Fluid Dynamics (CFD)28

would provide very accurate wind farm simulations, but it is very complex29

and computationally too demanding. Therefore, as a good trade-off between30

high accuracy and tractability, the choice was made to use lower fidelity31

wake models (or engineering models). It should be noted that the use of32
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wake models to build the training database is not the main focus of this33

work. Indeed, the most accurate way to capture aerodynamic effects would34

be to rely on measurements data, which encompass not only wake effects,35

but also other complex phenomena such as blockage. Unfortunately, those36

data are not currently available in the literature, even though they exist:37

vast quantities of information are collected by turbine manufacturers, oper-38

ators and utility companies [14]. In this paper, the use of wake models is39

not critical, as it only serves to replace measurements data that are not yet40

accessible. Those data could be noisy and a careful pre-processing [15] (e.g.,41

filter down-regulation, startup, or shutdown events) is needed before using42

them for training machine learning models.43

Several commercial (WAsP, windPRO) and open-source softwares (FLORIS44

[16], PyWake [17], FOXES [18]) implement a common set of wake models.45

However, authors in [19] found a good agreement across most of the model46

implementations. In this work, simulations are run with FLORIS, though47

other tools could have been employed without significantly altering the re-48

sults. FLORIS (FLOw Redirection and Induction in Steady state) [16] is49

developed by the National Renewable Energy Laboratory and it is widely50

used in the literature [20, 21]. This open-source code provides a modelling51

tool of the steady-state wake characteristics in a wind farm. Floris offers52

several wake models: in this study, gaussian models developed in [22] and53

based on the implementation by Niayifar and Porté-Agel are chosen for wake54

deflection and velocity deficit, as they have been proven to be in good agree-55

ment with both numerical and experimental results. Indeed, the Gaussian56

shape of the hub height velocity deficit in the far wake can clearly be seen in57

wind tunnel measurements [23, 24], numerical simulations [25], and data of58

operating wind farms [26]. Furthermore, the wake model is complemented59

with a turbulence model to capture the turbulence field, which is essential60

in the context of interactions among multiple turbines. Here, the Crespo-61

Hernandez approach [27] is selected for modelling the added turbulence due62

to turbine operation. Finally, depending on the wind direction, the turbines63

inside wind farms are often exposed to multiple wakes from several upstream64

wind turbines. These overlapping wakes are combined using freestream lin-65

ear superposition. The number of grid points (where the wind conditions66

are calculated) on each turbine rotor was set to 9. Blockage effects are not67

modelled as they do not to have a critical impact on wind energy utilization.68

Indeed, global blockage has a much lower impact on the power production69

6
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than other wind farm flow features like inner-farm wakes. [28]. For the six70

real-life offshore wind farms simulated for the training set (see next section),71

blockage losses (computed with PyWake) do not exceed 0.5% (1% for North-72

wind only).73

We have validated our parametrized Floris-based model by comparing74

its outputs with actual measurements from two offshore wind farms. As75

more thoroughly detailed in [10], this comparison spanned both farm-level76

and turbine-level outputs across various wind speeds and directions, and77

demonstrated that our simulation model accurately captures the width and78

depth of power losses due to wake effects. Moreover, as Floris offers a great79

flexibility in the choice of wake models, one could choose another combination80

of velocity deficit and superposition models to build another database. Since81

our model is topology-aware, the training process should be carried out again82

only once. While the developed surrogate will be linked to the training set83

and thus to the choice of wake models, our methodology can be considered84

as model-agnostic.85

2.2. Database generation86

Our Floris-based simulation model is then used on six real-life offshore87

wind farms for generating the training database (they can be seen in Fig. 2):88

• Alpha Ventus: 12 turbines, 4 km², 60 MW (15 MW/km²)89

• Belwind: 56 turbines, 17 km², 171 MW (10 MW/km²)90

• Mermaid: 28 turbines, 17 km², 235 MW (13.8 MW/km²)91

• Norther: 44 turbines, 44 km², 370 MW (8.4 MW/km²)92

• Northwind: 72 turbines, 15 km², 216 MW (14.4 MW/km²)93

• Rentel: 42 turbines, 23 km², 309 MW (13.4 MW/km²)94

They are all located in the North Sea but they offer variable characteris-95

tics in terms of layout and turbine technology. Their layouts show different96

wind turbine density, shape and number of turbines. The wind turbines have97

different rotor diameter, hub height and power curve shapes (see Table 1).98

For each farm, the layout (wind turbine coordinates) is publicly available99

[29, 30], and the wind turbine characteristics are extracted from manufac-00

turers datasheets. Two wind farms (Belwind and Alpha Ventus) have het-01

erogenous turbine types. The purpose of using only 6 layouts for the training02

set is to allow to build a ML surrogate showing topology-aware abilities even03

with a limited amount of wind farms data.04

7
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Figure 2: Wind farms used for training the ML model

Type
Rotor

diameter
Hub
height

Rated
power

Rated
wind speed

Alpha
Ventus

Adwen 116 m 90 m 5 MW 12.5 m/s
Senvion 126 m 94 m 5 MW 14 m/s

Belwind
Vestas 90 m 72 m 3 MW 15 m/s
Heliade 150 m 100 m 6 MW 13 m/s

Mermaid Siemens 167 m 109 m 8.4 MW 14 m/s

Norther Vestas 164 m 105 m 8.4 MW 13 m/s

Northwind Vestas 112 m 71 m 3 MW 13 m/s

Rentel Siemens 154 m 105 m 7.35 MW 13 m/s

Table 1: Wind turbine characteristics

Regarding the list of wind speeds, wind directions and ambient turbu-05

lence, the ERA5 dataset provided by the European Centre for Medium-Range06

Weather Forecasts (ECMWF) [31] was used. ERA5 is based on reanalysis07

to generate atmospheric time series covering a large period (from 1959 to08

2024), with a spatial resolution of 31 km and an hourly temporal resolution.09

8
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Reanalysis combines model data with observations from across the world into10

a globally complete and consistent dataset using the laws of physics. It pro-11

vides a comprehensive description of the observed climate as it has evolved12

during recent decades, on 3D grids at sub-daily intervals. Since ambient13

turbulence intensities are not directly given by the ERA5 dataset, the IEC14

standard 61400-3 [32] formulation is used to get realistic turbulence values.15

For each wind farm, one year (2019) of hourly wind along with extreme16

scenarios (very high wind speeds) at the location of the offshore wind farms17

were used as atmospheric inputs. Hence, a total of 52,746 (6*8791) simula-18

tions were run with Floris. The resulting database consists not only in the19

aggregated power output of the entire wind farm, but also the individual20

wind turbine outputs, taking into account potential turbine failures21

in the farm. Those failures were randomly sampled from a probabilistic22

distribution based on offshore turbines reliability data.23

3. Wind farm surrogate using machine learning24

To train the ML surrogate, the database built in section 2.2 is used. Each25

wind turbine of every wind farm simulation is considered as a sample. There-26

fore, without pre-processing, each data sample represents an hourly value of27

wind speed, wind direction and ambient turbulence, and the corresponding28

effective wind speed (i.e., the wind speed seen right before the rotor, which29

can be directly used to get the wind turbine steady-state power). We predict30

the output of a single wind turbine because an evaluation at the turbine level31

gives a better insight of the ML models performance since turbine errors may32

compensate when powers are aggregated into total power at the farm level.33

Moreover, this allows to consider individual wind turbine outages when the34

model is used in adequacy studies.35

The main challenge is to ensure that the trained ML model is layout-ag-36

nostic, i.e., the model should be able to make power assessments for a farm37

unseen in the training database. An important contribution of this work is38

therefore to enrich the input space with new features, including atmospheric,39

geometric, physics-informed, and turbine-specific information, which enable40

the ML model to generalize to any farm configuration. Moreover, while most41

ML models in the literature aim at predicting turbine power production,42

our ML surrogate directly outputs the waked wind speed uWTi
, i.e., the43

wind speed seen at the rotor of the ith turbine WTi. The wind speed uWTi
,44

9
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as opposed to the free-flow speed, takes into account the influence of all45

upstream turbines on the free-flow wind speed (i.e., velocity deficit from the46

wake, but also wake recovery due to turbulence). Indeed, this allows our ML47

surrogate to generalize to turbine with different characteristics (e.g., different48

rotor diameter). To obtain the wind turbine power output, the waked wind49

speed is fed to the turbine power curve, then the wind farm total power is50

computed by summing individual turbine outputs. The process is detailed51

in Fig. 3. Practically, each sample consists of 16 input features, which are52

detailed hereafter, while the direct output of the ML model is the wind speed53

seen at the turbine rotor.54

ML 

model

Waked wind 

speed at the 

turbine rotor

Atmospheric 

features

Geometric 

features

Total wind 

farm power

Physics-informed 

features
WT status 

(failure)

Turbine power 

output

Turbine power curve

Turbine power 

output

…

…

ML input 

features

Figure 3: Diagram of the methodology used to predict wind farm power with the topology-
aware ML model

3.1. Features for topology-aware wind farm model55

3.1.1. Atmospheric features56

Wind speed in front of the rotor directly determines the output generated57

by the turbine. However, this information is not readily available, so the free-58

flow wind speed measured ahead of the wind farm is used. When taking wake59

effects into account, wind direction also has a crucial impact. However, wind60

direction is not directly used as a feature, but rather implicitly considered61

when computing the geometric and physics-informed features, as explained62

hereafter. Ambient turbulence intensity is also fed to the model.63

10
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3.1.2. Geometric features64

For each sample (corresponding to a specific time step for a wind turbine65

within a farm), the computation of geometric features allows to convert in-66

formation regarding wind direction and wind farm layout into usable inputs67

for the ML model. Based on the knowledge on how wake effects propagate68

(wake expansion will be addressed in section 3.1.3) and affect downstream69

turbines, the following features have been computed for every sample:70

• Number of upstream blocking wind turbines71

This feature indicates the number of turbine located upwind, i.e., whose72

swept area (or part of) coincides with the rotor of the considered wind73

turbine, affecting non-linearly its wind access and performance. No74

blocking turbine means that the considered turbine is unwaked, and75

produces the maximum power for the free flow wind speed. However,76

more blocking turbines means less available energy in the wind seen by77

the rotor.78

• Mean distance of blocking wind turbines79

The distances between the considered wind turbine and all upstream80

blocking turbines are averaged. Distances between turbines are com-81

puted perpendicularly to the rotor areas, in the direction of the flow.82

A high number may indicate a lower turbine density for the wind farm83

(turbines installed at a larger distance from one another), thus allowing84

for more wake recovery.85

Wind farm measurements have shown that the closest upwind turbine aligned86

with the considered rotor has the most influence on power deficit [33]. There-87

fore, we identify the closest blocking turbine WTb,1 of turbine WTi in terms88

of streamwise direction (i.e., direction of mean flow).89

• Stream-wise distance of first blocking wind turbine90

This is the distance between the considered wind turbine WTi and the91

closest upstream blocking turbine WTb,1, in the streamwise direction.92

• Lateral distance to first blocking turbine93

This distance is the shift between the considered wind turbine WTi and94

the closest upstream blocking turbine WTb, in the spanwise direction95

(i.e. direction perpendicular to the mean flow). Indeed, the velocity96

11
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deficit will be maximum if the blocking rotor is completely shadow-97

ing the considered turbine. This distance is computed between rotor98

centrelines.99

• Rotor diameter of first blocking turbine00

A turbine with a larger rotor diameter generally extracts more power01

from the incoming wind, as turbine power production is proportional02

to the square of the rotor radius. Therefore, for the same streamwise03

distance, a larger turbine will lead to a increased velocity deficit in04

the wake, thus reducing the waked wind speed seen at the rotor of the05

considered turbine WTi.06

There may be multiple upstream turbines that block the same or additional07

portions of the swept area of a given turbine. Moreover, as it was stated08

before, blocking turbines that are closer have more influence on the waked09

wind speed at the rotor of turbine WTi. However, if those turbines are not10

completely aligned with the considered rotor, their influence decreases. The11

combination of those two aspects is captured by the blocking ratio and the12

blocking distance described below.13

• Blocking ratio14

This is the fraction of the swept area of turbine i that is blocked by the15

swept area of any wind turbine upstream [34]. This blocking ratio BRi16

varies between 0 (not blocked) to 1 (totally blocked) and is computed17

as:18

BRi =
1

Ai

∫

(x,y)∈A
χ dx dy (1)

where19

Ai is the swept area of the rotor of turbine WTi20

χ = χ(x, y) is a function defined for each point (x, y) on the tur-21

bine rotor disk.22

23

We have χ =

{
1, if the point (x, y) is blocked by any turbine.

0, otherwise.
24

25

• Blocking distance26

12
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It represents the weighted average distance to the upstream blocking27

turbines. The blocking distance BDi of turbine WTi is defined as:28

BDi =
1

Ai

∫

(x,y)∈Ai

[χ min(L,L∞) + (1− χ) L∞] dx dy (2)

where29

L is the distance between the grid point and any upwind blocking30

turbine31

L∞ = 20 ∗D (for grid points not blocked by any upwind turbine)32

The blocking distance can be seen as the average distance to the up-33

stream blocking turbines, weighted by the fraction of the area ob-34

structed by each upstream blocking turbine. The term L∞ is an arbi-35

trary large but finite length ensuring that the integral remains finite.36

In this study, L∞ is set to a distance equal to 20 rotor diameters since37

previous studies have shown that the velocity profile in a turbine wake38

almost entirely recovers its original shape at 20 rotor diameters down-39

stream of the turbine [35].40

For the computation of these features, the swept area of each turbine41

is divided into a large number of discrete areas NA, and the integrals in42

Eqs.(1) and (2) are evaluated numerically to give the geometric measures.43

The quantities BRi and BDi are computed at the geometric centre of each44

discrete area with the following equations:45

BRi =
1

NA

NA∑

iA=1

χiA (3)

46

BDi =
1

NA

NA∑

iA=1

[χiA min(L,L∞) + (1− χiA) L∞] (4)

where χiA=1 if the centre of the area iA is blocked by any upwind turbine,47

and 0 otherwise.48
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3.1.3. Physics-informed features49

Complex ML models (such as deep neural networks, or random forests50

with numerous deep trees) can be plagued by a black-box nature, which51

makes them difficult to interpret and prone to produce physically impossible52

results. A recent field of research that has focused on solving this problem is53

physics-informed machine learning [36]. Physics-informed machine learning54

is characterized by the exploitation of the scientific knowledge or the physics55

laws to guide the optimization, architecture design, and implementation of56

ML models. In particular, physics-informed feature engineering refers to57

leveraging the insights of prior physical knowledge to select, transform, and58

synthesize the most informative input variables from raw data for the ML59

model [37].60

In this paper, we want to improve the model performance by efficiently61

capturing that geometric features simply describe the layout of the wind62

farm, and it uses turbine rotor diameters to compute the swept area of the63

upstream turbine rotor. This equates to an assumption that the wake behind64

a turbine has a constant diameter equal to the rotor diameter of this turbine.65

However, it is known that the wake expands behind a turbine, meaning that66

the diameter of the wake increases with the downstream distance [38]. In-67

deed, when using only geometric features, the ML model may infer that some68

turbines are exposed to free-flow wind (if the number of blocking turbines69

found using rotor diameters is equal to 0), while they are in fact slightly in70

the wake of another turbine. As depicted in Fig. 4, this could happen if the71

turbines are not directly aligned such that the downstream turbine is not72

in the wake cylinder whose cross section is computed using the upstream73

turbine rotor diameter, but within the cylinder of a an expanded wake.74

Determining the expanded wake diameter at the downstream turbine ro-75

tor has physical significance, aligning the ML model with aerodynamic prin-76

ciples. However, this calculation must be fast and simple to preserve the77

computational efficiency of the ML model. This is why we use the very sim-78

ple Jensen wake model [39] to compute the wake diameter Dw. The Jensen79

model assumes a top-hat shape for the normalized velocity deficit and was de-80

rived using only mass conservation. The Jensen wake diameter is computed81

as follows:82

Dw = D + 2 ∗ kw ∗ xw (5)

where kw is the Jensen wake spreading parameter, D the wind turbine di-83

ameter and xw the distance downstream behind the turbine. In offshore84
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Figure 4: Illustration of geometric features in a simple case with 2 turbines. Plan view
with where rotor diameters are represented by grey rectangles and their swept area by
dotted lines. The wake expansion is shown by the red dashed lines.

conditions, kw is usually set to 0.05 [40]. Therefore, additional values for the85

number of blocking turbines, mean blocking distance, distance/shift/rotor86

diameter of first blocking turbine, blocking ratio and blocking distance are87

computed using a wake diameter Dw instead of turbine rotors D. These new88

inputs are called physics-informed features.89

3.2. Supervised ML algorithms90

The relationship between the effective wind speed of each turbine and the91

proposed input features is highly non-linear, which motivates the use of the92

four following supervised ML algorithms:93

• Decision tree94

• Random forest95

• Gradient Boosting Regression Tree (GBRT)96

• Neural network (more specifically, Multi-layer Perceptron, NN-MLP)97

3.3. Performance of the ML Surrogate98

The synthetic database of section 2.2 was used to train the topology-99

aware ML model. To find the best (combinations of) hyperparameters for00

the supervised ML algorithms, a validation dataset of wind farm simulations01

is set up. The latter consists in hourly simulations performed on the Lillgrund02

offshore wind farm, i.e., a new wind farm unseen in the training database.03

It uses Floris and one year (2020, i.e., another year than for the weather04

data seen during training) of ERA5 wind data. Lillgrund is located near the05
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coast of Sweden, and the layout of the wind farm is presented in Fig. 5(a).06

This wind farm has a total rated capacity of 110 MW and consists of 4807

pitch-controlled, variable speed wind turbines with a rotor diameter of 93 m08

and a hub height of 65 m. The layout is quite tight, with a mean turbine09

spacing of 3.3 rotor diameters. The hyperparameters of each ML model were10

calibrated with a thorough grid search performed on the validation set, and11

the obtained optimal architectures are given in Table 2.12

Decision tree Maximum depth 20

Random forest
Number of trees 50
Maximum depth 25

Gradient boosting
regression trees

Number of trees 50
Maximum depth 15
Learning rate 0.1

Multi-layer
perceptron

Number of hidden layers 2
Neurons in hidden layers 50
Activation function ReLU

Table 2: Values of hyperparameters calibrated on the validation set

Moreover, to quantify the performances of the ML surrogate and assess13

its ability to generalize to unseen data, the model is evaluated on a test set,14

which is composed of a new wind farm (not used in training and validation15

stages). The latter consists in hourly simulations performed on the large16

offshore wind farm Horns Rev (widely studied in the literature), using Floris17

and one year (2021) of ERA5 wind data. Horns Rev is located in the eastern18

North Sea, near the coast of Denmark. It consists of 80 wind turbines (Vestas19

V-80), whose rated power is 2 MW, hub height is 70 m above sea level and20

rotor diameter is 80 m. The wind farm layout (Fig. 5(b)) has a rhomboid21

shape with a minimum spacing of seven rotor diameters between two con-22

secutive turbines. The total area of the wind farm is about 20 km² and the23

total installed capacity is 160 MW, meaning a power density of 8 MW/km².24

Similar to the training database, random turbines failures are also added to25

the test set. The performance of each ML model is given in Table 3. The26

Root Mean Squared Error (RMSE) and the Mean Absolute Error (MAE) are27

computed and given in MW but other metrics are given in percentage of the28

wind farm total installed capacity (160 MW for Horns Rev), i.e., Root Mean29

Squared Percentage Error (RMSPE) and Mean Absolute Percentage Error30
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(MAPE). The inference time corresponds to the total time for obtaining a31

yearly output of 8760 samples. The chosen algorithm should reflect the best32

compromise between accuracy, inference time and model complexity.33
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Figure 5: Layout of the (a) Lillgrund and (b) Horns Rev offshore wind farms

Tree RF GBRT NN-MLP

RMSE [MW] 2.47 2.23 1.93 1.57
RMSPE [%] 1.54 1.40 1.20 0.98
MAE [MW] 1.28 1.07 1.05 0.84
MAPE [%] 0.80 0.67 0.66 0.53

Inference time [s] 0.31 2.09 0.32 1.77

Table 3: Performance of machine learning models on the test set

The four ML models show strong performance regarding both accuracy34

and inference time. The decision tree has a very low prediction time, but has35

the highest RMSE (decision trees are prone to overfitting). Random forests36

exhibit lower errors, but at the cost of a higher inference time. The GBRT37

algorithm seems to offer a good compromise between accuracy (low errors,38

with RMSPE around 1% of wind farm total capacity) and computation time.39

The MLP is slower, but shows lower errors than random forests and GBRT,40

with both RMSPE and MAPE under 1% of the wind farm rated capacity.41

Neural networks (MLP) are thus the supervised algorithm chosen for rest of42

this work. Throughout the remainder of this paper, the term “ML surrogate”43

will refer to the model trained using MLP.44

It should be noted that the time needed to calculate geometric and45

physics-informed features should be added to the inference time reported46
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in Table 3. For Horns Rev, the computation time is around 10.3 s, which47

brings the total inference time between 10.6 s and 12.39 s. This value is48

much lower than the 332 s needed to carry out 8760 simulations (i.e., one49

year) of Horns Rev with Floris. This means that the ML model is more than50

25 times faster than wind farm simulations, making it ideally suited for com-51

putations where wind farm total power has to be simulated for thousands or52

even millions iterative steps.53

Moreover, if our surrogate was to be used in power systems computations54

involving gradient-based methods, it should be differentiable. For decision55

trees, this could be accomplished by using soft decision trees or deep neu-56

ral decision forests. For neural networks, it involves using smooth activation57

functions or ReLU (if the derivative is set to 0 at the origin [41]). For exam-58

ple, the gradient of total wind farm power with regard to the wind turbines59

positions was computed for our surrogate in [42].60

3.3.1. Benchmark study with existing models61

We compare the performance of our topology-aware surrogate with other62

well-established models based on ML and exhibiting capabilities to generalize63

to unseen wind farm configurations. This benchmark study is detailed in Ta-64

ble 4, where the performance is compared in terms of MAPE. We can see that65

our surrogate performs well with regard to the other models presented in the66

literature, especially when applied on an unseen wind farm (testing). How-67

ever, it should be noted that the comparison is not straightforward. Indeed,68

the training database was not generated in the same way for all compared69

references: [12] is based on CFD simulations, [43] on measurements, while70

[13] and [44] use wake models, as does this work. Therefore, performance71

metrics reported in [43] also encompass measurements errors, and engineer-72

ing model errors are included in [13, 44]. Moreover, the number of data in the73

testing set is different in all references. Regarding inference time, information74

on computational time was not provided in the other works, except in [13].75

In the latter, making one power prediction for a wind farm of 40 turbines76

took approximately 0.1 s, which is slower than our surrogate (12.39 s for 876077

power predictions of a 80-turbines farm, i.e., 0.0014 s per prediction). Finally,78

references [44] and [43] acknowledge that while their models can generalize79

to unseen turbine positions, they cannot generalize to different turbine tech-80

nologies. It is important to keep in mind that considering the discrepancies81

in methodologies and datasets, no direct conclusions can be made from this82

comparison: compared values are merely given for information purposes only.83

18



Journal Pre-proof

4

4

4

4

4

4

4

4

4

4

4

4

4

4

4

4

5

5

5

5

5

5

5

5
 Jo
ur

na
l P

re
-p

ro
of

Reference Wind farm MAPE

[12] Horns Rev (training) 2.27%

Horns Rev (testing) 4.21%

Lillgrund (testing) 6.58%

[13] Random farms (training) 1.58%

Random farms (testing) 2.91%

[44] Horns Rev (testing) 3.15%

[43] Lillgrund (training) 3.5%

This paper Horns Rev (testing) 0.53%

Table 4: Benchmark comparison with recent models found in the literature for wind farm
power prediction using ML techniques

3.3.2. Scalability and generalization on irregular layouts84

While the configuration of the Horns Rev wind farm was not seen during85

the training phase, both in terms of turbine positioning, turbine spacing and86

turbine technology, it would also be interesting to assess how our surrogate87

performs on a very irregular layout. Indeed, Horns Rev exhibits a rather88

regular layout, where turbines are aligned on equally distant rows. Moreover,89

it could also be relevant to assess the scalability of our developed model90

to larger wind farms. Indeed, as the use of offshore wind energy expands91

worldwide, the wind energy industry is considering building larger clusters92

of turbines [45]. Simulations were run with Floris for one year (2021) of93

ERA5 wind data, for a large wind farm of 160 turbines (same technology94

than the ones installed in Horns Rev) with an irregular layout, depicted in95

Fig. 6.96

When making power predictions for the total farm output, the ML surro-97

gate exhibits a RMSE of 8.51 MW and a MAE of 5.23 MW. Since the total98

installed capacity is 320 MW, those errors correspond to respectively 2.66%99

and 1.63% of the farm rated power. In terms of annual energy production00

(AEP), the AEP computed with Floris is 837.84 GWh, while it is 872.4 GWh01

with the surrogate: the relative error is 4.13%. Using day-ahead electricity02

prices for Belgium in 2021 (available on the ENTSO-E transparency plat-03

form [46]), we compute a relative difference in revenues of 4.15%. Therefore,04

even for large wind farms with an irregular layout (unseen in the training05

database), error metrics remain low.06

Moreover, to ensure that errors in individual turbine power productions07
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Figure 6: Large wind farm with irregular layout (centre turbine in green, edge turbine in
red)

do not cancel out when summing to obtain the total farm power, we also08

investigate the ML surrogate performance on turbine power output. To that09

end, the normalized power with regard to wind direction is investigated for10

two turbines: one in the centre (highlighted in green in Fig. 6), and one at11

the edge of the farm boundaries (highlighted in red). It can be seen in Fig. 712

that the ML surrogate is able to accurately capture the power variations due13

to wake effects. For the turbine located at the centre of the farm (Fig. 7(a)),14

all directions are associated with wake losses, which clearly highlight the15

importance of accounting for such power losses in that case.16
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Figure 7: Comparison of normalized turbine power production at a large wind farm with
irregular layout, for a wide sector of wind directions and a wind speed of 8 m/s; (a) for a
turbine located at the centre, (b) for a turbine on the edge
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4. Application of the topology-aware ML surrogate to adequacy17

studies: a case study on Belgium18

One important component of the reliability of electricity systems is ade-19

quacy, i.e., ensuring that the total available generation capacity is sufficient20

to meet demand at all times [47]. Adequacy studies aim to compute reli-21

ability indices for estimating the systemic risk of electricity shortage, and22

sequential Monte-Carlo simulations stand as one of the most accurate meth-23

ods for performing adequacy computations [48]. The sequential approach24

allows to properly represent the time-varying patterns in hourly generation25

and load, which makes it perfectly suited for the study of intermittent gen-26

erating sources such as offshore wind generation [49]. The resulting iterative27

process is associated with a computational burden, which may limit the use28

of advanced models to represent complex renewable energy sources.29

The adequacy indices computed in this work are the Loss Of Load30

Expectation (LOLE), expressed in a number of hours per year [h/y] and31

the Loss Of Energy Expectation (LOEE), in energy per year [GWh/y]32

[47, 50]. The LOLE is defined as the expected number of hours in the year33

during which the electricity consumption exceeds the production, whereas34

the LOEE computes the energy not served.35

The test case presented in this section is an adequacy study of a simpli-36

fied version of the Belgian power system foreseen in 2030. The interested37

reader can find more details on data relevant for this case in [3]. As Belgium38

is expected to build new offshore wind farms by 2030, the topology-aware39

surrogate is particularly appropriate for such a long-term adequacy study.40

Indeed, there is a high uncertainty on how wind farm developers will opti-41

mize their installation and it is thus important to consider multiple scenarios42

for this future offshore zone. Since our wind farm surrogate is topology-aware,43

the training process is carried out only once, then the model can be directly44

applied to predict the power output of any of the considered configuration45

for the future wind farms.46

4.1. Improved offshore wind generation modelling within sequential Monte-47

Carlo for adequacy studies48

The offshore wind generation model is composed of three main parts, i.e.,49

the wind model, the wind turbine availability model and the topology-aware50

ML surrogate.51
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direction has a significant impact on the output power of wind turbines.53

Moreover, when generating wind data, it is important to maintain the corre-54

lation between wind speeds and directions among the different neighbouring55

wind farms (prevailing winds may occur). To that end, we use a Vector Auto-56

Regressive Moving Average (VARMA) model, which augments the ability of57

ARMA models (that accurately represent time dependencies) with a repre-58

sentation of cross-variables correlations [51]. The interested reader can find59

detailed information regarding the VARMA model in Appendix A.60

To account for wind turbine outages, the operational cycle of a wind61

turbine is represented through a two-state model using a probabilistic model62

similar to the one described in [10]. Turbine failures are fully encompassed by63

the developed ML surrogate, which can capture the redistribution of wind due64

to disabled turbines and the subsequent change in electrical power output.65

Wind scenarios are then fed to the ML-based wind farm surrogate de-66

veloped in section 3, along with turbine availabilities. Offshore wind power67

profiles are obtained, fully accounting for the time correlation between con-68

secutive states and power losses due to wake interactions between turbines.69

70

4.2. Offshore wind generation for the Belgian power system in 203071

Currently, 2.2 GW of offshore wind generation capacity is installed in72

the Belgian North Sea, in a zone consisting of 9 clustered wind farms [29].73

However, aligned with the ambitious objectives of the energy transition, the74

Belgian government has decided to build a second offshore wind zone by 2030,75

but the layout of these future wind farms is still unknown. Therefore, it is76

important to consider multiple scenarios for this future offshore zone in order77

to account for the current uncertainty on the energy that will be provided78

by the different wind farms, as proposed in preliminary studies carried out79

by the Belgian government [52]. Indeed, there is a high uncertainty on how80

wind farm developers will optimize their installation (turbine location, tur-81

bine choice, power density). Therefore, 5 installed capacities in the second82

offshore zone are investigated: 1750, 2100, 2800, 3150, and 3500 MW. More-83

over, different wind turbine technologies are also considered. As the trend in84

recent offshore wind installations is to invest in larger turbines, the following85

3 turbines types are assessed: a 13 MW turbine with a rotor diameter D of86
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220 m, a 15 MW turbine with D = 236m, and a boosted 17 MW variant87

of the latter. The location of turbines within the future offshore farms is88

determined using a traditional micro-siting method, complying with inter-89

turbine distance, environmental and shipping-constraints [53]. Examples of90

such layouts are presented in Fig. 8.91
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Figure 8: Second offshore zone (Princess Elizabeth) in the Belgian North Sea: examples
of possible layouts

4.3. Numerical results93

4.3.1. Sensitivity to the power density within wind farms94

LOLE and LOEE values, as well as yearly offshore production, are re-95

ported in Table 5 for each combination of installed capacity and turbine96

model in the second offshore zone. As expected, when the installed power97

of offshore farms increases from 1.75 GW to 3.5 GW, the yearly produced98

energy grows as well. This, in turn, improves reliability indices, leading to a99

more robust supply of electricity. However, for a given turbine model, this00

effect becomes less significant as power density increases. The diminishing01

marginal returns can be explained by the fact that adding more turbines02

amplifies wake losses. Consequently, the installed capacity should thus re-03

sult from a well-studied compromise between increasing the yearly offshore04

production while limiting power losses from wake effects.05

4.3.2. Sensitivity to the choice of wind turbines06

From Table 5, another interesting observation is that the choice of turbine07

model has a significant impact on adequacy indices. For example, for a08

1.75 GW capacity in the second offshore zone, LOLE values are respectively09
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Case 1: 1.75 GW in the 2nd offshore zone (6.2 MW/km²)
13 MW turbines 29.54 h/y 36.43 GWh/y 15.72 TWh
15 MW turbines 28.73 h/y 35.55 GWh/y 15.92 TWh
17 MW turbines 28.22 h/y 34.30 GWh/y 15.99 TWh

Case 2: 2.1 GW in the 2nd offshore zone (7.5 MW/km²)
13 MW turbines 27.42 h/y 33.32 GWh/y 17.05 TWh
15 MW turbines 27.14 h/y 33.19 GWh/y 17.21 TWh
17 MW turbines 26.70 h/y 32.22 GWh/y 17.40 TWh

Case 3: 2.8 GW in the 2nd offshore zone (10 MW/km²)
13 MW turbines 25.72 h/y 31.12 GWh/y 19.26 TWh
15 MW turbines 25.04 h/y 30.51 GWh/y 19.68 TWh
17 MW turbines 24.85 h/y 30.54 GWh/y 19.87 TWh

Case 4: 3.15 GW in the 2nd offshore zone (11.2 MW/km²)
13 MW turbines 24.44 h/y 29.81 GWh/y 20.30 TWh
15 MW turbines 24.25 h/y 29.41 GWh/y 20.69 TWh
17 MW turbines 24.10 h/y 29.51 GWh/y 20.94 TWh

Case 5: 3.5 GW in the 2nd offshore zone (12.5 MW/km²)
13 MW turbines 24.42 h/y 30.10 GWh/y 21.33 TWh
15 MW turbines 24.17 h/y 29.59 GWh/y 21.80 TWh
17 MW turbines 23.48 h/y 28.40 GWh/y 22.10 TWh

Table 5: Adequacy indices, for different wind farm layouts in the second offshore zone.

29.54, 28.73 and 28.22 hours/year for 13, 15, and 17 MW turbines. LOEE10

values decrease from 36.43 GWh/year to 34.30 GWh/year when the rated11

power of turbines increases. However, the cost of larger turbines is higher,12

and wind farm operators might choose to install less powerful turbines if the13

difference in yearly energy does not justify the expense.14

4.4. Computation time15

As a reminder, since the ML proxy is independent of the wind farm16

configuration, the training phase is carried out only once, and the result-17

ing ML proxy can be applied for any wind farm layout in the second off-18

shore zone. Computations were performed on an Intel Core i7-9750 CPU19

(6 cores, 2.6 GHz). The whole training process takes approximately 465 min-20

utes (less than 8 hours), including (1) carry out wind farm simulations to21

build the training database (12 minutes), (2) search for optimal hyperparam-22
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eters (442 minutes), and (3) train the models (11 minutes). In comparison,23

the entire training process for the farm-specific models (such as the ones24

developed in [10]), takes around 157 minutes for a single wind farm. In25

the proposed case study, training 24 models would have been necessary, re-26

sulting in over 62 hours of computational effort. Moreover, exploring an27

additional layout scenario for the second offshore zone would necessitate de-28

veloping yet another model, thereby further extending the simulation dura-29

tion. This clearly shows the advantage of the proposed topology-aware ML30

surrogate over the conventional approach that consists in building multiple31

farm-specific models.32

Regarding the time needed to carry out Monte-Carlo simulations for each33

case, the average number of simulated years needed to reach convergence34

was around 500 to 700 Monte-Carlo years (each year requires yearly offshore35

power time series of 8760 samples). For the case 5 in Table 5 (3.5 GW in36

the second offshore zone with 15 MW turbines), one Monte-Carlo simulation37

would take between 412 and 577 hours with Floris-based simulations, while38

it only required 13 to 18 hours using the proposed generic ML model. The39

difference in computation time is huge, especially if one wants to consider40

several scenarios for the power system.41

5. Conclusion42

This paper introduces a ML-based surrogate model that efficiently cap-43

tures aerodynamic losses in large offshore wind farms without compromising44

computational tractability within iterative power systems computations. The45

model is trained on a large database that is built using wind farm simulations.46

In the absence of real-life measurements data, wake models are leveraged to47

simulate wind farm power production in various wind situations. The ML48

surrogate is fed by new geometric and physics-informed input features such49

that our developed model is generic and topology-aware, i.e., it can be ap-50

plied to any offshore wind farm. Moreover, the surrogate allows to account for51

disabled turbines (failures or maintenance) and the subsequent wake redistri-52

bution. The proposed methodology is easy to implement and to reproduce,53

as it only uses publicly available data and simulation outputs.54

Four standard supervised ML algorithms are compared for the training55

process, and their performance is compared in terms of computational time,56

accuracy and model complexity. All ML models show strong performance57
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regarding both errors and inference time, but neural networks (more specifi-58

cally multi-layer perceptrons) are chosen as they show the best compromise59

between accuracy and speed. The computation time is detailed, and com-60

pared against wind farm simulations: the general surrogate is shown to be61

more than 25 times faster than the simulations carried out with Floris. Our62

surrogate is also benchmarked against other well-established models based63

on machine learning and exhibiting capabilities to adapt to unseen wind farm64

configurations. Moreover, scalability and generalization to irregular layouts65

is also studied. It was shown that even for large wind farms with an irregu-66

lar layout (unseen in the training database), error metrics and inference time67

remain low.68

The model can then be directly integrated in problems involving iterative69

computations, e.g., adequacy studies using sequential Monte-Carlo simula-70

tions. Results of a test case, based on a simplified model of Belgium’s 203071

power system, demonstrate the generalization abilities allow to account for72

various possibilities related to the uncertain topology of future wind farms.73

Indeed, with the topology-aware ML surrogate, the same model can be used74

to consider many possible farm configurations, thereby preventing the need75

to train one model per configuration, as it would be the case with tradi-76

tional farm-specific surrogates. Outcomes show that increasing power density77

improves reliability indices, but diminishing marginal returns are observed78

after a certain point, due to the amplification of wake losses caused by the79

additional turbines. Moreover, the choice of turbine technology also impacts80

adequacy results, as larger rotor diameters decreases adequacy indices, but81

at the expense of higher turbine costs.82

As a perspective, the generic ML model offers promising potential for op-83

timizing the topology of future wind farms. Indeed, the developed topology-84

aware ML surrogate is especially appropriate for a wind farm layout opti-85

mization problem, where turbines are moved within the farm boundaries at86

each optimization step. Therefore, a different layout is seen at each iteration,87

justifying the need for a topology-aware model, applicable to any wind farm88

configuration.89
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Appendix A. VARMA model for the generation of correlated time
series of wind speed and wind direction.

In Auto-Regressive Moving Average (ARMA) models for wind speed, each
value in the simulated time series depends on its own lagged values (AR part)
but also on current and various past values of a stochastic term (MA part).
The model is usually referred to as an ARMA(p, q) model where p and q are
respectively the order of the auto-regressive and the moving average parts.
First, the series yt (the wind speed) is normalized to ensure stationarity, as
the hourly wind speed distribution is non stationary due to the daily cycle
and seasonality:

yt =
OWt − µt

σt

(A.1)

where t is an hour in the year, OWt is the observed wind speed at hour t, µt

is the mean of all observed wind speed at hour t over several years, and σt is
the standard deviation of all observed wind speed at hour t.

Then, the data series yt can be used to build the following ARMA(p, q)
wind speed time series model [54]:

yt = ϕ1 ∗ yt−1 + ϕ2 ∗ yt−2 + ...+ ϕp ∗ yt−p

+ αt − θ1 ∗ αt−1 − θ2 ∗ αt−2 − ...− θq ∗ αt−q (A.2)

where ϕi (i = 1, 2, ..., p) and θj (j = 1, 2, ..., q) are respectively the auto-
regressive and moving average parameters of the model, αt is a normal white
noise process with zero mean and variance σ2

a, i.e., αt ∈ NID(0, σ2
a) with

NID denoting Normally Independently Distributed. The maximum likeli-
hood approach is adopted to estimate the values of ϕi, θj and σ2

a. A grid
search procedure based on the F-criterion is used to determine the order of
the ARMA(p, q) model.

Once the wind speed time series model is established, the simulated wind
speed can be calculated as:

SWt = µτ + στ ∗ yt (A.3)
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VARMA(p, q) models for simulating correlated wind speeds and wind
directions are just a generalization of ARMA(p, q) models, where the wind
speed not only depends on its own lagged values, but also on the lagged
values of wind directions. The same goes for the wind direction time series,
and the wind vector is written as:

yt = Φ1 ∗ yt−1 + Φ2 ∗ yt−2 + ...+ Φp ∗ yt−p

+ αt −Θ1 ∗ αt−1 − ...−Θq ∗ αt−q (A.4)

where yt = [ys, yd]
t contains the data series corresponding to wind speed and

wind direction and Φi and Θj are matrices of dimensions [2x2]. The method-
ology for estimating the parameters and for choosing the (p, q) order is the
same as for ARMA models (F-criterion).

Four years (2018 to 2021) of wind speed and wind direction data from
the ERA5 database are used to build the VARMA model. The F-criterion
leads to a VARMA(3, 2) model. As a precautionary measure, a simulation
procedure is needed to check whether the wind model can preserve the main
characteristics of wind speed: the statistical properties of the simulated wind
speed (mean, standard deviation, monthly distribution) should be compared
with those obtained from the actual wind speed. In Fig. A.9, it can be seen
that the VARMA model keeps the seasonality and monthly distribution of
the wind speed. Moreover, the Pearson correlation coefficient is computed
between the wind speed and the wind direction. For the observed data (2018-
2021 from ERA5), the coefficient is 0.154, while the average coefficient is
0.135 for simulated data.
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Figure A.9: Comparison of monthly wind speed between observed and simulated data
with the VARMA(3,2) model.
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 Machine learning is used to develop a surrogate simulating offshore wind farms 

 Our model is topology-aware, i.e., able to generalize to unseen wind farm layouts 
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 The surrogate is applicable to any offshore wind farm, even farms yet to be built 

 Wake losses are accurately modelled while maintaining a low computational time 

 The surrogate, trained once, can account for the uncertainty of future wind farms 



Journal Pre-proof

Decla
 
 Th ips ☒

that 
 
 Th red ☐

as po

 
 
 

Jo
ur

na
l P

re
-p

ro
of

ration of interests

e authors declare that they have no known competing financial interests or personal relationsh
could have appeared to influence the work reported in this paper.

e authors declare the following financial interests/personal relationships which may be conside
tential competing interests:


	Topology-aware surrogate for future offshore wind farms using machine learning
	CRediT authorship contribution statement


