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Abstract. Traditionally, wind turbine and wind farm designs have been optimized to minimize the cost of energy. Such a
design would make sense when bidding in price-based auctions. However, in a future with a high share of renewables and
zero subsidies, the wind farm developer is exposed to the volatility of market prices, where the price paid per kWh of energy
would not be constant anymore. The developer might then have to maximize the revenue earned by participating in different
energy, capacity, or ancillary services markets. In such a scenario, a turbine designed for maximizing its market value could
be more profitable for the developer compared to a turbine designed for minimizing the Levelized Cost of Electricity (LCoE).
This study is in line with this paradigm shift in the field of turbine and farm design. It is a continuation of a previous study
conducted by the same authors (Mehta et al., 2023), which explicitly focused on the drivers for turbine sizing w.r.t. LCoE. The
goal of this study is to optimize the design for a new set of objective functions and analyze how various day-ahead market
conditions and objectives drive turbine design. A simplified market model that can generate hourly day-ahead market prices is
developed and coupled with a wind farm-level Multi-disciplinary Design Analysis and Optimization (MDAO) framework to
evaluate key economic indicators of the wind farm. The results show how the optimum turbine design is driven by both the
choice of the economic metric and the market scenario. However, an LCoE-optimized design is found to perform well w.r.t.
profitability-based economic metrics like MIRR/PI, indicating a limited need to redesign turbines for a specific day-ahead
market scenario.

Keywords: Offshore wind, Wind turbine design for profits, Wind farm design, energy markets, Multi-disciplinary design
optimization and analysis (MDAO), beyond Levelized Cost of Electricity (LCoE).

1 Introduction

The share of renewables has now reached almost 30% of the total electricity generation, wind energy being the fastest-growing
technology (International Energy Agency, 2021). This share is expected to grow even faster with the rapidly falling costs and
better designs. For some announced tenders in the North Sea, the Levelized Cost of Electricity (LCoE) is already in the range
of 50-60 €/ MWh (Wind & water works, 2022; Lensink and Pisca, 2019). The fall in the costs so far has been due to the
reductions in the Operations & Maintenance costs and the continuous upscaling of turbines (Lantz et al., 2012; International
Renewable Energy Agency (IRENA), 2019; Veers et al., 2019). However, the system dynamics and market incentives are also
rapidly changing resulting in newer design objectives and constraints. This may demand a change in the turbine and farm

design philosophy.
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At first, turbines were new elements in the grid system and needed to be demonstrated and developed on many fronts. They
were valued for their score on primary performance indicators, such as reliability and the Annual Energy Production (AEP).
One of the consequences of this was a focus on the aerodynamic performance of the turbine, executed via maximizing the
power coefficient (Cp) of the rotor (Chehouri et al., 2015). However, this metric would ignore the mass (and costs) of the rotor
involved resulting in relatively heavy structures. Then, turbines and farms were commercialized, but with support schemes that
effectively resulted in an (almost) constant value of produced electricity. This led to a focus on the minimization of LCoE. Also,
LCoE is a metric that is easy to calculate, covers all the aspects of a wind farm, and is hence universal in nature. Various wind
farms across different sites or even different technologies could be compared simply by looking at the LCoE values. Also, in
subsidy-based auctions or Power Purchase Agreements (PPA) where nearly a fixed electricity price is ensured, minimizing the
LCoE would effectively correspond with maximizing profit. In this era, turbines were often optimized for the support scheme,
such as yielding exactly the amount of full-load hours that were subsidized in a year.

In a subsidy-free environment, the developer is exposed to the volatility of the market prices. This goes away from the
traditional subsidy-based approach where the wind farm developer would be ensured a fixed premium or price. Due to the
merit-order effect in the day-ahead market, regions with a high wind penetration, quite often, displace the expensive generators
during times of high winds, resulting in low prices. This effect is also known as the cannibalization effect. The drop in the
market value of wind with an increasing share of renewables has been shown in several studies such as Mills and Wiser (2012)
and Hirth (2013). As market prices negatively correlate with grid-wide average wind speed (cannibalization), turbines should
not only be designed to reduce costs but also to increase the value of the produced electricity. Shields et al. (2021) performed
an extensive study showing the benefits of upscaling turbines and farms to reduce the LCoE. Some of the shortcomings of the
study are addressed in Mehta et al. (2023). However, both studies are focused on the LCoE and do not include market prices.

Since LCoE, as a metric, does not capture the varying electricity price per kWh, the market value of wind goes unaccounted
for, and this is why there is a need to look beyond LCoE (Loth et al., 2022). This has led to the expectation that such market-
driven designs have larger rotors, to generate more electricity at high prices, during low-wind-speed periods. Some studies
propose very low specific power turbines that produce high power at lower wind speeds and also cut-out earlier when conven-
tional wind turbines reach their rated power. This results in higher revenues in return, and are also beneficial to the electricity
system as they result in better system adequacy (Hirth and Miiller, 2016; Swisher et al., 2022). Chen and Thiringer (2017)
include market prices and look at leveraging overplanting and curtailment to increase wind farm profits. However, the study
looks at absolute profits and does not look at all the changing cost elements in a wind farm. However, to comment on the
profitability of a given turbine design, a comprehensive analysis taking into account all the cost benefits and revenue gains at a
wind farm level is required. There is little consensus on whether the discussed concepts reap higher economic benefits (using
profitability metrics beyond LCoE) for a wind farm developer.

Profitability metrics like Internal Rate of Return (IRR), Net Present Value (NPV), Profitability Index (PI), etc. that include
both costs and revenues are commonly used to assess the economic performance of wind farm projects (de Oliveira et al., 2011).
Some other metrics like Value Factor (VF) and the Cost of Valued Energy (CoVE), formulated by Simpson et al. (2020), also

take into account the market value of wind. Since each metric has a different formulation, the economic performance of the
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wind farm depends on the choice of the economic metric, which poses an additional challenge w.r.t. wind turbine design opti-
mization. This study tries to address these gaps by exploring how turbines should be sized for subsidy-free markets. The term
‘markets’ refers to different possible future realizations of the day-ahead market, where the bulk of the electricity is traded.

The research question can hence be formulated as:

How do wind turbine size and specific power change, w.r.t. an LCoE-optimized turbine, when maximizing its economic

value in the day-ahead market?

To answer the main question, two sub-questions are formulated that will be addressed in this work.

1. How do various economic metrics, that include the market value of wind energy, drive turbine design?

2. How do different day-ahead market price scenarios drive turbine design?

The turbine size and specific power refers to two main system-level parameters of a turbine, the rated power and rotor
diameter. These are the two design variables that are optimized in this study. It should be noted that this study looks at the
wind farm developer’s perspective and only includes revenues from the day-ahead (spot) market, excluding revenues from any
capacity payments and grid (or other ancillary) services. The share of revenue may shift from energy markets to capacity or
ancillary services markets in a future with high penetrations of renewables (Dykes, 2020). We already see subsidy-free offshore
wind farms coming up that will be exposed to variable market prices (Rijksdienst voor Ondernemend Nederland, 2020). With
this paradigm shift, it then becomes crucial to revisit the design philosophy used for turbine and farm optimization.

In the following chapters, a generic modeling approach is explained, followed by the optimization problem formulation
and the results for various market scenarios and economic metrics (as objective functions). This research is a follow-up of
Mehta et al. (2023), which explicitly focused on turbine sizing from an LCoE perspective. Hence, the models w.r.t. the wind
farm elements are used as previously developed and are complemented with a market model to simulate the revenue-based

objectives.

2  Modelling approach

This section discusses the general approach used in this study to model the various elements of the wind farm and the day-ahead
markets. A Multi-disciplinary Design Analysis and Optimization (MDAO) based approach is used where all the disciplines of
a wind farm are coupled. As a result, the trade-offs occurring at a farm level are captured. Ashuri et al. (2016), Perez-Moreno
et al. (2018), Dykes et al. (2018), Bortolotti et al. (2022) and many other studies have explored the benefits of MDAO in the
wind energy domain, either at a turbine or at a farm level.

For this study, an eXtended Design Structure Matrix (XDSM) of the framework used to evaluate all the wind-farm level
parameters is shown in Fig. 1. It was initially developed by Sanchez Perez Moreno (2019) and later on modified by several

researchers. In this study, the turbine size, represented by the rated power and the rotor diameter, is optimized. To find the



optimal turbine size, the framework is run as an analysis block. For each set of design variables and a given market scenario,
95 the framework is executed and the economic performance of the wind farm is evaluated. The design variables along with
some user-de ned inputs are fed into the models to evaluate the hourly farm power and the costs of various farm elements. A
simpli ed market model is developed and added to the framework to quickly generate hourly spot prices for a speci ed day-
ahead market scenario. The costs and farm power from the wind farm framework along with the spot prices from the market
model give the cash ows of the project and hence, several economic indicators like the Internal Rate of Return (IRR), Net
100 Present Value (NPV), etc., can be evaluated. The framework has all the elements needed to evaluate the LCoE of a wind farm
The turbine design optimized for LCOE serves as a baseline against which, the designs optimized for various market scenarios

can be compared.

Figure 1. XDSM of the wind-farm level MDAO framework

2.1 Wind farm elements

As mentioned in the introduction, the modeling framework w.r.t. the wind farm elements (CAPEX of different components,
105 wake loss estimation, farm OPEX, etc.) is adopted from Mehta et al. (2023). That research provides an elaborate description
of the models and their implementation. Hence, in this research, the wind farm aspects that are included in the framework are

only brie y summarized in this section.
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A change in the design variables (rated power and rotor diameter of the turbine) leads to signi cant changes across the wind
farm. The framework's purpose is to capture the dependencies of each discipline on the design variables, while also capturing
the interactions between different disciplines. The IEA 15 MW turbine (Gaertner et al., 2020) is used as the reference for all
turbine-related costs. Inputs for the vessel data and failure rates, required for the installation and operations and maintenanc
(O&M) costs of the farm, are based on Dinwoodie et al. (2015), Smart et al. (2016), BVG Associates (2019), Shields et al.
(2021), and Mangat et al. (2022). The functionalities of the models are explained below.

— Rotor Nacelle Assembly (RNA): The RNA module determines the performance curves for the turbine along with
the cost of several components like the rotor, hub, generator, etc. The aerodynamic and structural properties are scalec
from the IEA 15MW reference turbine. Most of the RNA costs are scaled w.r.t. the mass, which is either scaled from
the reference turbine or, for some components, derived using the DrivetrainSE model (NREL, 2015). The rotor mass is
scaled with the rotor diameter and adjusted for the changes in thrust w.r.t. the reference turbine, while the generator mass
is scaled with the turbine's rated torque.

— Layout: The layout module generates a regular square layout based on the area constraint, the number of turbines in the
farm, and the orientation of the layout (determined by the dominant wind direction).

— Farm AEP: The wake losses are calculated using the Bastankhah Gaussian model (Bastankhah and Porté-Agel, 2014)
from the PyWake library of Pedersen et al. (2019). The thrust curve of the turbines, normalized spacing between the
turbines, and the wind conditions determine the wind speed de cit at each turbine. The power curve of the turbine is then
used to determine the turbine power production, which is eventually summed up for all the turbines to give the overall
farm AEP.

— Support structure: The support structure module, used to determine the costs of the tower and monopiles, is based on
the work of Zaaijer (2013). The hub height is determined by the rotor radius and the clearance of the blade from the
water. The aerodynamic and hydrodynamic loads are used to determine the dimensions of the tower and the foundation.

— Electrical: The electrical module determines the cost of the array cables, the substation, and the export cable. The cost
of the in eld cables is driven by the farm layout and the turbine rated current, while the cost of the substation and export
cable is driven by the total farm power.

— Installation: This module calculates the costs for installing the turbines, foundations, and the electrical system. The
assumptions around the foundation installation time, turbine installation time, transit time, cable laying and burial rate,
etc. determine the total days of operation for the respective vessels. The total installation time and the vessel day rates
result in the total installation costs.

— Operations & Maintenance (O&M): The O&M cost module determines the annual costs for both preventive and
corrective maintenance of the farm, while also assuming some xed operational costs. The number of vessel trips and
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spare part costs depend on the failure rates, the number of turbines in the farm, and the type of maintenance. The total
O&M costs are obtained by summing up the operational, vessel, spare part, and technician costs.

— Other costs:The other wind farm costs include project development costs, other turbine costs, contingency, decommis-
sioning, etc. These are assumed to have a xed percentage share in the total farm CAPEX. The decommissioning costs,

however, are based on the number of turbines to be removed, the RNA mass, hub height, and the cable length.

The framework is completely open-source (Mehta, 2023). Further details about the models in the framework and their

implementation are discussed in Mehta et al. (2023).
2.2 Market model

The hourly prices for spot markets can be simulated using complex market models like Balmorel (Wiese et al., 2018) or
EMMA (Hirth et al., 2021). These are energy system models that minimize the system cost required to satisfy the demand.
To simulate a future scenario, various inputs like electricity demand, capacity and costs of various generation technologies,
fuel costs, cross-border trade, carbon prices, etc. are required. This enables the model to capture the complex market effect:
However, it also makes it dif cult to use such models to quickly simulate hundreds of future price scenarios to evaluate a
business case of a project. Verstraten and van der Weijde (2023) argue that these complex models can be used as benchmar
while simpler models can be used to assess renewable business cases. The authors show the effect of change in the capacity
various technologies on the market clearing price using an in-house stochastic market simulator. However, the tool still requires
information about the capacities of different assets, their operational strategies, and the electricity demand as inputs. For this
study, it is important to capture the cannibalization effect of wind. From a turbine design perspective for a given wind farm,
this translates to the relation between spot market prices and wind speeds. The purpose of the market model is not to accuratel
predict spot prices for a given year in the future. Instead, the purpose is to have a parameterized model to generate spot price
where the model parameters can be easily varied to simulate various future market scenarios. The generated spot price data c:
then be used to determine annual revenues.

The relation between spot prices and wind speed can be represented with the help of a univariate model that uses a linea
or a polynomial t. However, it is dif cult to comment on how the coef cients would evolve in the future. Hence, this study
uses a different approach to model the spot prices. Fig. 2 shows the distribution of the spot prices for the years 2016-2020
for both Denmark (left) and the Netherlands (right), taken from the European Network of Transmission System Operators for
Electricity (ENTSO-E) (2023). While the Netherlands observed a higher mean value of spot prices than Denmark (due to a
relatively lower renewable penetration), the standard deviation was the same. It can be seen that the spot price distribution car
be approximated by a normal distribution. This approximation is later veri ed w.r.t. how it affects the annual revenues of a
wind farm. Instead of using the absolute standard deviation, the spread around the mean can also be expressed in the form c
a coef cient of variation (CV), i.e. the ratio of the standard deviation to the mean. Thus, with a constant CV, the variability in
the price increases/decreases along with the mean price.
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Figure 2. Spot price distribution and its approximation to a normal distribution for DK (left) and NL (right)

Also, due to the cannibalization effect, spot prices have a negative correlation with wind generation. An illustration of
the cannibalization effect, for Denmark (left) and the Netherlands (right), is shown in Fig. 3, where the spot prices for the
years 2016-2019 are plotted against the wind resource for a given site. As the wind energy penetration in Denmark is higher,
compared to that of the Netherlands, it experiences a higher negative correlation between spot prices and wind speeds. The sp
price data (spot) to be generated can be expressed as a function of various parameters shown in Eq. (1)spahésehe
mean of the normal distribution for spot pric€ is the coef cient of variation, andcorrelation IS the correlation coef cient
between spot prices and the site-speci ¢ wind spead} (

spot = f( spot;CV; correlation ;Ws) (1)

The correlation coef cient only has an effect when the standard deviation is high enough. For low standard deviations, the
correlation coef cient has no meaning. A low value of CV, which corresponds to a lower standard deviation, results in a smaller
spread of data around the mean. As a consequence, for values of CV close to 0, even a high negative correlation of -1 would
result in no variations of the spot prices w.r.t. the wind speed. This effect is shown in Fig. 4 where the generated spot price data
for a given mean and a high negative correlation is plotted, for two different values of CV. It can be seen that for low values
of CV, the spot prices do not change much. This effect is also shown for time series data of a week where the spot prices for a
lower CV (in orange) don't change much even for large uctuations in the wind speed (in black).

In this study, the CV is kept constant. It is known that the value for CV also differs, but it is expected to have the smallest
range of variability of all the three market parameters. Keeping it constant simpli es the model, while still being able to
capture the most relevant variations. The spot prices can be generated by sampling data from the normal distribution (de ned






