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How the Cost-Competitiveness of Wind Power is Affected
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Abstract
Wind power is facing increasing social and political resistance, which limits its lo-
cation options. However, most energy system models use an optimization approach
to determine the location of wind power, prioritizing sites with the best wind con-
ditions, which does not reflect the socio-political barriers faced by new wind power
projects. This thesis investigates how the cost-competitiveness of wind power in
a future renewable electricity system and the corresponding electricity system cost
might be affected if future wind power installations resemble historical installation
patterns. The results show that considering historical installation patterns for wind
power results in a median increase in electricity system cost of 4 % for 120 countries,
with some countries experiencing a system cost increase of over 20 %. Additionally,
there is a clear decrease in the share of wind power in the optimal electricity supply
mix for 84 countries, with the most significant reduction reaching 24 %. These re-
sults highlight the importance of considering the impact of socio-political constraints
on the location choice for wind power in modeling future electricity systems.

Key words: Wind Power, Cost-Competitiveness, Historical Installations, Socio-
Political Barriers, Energy Systems Model, Wind Resource Assessment
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1
Introduction

To limit the global temperature to 1.5 °C, the electricity sector must reach net zero
CO2 emissions between 2045 and 2055 (IPCC 2022). Since over 60 % of the global
electricity generation comes from fossil fuels (Our World in Data 2023b), this will
require a major transition of our energy system into renewable sources. Declining
costs for wind power and solar photovoltaics (PVs) have caused a steady increase
in installed capacity globally (IEA 2024) while making wind and solar competi-
tive with other energy technologies. Furthermore, even conservative wind potential
assessments estimate that the potential of wind power exceeds the amount of re-
newable energy required to reach the Paris Agreement target (IPCC 2022).

Since onshore wind power is projected to be an important part of a future renew-
able electricity system (IEA 2024), it is important that its potential and role in the
electricity system are understood and accurately represented. Wind Resource As-
sessments have long tried to estimate the wind power potential (Pelser et al. 2024)
while Energy Systems Models have been used to model the electricity system (Pfen-
ninger et al. 2014). However, it has been found that the assumptions in these kinds of
models differ greatly, causing different outcomes for the wind power potential (Pelser
et al. 2024). Moreover, wind power is facing social and political barriers dictating
where and how much wind power can be built (Niskanen et al. 2024; McKenna et al.
2022). These barriers further complicate the modeling (McKenna et al. 2022; Pelser
et al. 2024) and may make wind power less cost-competitive, as installations at sites
with suboptimal wind conditions have the same investment cost but generate less
electricity than sites with good wind resources.

As a response to the inconsistent model assumptions and potential impact of socio-
political barriers, Hedenus et al. (2022) have looked at historical installation data
for wind power. The reasoning is that since historical data has been in part shaped
by social and political factors, using historical data in modeling will indirectly in-
clude those factors in the results, while also providing a consistent and feasible set
of assumptions. Their results show where turbines have been placed in relation
to land types, protected areas, people, and wind speeds, as well as how densely
the turbines have been placed. Furthermore, the results indicate that the current
model assumptions surrounding wind power poorly reflect the historical installation
patterns. For example, energy system optimization models typically place turbines
in areas with the highest wind speeds, however, in practice, turbines are spread
out across different wind speeds. Consequently, this master thesis will attempt to
adjust the assumptions typically used in energy systems models based on the his-

1



1. Introduction

torical installation patterns found in Hedenus et al. (2022) and evaluate how these
assumptions affect the total system cost and cost-competitiveness of wind onshore
power in a future renewable electricity system. The result will hopefully reflect the
impact of social and political barriers to wind power on the electricity system, and
provide valuable insights for decision-makers on which role wind power can play in
the electricity system.

1.1 Aim and Scope
This master thesis will examine how using assumptions grounded in historical data
for onshore wind power will affect the cost-competitiveness of wind and the com-
position of the total electricity system. It will do that with the following research
questions:

• How do different assumptions regarding the land available for onshore wind
turbines affect the supply curve of wind power?

• If future wind power installations resemble historical installation patterns, how
might this affect the system cost and composition of the electricity capacity
mix in a future renewable electricity system?

These questions will be answered with the help of two models in the programming
language Julia (Github (GlobalEnergyGIS) 2023; Github (Supergrid) 2021) created
by Mattsson et al. (2021). The thesis will investigate the impact of the parameters
researched in Hedenus et al. (2022) surrounding the land availability, the location
choice in relation to wind speed, and the deployment density for wind power. Fur-
thermore, it will investigate some other common assumptions found in the literature,
such as the assumptions regarding the placement of turbines at high altitudes, far
away from the grid, and in urban areas.

The thesis is global in scope and will investigate the future electricity system in
2050 for regions at the national level, with datasets taken from the year 2018. The
historical installation patterns this thesis is based on have been extracted from
between 14 and 28 countries with significant amounts of wind power (Hedenus et al.
2022). The authors believe that the analysis can be generalized to countries that
have not yet installed significant amounts of wind power, though one should be
aware that the results can shift with time and as more countries are included.

2



2
Background

This chapter will begin by explaining what types of factors can influence the place-
ment of wind turbines. Then, wind resource assessments will be explained and how
they try to account for these factors when calculating the wind potential. After-
ward, the relevant findings from Hedenus et al. (2022) will be explained and related
to commonly used assumptions in wind resource assessments. Finally, results from
Jakobsson and Hedenus (n.d.) will be presented on how wind power turbines are
allocated with respect to wind speed with the help of a heuristic.

2.1 What Affects Wind Turbine Placement?
On a local scale, many factors can influence where a wind power company places its
turbines. Firstly, the site characteristics are important. Building close to the power
grid is generally easier and cheaper due to having to lay down less cable. However,
to connect to the grid, the power lines must have enough carrying capacity, i.e. have
enough space left for more electricity. Furthermore, the land must be suitable for
wind turbines. Overall, the higher the wind speeds the better, which often results
in wind power being placed on open land as the wind speeds are higher there on
average. When planning wind farms in Sweden, the company has to perform an
environmental assessment where they consider the proximity and possible impact of
the farm on people, animals, plants, and other societal interests (Vattenfall 2024).
People can be affected by noise and shadows, animals can be disturbed or sometimes
killed and protected areas can be affected negatively by the construction. When it
comes to social interests, wind farms take up a lot of space, and they compete with
other land usages such as food production and forestry. Finally, people can have
opinions about wind power, which can range from them actively supporting it and
locally owning the turbines, to actively resisting it in the landscape.

All of these factors and more could be relevant when siting turbines and Wind
Resource Assessments try to consider the most important ones for different scales
when calculating the total wind power potential.

2.2 Wind Resource Assessments
Wind Resource Assessments (WRAs) try to estimate the wind power potential of a
given area (Pelser et al. 2024). The wind power potential is essentially a measure-
ment of how much capacity could be theoretically installed given certain constraints.

3



2. Background

WRAs exist at different scales, from very local assessments performed by wind tur-
bine companies to global assessments (McKenna et al. 2022). Naturally, these vary
in terms of the level of detail and what assumptions they make, which in turn results
in potentials of different sizes.

Theoretical Potential

Geographical Potential

Technical Potential

Economic Potential

Feasible Potential

Po
te
n
ti
al
C
ap
ac
it
y

Max

Min

Figure 2.1: Illustration over different types of wind power potential, adapted from
Pelser et al. (2024).

2.2.1 Potential

Depending on the types of constraints included in WRAs, they will output potentials
of different sizes and of different types. A useful categorization of potentials is the
division into theoretical, geographical, technical, economic, and feasible potential
provided by Pelser et al. (2024), which can be seen in Figure 2.1. The theoretical
potential has the fewest constraints and is consequently the biggest. It only con-
siders the wind speeds and the total area with no other limitations. Then follows
the geographical potential which excludes areas with geographical barriers like
wetlands or very high mountains. Here it would also be suitable to exclude pro-
tected areas or settlements. The exclusion is typically binary, though some studies
have a more flexible exclusion, for example assigning a suitability factor to each
land type (Hoogwijk et al. 2004). An example of excluding land based on land type,
population density, protected areas, and grid access can be seen in Figure 2.2.
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Figure 2.2: A map of Sweden showing the exclusion of land based on land type,
population density, protected areas, and grid access. As an example, cropland has
been labeled a “bad land type” in the figure, though that does not mean that
cropland is typically excluded.

Next comes the technical potential which considers turbine characteristics such
as losses, how much power each turbine can generate, and how turbines are placed in
relation to each other. The two main approaches for turbine siting are a deployment
density across available land or explicit placement of individual turbines (Pelser et
al. 2024). The former involves calculating the amount of available area for turbines
and multiplying that with an average capacity density for wind farms to get the
total potential capacity. This is the method used in this thesis and is explained
in detail in section 2.4.4. The latter involves placing each turbine individually and
has been used successfully for Europe (Ryberg et al. 2019). It has the advantage of
being able to consider how the wind flows between turbines and deals better with
small areas (<0.6 km2) (McKenna et al. 2022). However, an explicit turbine siting
has yet to be performed on a global level and would be very computationally taxing,
thus this thesis will stick to using a global deployment density.
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After the technical potential comes the economic potential which can account
for the costs involved and other economic factors. In other words, the economic
potential considers the competitiveness of wind power compared to other energy
technologies and accounts for things like “just because you can build turbines in
really remote areas does not mean that it is a reasonable financial decision”. With
the two Julia packages used in the method, the default output would be an economic
potential as it considers the exclusion of land, the turbine characteristics, and the
costs of the technologies.

The final and smallest is the feasible potential which is the most desirable po-
tential for decision-makers. What distinguishes the feasible potential is often a
consideration of socio-political barriers such as policy, decision processes, and pub-
lic acceptance. These factors have rarely been explicitly included in wind resource
assessments due to their complexity and there have been calls to develop method-
ologies that accurately represent them in assessments (McKenna et al. 2022; Pelser
et al. 2024). As was stated in the Introduction, this thesis will attempt to reflect
these social and political factors by using assumptions for the land availability, lo-
cation choice in relation to wind speeds, and deployment density of turbines based
on historical data (Hedenus et al. 2022).

2.3 Assumptions in the Literature
No matter which potentials the wind resource assessments are calculating, McKenna
et al. (2022) have identified that there is no established best practice for what as-
sumptions should be made for assessments of onshore wind potentials for regions
consisting of multiple countries or whole continents. In models, an assumption is
typically modeled as a parameter, which is a variable impacting the wind power po-
tential in the model, and a value for that parameter. The value can be for example
be an exclusion criteria determining where the placement of turbines is permissible
or a value describing the turbine characteristics, for example how densely the tur-
bines are placed. If we want to enforce the assumption that wind turbines are not
built on altitudes above 2000 m, the model applies an exclusion criteria of 2000 m
to the parameter “Turbine Altitude”.

The most common assumptions and criteria used for determining which land is
suitable for turbines can be seen in Table 2.1 (McKenna et al. 2022). The left column
shows common assumptions that are considered in WRA, and the right column,
which values for those parameters that have been used to exclude land deemed
unsuitable for wind turbines. For example, protected areas have been excluded from
the wind power potential with at least one study also excluding a two-kilometer
buffer zone around the area. Additionally, a few studies excluded power plants,
forests, glaciers, firing areas, sandy areas, national borders, mining areas, wetlands,
cropland, and snowy/icy areas (McKenna et al. 2022; Jung and Schindler 2021).
Here we mostly see geographical constraints on the placement of turbines, such
as not placing turbines close to infrastructure or in high altitudes, with a mix of
man-made and natural constraints. Global studies generally do not make exclusions
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of land based on infrastructure like roads due to coarse resolution and inadequate
global data availability (Jung and Schindler 2021), instead favoring the exclusion of
land classified as urban to avoid people and infrastructure. If we look at the table
again, we can also see that the exclusion criteria used for each parameter can vary
a lot. For example, the steepness of slopes excluded varies between 1° and 30° with
some studies not using a slope-criteria at all.

Parameter Exclusion criteria
Slope > 1-30°

Altitude > 2-3.5 km
Water bodies < 0-1 km
Settlements < 0-3 km

Roads < 60-500 m
Airports < 1-6 km

Transmission lines < 60-250 m
Railways < 60-500 m

Protected areas < 0-2 km

Table 2.1: The most common parameters considered in wind resource assessments
found by McKenna et al. (2022). The right section shows which values for each
parameter have been used to exclude land. For example, excluding areas with slopes
with an inclination above 30 % or excluding protected land with a 2 km buffer zone
around it.

As we can see, there is an inconsistency in what parameters are considered relevant
for assessing wind power potential and what parameter values are used for those pa-
rameters. Hedenus et al. (2022) tries to solve this problem by looking at historical
installation patterns, and more specifically how these installation patterns relate to
five specific parameters seen in Figure 2.3: Allocation of wind turbines with respect
to wind speed, Deployment density, Land type, Population Density, and Protected
area. The first two parameters are associated with the placement of turbines and
how densely they are placed within an area and the final three are related to the
exclusion of land depending on the type of land, the amount of people who live
there, and whether it has a protected status. These are not a comprehensive list of
all relevant parameters that affect turbine placement but they do cover many of the
most important factors. The findings in Hedenus et al. (2022) question some of the
commonly used assumptions in the literature above. For example, they have found
that wind turbines have been placed on all land types, including urban land which
is commonly excluded. Previous studies have looked into how different parame-
ters have affected the wind power potential (Eurek et al. 2017; Jung and Schindler
2021), but this thesis aims to take it a step further by using historically grounded
parameter values and looking at the role of wind power in the electricity system. To
understand the investigated parameters in this thesis the results for each parame-
ter from Hedenus et al. (2022) will be explained in turn in the sections below and
compared to common literature assumptions.
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Minimum 
Wind Speed

Maximum 
Wind Speed

Allocation of Turbines

Deployment DensityLow High

Land Type Population Density

Protected Area

Figure 2.3: The five parameters researched in Hedenus et al. (2022). The first
two regard the placement of turbines with regard to wind speed and the density of
turbines within an area, while the final three regard the exclusion of land unsuitable
for turbines due to certain land types, population densities, and protected areas.
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2.4 Parameters from Hedenus et al. 2022
Having introduced the parameters investigated in Hedenus et al. (2022) in the pre-
vious section, this section will explain what each parameter is more in detail, what
Hedenus et al. (2022) has found, and how they have commonly been used in the
literature. Then, in the results, we will see how the historical values for these pa-
rameters affect the supply curves for wind power. This will in turn tell us which
parameters are important to include in the energy systems model and what suitable
exclusion criteria could be.

2.4.1 Land types
As mentioned above, studies have excluded many different land types, such as crop-
lands, forests, wetlands, and urban land. Hedenus et al. (2022) have shown that
installations of wind turbines have occurred on all land types, including urban areas
and wetlands. However, the installations on urban land, barren land, and wetlands
are significantly lower than the installations on cropland and grassland, which are
the most common land types for wind turbines. Moreover, they found that there
have been installations in heavily forested regions like Sweden and Germany that
match the density of installations in some grasslands, although there are also forested
areas in some regions with no installations.

2.4.2 Population density
Generally, it is more common for studies to account for where people live by exclud-
ing urban areas or infrastructure. Still, a few studies and models exclude land based
on population density (Mattsson et al. 2021; Reichenberg et al. 2022; MacDonald
et al. 2016). One study excludes “high” population densities and the default in the
energy systems model used in this thesis, Supergrid, is to exclude cells with more
than 150 people per km2, which corresponds to the average population density in
China. In contrast, Hedenus et al. (2022) have found that there have been instal-
lations of wind power for a broad span of population densities, up to 5000 people
per km2, which corresponds to a metropolitan city center. Although there are fewer
turbines in regions with very low and very high population densities. Likely, there
are fewer turbines in sparsely populated areas due to those areas being farther away
from the electrical grid.

2.4.3 Protected areas
It is common for protected areas to be excluded in WRA though the exact types of
protected land that are excluded can vary. For example, European assessments often
exclude Natura 2000 areas (Hedenus et al. 2022), a classification of protected areas
that does not exist outside of Europe. The global classification of protected areas
used by Hedenus et al. (2022) is the codes of the International Union for Conservation
of Nature (IUCN) from the World Database of Protected Areas (WDPA) (UNEP-
WCMC and IUCN 2019). The classification includes six main types of protected
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areas, with one having two subtypes. Additionally, three categories somehow convey
a lack of classification: “Not Reported”, “Not Applicable” and “Not Assigned”.
“Not Reported” corresponds to areas where the classification is unknown or data
has not been provided. This means that the site has been submitted to the WDPA
as a protected area but that they have been given inadequate information to assess
whether the site belongs to any of the IUCN categories (UNEP-WCMC 2019). “Not
Applicable” regards areas that have some other international classification such as
World Heritage Sites, and "Not Assigned" means that the data provider has chosen
not to give a classification. A list of the IUCN codes can be seen in Table 2.2.

IUCN Category Name
Ia Strict Nature Reserve
Ib Wilderness Area
II National Park
III Natural Monument or Feature
IV Habitat/Species Management Area
V Protected Landscape or Seascape
VI Protected Areas with Sustainable Use of Natural Resources
- Not Reported
- Not Applicable
- Not Assigned

Table 2.2: The IUCN protected area categories (Stolton et al. 2013).

Typically, the studies write that they exclude “all protected areas” with no further
specification, with some exceptions (Eurek et al. 2017). Hedenus et al. (2022) have
investigated the installations on all the IUCN categories as well as installations on
Natura 2000 areas. There have been some installations on all types of protected
areas with the exception of category III (Natural Monument or Feature). However,
the density of the installations is rather low for most of the categories and the results
for each category consist of only a few data points. The categories with slightly more
installations than the rest were the areas “Not Assigned”, Natura 2000, and “Not
Reported”.

2.4.4 Deployment Density
The deployment density is a measurement describing how many turbines there are,
how much power they can generate, and how densely they are placed. Each turbine
has a capacity, i.e. how much electricity it can generate per second. If you look
at the area of a wind farm, you can say how much capacity there is per area, i.e.
calculate the capacity density, which is also known as the deployment density. The
purpose of finding a value for the deployment density is to calculate the wind power
potential P [MW]. This is typically done with

P = A(1 − ϵ)s · d, (2.1)

where A is the total area of the investigated region [km2], ϵ is the fraction of the
total area that is removed by excluding land, s is the fraction of the remaining land
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that is judged suitable for wind turbines and d is the deployment density [MW/km2

or W/m2] inside a wind farm (Hedenus et al. 2022). In other words, first land is ex-
cluded based on certain criteria, and then a portion of the remaining land is deemed
suitable for wind power, and a total potential capacity is calculated by multiplying
that portion with the deployment density.

Hedenus et al. (2022) have found studies that used a deployment density of 5 to 10
MW/km2 on 0.5 to 20% of the suitable area. The median deployment density in wind
resource assessments is 4.95 MW/km2, with one study having used a deployment
density as high as 19.8 MW/km2 (Pelser et al. 2024). Now in practice, Hedenus et
al. (2022) have found that the median deployment density is 0.077 MW/km2, with
only a few municipalities reaching a deployment density above 1 MW/km2. However,
these numbers are not comparable since the article calculates the deployment density
differently to equation (2.1). Instead of using the deployment density inside wind
farms, it is calculated by dividing the total capacity installed in a region by the
total area of the region, without any exclusion of land. Naturally, this results in
lower deployment densities since the capacity is spread out over a larger area. As
a comparison, the default setting in the GlobalEnergyGIS model (Mattsson et al.
2021) is 5 MW/km2 on 8 % of the suitable area. Assuming no exclusion of area, that
would mean that the regional deployment density would be 0.4 MW/km2, which is
within the range of historical values seen in Figure 2.4.

Figure 2.4: Distribution of deployment densities based on historical installations
(Hedenus et al. 2022).

2.4.5 Allocation of Wind Turbines
The parameter “allocation of wind turbines” is about the placement of wind turbines
with regard to local average wind speeds. A common approach to handle allocation
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is to use energy system optimization models where the turbines are placed as a re-
sult of cost-minimization. This generally means that the turbines are placed on the
windiest sites where the capacity factors (CFs), the fraction of the generated power
divided by the potential power, are the highest. Another approach is to use some
sort of heuristic for the allocation, for example assuming that the installations are
spread out across sections with different wind speeds (Bogdanov and Breyer 2016).

Hedenus et al. (2022) investigated the allocation of turbines with respect to wind
speed and discovered that wind turbines had not been placed where the wind con-
ditions were most favorable, as is typically the outcome in optimization models,
but that each region had their allocation of turbines dependent on their specific
geographical and social context. To model this Jakobsson and Hedenus (n.d.) have
developed a heuristic to allocate turbines. In the heuristic, the area of the land
is split into 10 evenly sized sections with equal area and sorted according to their
wind speeds, from the windiest section to the least windy. Each section is called a
resource class and has a corresponding potential. Given the potential, it is possible
to allocate a percentage of the installations to each resource class, as is exemplified
in Figure 2.5.

Minimum 
Wind Speed

Maximum 
Wind Speed

50 % 40 % 10 %

Figure 2.5: Turbines allocated with respect to wind speed with the help of a
heuristic (Jakobsson and Hedenus n.d.). The area of a region is sorted according to
wind speed, divided into 10 sections and assigned a fraction of the total turbines.

To decide which allocation to implement with the heuristic, Jakobsson and Hedenus
(n.d.) observed the historical data. The first trend in the historical data is that the
allocation varies between regions. California is quite close to an optimization ap-
proach whereas Denmark has installations in all resource classes except for the one
with the lowest wind speeds. To find a general allocation, Jakobsson and Hedenus
(n.d.) compared all the historical allocations with all theoretically possible alloca-
tions by using the weighted average wind speed. The allocations with the smallest
error when comparing it to all the regions were considered the best allocations. In
essence, this means that Jakobsson and Hedenus (n.d.) have found a sort of best
average allocation, and not the allocation that best describes the placement in any
specific region. There are different “best” allocations depending on how the regions
are weighted and one of them will be chosen in Section 3.1.2 to model the placement
of turbines in this thesis.
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Having explained the parameters that will be investigated, the question remains how
to investigate them. As indicated by the research questions, this thesis is essentially
divided into two parts. The first involved the model GlobalEnergyGIS generating
potentials and mapping the impact of the three land exclusion parameters with the
help of supply curves. The second involved combining a high and low deployment
density with the two allocation approaches, optimization and heuristic, into four
scenarios and seeing how the system cost and the capacity mix differ between them
in the energy system optimization model Supergrid.

3.1 GlobalEnergyGIS
The package GlobalEnergyGIS (Github (GlobalEnergyGIS) 2023) generates regional
potential capacities [MW] and hourly capacity factors [% of rated capacity] for Solar
PV, Concentrated Solar Power (CSP), Offshore Wind and Onshore Wind (Mattsson
et al. 2021). For wind speeds, it uses the public geospatial datasets ERA5 and Glob-
alWindAtlas (Copernicus 2018; DTU 2019; Davis et al. 2023). The model divides
the Earth into a grid, also known as a raster, with a resolution of 0.01 degrees per
cell/pixel, which corresponds to a resolution of 1 km close to the equator. When
calculating the potential, the model can exclude cells based on the distance to the
grid, land type, protected area category, and population density. Additionally, the
package can predict the future demand for each region by using machine learning
and selected Shared Socioeconomic Pathways (SSP) (Mattsson et al. 2021). The
package was run with Julia v.1.7.0.

This specific package was chosen because it divides the potential for wind into
resource classes based on wind speed brackets, which could be modified to implement
the allocation heuristic described in section 2.4.5. First, the model divides the wind
energy potential into two categories, A and B. Cells belong to category A if they
have contact with the proxy of the electricity grid, which is created by combining a
dataset for gridded population (Jones and O’Neill 2016; Gao 2017) with purchase-
power adjusted GDP (Murakami and Yamagata 2019). Category B are cells within a
certain distance from the grid where it would be possible to build transmission lines.
Categories A and B are in turn divided into resource classes based on the average
wind speed of the cells. The default is that the potential capacities are calculated for
five resource classes with the wind speeds 2-5 m/s, 5-6 m/s, 6-7 m/s 7-8 m/s, and 8-
99 m/s. The number and intervals of the resource classes are adjustable by default,
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though to implement the allocation heuristic, they had to be modified further, a
process which will be explained in section 3.1.2.

3.1.1 Investigating Parameter Values
Of the five parameters in Figure 2.3, the land type, population density, and pro-
tected area are already fully implemented and customizable in GlobalEnergyGIS.
Thus, the purpose of the first stage of the thesis was to investigate the effect that
different values for these parameters could have on the regional supply curves. To do
this, values were chosen that reflect the range of historical values in Hedenus et al.
(2022). In the model, the land types are categorized according to the global vege-
tation classification scheme of The International Geosphere–Biosphere Programme
(IGBP) (Friedl et al. 2010), which has 17 different land cover classes. These were
aggregated into the categories seen in Table 3.1 and tried in turn, with water being
excluded for all categories. For the population density, the values 150, 500, 1000,
and 5000 people/km2 were chosen. Finally, for protected areas, GlobalEnergyGIS
uses the IUCN protected area categories, see Table 2.2, and these were tried individ-
ually. The other two parameters, deployment density and allocation of turbines, are
investigated in the second part of the thesis with the optimization model Supergrid.

Aggregated categories IGBP classifications

Forest

Evergreen Needleleaf Forests
Evergreen Broadleaf Forests
Deciduous Needleleaf Forests
Deciduous Broadleaf Forests

Mixed Forests

Shrubland
Closed Shrublands
Open Shrublands
Woody Savannas

Grassland Savannas
Grasslands

Wetland Wetlands

Cropland Croplands
Cropland/Natural

Urban Urban

Barren & Ice Snow/Ice
Barren

Table 3.1: Aggregated categories for the IGBP global vegetation scheme. Water
was always excluded.
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For each run of GlobalEnergyGIS, only one parameter functioned as an active con-
straint and the rest of the constraints were relaxed. For example, if the effect of
protected land was being studied, the cap for the population density was set very
high to not exclude any land. The other model parameters were chosen from the
literature and kept constant for all the runs. They can be seen in Table 3.2. The
choice of deployment density is based on the historical data and will be explained
in Section 3.3.1.

Parameter Name Default Chosen Source
Onshore Deployment Density 5 MW/km2 1 W/m2 Hedenus et al. (2022)
Offshore Deployment Density 8 MW/km2 8 W/m2 Mattsson et al. (2021)

Onshore Suitability Factor 0.08 1 Hedenus et al. (2022)
Offshore Suitability Factor 0.33 0.33 Mattsson et al. (2021)

Max Distance to Grid 150 km 150 km Mattsson et al. (2021)
Max Water Depth 40 m 50 m ESMAP (2019)

Min Distance to Shore 5 km 5 km Mattsson et al. (2021)
SSP Scenario SSP2 2050 SSP2 2050 Mattsson et al. (2021)

Year for ERA5 data 2018 2018 Mattsson et al. (2021)
Turbine Height 100 m 100 m Mattsson et al. (2021)

Table 3.2: The parameter values used for the first part of the thesis and generating
the supply curves.
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3.1.2 Preparing for the Allocation Heuristic

Calculate the area 
of each cell

Pair the cell area 
with its average

wind speed

Remove cells with
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speeds below 6 m/s 
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average wind speed

Cycle through cells 
until a n:th of the 
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R
epeatn tim
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Figure 3.1: Illustration
of the method that cre-
ates new resource classes
in section 3.1.2.

To enable the implementation of the allocation of wind
turbines created by Jakobsson and Hedenus (n.d.) in Su-
pergrid, it is necessary to modify GlobalEnergyGIS in
accordance with the allocation heuristic described in sec-
tion 2.4.5. Instead of having resource classes where each
class contains the cells with average wind speeds within a
certain bracket, the heuristic requires that each resource
class corresponds to the same amount of area and then
creates the span of wind speeds for each class based on
those areas, for a total of n resource classes. A flowchart
giving an overview of this method can be seen in Fig-
ure 3.1. Firstly, the area of each cell was calculated,
paired with its average wind speed from GlobalWindAt-
las (DTU 2019) in a tuple, and all tuples were sorted ac-
cording to increasing wind speed. Secondly, all cells with
water or wind speeds lower than 6 m/s were excluded to
be consistent with Jakobsson and Hedenus (n.d.). Then,
each tuple was cycled through until an n : th of the area
was reached1, and the first resource class was created by
saving the minimum and maximum average wind speed
of the cells included in that resource class. This proce-
dure was repeated until a minimum and maximum wind
speed was acquired for all resource classes and there were
no cells left. The minimum and maximum wind speeds
could then be used in the model without further modifi-
cations as the new resource classes. The updated model
can be found on Github (GlobalEnergyGIS) (2024).

3.2 Generating Supply Curves
To assess the impact of different parameters on the cost-
competitiveness of onshore wind power, this thesis used
supply curves created from the potentials from GlobalEn-
ergyGIS. Then the impact of each parameter value could be determined by looking
at how the curve shifts. Firstly, all the potential was generated for 175 countries,
found in Table A.1. Then 8-9 countries were selected for each parameter to study the
effects on the supply curves, see Table 3.3. Care was taken to choose countries with
different locations, geographies, sizes, and population densities. For protected areas,
countries with a high share of protected land were primarily chosen to try to assess
the maximum impact of the exclusion of protected areas. Moreover, there was an
effort to include countries with a significant amount of all the land types in Table 3.1.

1The area limit for each resource class is slightly smaller in practice to ensure that the area for
the final resource class is not significantly smaller than for the previous resource classes.
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Land type Population density Protected area
Australia Australia Brazil

Brazil Brazil Bulgaria
Canada China Cambodia

Germany Germany Germany
India India India
Kenya Netherlands United States

Netherlands Nigeria Venezuela
Saudi Arabia Uganda Zambia

Venezuela

Table 3.3: The countries selected for investigating the effect that the different
parameter values had on the supply curve.

The supply curve for each country was created by taking the potential of each
resource class and calculating its corresponding Levelized Cost of Energy (LCOE).
The LCOE is “the total discounted costs over the lifetime divided by the discounted
energy production over the lifetime” (McKenna et al. 2022, p. 671). It is an indicator
that enables an economic comparison between different energy technologies and is
given in €/MWh. In this case, it enables an economic comparison between different
potential wind power sites. The equation for the LCOE is

LCOE =

T∑
t=1

It + Mt + Ft

(1 + r)t

T∑
t=1

Et

(1 + r)t

, (3.1)

where T is the lifetime of the project and r is the discount rate, and for each year
t there is the investment cost It, the operation and maintenance cost Mt, the fuel
cost Ft and the generated electricity Et (Kan 2023). The LCOE was calculated for
each resource class with a discount rate of 5 % for all regions, where the generated
electricity was the potential capacity multiplied with the capacity factor and the
numbers of hours in a year, and the total cost consisted of the discounted investment
cost and fixed cost. The total cost is mainly dependent on the capacity factor of
the resource class, i.e. the windier the class is, the lower the costs are. To form
the supply curve, each resource class was sorted according to ascending costs. The
results can be seen in section 4.1 and were complemented by calculating the impact
on the total potential for all 175 countries.

3.3 Supergrid
The Julia package Supergrid (Github (Supergrid) 2021) is a capacity expansion
model of the electricity system that uses linear optimization to model a future
energy system with an hourly resolution. It was chosen for its compatibility with
GlobalEnergyGIS and finds the energy system with the minimal cost. The energy
technologies included in the model can be seen in Figure 3.2. The model has options
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allowing or disabling nuclear power, new hydropower, or transmission lines, and can
include a carbon tax, a carbon cap, and different discount rates. The model was
run with Julia v.1.3.1.

GlobalEnergyGIS
Potential Capacities

Capacity Factors
Electricity Demand

Supergrid
An Energy System Optimization Model

Minimize Total System Cost

System Cost
Capacity Mix

Cost Assumptions
Scenario Inputs 

Onshore- and 
Offshore wind

Solar PV and 
CSP

Hydropower

Coal plants
Natural gas 

turbines

Biogas turbines

Nuclear power Battery storage

Figure 3.2: A conceptual model over Supergrid showing the inputs to the model,
the included energy technologies, and the outputs important for this thesis.

The purpose of this part of the thesis was to investigate how the allocation of wind
turbines with regard to wind speed and the deployment density of wind power affect
the system cost and the electricity supply mix. This was done with the help of four
scenarios described in Section 3.4. Below, the choice of deployment densities and the
implementation of the heuristic are explained. The values chosen for the land type,
population density, protected areas, and other model parameters were informed by
the earlier part of the thesis. These are shown and motivated in section 4.2.

3.3.1 Choice of Deployment Densities
As discussed in section 2.4.4, the deployment density in Hedenus et al. (2022) is de-
fined differently from the deployment density typically used in assessments. Given
that GlobalEnergyGIS uses the deployment density inside of wind farms to calculate
the potential with equation (2.1) while Hedenus et al. (2022) calculates the deploy-
ment density across the whole region, two questions arise:

1. How should the deployment densities from Hedenus et al. (2022) be adapted
to the model?

2. Which deployment densities should be selected?
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Here, the choice was made to take the deployment densities from Hedenus et al.
(2022) and apply them to 100 % of the area available after excluding land, i.e. set
the suitability factor to s = 1 in equation (2.1). If excluding no land and applying
the deployment densities to the same regions they were calculated for, we would
acquire the original total installed capacity from the historical data. However, in
practice, the model will exclude some land, which will lead to a lower total potential
capacity than in the historical data. On the other hand, the historical deployment
densities were taken from municipalities, and applying them to a whole nation could
lead to an overestimation of the potential as it is easier to achieve a higher capacity
in a municipality compared to a whole country. Although, there is also another
underestimation of the potential caused by GlobalenergyGIS only calculating the
potential capacity based on the historical deployment densities, and the actual in-
stalled capacity allocated by the energy systems model Supergrid will be a fraction
of the potential. In other words, the potential resulting from the inputted deploy-
ment density will not be fully utilized by the model, resulting in a lower actual
deployment density in the end. In total, the expectation is that these effects will
either cancel each other out or lead to a lower deployment of wind turbines in the
models compared to Hedenus et al. (2022).

With this as a background, comparably high deployment densities were chosen from
Figure 2.4, both to offset the effect above and to reflect the increased level of ambi-
tion that would be required to reach a renewable electricity system. It is important
to remember that if Hedenus et al. (2022) had excluded land they would have gained
higher values for the deployment densities. Consequently, the values chosen were
0.35 MW/km2 and 1.0 MW/km2. The former corresponds to the 95th percentile
and has multiple historical precedences in the historical data. The latter was chosen
because it was amongst the highest values in the historical distribution. The highest
capacity density found in the historical data, 1.5 MW/km2, was not chosen since it
belonged to a municipality with very specific geographical conditions, namely a very
long and sparsely populated coastline with very good wind conditions.

3.3.2 Implementing the Allocation Heuristic
Given the new resource classes created in GlobalEnergyGIS, see section 3.1.2, it was
possible to create a linear constraint in Supergrid that implemented the allocation
heuristic described in 2.4.5. The constraint is

Cr,k,c ≤ sr,c

∑
c

Cr,k,c

k = Onshore wind and ∀r, c.
(3.2)

The sets are r for the model regions, k for the electricity generation technologies,
and c for the resource classes. For this thesis, the only relevant technology is “On-
shore wind” and its associated resource classes. The resource classes for categories
A and B are added together meaning that c = 1, 2, ..., n, where n is the number of
resource classes. The variable Cr,k,cA

is the installed capacity in the region r, for the
technology k and resource class c and the parameter sr,c is the share of the total
installed capacity that is allocated to resource class c for region r. The values for sr,c
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were taken directly from Jakobsson and Hedenus (n.d.) and the choice of allocation
will be deliberated on in the next section.

Simplified, this constraint says that the installed capacity for each resource class,
cannot be greater than a specified share of the total installed capacity as is exempli-
fied in Figure 2.4.5. The constraint has two characteristics that are good to keep in
mind. Firstly, the model is free to increase the total installed capacity to allow more
installations in a specific resource class. Secondly, if there is no available potential
in a resource class where turbines should be allocated, the only feasible solution for
the model is to allow no installations. These characteristics can have implications
for specific cases and are discussed further down.

3.3.3 Choice of Allocation
Having presented what the heuristic is and how it is implemented in Supergrid, it
is time to select a specific allocation to implement. As was presented in section
2.4.5, Jakobsson and Hedenus (n.d.) had a method for finding a sort of best average
allocation, given the historical allocation of turbines. This section will select one
“best” allocation out of the many found by Jakobsson and Hedenus (n.d.) to use for
this thesis.

To find the best average allocation Jakobsson and Hedenus (n.d.) created a weighted
wind speed for each region given the distribution of installations across the resource
classes and compared that to the weighted wind speed for all possible allocations.
There were four different kinds of weighting for the average wind speed of each
region: no weighting and weighting based on total wind capacity, wind capacity
density, and wind share in the generation mix. For each weighted average, the best
allocation was found by seeing which allocation gave the smallest error using two
error measurements: the Root mean square deviation (RMSD) or the Mean abso-
lute error (MAE). What is relevant for this thesis is that the RMSD was chosen
to be more punishing to outliers and averages were weighted based on their wind
capacity density. The weighting was chosen because it favors regions with a lot of
wind power, which will probably be more reflective of the future renewable electric-
ity system, while not favoring big countries or countries with other plentiful solar
resources, which would have been the case with weighting based on total installed
wind capacity or share of wind in the system.

With these specifications, the best allocation is 10 % of installations in the windiest
section, 40 % in the second windiest section, and 50 % in the third windiest section
with a total of 10 sections. This allocation is illustrated in Figure 2.5 and can be
concisely written as 0000000541. Note that this allocation will reflect the histori-
cal placement of turbines in each region rather poorly, however, it will be the best
average allocation for all the regions. Since this thesis is interested in the general
effect of a allocation heuristic, choosing one should be sufficient and should impact
the final results. Nevertheless, if the research is expanded it would be good to try
more allocations.
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However, one issue with all the potential allocations is that they are inflexible. If
a region is experiencing energy resource scarcity and increasing demand in the real
world, it would likely use lower resource classes than the heuristic allows. To account
for this, some installations are permitted in the lower resource classes by relaxing
the constraint somewhat. In practice, this was achieved by combining the best allo-
cation with the allocation of Germany, which is 0001111212. The combination keeps
the allocation for the top classes, but allows some installations down to the fourth
lowest resource class, resulting in the allocation 0001111541. Note that this alloca-
tion does not allow the model to install more than 100 % of the capacity despite how
it may look, but instead gives the model more options for how to allocate its instal-
lations. For regions without resource scarcity, the model will probably still place the
installations in the top three resource classes since that results in the lowest cost,
returning the allocation 0000000541. However, regions with resource scarcity will
spread out their installations, resulting in, for example, the allocation 0001111321.
Nevertheless, there might be better ways of incorporating this flexibility, where one
route would be to pick the allocation for a region based on how other similar regions
have performed rather than using one global allocation.

3.4 Running Supergrid
After implementing the allocation heuristic and choosing the parameter values, it is
possible to run the optimization model. All the parameters were kept fixed, while
the capacity density and allocation approach were combined into four scenarios that
can be seen in Figure 3.3. The choice was made to allow no new installations
of hydropower or nuclear power. No new hydropower was allowed since there are
new policies pushing for biodiveristy and environmental protection (UN 2023). The
reason for not allowing new nuclear power was to explore the full possible impact
following historical installation patterns, but the effect of nuclear power was in-
cluded in the sensitivity analysis. Transmissions within and between regions were
also excluded from the model, meaning each region works as a “copper plate” where
electricity can travel freely within that node but not leave the region. This was done
to simplify the method since otherwise, regions would have needed to be grouped to
accurately model international transmissions. The carbon cap was set to 10 g CO2
per kWh of electricity, which provides a system that is almost completely renewable
but avoids the high marginal costs of removing the final emissions which could have
a major impact on the results. The discount rate was set to 5 % for all regions. For
solar power and hydropower, the default model assumptions were used. Finally, the
investment cost, variable cost, and fixed cost of the energy and storage technologies
were updated in accordance with Kan et al. (n.d.). The modified version of Super-
grid can be found on Github (Supergrid) (2024).

Potentials and CFs were generated for 175 countries in GlobalEnergyGIS for the two
deployment densities. Regions were excluded if they were smaller than 1000 km2

or if data was missing to run the model. In practice, this means that many small
islands were excluded. Then more countries were excluded after running Supergrid
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based on criteria described in section 4.3. The potentials for each country were
run through Supergrid for each scenario in Figure 3.3. The model provides many
different outputs, but the relevant parameters for the result are the system cost and
the installed capacities for each technology.

More
Constraints

Optimization
1.0 W/m2

Heuristic
1.0 W/m2

Optimization
0.35 W/m2

Heuristic
0.35 W/m2

Allocation Approach

Deployment
Density

Figure 3.3: The four scenarios tried in Supergrid, consisting of two different de-
ployment densities, and two different approaches to allocating installed capacity.

3.4.1 System Cost and Capacity Mix
The system cost and capacity mix are two outputs that give us some important
information about the electricity system. The capacity mix tells us which energy
technologies are present and how they compete with each other. It was chosen as
the preferable indicator over the electricity generation mix since it more directly
reflects actual deployment, i.e. how many wind turbines and solar PV panels there
are, compared to the generation. The system cost is the total cost of the electricity
system per year, including discounted investment costs, costs for fuel, maintenance,
and potential carbon taxes and transmissions (Mattsson et al. 2021). It is not
equivalent to the electricity price which is dependent on market forces and the
dynamics between supply and demand. The system cost is calculated for each
region and normalized with the regional demand [€/MWh]. A typical system cost
lies within the range of 15 to 80 €/MWh (Nuclear Energy Agency (NEA) 2012).
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Results

The results are divided into two parts. The first part is about how the three land
exclusion criteria, land type, protected area, and population density, affect the sup-
ply curve for a sample of countries. Moreover, suitable criteria for altitude and
distance to the grid will be discussed based on the literature. The purpose of these
results was to assess the importance of these parameters and help with the selec-
tion of parameter values for the second part. The second part involves running the
optimization model Supergrid with the selected historical parameter values for four
different scenarios in Figure 3.3 and analyzing the results. The code for processing
the results can be found on Github (PlottingCapacities) (2024).

4.1 Impact on Supply Curves

Supply curves for all the countries listed in Table 3.3 can be seen in the appendix,
Section A.2. A selection of the supply curves will be shown here for each relevant
parameter as well as the change in total capacity for all the countries in Table A.1.
The main takeaway from the supply curves will be which parameters are more or
less impactful on the cost-competitiveness of wind power.

4.1.1 Land Type

Looking at the first supply curve in Figure 4.1, we see the potential energy generated
from wind power divided by the total regional demand on the x-axis and the LCOE
on the y-axis. As we follow the curves from left to right, we are going from sites
with cheap wind power and good wind conditions to more expensive sites with worse
conditions. Typically, wind power will not cover the total demand, but the demand
in the figure is a good reference point as it is irrelevant to look at the supply curve
far beyond the demand. The y-axis has been capped at 60 €/MWh for readability.
Looking at Canada’s curve, we can see that excluding different types of land has
very little impact on how the curve shifts. In contrast, the curve for Germany in
Figure 4.2 shifts noticeably to the top-left if excluding cropland and forests. This
means that many of the best sites for wind power have been excluded and that the
cost of wind power increases sharply as it expands and is installed on worse sites,
thus making it less cost-competitive.
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Figure 4.1: Excluding different land types has very little impact on the supply
curve for Canada.

Figure 4.2: Excluding cropland and forests for Germany moves the supply curve
towards the top left corner, making wind power more expensive and less cost-
competitive.

From selected regions it can be observed that the exclusion of specific land types
can have a large impact on the supply curve, but which land type that has the
biggest impact varies. Forests, croplands, shrublands, and grasslands had a major
impact on the supply curves for many regions. In contrast, it could be observed
that wetlands have a very small impact on the supply curve, even for countries like
Canada which consists of roughly 10 % wetlands (Government of Canada 2016).
Urban areas, barren areas, and areas covered by ice generally had a small impact
on the supply curves. The exceptions for urban areas are the Netherlands and
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Germany. Meanwhile, Saudi Arabia and India see the curve shifting significantly
when excluding barren areas and areas covered by ice (note that they are grouped
together in Table 3.1). When observing the change in total capacity for all the 175
regions in Table 4.1 a similar trend emerges. More than a third of the countries have
at least a 10 % decrease in total capacity if cropland, forest, grassland, or shrubland
are excluded, while only a few countries see a reduction above 50 % in total potential
capacity from the exclusion of urban areas and wetlands.

Capacity Decrease
Land type >10 % >50 % >75 %

Barren and Ice 47 30 17
Cropland 96 39 14

Forest 77 15 4
Grassland 79 23 10
Shrubland 65 16 3

Urban 3 0 0
Wetland 12 1 0

Table 4.1: The number of countries that experience a decrease in the total potential
capacity above 10, 50, or 75 % for wind power when excluding the different land
types in Table 3.1, compared to no exclusion of land. 175 countries were included
in the analysis.

4.1.2 Population Density
As can be seen in Figure 4.3 and 4.4, the effect that the cap on population density has
on different regions varies. For regions like Australia that has a very low population
density, 3.5 people per km2 (Our World in Data 2023a), and plenty of wind resources,
the effect on the supply curve for different population densities is negligible. In
contrast, the population density parameter has a noticeable impact on India which
has a higher population density (485 people per km2), which we can see by the
curve for 150 people/km2 reaching the maximum LCOE before even reaching 25 %
of the demand. The number of countries that experience a significant increase in the
total potential capacity for the different population densities can be seen in Table
4.2. Roughly 30 % of the countries see at least a 10 % increase in total capacity
when leaping from the reference 150 pers/km2 to 500 pers/km2. Only a few more
countries reach a 10 % increase when relaxing the population density constraint
further to 1000 pers/km2 and 5000 pers/km2. For between 10 and 20 countries,
the relaxation of the population density criteria leads to over a 100 % increase in
total capacity compared to the reference value. Changing the reference value to 500
pers/km2, reveals that only 8 % of countries experience more than a 10 % capacity
increase when relaxing the constraint to 1000 pers/km2, and only three countries
experience a capacity increase over 50 %. All of this tells us that population density
is a sensitive parameter for densely populated regions and that the cap on it should
be selected with care, but that the marginal increase in capacity becomes smaller
after raising the cap beyond 500 pers/km2.
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Figure 4.3: Australia experiences no impact on the supply curve from raising the
cap on population density due to its low average population density.

Figure 4.4: India sees a major impact on the supply curve if excluding areas with
population densities above 150 people/km2, shifting the curve to the left.

Capacity Increase
Population Density >10 % >50 % >100 %

500 pers/km2 52 22 14
1000 pers/km2 54 25 16
5000 pers/km2 60 26 17

Table 4.2: The number of countries that experience an increase in the total po-
tential capacity above 10, 50, or 100 % for wind power when raising the cap on the
population density from 150 people/km2. 175 countries were included in total.
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4.1.3 Protected Area

The removal of protected areas has some impact on the supply curve, as can be
observed in Figure 4.5. Comparing Figure 4.5 with 4.2 shows that the impact of
removing protected areas is smaller than for removing specific land types and this is
a general trend that can be observed across the sample countries. Another trend is
that it is region-specific which type of protected area has the biggest impact. Com-
pare Figure 4.5 with Figure 4.6, where Germany is most impacted by Category V,
Protected Landscape or Seascape, and Cambodia by Category IV, Habitat/Species
Management Area. Looking at the total capacity decrease for all 175 countries in
Table 4.3, we can see that very few countries see a decrease in total potential capac-
ity over 50 % when excluding any type of protected area and that barely a fourth
of the countries see a decrease of over 10 % when excluding areas that are “Not
Reported” with other categories being less impactful.

Figure 4.5: Germany is most impacted by the removal of protected land labeled as
Category V or “Not Reported”. Still, the impact is comparably small to the impact
caused by excluding certain land types in Figure 4.2.
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Figure 4.6: Cambodia is most impacted by the removal of Category IV protected
areas.

Capacity Decrease
IUCN Category >10 % >50 % >75 %

Ia 1 0 0
Ib 2 0 0
II 17 2 2
III 1 0 0
IV 14 0 0
V 8 0 0
VI 12 1 0

Not Reported 42 2 0
Not Applicable 11 1 0
Not Assigned 3 0 0

Table 4.3: The number of countries that experience an increase in the total po-
tential capacity above 10, 50, or 100 % for wind power when excluding the types of
protected areas in Table 2.2, compared to no exclusion of land. 175 countries were
included in total.
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4.2 Parameter Choices for Supergrid
Having presented the results from Hedenus et al. (2022), studied other relevant
literature, and observed the effect of different parameter values on the supply curves,
it is time to choose parameters for Supergrid that best reflect the historical data.

4.2.1 Land Types
Starting with land types, it was clear that the historical installations had happened
on all land types, even land types that are commonly excluded from wind resource
assessments (Hedenus et al. 2022). Moreover, the supply curves show that the
exclusion of urban areas and wetlands typically has a very small impact on the
curve and the total potential capacity. What this tells us is that it is important
to be thoughtful when excluding forests, cropland, grassland, and shrubland as
that can have a major impact on the results, but that the assumptions surrounding
urban land, wetlands and barren land are less important. Despite this, the exclusion
of urban land can be important as it avoids the placement of turbines too close to
people. However, population density might work as an alternative as it more directly
captures where people live. Using urban areas as a proxy for settlements can cause
the exclusion of industrial areas with low population densities that could otherwise
be suitable for turbines. Furthermore, it can include heavily populated areas in
countries where infrastructure is less identifiable by satellites, for example, if there
are dirt roads instead of asphalted roads. The contrast between the spread of urban
areas and population density for Germany and Kenya can be seen in Figure 4.7 and
4.8, respectively. The choice for this thesis is to not exclude land based on land type
and to use a well-selected population density to avoid settlements.

Figure 4.7: Maps over Germany showing urban areas and areas with a population
density higher than 1000 people/km2, respectively. Note how the urban area is more
spread out than the areas marked based on population density.
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Figure 4.8: Maps over Kenya showing urban areas and areas with a population
density higher than 1000 people/km2, respectively. Note how there are almost no
urban areas.

Another approach to managing land types could also be to use suitability factors
that are unique to each land type (Hoogwijk et al. 2004). Then it would be possible
to better capture the variations in wind installations across different land types,
similarly to what has been done by Eurek et al. (2017). However, this was considered
outside the scope of this thesis and would have required more extensive changes to
the models.

4.2.2 Population Density
The historical data has shown that installations of wind turbines have occurred on
land with population densities as high as 5000 people/km2 (Hedenus et al. 2022),
corresponding to metropolitan centers. Moreover, the results in the previous section
have shown that there is a big increase in the total capacity for quite a large num-
ber of countries when increasing the cap from 150 people/km2 to 500 people/km2

and that the increase diminishes as the cap is increased further. In light of the
historical installations and that the cap on population density can be important for
the cost-competitiveness of wind power, the default value in GlobalEnergyGIS of
150 people/km2 seems unnecessarily restrictive. On the other hand, a value of 5000
people/km2 would allow placements of turbines in metropolitan city centers which
seems unreasonable. In the end, 1000 people/km2 was deemed a reasonable com-
promise. It falls within the span of population densities with historical installations
(Hedenus et al. 2022), avoids the placement of turbines in towns and cities, and re-
flects the distribution of urban areas quite well, see Figure 4.7. As a reference, this
is slightly below the population density of the average densely populated town in
Sweden (Swedish: “Tätort”) and equivalent to the population density of Jokkmokk
(Jokkmokk n.d.).

30



4. Results

4.2.3 Protected Areas
Finally, moving on to protected areas. According to the historical data, there have
been installations on almost all types of protected areas, though in a very limited
capacity. Then, the question is where to draw the line for which categories should be
excluded or included. This is especially important considering that the classification
is very region-specific and that many classifications are related to data unavailabil-
ity. Although, the protected areas were also shown to have a relatively small impact
on the supply curves compared to the other two parameters, making the parameter
values less important. The choice for this thesis is to not allow installations on clas-
sified protected land. This is supported by the fact that the wind deployment on all
protected area types (I-VI) has historically been lower than the average deployment
on all commonly used land types (forest, grassland, and cropland), and by the con-
tinual policy work in favor of biodiversity and more sustainable land use (UN 2023).
However, for the three categories indicating a lack of classification, there does not
seem to be the same level of production as the “Not Assigned” and “Not Reported”
areas had the most amount of installations in the historical data (Hedenus et al.
2022). The third classification, “Not Applicable”, has had virtually no installations
and no impact on any of the supply curves. Consequently, the choice is made to
only allow installations on land labeled “Not Assigned” and not “Not Reported”
and exclude the other types of protected areas.

4.2.4 Altitude
As can be seen in Table 2.1, many articles use an altitude assumption to assess wind
power potential, most commonly excluding altitudes above 2000 m. The origin of
this value seems to be Hoogwijk et al. (2004), who use the assumption to factor in
the difficulty of accessing high altitudes, and the the loss of power due to the drop in
air density. They also mention that the highest known wind turbine at the time was
located at 1835 m. Despite all this, they state that the value of 2000 m is “rather
arbitrary” (Hoogwijk et al. 2004, p. 896), and they rightly point out that a decrease
in air density can be offset by higher wind speeds. Since then, the value of 2000 m
has largely been kept. Gass et al. (2013) use the same value with the motivation that
“it is assumed to be difficult and costly to install turbines in these areas” (Bosch
et al. 2017, p. 212). Eurek et al. (2017) increases the altitude to 2500 m with the
motivation that the highest known turbine at that point operates off-grid at 4300 m.

At this point, it is time to question whether the typically used altitude assumption
is sound and accurately reflects a feasible potential. The air density and power of
a turbine are connected according to P = ρAv3/2, where P is power, ρ is the air
density, A is the area swept by the blades and v is the wind speed. At 2000 m, the
air density drops by around 20 % compared to sea level and the same goes for the
power. However, because of the cubic relationship of the wind speed, the wind speed
only needs to increase by 8 % to offset this drop in power. Then, the question is
not whether it is possible to place turbines at high altitudes, but rather where they
should be placed to avoid the loss of power, and more importantly, where they can
be placed to be cost-competitive. Some mountains will be completely inaccessible,
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but it is possible to build wind power in mountainous regions and sometimes it is
even beneficial due to causing a reduction in wake effects (Hyvärinen 2018). Wake
effects happen when wind turbines extract energy from the wind, thus slowing it
down, which can lower the power generated by surrounding turbines. Mountainous
terrain can diffuse the wake, deflecting it downward after the turbine instead of
interfering with other turbines. Since the problem is not the elevation in and of
itself but the inaccessibility of high altitudes, it can be argued that an altitude
criteria is too blunt a tool to assess potential. Given high enough wind speeds and
enough investment money a wind farm could be profitable at high altitudes despite
the technical challenges. Consequently, this report does not use an altitude criteria
and instead uses the distance to the grid as a proxy for inaccessibility.

4.2.5 Distance to Grid
GlobalEnergyGIS has a parameter that considers the distance to the grid by default,
and divides cells into categories A and B based on it. Category A are cells in contact
with the grid and category B are cells within a certain distance from the grid where it
is possible to build new transmission lines for an additional cost. Beyond category B,
no installations are allowed. This criteria seems to better capture the inaccessibility
and additional costs that are associated with high altitudes. Furthermore, looking
at how the masks are applied in Figure 2.2, it is also possible to see that the parts
with no grid overlap with the mountainous regions since people tend not to live
there. However, there is an issue with using the distance to the grid is that there is
no compiled historical data for how close wind farms have been built to the grid and
ways of defining the grid in models vary (Jung and Schindler 2021; Eurek et al. 2017).
In the end, the choice was made to go with the model default to allow installations
up to 150 km from the grid for an additional cost. As the need for renewable energy
grows in the future, it is not unreasonable to assume that previously inaccessible
areas become potential candidates for wind farms, and the cost-competitiveness of
these remote sites should be the deciding factor on whether they are built, not
primarily a cap on the distance to the grid.

4.3 Impact on System Cost and Capacity Mix
Based on the assumptions in the previous section, it is finally time to present how
the system cost and the share of wind power in the capacity mix changes for the
four scenarios in Figure 3.3.

Looking at Figure 4.9, we can see that by comparing the allocation heuristic with
the optimization approach, the allocation heuristic results in a higher median system
cost for both deployment densities. It is also clear that the maximum system cost
observed for the included countries increases with an allocation heuristic. Further-
more, it seems like lowering the deployment density from 1 W/m2 to 0.35 W/m2

has an effect of a similar magnitude as implementing the heuristic. Moving over to
the share of onshore wind in the capacity mix, the median share of onshore wind
decreases significantly when implementing the allocation heuristic or using the lower
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deployment density. However, the share of wind power seems to be more sensitive
to a lower deployment density than the allocation heuristic. This tells us that wind
resource scarcity is an important factor in shaping the capacity mix. Interestingly,
some countries install more wind capacity with the allocation heuristic than with
optimization. This seems counter-intuitive and will be discussed further down in the
results. Regions were excluded from the figure if they had an infeasible/unbounded
solution or had a system cost higher than 80 €/MWh and can be seen in Table A.2.
In the end, 120 out of 175 regions are included in the results.

Figure 4.9: The system cost and share of onshore wind in the capacity mix for the
four scenarios and 120 regions.

To better understand what changes in the four scenarios, Figure 4.10 and 4.11
will show the relative change in cost and share of onshore wind in the capacity mix
between the different scenarios. The left-hand side of the figures shows what happens
when the allocation heuristic is implemented for the two deployment densities and
the right-hand side what happens when the deployment density is lowered with
the two allocation approaches. Both the total amount of capacity and the amount
of onshore wind capacity change between scenarios in Figure 4.11, and thus, the
following change metric is used:

R = 2 · SX − SY

TX + TY

, (4.1)

where S is the amount of installed wind power and T is the total installed capacity
for the two scenarios X and Y .

4.3.1 System Cost
Looking at the left-most bar in Figure 4.10 with the deployment density 1 W/m2,
the median system cost increase is 3.7 % and the average is 4.5 % when imple-
menting the allocation heuristic. Meanwhile, the change for the deployment density
0.35 W/m2 is slightly lower, with a median of 3.1 % and an average of 3.9 %. This
might be because many countries have already lowered their share of onshore wind
in the capacity mix because of resource scarcity, making the effect of the allocation
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heuristic slightly less pronounced. However, what is more interesting than the av-
erage is the spread of system cost changes. One outlier has a system cost increase
as high as 25 % and more than a fourth above 5 %.

The right-hand side of Figure 4.10 shows how the system cost changes when low-
ering the deployment density from 1.0 W/m2 to 0.35 W/m2 for the two allocation
approaches. For the optimization approach the median system cost increase is 2.9
% and the average is 4.3 %, while for the allocation heuristic the median is 1.7 %
and the average is 3.7 %. Moreover, the change in deployment density caused at
least one country to have a change in system cost as high as 35 %.

Figure 4.10: Comparing the change in system cost between the four scenarios. The
left-hand side shows the change when implementing the allocation heuristic and the
right-hand side the change when lowering the deployment density.

Looking at Table 4.4, we can see that the regions that are most affected by the
lowered deployment density are relatively small or have other constraints limiting
the wind potential, yet are still dependent on wind due to other energy resources
being expensive or low in quality. In contrast, regions like Ethiopia have plenty
of wind energy potential and are affected by the heuristic just because they are
prevented from using those resources. Instead of using high-quality wind, Ethiopia
has to invest in solar PV and batteries to meet demand at all times of the day and
year, which drives up costs. Why some countries see increases in system cost while
others do not will be further explored in the next section.
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Heur. vs. Opt.
1 W/m2

Heur. vs. Opt.
0.35 W/m2

0.35 vs. 1.0 W/m2

Optimization
0.35 vs. 1.0 W/m2

Heuristic

Ethiopia 21 %
Kenya 18%

Netherlands 25 %

Ethiopia 21 %
Kenya 19 %

Slovakia 16 %

Colombia 16 %
Netherlands 35 %

Slovenia 15 %

Austria 22 %
Netherlands 19 %

Slovakia 22 %
United Kingdom 21 %

Table 4.4: Regions with a system cost increase higher than 15 % in Figure 4.10.

4.3.2 Capacity Mix
Moving over to the change in onshore wind capacity in Figure 4.11, we overall see a
decrease in wind capacity when implementing the allocation heuristic or lowering the
deployment density. The median changes in order from left to right are -0.3 %, -1.7
%, -2.5 %, and -3.2 %, and the average changes are -1.5 %, -3.1 %, -3.6 % and -5.2
%. As indicated by the medians, more countries experienced a greater decrease in
wind capacity with the lower deployment density than with the allocation heuristic.
Together, this confirms the observation from Figure 4.9 that resource scarcity is very
influential on the capacity mix.

Figure 4.11: Comparing the change in wind capacity compared to the total ca-
pacity between the four scenarios. The left-hand side shows the change when imple-
menting the allocation heuristic and the right-hand side the change when lowering
the deployment density.

Still, there are regions that experience a significant drop in wind capacity for all
scenario comparisons, not only those with a lower deployment density, see Table 4.5.
Similarly to the results for system cost, the regions that are most affected by the
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heuristic have plenty of wind energy potential that they cannot fully utilize because
of the heuristic and instead have to invest in other energy technologies and storage,
see the Netherlands in Figure 4.13 as an example. Moreover, the third column
contains the same regions that experienced a rise in system cost. However, the
fourth column contains three times as many regions as the same column in Table 4.4.
This makes sense because many countries with good access to energy resources other
than wind would be able to lower their wind capacity without massively increasing
costs.

Heur. vs. Opt.
1 W/m2

Heur. vs. Opt.
0.35 W/m2

0.35 vs. 1.0 W/m2

Optimization
0.35 vs. 1.0 W/m2

Heuristic

Boliva -15%
Ethiopia -24 %

Bolivia -15 %
Ethiopia -24 %
Serbia -16 %

Colombia -19 %
Netherlands -17 %

Slovenia -15 %

Bulgaria, China,
Denmark, DR. Congo,

Ecuador, France,
Peru, Saudi Arabia,

Serbia, Turkey,
UK, Venezuela
-15 to -23 %

Table 4.5: Regions with a decrease in wind capacity bigger than 15 % in Figure
4.11.

Yet, in Figure 4.11 it should not be ignored that many regions increase the share of
onshore wind in the capacity mix when the wind potential and placement of turbines
are more restricted. This is counterintuitive and will be explored more in the next
section.
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4.3.3 Analysis

Looking at the results, there are a few questions that arise and will be explored
further:

• What factors influence the impact that the heuristic has on system cost?
• Why do some countries experience an increase in wind power installations with

more restrictive constraints?
• What happens if nuclear power is allowed?

The final question will be answered in the following section with a simple sensitivity
analysis and the other questions will be answered in turn here.

4.3.3.1 What Factors Influence System Cost?

Figure 4.12: The system cost and share of wind power for three selected countries
and the four scenarios.

To answer the first question more in-depth, we can look at three countries selected
from the bar plots in Figure 4.12. From the previous section, we see that the Nether-
lands experiences a great increase in system cost when changing to the allocation
heuristic. This is likely due to a couple of factors. The Netherlands has quite good
wind resources due to its proximity to the Atlantic Ocean. However, the country is
quite small and densely populated. As a result, the wind potential is rather limited.
We can see in Figure 4.13 that if we limit onshore wind installations further with
the allocation heuristic, the Netherlands will instead invest in offshore wind, solar
PVs on rooftops, and CSP to compensate, all of which are more expensive than
onshore wind. The cost increase in the scenario comparisons comes from the fact
that even though wind resources are limited, it is cost-effective for the Netherlands
to use them as much as possible, resulting in a high share of wind power in the
system and a vulnerability to constraints that limit wind power.
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Figure 4.13: The generation mix for the Netherlands with an optimization ap-
proach to the left and with the allocation heuristic to the right. The deployment
density is 1.0 W/m2 for both.

The trend that there is some correlation between the system cost increase when im-
plementing the heuristic and the share of wind power in the system is corroborated
by Figure 4.14. However, the linear fit has an R-squared value of 0.28 which is very
poor. For reference, the data point with the highest system cost increase belongs to
the Netherlands. Other parameters that have been tested are population density,
demand density, installed capacity density for onshore wind, and potential capacity
for onshore wind, all of them provided worse results than the share of wind, see Sec-
tion A.4 in the Appendix. Demand density was expected to correlate with increased
system cost, since the lack of land and high demand could contribute to a greater
need for utilizing whatever energy resources they have available, including wind.
The reason why this was not the case and why many countries with a large wind
share still have low-cost increases can be understood better by looking at Malaysia
in Figure 4.12.
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Figure 4.14: The correlation between increased system cost when implementing
the heuristic and the share of wind in the capacity mix for the optimization approach.
The linear fit has an R-squared value of 0.28.

Malaysia has practically no onshore wind power for any of the scenarios. Instead,
more than half of their electricity generation is covered by solar PVs. In the model,
solar PV is cheaper and lacks the allocation constraint that has been applied to on-
shore wind. Then naturally, countries in sunny regions with limited land access or
high demand will favor solar PV and are not affected by limitations to onshore wind.
India lies somewhere in between the Netherlands and Malaysia, still deploying some
onshore wind and mostly relying on solar PV. Consequently, it experiences some
effect on system cost and share of wind in the capacity mix due to the heuristic, but
not nearly to the same extent as the Netherlands which resides in the not-so-sunny
Northern Europe.

To take a deeper look into what parameters are correlated with an increase in system
cost, we can look at some weighted averages. The biggest increase in system costs
seems to be for countries with the highest installed capacity density for onshore wind.
This is especially true when the deployment density is lowered, creating resource
scarcity. Comparing the unweighted average system cost with an average system cost
weighted with wind capacity density, there is a 9.8 % increase for the unweighted cost
compared to a 3.7 % increase for the weighted cost using an optimization approach.
This once again tells us that regions that would have a lot of onshore wind power
in a cost-minimized system will be moving towards a significantly more expensive
grid if they continue to limit the placement of wind turbines in accordance with
historical trends.
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4.3.3.2 Why do Some Regions Expand their Wind Power?

An unexpected result in Figure 4.11 was that many regions increased their share of
wind power capacity when imposing the allocation heuristic or lowering the demand
density. Looking at Figure 4.15, which shows the change in electricity generation
rather than installed capacity, the phenomena persists but for fewer regions. This is
confirmed by Table 4.6, which shows that significantly fewer regions increase their
wind generation compared to increasing their wind capacity. A closer look at the
data reveals that the regions that increase their wind generation are a subset of the
regions that expand their wind capacity.

Figure 4.15: Comparing the change in the share of wind in the electricity mix
between the four scenarios.

Scen. Heur. vs. Opt.
1 W/m2

Heur. vs. Opt.
0.35 W/m2

0.35 vs. 1.0 W/m2

Optimization
0.35 vs. 1.0 W/m2

Heuristic
Cap. 49 35 21 18
Gen. 10 8 12 16

Table 4.6: The number of regions that experience an increase of onshore wind in
the capacity mix or generation mix when comparing the scenarios.

There are two major reasons why a region would expand its wind capacity when
limits are placed on its wind resources. In the case of the heuristic, it forces the
regions to install turbines in areas with worse wind quality due to lower average wind
speeds and lower capacity factors, see Figure 4.16. To compensate, the region has
to install more capacity to meet demand. The same thing happens to some regions
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when the wind potential is limited by a lower deployment density. To cover demand
the regions install turbines in worse resource classes. As a result of the increased
wind capacity, some of the regions also increase their share of wind in the generation
mix. Likely some curtailment happens in the model to avoid overproduction, but it
still occurs for some regions since the variable cost of wind power is zero and there
are no mechanisms controlling it in the model besides cost.

Figure 4.16: Comparing the potential and installed capacity for each resource class
between using optimization and heuristic for Chile.

Another reason why a region would expand its wind capacity is because of the cost-
competitiveness between wind power and solar PVs. One could expect that if wind
power is restricted, regions would invest in solar PV instead. This happens to some
extent, but as the results indicate, many regions still invest in more wind power.
This can be explained by looking at the cost and temporal variation of solar power.
In the model, solar PV has less than half the investment cost and fixed cost of on-
shore wind. Consequently, a region always tries to maximize the amount of solar
PV in the system given the active constraints. A vast majority of regions have a
considerable amount of remaining solar potential, meaning that resource scarcity is
not what is preventing them from replacing wind power with solar PVs. Instead,
the limiting factor might be the temporal variability. The sun only shines during
the day, and to distribute the power over time, energy storage is needed. To test
whether the temporal variation of solar power and the cost of batteries was the cause
of the increased wind capacity, the Supergrid was run again with the same settings
but with half the investment cost of batteries.

Halving the investment cost of batteries massively increases the amount of solar ca-
pacity in some regions, see Algeria in Figure 4.17, though some regions still increase
their share of wind in the generation mix, see Figure 4.18. Interestingly, the share
of wind power in the capacity mix changes less when implementing the heuristic
with the halved cost compared to the base case. This can be explained by there
being less wind in the system for almost all regions and all scenarios, resulting in
smaller differences in wind capacity between the scenarios. To summarize, regions
expand their wind capacity because it is required to compensate for using worse
wind resources and because solar resources are no longer cost-competitive in the
system.
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Figure 4.17: The generation mix for Algeria and the scenario “Heur. 1.0 W/m2”
with a halved investment cost for batteries to the left.

Figure 4.18: The change in the share of wind in the electricity mix with a halved
investment cost for batteries.
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4.3.4 Sensitivity Analysis
The sensitivity analysis was performed by comparing two cases with nuclear power to
the base case without nuclear power. The cases used two different nuclear investment
costs, 5000 and 3000 €/kW, and are labeled “Normal Nuclear” and “Cheap Nuclear”,
respectively. Note that the “Normal Nuclear” case is quite representative of costs
within the EU while the “Cheap Nuclear” case is incredibly cheap. In Figure 4.19,
we can see the average system cost for the two cases with nuclear compared to the
base case for the four original scenarios in 3.3. The lighter bars are the weighted
averages based on the share of wind in the generation mix for each region, taken
from the scenario “Opt. 1.0 W/m2” without nuclear power, i.e. the leftmost scenario
in the figure.
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Figure 4.19: The average system cost for the three nuclear scenarios and the four
original scenarios in 3.3. The lighter bars are the weighted averages based on the
share of wind in the generation mix for each region, taken from the scenario “Opt.
1.0 W/m2” without nuclear power, i.e. the leftmost scenario in the figure.

Without any nuclear, we can see that all scenarios are significantly more expensive
than the leftmost, most optimistic scenario. As nuclear power is introduced, the
average system cost decreases for all scenarios. The most interesting comparison is
between the most restrictive scenario “Heur. 0.35 W/m2” and the most optimistic
scenario “Opt. 1.0 W/m2” with no nuclear power. Looking at “Cheap Nuclear”, we
can see that the rightmost column is slightly lower than the most optimistic scenario
in our base case without any weighting, and slightly above if looking at the lighter
weighted average. This means that allowing cheap nuclear in the model more or less
offsets the impact of the heuristic and the lower deployment density. However, for
reasonably priced nuclear power, all scenarios still have a greater system cost than
the optimistic scenario with no nuclear, meaning that the ability of nuclear power
to counteract the effects of socio-political barriers for wind power is very dependent
on its investment cost. Still, that is only the average effect. Looking at Figure 4.20
with cheap nuclear and comparing it to Figure 4.10 with no nuclear, it is clear that
the median and average change in system cost is lower. Additionally, the regions
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with wind resource scarcity no longer see massive cost increases when lowering the
deployment density. However, some regions still experience system cost increases of
over 15 % with the heuristic applied despite access to cheap nuclear power.

Figure 4.20: Comparing the change in system cost between the four scenarios with
cheap nuclear power.

44



5
Discussion

The biggest implication of this thesis is that considering the historical deployment
of wind turbines in an energy systems model can have a major impact on the total
system cost. The effect on system cost of placing allocations in accordance with
historical installations has a median increase of 3.1-3.7 % for the included regions.
However, regions with a large share of wind power in their electricity system and
plenty of wind potential can experience an increase in system cost of over 10 %.
For context, this has a bigger impact on system cost than changing demand pro-
files (Kan et al. 2021) or deciding whether or not to build more nuclear power in
Sweden (Kan et al. 2020). Furthermore, using the historical deployment patterns
also had an impact on the cost-competitiveness of onshore wind power, leading to
the technology constituting a smaller share of the installed capacity and being sub-
stituted by other energy technologies. Once again, the median decrease is rather
small, 0.3-1.7 %, with some countries seeing reductions in onshore wind capacity as
high as 15 %. The reason for the median being so small is that some regions see an
increase in onshore wind capacity when implementing the heuristic due to having to
build turbines in areas with worse quality wind resources and solar power not being
cost-competitive enough to expand further.

Another result of this thesis is that the lower deployment density with more histori-
cal precedence has a higher median cost of 1.7-2.9 % compared to the more ambitious
deployment density, with the biggest increase being 23 %. Meanwhile, the effect on
the capacity mix was very similar to the effect of the heuristic. Regions with limited
wind resources that still depended on wind power due to a lack of other energy
options were the most vulnerable. Adding nuclear power to the grid could offset the
increases in cost from the location restrictions on wind power somewhat, but only
the abnormally cheap nuclear could completely counteract both the allocation and
the lower deployment density.

These results are important because Hedenus et al. (2022) have shown that many
regions place their wind turbines suboptimally with respect to wind speed due to dif-
ferent constraints, some of them socio-political. Then this thesis shows that while
the effect on cost and the capacity mix is rather small for many regions, for re-
gions that experience resource scarcity or where wind is a very lucrative resource,
the placement of turbines can matter a great deal. Consequently, the allocation of
turbines should be taken into account in energy systems modeling. Firstly, to get
more accurate depictions of the future energy system and secondly, to better in-
form policy-makers about the consequences of socio-political barriers and how their
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effects can be managed. If a region is dependent on wind, it can be especially im-
portant to facilitate the placement of wind in areas with good wind quality, and
if that is not possible, consider other energy technologies facing less barriers. It
is also worth noting that in this thesis, only onshore wind is subject to additional
socio-political constraints. If similar constraints were to be applied to solar PV,
the cost-competitiveness of wind would likely increase but the total system would
become even more expensive.

Other important results from this thesis regard parameter assumptions. I have
argued that population density is a better proxy for settlements than urban areas,
as it better reflects actual settlements in less urbanized areas. Moreover, I argue
that the population density can be set rather high due to the historical precedence.
I have highlighted some drawbacks of using the altitude to exclude land. Instead, I
have proposed that the distance to the grid might be a good parameter for modeling
geographical barriers, such as inaccessible areas due to the lack of roads or similar.
However, more thorough research surrounding the urban land type, the altitude
criteria, and the distance to the grid would be preferable before drawing any big
conclusions since the analysis performed here is quite rudimentary. Nevertheless,
these reflections together with the other results will hopefully contribute to future
wind resource assessments and provide more accurate assessments of the feasible
wind potential.

5.1 Potential Improvements
Though a lot of parameters have been included in this thesis, there are a few that
are not investigated. The impact of different turbine heights and turbine models is
lacking, and more importantly, the model only uses one CF-curve independent of
wind speed and turbine placement. Ideally, this thesis would have done something
similar to Eurek et al. (2017) where the CF-curve is adjusted based on altitude.
Another parameter that was not investigated was the slope criteria. Since the reso-
lution is quite poor, ∼1 km, it was difficult to interpret what an average slope over
that distance would mean. In the end, the slope criteria seemed to be similar to the
altitude criteria in that slopes pose technical and financial difficulties but do not
inherently make wind farms impossible to construct. The distance to the grid might
be a good substitute, but a more thorough analysis would be suitable to assess the
slope criteria.

Considering the constraints and parameter values chosen for this thesis, it is impor-
tant to be aware that appropriate values for modeling can change with time and
more knowledge. For instance, as we learn more about historical installations, it
could be that we reevaluate where it is fitting to place wind turbines in our models.
This thesis has argued that it is reasonable to assume no installations of turbines
on classified protected land. However, if more countries go down the same route
as Germany and exempt certain renewable energy projects from Environmental Im-
pact Assessments (Europe n.d.), the model assumptions surrounding protected areas
might need to be updated. The implementation of the heuristic is very new and there
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might very well be better ways of allocating installed capacity. Furthermore, there
is a conversation to be had around whether an optimization model is an appropriate
tool to use for allocation at all since it does not reflect real-life decision processes.
Assumptions in models can change and should change as the world changes.

5.2 Future Research
As mentioned above, there are many other ways of refining the method in this the-
sis. The historical trends regarding the placement of turbines on different altitudes,
slopes, and distances to the grid, would be relevant to research and then implement
into an energy systems model. More heterogeneous modeling of the turbine itself
and its placement could also be considered. For example including different types of
future turbine models in the modeling instead of using the specifications of a single
turbine (Pelser et al. 2024), placing the turbines explicitly instead of using a global
deployment density (Ryberg et al. 2019) or adjusting the CF-curve based on altitude
to account for the loss in power that comes with lower air densities (Eurek et al.
2017). Furthermore, it could be relevant to implement climate models in the results
since historical wind data does not have to be representative of how wind conditions
will look in the future (Martinez and Iglesias 2024). The absence of climate models
in wind source resource assessments has been highlighted as an obstacle to accurate
assessment (Pelser et al. 2024).

However, the main research gap that this thesis has tried to fill is the consideration
of socio-political barriers in wind resource assessments (McKenna et al. 2022; Pelser
et al. 2024). One path forward would be to continue with the research in Hedenus
et al. (2022) and look at historical installation patterns for other parameters, such
as the placement of turbines in relation to settlements, the electrical grid, and on
slopes, and expand the research to more regions. Another path would be to look at
the broader literature, for example in Science and Technology Studies (Kirkegaard
et al. 2023), to identify the underlying mechanisms that influence wind turbine
installations, such as public acceptance or policies, and then break them down even
further. Cost-minimizing energy systems models could play a role in this, or it could
be relevant to look at other tools for managing qualitatively different parameters,
such as multi-criteria decision analysis.
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This report has investigated how the implementation of historical installation pat-
terns in an energy systems model might affect the cost-competitiveness of onshore
wind power. The purpose of using historical data was to possibly reflect the social
and political factors in the modeling, as the data has in part been shaped by these
factors (McKenna et al. 2022). The historical installation patterns have been taken
from the articles Hedenus et al. (2022) and Jakobsson and Hedenus (n.d.), which
have looked at how onshore wind turbines are placed in relation to certain land types,
population densities, protected areas, and wind speeds, as well as investigated the
deployment density of wind power. These parameters were inputted into the poten-
tial generating model Github (GlobalEnergyGIS) (2023) and the linear optimization
model Github (Supergrid) (2021), which had been modified to allocate wind turbines
based on a heuristic instead of using a pure optimization approach. The heuristic
creates wind resource classes corresponding to an equal area and allocates a fraction
of the total capacity to each resource class. The effect of the historical patterns was
observed on the supply curves, system cost, and capacity mix.

Based on the articles and the effect on the supply curves, the choice was made to
allow installations on all types of land but exclude all protected land besides areas
without a reported/assigned protected area classification. Furthermore, excluding
population densities above 1000 people/km2 was suggested as a historically grounded
assumption for avoiding settlements. With these assumptions, the system cost had
a median increase of 4 % and a maximum increase of 25 % when implementing the
allocation heuristic. Similarly, the median system cost increase was up to 3 % when
changing the potential deployment density from 1.0 W/m2 to 0.35 W/m2. For re-
gions with scarce wind resources and a lack of other accessible energy technologies,
the cost increase reached 35 %. There was also a significant effect on the amount
of onshore wind in the capacity mix. Some regions increased their wind capacity
when implementing constraints on wind power due to having to install turbines in
areas with worse wind resources, but other regions experienced a decrease in wind
capacity of around 20 %. The availability of nuclear power could partially counter-
act these effects, but not for all regions.

The results are important because they show that the location choice for onshore
wind power can be a very important factor for system cost and the capacity mix
when modeling the future renewable energy system. And as social and political
resistance increases as wind power expands, these factors might become even more
relevant to consider for modelers and policy-makers in the future.
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A
Extra Tables and Figures

A.1 Regions Included in the Results

Table A.1: Regions included in the runs with Supergrid.

GADM Code Region Land Area [km2]
AFG Afghanistan 652230
ALB Albania 27400
DZA Algeria 2381741
AGO Angola 1246700
ARG Argentina 2736690
ARM Armenia 28470
AUS Australia 7682300
AUT Austria 82520
AZE Azerbaijan 82650
BHS Bahamas 10010
BGD Bangladesh 130170
BLR Belarus 202900
BEL Belgium 30280
BLZ Belize 22810
BEN Benin 112760
BTN Bhutan 38140
BOL Bolivia 1083300
BIH Bosnia and Herzegovina 51200
BWA Botswana 566730
BRA Brazil 8460415
BRN Brunei 5270
BGR Bulgaria 108489
BFA Burkina Faso 273800
BDI Burundi 25680
CIV Côte d’Ivoire 318000

KHM Cambodia 176520
CMR Cameroon 472710
CAN Canada 9093507
CPV Cape Verde 4033

continues . . .
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. . . continues
GADM Code Region Land Area [km2]

CAF Central African Republic 622984
TCD Chad 1259200
CHL Chile 743812
CHN China 9326410
COL Colombia 1038700
COM Comoros 1861
CRI Costa Rica 51060
HRV Croatia 55974
CUB Cuba 103800
CYP Cyprus 9241
CZE Czech Republic 77187
COD Democratic Republic of the Congo 2267048
DNK Denmark 42434
DJI Djibouti 23180

DOM Dominican Republic 48320
ECU Ecuador 276841
EGY Egypt 995450
SLV El Salvador 20720
GNQ Equatorial Guinea 28051
ERI Eritrea 101000
EST Estonia 42388
ETH Ethiopia 1096570
FIN Finland 303815
FRA France 543940
GUF French Guiana 83534
PYF French Polynesia 3827
GAB Gabon 257670
GMB Gambia 10120
GEO Georgia 69490
DEU Germany 349390
GHA Ghana 227533
GRC Greece 128900
GTM Guatemala 107160
GIN Guinea 245717
GNB Guinea-Bissau 28120
GUY Guyana 196850
HTI Haiti 27560
HND Honduras 111890
HUN Hungary 91260
ISL Iceland 100830
IND India 2973190
IDN Indonesia 1811569

continues . . .
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. . . continues
GADM Code Region Land Area [km2]

IRN Iran 1531595
IRQ Iraq 437367
IRL Ireland 68883
ISR Israel 21497
ITA Italy 295717
JAM Jamaica 10830
JPN Japan 364485
JOR Jordan 88794
KAZ Kazakhstan 2699700
KEN Kenya 569140
KWT Kuwait 17818
KGZ Kyrgyzstan 191800
LAO Laos 230800
LVA Latvia 62230
LBN Lebanon 10230
LSO Lesotho 30355
LBR Liberia 96320
LBY Libya 1759540
LTU Lithuania 62610
LUX Luxembourg 2574
MKD Macedonia 25220
MDG Madagascar 581540
MWI Malawi 94080
MYS Malaysia 328657
MLI Mali 1220190
MRT Mauritania 1030700
MUS Mauritius 2030
MEX Mexico 1943950
MDA Moldova 32970
MNG Mongolia 1557507
MNE Montenegro 13452
MAR Morocco 446300
MOZ Mozambique 786380
MMR Myanmar 653508
NAM Namibia 823290
NPL Nepal 143350
NLD Netherlands 33893
NCL New Caledonia 18275
NZL New Zealand 264537
NIC Nicaragua 120340
NER Niger 1266700
NGA Nigeria 910770

continues . . .
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. . . continues
GADM Code Region Land Area [km2]

PRK North Korea 120410
NOR Norway 366704
OMN Oman 309500
PAK Pakistan 857143
PSE Palestina 6025
PAN Panama 74180
PNG Papua New Guinea 452860
PRY Paraguay 397300
PER Peru 1279996
PHL Philippines 298170
POL Poland 304255
PRT Portugal 91606
PRI Puerto Rico 8868
QAT Qatar 11586
COG Republic of Congo 341500
ROU Romania 230080
RUS Russia 16376870
RWA Rwanda 24670
WSM Samoa 2780
SAU Saudi Arabia 2149690
SEN Senegal 192530
SRB Serbia 88499
SLE Sierra Leone 72180
SVK Slovakia 48080
SVN Slovenia 20151
SLB Solomon Islands 27990
SOM Somalia 627340
ZAF South Africa 1214470
KOR South Korea 97600
SSD South Sudan 644329
ESP Spain 498980
LKA Sri Lanka 61860
SDN Sudan 1731671
SUR Suriname 156000
SWZ Swaziland 17200
SWE Sweden 407284
CHE Switzerland 39510
SYR Syria 183630
TWN Taiwan 32260
TJK Tajikistan 141510
TZA Tanzania 885800
THA Thailand 510890

continues . . .
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. . . continues
GADM Code Region Land Area [km2]

TLS Timor-Leste 14874
TGO Togo 54390
TTO Trinidad and Tobago 5127
TUN Tunisia 155360
TUR Turkey 769632
TKM Turkmenistan 469930
UGA Uganda 200520
UKR Ukraine 579330
ARE United Arab Emirates 82880
GBR United Kingdom 242741
USA United States 9147593
URY Uruguay 175015
UZB Uzbekistan 425400
VUT Vanuatu 12189
VEN Venezuela 882050
VNM Vietnam 313429
ESH Western Sahara 266000
YEM Yemen 527968
ZMB Zambia 743390
ZWE Zimbabwe 386850
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A.2 Supply Curves

A.2.1 Population Densities

Figure A.1: The supply curve for Australia with four different population densities.

Figure A.2: The supply curve for Brazil with four different population densities.
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Figure A.3: The supply curve for China with four different population densities.

Figure A.4: The supply curve for Germany with four different population densities.

Figure A.5: The supply curve for India with four different population densities.
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Figure A.6: The supply curve for the Netherlands with four different population
densities.

Figure A.7: The supply curve for Nigeria with four different population densities.

Figure A.8: The supply curve for Uganda with four different population densities.
The demand for Uganda was very low due to issues with data availability in the
model, resulting in the supply curve not being visible.
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Figure A.9: The supply curve for Venezuela with four different population densi-
ties.

A.2.2 Land types

Figure A.10: The supply curve for Australia with the aggregated land type cate-
gories seen in table 3.1.
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Figure A.11: The supply curve for Brazil with the aggregated land type categories
seen in table 3.1.

Figure A.12: The supply curve for Canada with the aggregated land type cate-
gories seen in table 3.1.

Figure A.13: The supply curve for Germany with the aggregated land type cate-
gories seen in table 3.1.
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Figure A.14: The supply curve for India with the aggregated land type categories
seen in table 3.1.

Figure A.15: The supply curve for Kenya with the aggregated land type categories
seen in table 3.1.

Figure A.16: The supply curve for Netherlands with the aggregated land type
categories seen in table 3.1.
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Figure A.17: The supply curve for Saudi Arabia with the aggregated land type
categories seen in table 3.1.

A.2.3 Protected Areas

Figure A.18: The supply curve for Brazil with the IUCN protected area categories.
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Figure A.19: The supply curve for Bulgaria with the IUCN protected area cate-
gories.

Figure A.20: The supply curve for Cambodia with the IUCN protected area
categories.

Figure A.21: The supply curve for Germany with the IUCN protected area cate-
gories.
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Figure A.22: The supply curve for India with the IUCN protected area categories.

Figure A.23: The supply curve for United States with the IUCN protected area
categories.

Figure A.24: The supply curve for Venezuela with the IUCN protected area cat-
egories.
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Figure A.25: The supply curve for Zambia with the IUCN protected area cate-
gories.
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A.3 Regions Excluded from Supergrid
Here is a table of the regions excluded from the Supergrid results and their system
cost for the base case with no nuclear power. The table shows the span of system
costs for all the scenarios. If any of the scenarios has a system cost higher than 80
€/MWh, the region was excluded from the results. Most regions were excluded due
to an infinite system cost, which was the result of a demand equal to zero. Here, the
problem either lies with the function generating the demand in GlobalEnergyGIS
or with the data is had access to. The regions without a system cost, i.e. labeled
NaN, are instances where the solution was infeasible or unbounded in the optimiza-
tion model. Typically, this happened to small regions with insufficient renewable
resources. Allowing nuclear creates feasible solutions for almost all these regions
except for Russia, the Republic of Congo and Uzbekistan, indicating that there is
some sort of issue with these three regions. The rest were excluded for simply hav-
ing a too high system cost. It could be argued that the Czech Republic should be
included in the results but besides that, the other regions are labeled as outliers and
would have made the results more difficult to interpret.

Region System Cost [€/MWh]
Afghanistan Inf

Bahamas Inf
Belgium 54-609
Belize Inf

Bhutan Inf
Brunei 319

Burkina Faso Inf
Burundi Inf

Cape Verde Inf
Central African Republic Inf

Chad Inf
Comoros Inf

Czech Republic 54-80.1
Djibouti Inf

Equatorial Guinea Inf
French Guinea Inf

French Polynesia Inf
Gambia Inf
Guinea Inf

Guinea-Bissau Inf
Guyana Inf
Israel NaN
Japan NaN
Kuwait NaN

Laos Inf
Lebanon 246-516
Lesotho Inf
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Liberia Inf
Luxembourg NaN
Madagascar Inf

Malawi Inf
Mali Inf

Mauritania Inf
New Calcedonia Inf

New Zealand 122-130
Palestina Inf

Papua New Guinea Inf
Puerto Rico Inf

Qatar NaN
Republic of Congo NaN

Russia NaN
Rwanda Inf
Samoa Inf

Sierra Leone Inf
Salomon Islands Inf

Somalia Inf
South Korea NaN
Swaziland Inf

Taiwan NaN
Timor-Leste Inf

Uganda Inf
United States 797-922
Uzbekistan NaN

Vanuatu Inf
Western Sahara Inf

Table A.2: The regions that were not included in the final results of Supergrid and
their system cost.
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A.4 Correlations with System Cost

Figure A.26: The correlation between increased system cost when implementing
the heuristic and the demand density

Figure A.27: The correlation between increased system cost when implementing
the heuristic and the density of the installed wind capacity for the optimization
approach. A darker color indicates a higher share of onshore wind power in the
capacity mix.
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Figure A.28: The correlation between increased system cost when implementing
the heuristic and the density of the potential wind capacity. A darker color indicates
a higher share of onshore wind power in the capacity mix.
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