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Nicolò Pollini1, and Morten Jensen2

1 Technical University of Denmark (DTU), DTU Wind Energy, Frederiksborgvej 399, 4000
Roskilde, Denmark

2 Aegir Insights, Bredgade 30, 1260, Copenhagen K, Denmark

E-mail: ravaro@dtu.dk

Abstract. The preliminary financial evaluation of wind farm profitability requires fast analysis
of energy production and costs while having very little specific information around the project.
Early in the design process, the selection of specific wind turbines and the layout design may
not yet be defined. Techno-economic and financial analysis models have been developed to
use input from a small set of high-level project characteristics to estimate major cost elements
and energy production for a wind farm to support quick analysis of levelized cost of energy
(LCoE), or other financial metrics. Such models are typically based on prior project data
and/or very simple analytical models. However, as capabilities for financial analysis of wind
farms advance, so does the desire to improve the accuracy of the physical and cost modelling of
the system. In this work, we develop a surrogate model of Annual Energy Production (AEP) for
offshore wind farms for financial analysis applications in the early stages of development. The
surrogate is developed from an parameterized engineering model and covers a large potential
wind farm design space addressing different technological and site conditions. The surrogate
model uncovers the underlying structure in the model in terms of input-output relationships
and achieves a coefficient of determination of 0.994. The method used to develop the surrogate
model can be adapted for additional dimensions of inputs as needed.

1. Introduction
The use of wind energy has been increasing worldwide over the last decades. According to the
Global Wind Energy Council [1], the cumulative world capacity reached 743 GigaWatts (GW)
in 2020. In terms of growth, this represents 14.31% (or 93GW) of added capacity compared
to 2019. Offshore wind capacity reached 35 GW at the end 2020 and is prospected to increase
to 270GW or more by 2030 - representing nearly a ten fold increase [2]. The majority of
current offshore wind capacity is currently in Europe, but there is a large development pipeline
in China, the United States, and growing elsewhere. The expected exponential growth in the
offshore wind sector is due both to global decarbonization efforts as well as the increasingly
competitive economics of offshore wind - where the Levelized Cost of Energy (LCoE) continues
to fall exponentially [3]. Around the world, there is a large number of offshore wind projects
now in early stages of development.



The Science of Making Torque from Wind (TORQUE 2022)
Journal of Physics: Conference Series 2265 (2022) 022003

IOP Publishing
doi:10.1088/1742-6596/2265/2/022003

2

In such early stages of development, many investment decisions have to be made while
information on the technical and economic aspects of the project is limited. Wind plant financial
analysis is dependent on numerous parameters, including the number and type of wind turbines
(e.g., rated power, rotor diameter), wind resource (for instance, velocity, direction, air density,
turbulence intensity), and wind farm design (e.g. layout, collection system design). Over
the years, various techno-economic models have been developed to support financial analysis
and valuation of projects with vary little data. Historically, such models leveraged data from
previous projects and/or simple analytical models [4]. More recently, techno-economic models
have improved in sophistication through more realistic modelling of, for example, balance of
system costs, operational expenditures, and more (see for example: LEAN Wind [5], Romeo
Wind [6], NREL ORBIT [7], ECN [8], among others).

These recent efforts have focused a lot on the cost side of the LCoE equation. For energy
production, one option is simple annual energy production using a convolution of Weibull
functions with power curves multiplied by knock-down factors for losses (as in [4]). Another
option is to move to engineering level analysis (for example as in [9]), where a much larger set
of inputs are required to parameterize the layout, provide power and thrust curves for turbines,
and other project inputs. The former modelling approach may miss key performance drivers,
rendering the results inaccurate, while the latter requires much more information than available
at the early stages of project development, thus being infeasible.

One possibility to enable fast and accurate wind financial analysis when little project information
is available is to use ”archetype” wind farms that represent typical wind farm characteristics.
These farms can allow the generation of a wind farm design based on high-level input
specifications related to turbine technologies, wind resource profiles, and site design. Particularly
concerning offshore wind, classifying wind farms according to specific archetypes can simplify
financial analysis while still keeping realistic physical modeling.

However, even using such archetype farms, financial analysis tools are often built in spreadsheets,
and the use of engineering analysis in programming applications is undesirable. A potential
solution is developing a surrogate-based model that encompasses typical farm characteristics
and computes the Annual Energy Production (AEP). This work aims to develop a surrogate
model to compute AEP that is simple and transparent to support early-stage financial analysis
and valuation of offshore wind projects. The surrogate model developed here considers wind
farm flow physics modeling using [9]. The simplified surrogate is parameterized by the number
of turbines, wind resource, type of turbines, and layout characteristics. In Section 2, we show the
process to classify the wind farms into typical archetypes and the details of the parameterization
process, an overview of the AEP computation methods in PyWake, and the process for surrogate
model development. Section 3 presents the resulting surrogate model based on a functional
relationship of input parameters to the desired output (AEP). Section 4 concludes and discusses
future extensions of the work.

2. Methodology
The steps to develop the surrogate model include 1) classification and parameterization of
offshore wind farms, 2) generic wind farm development and AEP analysis, and 3) development
of a surrogate model based on the results.

2.1. Classification
The analysis is supported by collecting data for all offshore wind farms across Europe, including
the resource, technical specifications, and site layout, using multiple data sources: 1) Global
Wind Atlas wind resource data [10], 2) Offshore wind farm turbine technical specifications
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from TheWindPower.net [11], and 3) Offshore wind farm layouts from SeaImpact [12]. These
wind farms were investigated in detail, and a manual classification was used to group wind
farms by major design characteristics. Additional details of the classification and development
of archetype wind farms is provided in the forthcoming article [13]. Figure 1 shows the
characterization of these offshore wind farms. The resulting classification, at a high level,
includes:

• Wind resource: Weibull scale and shape and wind rose shape (unimodal, bimodal, etc).

• Technical characteristics: turbine rated power, hub height, rotor diameter

• Site design: Layout geometry, row spacing, staggering, and orientation

Figure 1: Classification: Offshore Wind Farm Characteristics

2.2. Wind Farm Parameterization
Next, parameterization of wind farms based on the above characteristics was developed.
Figures 2, 3, and 4 show examples of wind rose parameterization for unimodal and bimodal
distributions. As a simplification, a Rayleigh distribution for wind speed is used. The geometric
parameterization of the layouts is shown in Figure 5. In the data collection process, the
downstream spacing (e.g., X-Spacing) was varied between 5 and 10D (rotor diameters) while
the crosswind spacing (Y-Spacing) was varied between 3 and 7D. The stagger-offset was varied
between 0 x Y-Spacing (fully aligned) and 0.5 x Y-Spacing (fully staggered).

In addition to the farm level classification, a series of wind turbines of different characteristics
were developed to explore the influence of parameters related to rated power, rotor diameter, and
specific power on turbine power and thrust curves - and thus wake losses and power production.
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Figure 2: Sites considered - Unimodal site: PDF and CDF distributions

Figure 3: Sites considered - Bimodal site: PDF and CDF distributions

Figure 4: Sites considered - Wind Roses: Unimodal and Bimodal

The series of turbines were generated via optimization using the NREL WISDEM software as
described in [14, 15]. The range of turbine power ratings ranged from 3 to 20 MW and specific
powers from 250 to 350 W/m2.

2.3. Annual Energy Production (AEP) Computations in PyWake
PyWake [9], a highly vectorized wind farm flow model, is used to calculate AEP for those farms
for the generic wind farms. Wind farms can be evaluated using Computational Fluid Dynamics
[16, 17, 18, 19]. However, engineering models such as the ones implemented PyWake are faster
and consequently more suitable when there is a need to evaluate multiple design configurations.
A Gaussian wake model previously developed in literature (Bastankha-Gaussian) and already
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Figure 5: Geometrical parameterization for the data collection, showing a rectangular layout
with 48 turbines.

Inputs to the AEP simulation
Min Max discrete/continuous

Number of wind turbines, n wt, [-] 48 300 discrete
Specific power, sp, [W/m2] 250 350 discrete
Rated power, rp, [MW] 3 20 discrete

Normalized spacing in x-direction, spacing x [-] 5 10 continuous
Normalized spacing in y-direction, spacing y [-] 3 7 continuous
Normalized offset stagger, offset stagger [-] 0 0.45 continuous

Mean wind speed, u [m/s] 6 12 continuous
Weibull shape parameter, k [-] 1.9 2.3 continuous

Bimodal weight, bmw [-] 0 1 continuous
Bimodal angle, bma [deg] 0 90 continuous

Table 1: Properties of the inputs to the AEP simulation

implemented in PyWake was adopted [20]. Aiming to reflect the classification from section
2.1, wind turbines objects were defined in PyWake for a rated power range varying from 3MW
to 20MW. These wind turbines were developed as described in a forthcoming article [21]. To
capture different wind distributions, the bimodal angle (the angle between the two bimodal
peaks) has been made a variable which means that unimodal sites are represented when this
angle is zero. The magnitude of each peak has also been varied with a bimodal weight to cover
more site conditions.

The Weibull shape parameter, k was varied between 1.9 and 2.3, the angle between the bimodal
wind directions was varied between 270°- 90° and 270° - 180° and the bimodal weight (the scaling
between the primary and secondary wind distributions) was varied between 0 and 1. A Monte
Carlo approach was applied to compute 30,000 samples in the parameter space the Bastankhah
Gaussian wake model. The range of the inputs to the simulation is presented in Table 1.
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2.4. Development of surrogate model
While surrogate models can be based on sophisticated techniques such as Machine Learning
(ML) models as the one developed by [22], these are ”black-box” models that do not provide
parametric and transparent relationships. For ease of implementation and transparency, it was
decided to use statistical models based on functional forms for the surrogate model development.
As PyWake is a well-behaved engineering model, visual inspection of the results was used to
hypothesize functional relationships to test in statistical regression. Next, multivariate regression
was run to find the coefficients for the model and test different combinations of input functions
to establish a strong functional fit of the surrogate model to the data.

3. Results
An example of the wind farm flow physics computations performed in PyWake is presented for
the case of 48 turbines in Figure 6, showing wake velocity contours for an aligned farm (6a)
and a staggered one (6b). Figure A1 (Appendix) shows a scatter matrix of the dataset of the
bimodal 270°-180° with k=2.0. In the scatter matrix, one can identify correlations of every
variable (either input or output) and identify trends. The scatter matrix shows that the AEP
is strongly correlated to the Number of Turbines, Power Rating, Wind Speed, X Spacing, and
somehow to Stagger Offset. Aiming to get more clear insights into the correlation of the AEP
and these input parameters, the AEP of the wind farm was plotted against the X-Spacing for
several wind speeds, power rating, and stagger offset. Aiming for conciseness, we here present
only two examples of these plots, showing a configuration of a 3MW turbine, U=9m/s and
U=11m/s, a spacing of 5D in the y-direction, and several stagger values (Fig. 7). Plots for
other turbine numbers (e.g., 108 turbines, 192 turbines, and 300 turbines) are similar and not
shown for brevity. First, one can notice that the shapes of the curves are the same regardless
of the wind speed. Changing the wind speed shifts the curve without significantly altering
its shape. Similar behavior was observed when changing the rated power (not shown here).
Moreover, increasing the X-spacing leads to an increase on the AEP. Furthermore, the offset
stagger effect has a more significant influence in the AEP only for tightly spaced layouts (around
5D), and the effect dissipates for larger X-Spacing (e.g., 9D) due to wake mixing effects.

(a) Contours of an aligned farm (b) Contours of a staggered farm

Figure 6: Wake velocity flow field solved in PyWake, showing a rectangular wind farm with 48
turbines.

Through visual inspection on those figures and the scatter matrix, various input combinations
showed to be influencing the variation in AEP. Based on these, functional forms were developed
and fed to a regression model to calculate the coefficients and develop a statistical surrogate
model with very low error. The resulting functional form detrended the data with a combination
of linear, quadratic, cubic terms, and exponential and arc tangent terms.

The derived inputs farm rating, nwt · rp and arctan(x spacing) aid in describing the functional
form of the curve fit (as can be seen in included in the Fig. 7). The input is scaled with a



The Science of Making Torque from Wind (TORQUE 2022)
Journal of Physics: Conference Series 2265 (2022) 022003

IOP Publishing
doi:10.1088/1742-6596/2265/2/022003

7

Figure 7: Visualizing dataset and correlations between inputs and outputs for analysis with a
48 wind turbine farm.

Figure 8: Surrogate AEP as function of simulation AEP for all samples

min-max scaling between -1 and 1 and subjected to a Quadratic Least Squares (QLS) curve
fit. Figure 9 shows the twenty most influential coefficients from the curve fit, with parameter
abbreviations as per table 1.

The performance of the surrogate model can be evaluated by the correlation coefficient and
by plotting the surrogate AEP as a function of the simulation AEP to determine if there is a
notable bias. The correlation coefficient for this fit is r2 = 0.994 with no significant bias as
seen in Figure 8. The AEP dependence on some of the driving parameters and the respective
performance of the surrogate model is presented in Figure 10.

All the simulations were performed using the Bastankhah Gaussian model implementation
from PyWake. N.O. Jensen and G.C. Larsen eddy-viscosity wake models (also implemented in
PyWake) are examples of other possibilities of wake models, and Figure 11 shows to what extent
the AEP can be sensitive to the wake model. Here we showed one example of a configuration
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Figure 9: The twenty most influential coefficients for the curve fit

with 48 turbines and a Mean Wind Speed of 9m/s, with no stagger. Further work could approach
the surrogate development differently by applying other wake/engineering models.

The surrogate model effectively covers the large design space of input parameters associated
with the turbine technology, wind resource characteristics, and site design. The dimensions of
the inputs can be further expanded to account for additional complexity in each of the three
areas.

Building the surrogate in this work helped identify some of the key elements influencing the
AEP. As expected, the number of turbines, power-rating, specific power, and wind speed are
the key drivers. Though to a lower extent, other parameters have also been shown to influence
AEP include the streamwise and crosswind spacing - with the streamwise spacing being more
influential. These relationships are intuitive but the overall relationship of AEP to a functional
form of these drivers is a significant advance for supporting AEP estimation in early development
stages for wind farms. Furthermore, other features can be coupled to the surrogate to increase
its capabilities, for instance, foundation structures and wind farm geometrical archetypes other
than rectangular. Hub heights can also be considered in future works, as its importance has
been highlighted in previous works (for instance, [23]).

The objective of the work was first to perform a classification of existing wind farms, aiming to
identify archetypes of wind farms and a surrogate that outputs AEP while still encompassing
characteristics of these archetypes. Figure 11 shows several examples of applications of the
surrogate. For instance, a rectangular wind farm with 108 turbines, rated power = 9MW, specific
power = 350, and Mean Wind Speed = 9m/s would output an AEP of around 4,000GWh. The
surrogate developed is meant to be a tool to support economical technical pre-assessment of
wind farms based on typical archetypes.
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(a) Mean AEP as a function of number of wind
turbines

(b) Mean AEP as a function of rated power

(c) Mean AEP as a function of specific power (d) Mean AEP as a function of wind speed

Figure 10: Mean AEP as function of selection of driving input parameters. Dashed lines are
surrogate values and continuous lines are simulation results.
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Figure 11: Sensitivity of the AEP with respect to three different wake models.

4. Conclusions
A surrogate model based on functional forms and using regression analysis is developed
to represent AEP simulation of a huge number of generic wind farm configurations over
a large design space including varying turbine sizes, wind resource conditions and farm
layout configurations. The surrogate model uncovers and exploits underlying structure in
the engineering model to create a fast and efficient AEP calculator to support financial
valuation.

We found wind resource, turbine characteristics and number of turbines to be more influential
than layout characteristics (spacing). However, we demonstrated to which extent layout
characteristics are important, and we here reinforce that a surrogate for economic analysis
can be more accurate if layout characteristics are also considered. The surrogate model can
be expanded to include additional dimensions of complexity related to the turbine technology,
resource and site design. However, highly complex aspects of realistic wind farms (exclusion
zones, irregular layouts, complex boundaries, etc) would be challenging to address. Future work
will explore modeling more complex design scenarios. In addition, the AEP estimation of the
surrogate and archetype sites will be compared to real wind farm designs.
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Table of Nomenclature

AEP: Annual Energy Production

bma: Bimodal angle [-]

bmw: Bimodal weight [-]

CDF: Cumulative density function

fr: Farm Rating

from rp: Scaled from rated power

GWEC: Global Wind Energy Council

GCL: G.C. Larsen eddy-viscosity wake model

k: Weibull shape parameter [-]

NOJ: N. O. Jensen wake model

n wt: Number of wind turbines [-]

PDF: Probability density function

rp: Rated power [MW]

sp: Specific power [W/m2]

U: Mean wind speed [m/s]

X-Spacing: Spacing in the x-direction (streamwise)

Y-Spacing: Spacing in the y-direction (crosswind)

Appendix

https://github.com/WISDEM/WISDEM
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Figure A1: Scatter matrix of the unimodal site, showing correlations among inputs and
output.


