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Executive Summary 

This report presents a novel database of region- and technology-specific cost of capital (CoC) 
estimates, developed as part of the PRISMA project. Designed to improve the representation 
of financial parameters in energy system and integrated assessment models (IAMs), the 
database addresses a significant gap in the availability of consistent, differentiated CoC 
estimates for key energy technologies. By incorporating country-specific, sector-specific, and 
technology-specific data on CoC, the database provides essential inputs for analyses aimed 
at accelerating the low-carbon energy transition in alignment with the Paris Agreement. 
 
The CoC is a critical determinant of investment decisions, particularly for low-carbon 
technologies like renewables, where upfront costs dominate. Financing costs can constitute 
a significant proportion of the levelized cost of energy (LCOE), influencing the competitiveness 
of renewables relative to fossil fuels. However, current modeling approaches often rely on 
uniform CoC assumptions across technologies and countries, leading to oversimplified and 
potentially biased projections. The database addresses these limitations by offering granular 
CoC values that capture technology, sectoral and regional variations in financing conditions 
driven by factors such as policy environments, market maturity, and investment risk profiles. 
 
Two primary financing structures have been considered for the database: project finance for 
renewable energy technologies, and corporate finance for other climate-relevant sectors. 
Project finance focuses on risks and returns at the project level, enabling the isolation of 
investment-specific factors, while corporate finance reflects aggregated risks at the company 
level, suitable for technologies like industrial decarbonization and transport.  
 
This work not only fills a critical data gap but also underscores the importance of accurate 
CoC assumptions in informing effective climate and energy policy decisions and investment 
strategies. Differentiated CoC estimates enable more realistic projections of renewable energy 
adoption, highlight opportunities for targeted de-risking measures, and address equity 
considerations in the global energy transition. Policymakers and researchers can use this 
resource to design interventions that reflect real-world financing dynamics, ultimately 
fostering a more equitable and efficient path to decarbonization. 
 
The report details the methodology for assembling the database, provides guidance on 
accessing the datasets, and discusses its limitations and potential applications. By offering a 
robust foundation for future research and policy design, this deliverable contributes to 
advancing the global low-carbon transition through more transparent real-world estimates for 
the CoC of energy-related technologies leading to improved modeling and analysis. 
 
 
  



 
__________________________ 

___________________________________________________________________ 
 

“Funded by the European Union. Views and opinions expressed are however those of the author(s) only and do not necessarily reflect those of 
the European Union or the European Climate, Infrastructure and Environment Executive Agency (CINEA). Neither the European Union nor the 
granting authority can be held responsible for them.” This project has received funding from the European Union's Horizon Europe programme 
under grant agreement No 101081604, and from the Swiss State Secretariat for Education, Research and Innovation (SERI) contract No. 22.00541. 

4 

1. Introduction 

The cost of capital (CoC) plays a pivotal role in determining the feasibility and competitiveness 
of energy and other climate-relevant investments, particularly for capital-intensive renewable 
energy technologies like solar photovoltaics (PV) and wind. Unlike fossil fuel-based 
technologies, where ongoing fuel costs dominate lifetime expenditures, renewables depend 
heavily on upfront investments, making them highly sensitive to financing conditions. A small 
increase in the CoC can disproportionately raise the levelized cost of energy (LCOE), 
undermining the competitiveness of renewables relative to fossil fuels. For example, financing 
costs can constitute up to 60% of the LCOE for renewables in some contexts (Egli et al., 2023; 
Schmidt, 2014; Steffen and Waidelich, 2022). 
 
Energy system models and integrated assessment models (IAMs) are key tools for evaluating 
decarbonization pathways, providing policymakers with insights into optimal technology 
choices, deployment rates, and policy impacts. However, these models often rely on 
oversimplified or outdated assumptions about the CoC, assuming uniform rates across 
technologies or regions. This practice can lead to significant inaccuracies in model outputs, 
misrepresenting the relative attractiveness of technology investments and potentially locking 
in unsustainable energy and transport systems (Lonergan et al., 2023; Polzin et al., 2021). For 
example, uniform CoC assumptions may underestimate the financial barriers faced by 
renewable energy projects in high-risk regions, thereby skewing policy recommendations away 
from equitable or efficient solutions (Calcaterra et al., 2024). 
 
Incorporating differentiated and realistic CoC values into these models is critical for capturing 
the true cost dynamics of decarbonization investments. Empirical evidence demonstrates 
substantial variation in CoC between countries, technologies, and over time, driven by factors 
such as policy environments, sovereign creditworthiness, market maturity, and perceived 
investment risks (Damodaran, 2024a; Steffen, 2020; Steffen and Waidelich, 2022). 
 
Neglecting these differences can lead to biased modeling projections (Egli et al., 2019), 
particularly in IAMs, which aim to simulate the global energy and economic systems and their 
transition towards climate neutrality. Furthermore, accurate CoC assumptions can reveal how 
targeted de-risking policies—such as guarantees or concessional financing—might accelerate 
renewable energy adoption and reduce emissions in developing countries, while contributing 
to global equity and energy justice (Calcaterra et al., 2024). Unlike for the electricity generation 
sector, the literature on the CoC of other climate-relevant sectors and technologies, such as 
transportation, or carbon-intensive industries, is sparse.  
 
The open Database of region- and technology-specific cost of capital, developed in the 
PRISMA project, directly addresses these challenges by providing updated, region- and 
technology-specific CoC values for renewable energy technologies and other climate-relevant 
sectors. These data enhance the fidelity and credibility of energy system and IAM analyses, 
enabling more nuanced assessments of the trade-offs and synergies involved in the low-
carbon energy transition. By reducing reliance on generic assumptions, the database 
empowers researchers and policymakers to design interventions that are both effective and 
equitable, accelerating the shift from fossil fuels to renewables in line with the goals of the 
Paris Agreement (Calcaterra et al., 2024; Egli et al., 2023; Steffen and Waidelich, 2022). 
 
The remainder of this report structures as follows: Section two describes the methods for 
assembling the database and the structure of the data. Section three contains the link to the 



 
__________________________ 

___________________________________________________________________ 
 

“Funded by the European Union. Views and opinions expressed are however those of the author(s) only and do not necessarily reflect those of 
the European Union or the European Climate, Infrastructure and Environment Executive Agency (CINEA). Neither the European Union nor the 
granting authority can be held responsible for them.” This project has received funding from the European Union's Horizon Europe programme 
under grant agreement No 101081604, and from the Swiss State Secretariat for Education, Research and Innovation (SERI) contract No. 22.00541. 

5 

data repository; section four discusses potential use cases, as well as limitations to the data. 
A peer-reviewed publication from the respective PRISMA task is provided in the appendix. 
 

2. Methods 

The CoC represents the expected rate of return required by investors to fund a particular 
project or investment (Steffen, 2020). It reflects the risks associated with an investment and 
the opportunity cost of allocating capital to a specific venture rather than alternative uses. The 
CoC is a critical parameter in evaluating the financial feasibility of projects, especially in 
capital-intensive sectors like renewable energy. In economic terms, CoC can influence key 
metrics such as net present value (NPV) and the LCOE, shaping investment decisions and the 
competitiveness of various energy technologies (Lonergan et al., 2023). 
 
The CoC can be decomposed into two broad categories. The first is the risk-free rate, which 
represents the return on an investment with minimal risk. The second is a risk premium, which 
includes premiums for technology-specific, market, or policy risks. The weighted average cost 
of capital (WACC) is a common metric that combines the costs of equity and debt financing, 
weighted by their respective proportions in the overall capital structure (Egli et al., 2018) 
 
Two primary methods can be employed to estimate the CoC, depending on the financing 
structure of the projects: project-level data for project finance and financial market data for 
corporate finance. The methods need to be chosen based on the typical financing approaches 
used for different types of energy technologies and investors. 
 
In project finance, individual projects are funded through non-recourse or limited-recourse 
financial structures, with the repayment of capital relying solely on the cash flows generated 
by the project itself. For renewable energy technologies, project finance is often the preferred 
approach due to its ability to isolate risk and attract investment through mechanisms like 
auctioned power purchase agreements or feed-in tariffs (Steffen, 2018). Estimating the CoC 
in this context relies on deal-specific data, such as interest rates, equity returns, and 
contractual terms provided by lenders and investors. However, access to detailed project-level 
data is often limited, as financing terms are not always publicly disclosed (Steffen, 2018). 
 
In corporate finance, by contrast, investments are financed through a company’s balance 
sheet, often by raising capital from equity and debt markets. This approach is more common 
for conventional fossil fuel power plants, which tend to operate in mature markets with lower 
perceived risks, and for many other climate-relevant industries (Calcaterra et al., 2024; Polzin 
et al., 2021). Estimating the CoC in this framework leverages financial market data, such as 
dividend yields, interest expenses, and balance sheet metrics, to calculate the WACC. For this 
database, we follow Polzin et al. (2021) in assuming project finance as the leading structure 
for renewable energy technologies (especially solar PV, wind onshore and offshore), and 
assuming corporate finance as the leading structure for other climate relevant sectors. The 
methods for estimating CoC in each case are described below. 
 
 
 
 
 



 
__________________________ 

___________________________________________________________________ 
 

“Funded by the European Union. Views and opinions expressed are however those of the author(s) only and do not necessarily reflect those of 
the European Union or the European Climate, Infrastructure and Environment Executive Agency (CINEA). Neither the European Union nor the 
granting authority can be held responsible for them.” This project has received funding from the European Union's Horizon Europe programme 
under grant agreement No 101081604, and from the Swiss State Secretariat for Education, Research and Innovation (SERI) contract No. 22.00541. 

6 

2.2 Estimating cost of capital for renewable energy technologies 
We provide data on the nominal, after-tax WACC by country 𝑖𝑖 and technology 𝑎𝑎 using the 
following equation: 
 

𝑊𝑊𝑊𝑊𝑊𝑊𝐶𝐶𝑖𝑖,𝑎𝑎 = �1 – DSi,a�× CoEi,a + DSi,a × CoDi,a × (1– τi) 
 
Here, DS is the debt share, CoE is the cost of equity (e.g., expected rate of return to 
shareholders), CoD is the cost of debt (e.g., interest rate on loans), and τ is the corporate tax 
rates. For further background on the WACC formula and its components, the reader is referred 
to Steffen (2020) and Lonergan et al (2023). 
 
 
Meta-analysis 
 
For renewable energy technologies, there is a large and growing body of literature providing 
CoC estimates in project finance structures, as described in detail in a previous meta-analysis 
on the matter (Steffen, 2020). In this meta-analysis, Steffen describes four major methods for 
estimating the CoC in the literature: the elicitation of project finance data, surveys of expert 
estimates, the replication of auction results, and the analysis of financial market data. Here, 
we build on Steffen (2020) and extend the meta-analysis by including values for more recent 
years, 2018–2022, i.e. the years following the publication of the earlier study. This work has 
been supported by Mak Dukan, Florian Egli, Anurag Gumber, Bjarne Steffen, and Paul 
Waidelich. The methodology for review and meta-analysis followed the precise steps as 
described in Steffen (2020), i.e. systematically compiling the literature base, categorizing the 
studies, extracting empirical data on the CoC, converting them into comparable quantities 
using additional assumptions where necessary, and compiling the final database.  
 
Further, in the PRISMA project we also contributed to the primary literature base with a large 
study that estimated the CoC for solar PV in nine countries by replicating auction results, based 
on auction prices and project-level cost data for 3.983 individual projects. The methodology 
for that study is described in detail in Egli et al. (2023), reproduced in the appendix. The 
estimates from this study have been included in the meta-analysis. 
 

2.3 Estimating cost of capital for other climate-relevant (sub-)sectors 
We estimate the nominal, after-tax WACC by country 𝑖𝑖 and technology 𝑎𝑎 using the following 
equation: 
 

𝑊𝑊𝑊𝑊𝑊𝑊𝐶𝐶𝑖𝑖,𝑎𝑎 = �1 – DSi,a� ×  �RF + CRP𝑟𝑟E + βi,alev × ERP + TPi,a�+ DSi,a × [RF + CRPrD
+ max {DPa, TPi,a}] × (1– τi) 

 
Here, 𝐷𝐷𝐷𝐷 indicates the debt share in the overall project cost and 1 –  𝐷𝐷𝐷𝐷 is the equity share. For 
the risk-free rate 𝑅𝑅𝑅𝑅 underlying both the cost of equity and the cost of debt, we use the 2014–
2023 arithmetic average return of 10-year US Treasury bonds, which equals 1.81% (see 
Damodaran, 2024a, appendix 1). For the remaining components (see below), we leverage 
extant research and the widely used NYU Damodaran database on financing conditions, which 
has informed several key papers on the financing conditions of climate-relevant technologies 
(Agutu et al., 2022; Ameli et al., 2021; Calcaterra et al., 2024). 
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Country risk premiums 
 
We obtain country risk premiums for debt 𝐶𝐶𝐶𝐶𝑃𝑃𝐷𝐷 from the NYU Damodaran database 
(Damodaran, 2024b), which are based on each country’s local-currency sovereign rating from 
Moody’s. For non-rated frontier countries, the database imputes 𝐶𝐶𝐶𝐶𝐷𝐷𝐷𝐷 based on a country’s 
composite risk score by Political Risk Services (see Damodaran, 2024a for details). We 
average country risk premium estimates as of January 1st for the years 2020-2024 to avoid 
having one-off events reflected in the most recent ratings dominate our estimates, as country 
ratings can shift very suddenly (e.g., for Russia after the invasion of Ukraine). In addition, 
averaging country risk premiums across years accounts for the fact that the risk premium 
associated with a given rating fluctuates throughout the years. The resulting estimates for 
𝐶𝐶𝐶𝐶𝑃𝑃𝐷𝐷 are displayed in Figure 1. These are the primary sources of between-country variation in 
our WACC estimates for the same climate-relevant (sub-)sector. 
 

 
Fig 1 – Country risk premiums 
 
 
To reflect the higher inherent risk of equity compared to debt, the database calculates a 
country’s equity country risk premium 𝐶𝐶𝐶𝐶𝑃𝑃𝐸𝐸 by multiplying 𝐶𝐶𝐶𝐶𝑃𝑃𝐷𝐷 by the ratio of equity volatility 
to bond volatility in emerging markets (Damodaran, 2024a). More specifically, the volatility 
multiplier is calculated as the ratio of the standard deviation of the S&P Emerging BMI Index’s 
return to the corresponding standard deviation of the iShares JP Morgan USD Emerging 
Markets Bond ETF over the past five years. This procedure results in an equity volatility 
multiplier of approximately 1.30, which is uniform across sectors and countries. 
 
Equity risk premiums and betas 
 
For equity risk beyond country risk, we follow the Capital Asset Pricing Model, multiplying a 
uniform equity risk premium 𝐸𝐸𝐸𝐸𝐸𝐸 by industry-specific betas 𝛽𝛽 (Lintner, 1965; Sharpe, 1964). 
Here, 𝛽𝛽 represents how high an industry’s non-diversifiable risk is relative to the overall market 
and takes values above (below) one for industries with more (less) risk than the overall market. 
For 𝐸𝐸𝐸𝐸𝐸𝐸, we use an estimate of 5%, consistent with long-term global estimates by  Dimson et 
al. (2024) and with survey-based and implied estimates listed by Damodaran (2024a). 
Importantly, such a uniform 𝐸𝐸𝐸𝐸𝐸𝐸 does not reflect market-specific risks perfectly. However, 
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confidence intervals around market-specific equity risk premiums are typically very wide, 
limiting their applicability, particularly for less mature financial markets. 
 
We take unlevered, industry-specific global averages for 𝛽𝛽 from the NYU Damodaran database 
(Damodaran, 2024c), which are estimated based on publicly listed companies and range from 
0.45 for the power sector to 1.10 for electrolyser-based hydrogen production. These global 
betas are then re-levered at the country level to ensure consistency with country-specific 
corporate tax rates and the industry-specific debt shares deployed: 
 

𝛽𝛽𝑖𝑖,𝑎𝑎𝑙𝑙𝑙𝑙𝑙𝑙 = 𝛽𝛽𝑎𝑎𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢 × [1 + (1 − 𝜏𝜏𝑖𝑖)
𝐷𝐷𝑆𝑆𝑎𝑎

1 − 𝐷𝐷𝑆𝑆𝑎𝑎
] 

 
Unlike the unlevered beta, re-levered betas reflect that for a given industry-specific risk, a 
higher debt share increases default risks and, hence, the risks to the equity investors. We use 
global averages for 𝛽𝛽 for three reasons. First, the NYU Damodaran database lists country-
specific values only for a handful of key markets (i.e., the US, Japan, India, and China) and 
provides only aggregate values for other markets grouped into i) emerging markets, ii) Europe 
and iii) Australia, New Zealand & Canada (as an aggregate). Second, sample sizes for country- 
or region-specific betas can be very small. For instance, unlevered beta estimates in the NYU 
Damodaran database for railroad transportation are based on less than ten companies for 
more than half of the seven countries/regions provided. Third, betas estimated based on 
companies listed in a given country may be misleading if said country’s industry is, in fact, 
dominated by firms listed in different jurisdictions (Damodaran, 2024a). 
 
To determine which industry in the NYU Damodaran database corresponds best to different 
climate-relevant (sub-)sectors, we identify the largest firms worldwide in the relevant (sub-) 
sector (e.g., the largest cement producers or companies producing hydrogen via electrolysis) 
via desk research using the four-eyes principle (i.e., all classifications are reviewed by at least 
two researchers) and then determine under which industry the identified companies are 
primarily listed in the NYU Damodaran database. A summary of these mappings is provided in 
Table 1. Figure 2 displays the re-levered betas for all climate-relevant (sub-)sectors for the US 
as an example country. 
 

Table 1 – Mapping between (sub-)sectors/technologies and industries in the NYU Damodaran database 
 

Climate-relevant (sub-)sector Industry group in the NYU Damodaran database 
Power, all technologies (corp. finance)  Power 
Power, Central solar PV power1 Power 
Power, Concentrated solar power Power 
Power, Offshore wind Power 
Power, Onshore wind Power 
Heat generation  Power 
Hydrogen, generation  Chemical (Specialty) 
Hydrogen, electrolyzer manufacturing Electrical Equipment 
Air freight transport  Air Transport 
Truck transport  Trucking 
Electricity grids Power 

 
1 This category refers to utility-scale, ground-mounted solar PV, not to residential PV. 
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Oil & gas pipelines  Oil/Gas Distribution 
Freight ship transport  Shipbuilding & Marine 
Train transport  Transportation (Railroads) 
Air passenger transport  Air Transport 
Passenger transport  Transportation 
Airplane manufacturing Aerospace/Defense 
Car manufacturing Auto & Truck 
Ship manufacturing Auto & Truck 
Train manufacturing Engineering/Construction 
Truck manufacturing Engineering/Construction 
Heat pump manufacturing Building Materials 
Cement  Construction Supplies 
Food processing  Food Processing 
Iron and steel  Steel 
Pulp and paper Paper/Forest Products 
Bioenergy, liquids  Oilfield Svcs/Equip. 
Bioenergy, solids  Coal & Related Energy 

 
 

 
Fig 2 – Levered betas for the US 
 
 
Debt premiums and shares 
 
For debt premiums beyond country risk, we use industry-specific global-average estimates for 
𝐷𝐷𝐷𝐷 from the NYU Damodaran database, calibrated according to the volatility of stocks in each 
industry (Damodaran, 2024d) and the mapping to climate-relevant (sub-)sectors discussed 
previously. The 𝐷𝐷𝐷𝐷 values range from about 0.62% (for railroad transportation) to 1.47% (for 
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solid bioenergy) but take a value of 1.21% for the remaining industries. Industry-specific global-
average debt shares are also taken from the NYU Damodaran database and calculated as the 
ratio of firms’ total debt used (incl. lease debt) to the sum of total debt and market 
capitalization. 
 
Technology maturity premiums and technology-specific debt shares 
 
The beta estimates discussed previously reflect a (sub-)sector’s market risk compared to the 
overall market risk, which drives financing conditions for corporate finance. However, if 
investments are instead carried out using project finance, as is the predominant practice for 
renewable energy technologies, financing conditions may fluctuate considerably between 
technologies and their market maturity in each country (Egli, 2020; Steffen et al., 2020). 
 
Therefore, we take country- and technology-specific technology maturity premiums 𝑇𝑇𝑇𝑇 for 
solar photovoltaics, onshore and offshore wind from Calcaterra et al. (2024), who estimate 
market maturity based on each technology’s share in national installed capacity following 
IRENA (2023). These premiums range from 1.50% for fully matured markets to 3.25% for 
immature ones. Since Calcaterra et al. (2024) only cover wind and solar photovoltaics, we 
further apply the latter value to concentrated solar power, given its limited maturity and 
installed capacity shares. As suggested by Calcaterra et al. (2024), we take the higher value of 
the debt premium 𝐷𝐷𝐷𝐷 and the technology maturity premium 𝑇𝑇𝑇𝑇 for the cost of debt. As an 
illustrative example, Figure 3 displays the technology maturity premiums for onshore wind 
from Calcaterra et al. (2024). 
 

 
Fig 3 – Market maturity premiums from Calcaterra et al. (2024) 

 
 

 
Project financing typically allows renewable energy technologies to obtain higher debt shares 
(Steffen, 2018). To reflect this fact, we also take country- and technology-specific debt share 
estimates from Calcaterra et al. (2024), which range between 60% for immature markets and 
80% for fully matured markets, and apply them to the renewable energy technologies listed 
above. By contrast, the industry-specific global average debt share of the power sector, which 
we use for corporate finance investments, is approximately 50%. For the renewable energy 
technologies (solar PV, concentrated solar power, onshore and offshore wind) that are 
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potentially project financed, we also re-lever the unlevered power sector beta using the 
Calcaterra et al. (2024) debt shares to ensure the internal consistency of our estimates. 
 
Corporate tax rates 
 
Country-specific corporate tax rates from KPMG are taken from the NYU Damodaran database 
(Damodaran, 2024b) to capture the tax shield effect that reduces the effective cost of debt 
and decreases the impact of higher debt shares on the levered beta. 
 
Imputing missing country-level values 
 
Notably, some countries included in the NYU Damodaran database for country risk premiums 
are not covered by the Calcaterra et al. (2024) technology maturity premiums or the corporate 
tax rate data. Therefore, we impute missing values by taking the GDP-weighted average of 
available country values within the same model region of the integrated assessment model 
IMAGE (Vuuren et al., 2021). We use IMAGE because it has a high regional resolution, 
modelling 26 regions (PBL, 2018). Tables detailing which countries are affected by these 
imputations and their corresponding peer groups are provided in Tables 2 and 3.  
 

Table 2 – Imputation used for country-level corporate tax rates 
 

Imputed countries IMAGE region Peers used for imputation 
Somalia East Africa Ethiopia, Kenya, Madagascar, Mauritius, Rwanda, 

Sudan, Sudan, Uganda 
North Korea Korea South Korea 
Yemen, Iran Middle East Bahrain, Iraq, Israel, Jordan, Kuwait, Lebanon, 

Oman, Qatar, Saudi Arabia, Syria, United Arab 
Emirates 

Haiti Rest Central 
America 

Aruba, Bahamas, Barbados, Belize, Bermuda, 
Cayman Islands, Costa Rica, Cuba, Dominican 
Republic, El Salvador, Guatemala, Honduras, 
Jamaica, Montserrat, Nicaragua, Panama, St. 
Vincent & Grenadines, Sint Maarten, Trinidad & 
Tobago, Turks & Caicos Islands, Curaçao 

Guyana Rest South 
America 

Argentina, Bolivia, Chile, Colombia, Ecuador, 
Paraguay, Peru, Suriname, Uruguay, Venezuela 

Brunei Southeast Asia Cambodia, Laos, Malaysia, Myanmar, Philippines, 
Singapore, Thailand, Vietnam 

Guinea, Guinea-
Bissau, Liberia 

West Africa Benin, Burkina Faso, Cameroon, Gabon, Gambia, 
Ghana, Mali, Niger, Nigeria, Senegal, Sierra Leone, 
Togo, Côte d’Ivoire, Democratic Republic of Congo, 
Republic of the Congo, Cape Verde 
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Table 3 –Imputation patterns for tech maturity premiums 
 

Imputed countries IMAGE region Peers used for imputation 
Albania, Serbia, North 
Macedonia 

C. Europe Bulgaria, Cyprus, Estonia, Slovakia, 
Hungary, Latvia, Lithuania, Montenegro, 
Poland, Romania, Slovakia, Slovenia, 
Czechia, Croatia, Bosnia & Herzegovina 

Hong Kong SAR China, 
Macao SAR China 

China China, Mongolia, Taiwan (China) 

Madagascar, Somalia, Sudan, 
Sudan 

E. Africa Ethiopia, Kenya, Mauritius, Rwanda, 
Uganda 

Papua New Guinea Indonesia Indonesia 
Kyrgyzstan, Tajikistan, 
Uzbekistan 

Kazakhstan 
region 

Kazakhstan 

North Korea Korea South Korea 
Bahrain, Oman, Qatar, Syria Middle East Iraq, Israel, Jordan, Kuwait, Lebanon, 

Saudi Arabia, United Arab Emirates, 
Yemen, Iran 

Libya N. Africa Algeria, Egypt, Morocco, Tunisia 
Cook Islands, Fiji, Solomon 
Islands 

Oceania Australia, New Zealand 

Aruba, Bahamas, Barbados, 
Belize, Bermuda, Cayman 
Islands, Haiti, Montserrat, St. 
Vincent & Grenadines, Sint 
Maarten, Trinidad & Tobago, 
Turks & Caicos Islands, 
Curaçao 

Rest C. 
America 

Costa Rica, Cuba, Dominican Republic, 
El Salvador, Guatemala, Honduras, 
Jamaica, Nicaragua, Panama 

Angola, Botswana, Malawi, 
Mozambique, Zambia, 
Zimbabwe, Tanzania, 
Tanzania, Eswatini 

Rest S. Africa Namibia 

Guyana, Paraguay, Suriname  Rest S. 
America  

Argentina, Bolivia, Chile, Colombia, 
Ecuador, Peru, Uruguay, Venezuela 

Maldives  Rest S. Asia  Bangladesh, Pakistan, Sri Lanka 
Armenia, Georgia  Russia  Azerbaijan, Russia 
Brunei, Cambodia, Laos  SE. Asia  Malaysia, Myanmar, Philippines, 

Singapore, Thailand, Vietnam 
Moldova  Ukraine region Belarus, Ukraine 
Benin, Cameroon, Gabon, 
Gambia, Guinea, Guinea-
Bissau, Liberia, Mali, Niger, 
Nigeria, Sierra Leone, Togo, 
Côte d’Ivoire, Democratic 
Republic of the Congo, 
Republic of the Congo, Cape 
Verde  

W. Africa  Burkina Faso, Ghana, Senegal 

Andorra, Iceland, 
Liechtenstein  

W. Europe  Austria, Belgium, Denmark, Finland, 
France, Germany, Greece, Ireland, Italy, 
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Luxembourg, Malta, Netherlands, 
Norway, Portugal, Spain, Sweden, 
Switzerland, United Kingdom 

 
For GDP weighting, we use inflation-adjusted GDP PPP in constant 2021 international $ from 
the World Bank’s World Development Indicators database (World Bank, 2024) for the most 
recent available year, which is 2023 for nearly all countries. As a result, countries without 
available GDP information in the World Development Indicators database (e.g., Venezuela) are 
excluded from the regional averages used for imputation. 
 
Inflation and currency adjustments 
 
Importantly, our WACC estimates are nominal and, hence, not adjusted for inflation. However, 
for a given expected inflation rate of the US Dollar 𝜋𝜋𝑈𝑈𝑈𝑈𝑈𝑈, values can be converted from nominal 
to real values using the Fisher equation: 
 

WACCi,areal =
1 +  WACCi,anominal

1 + 𝜋𝜋𝑈𝑈𝑈𝑈𝑈𝑈
 –  1 

 
For small values of nominal WACC and inflation, this is approximately equal to WACCi,anominal −
𝜋𝜋𝑈𝑈𝑈𝑈𝑈𝑈. The expected inflation rate can be calibrated via historical data or the central bank’s 
inflation target, but it must not deviate too far from recent market expectations to maintain 
consistency with other nominal inputs to our WACC calculations. 
 
In addition, our estimates refer to investments made in US Dollars. For converting to a different 
currency (e.g., if WACCs are used in a model that models investments in a currency with very 
different inflation rates from the US Dollar), one may follow the approach suggested by the 
NYU Damodaran database for conversion based on expected inflation rates for a currency 𝐶𝐶 
as follows: 
 

WACCi,a
nominal,C = �1 + WACCi,a

nominal,USD�×
1 +  𝜋𝜋𝐶𝐶

1 +  𝜋𝜋𝑈𝑈𝑈𝑈𝑈𝑈
− 1 

  

3. Access to the database 

The database is published in a Zeno do repository, accessible under 
 

https://doi.org/ 10.5281/zenodo.14500358 
 
from Jan 1, 2026 on. Until then, it is embargoed. Preliminary access for project review purposes 
(e.g., via the project advisor) is possible via a sharing link that can be provided by the PRISMA 
project coordinator. 
 
 
 
Structure of the database for renewable energy technologies 
 
The database has one entry for each country-technology-year combination that has been 
extracted or calculated based on information in a primary research study, for example, 
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“Onshore wind power in Germany in 2022 based on study X” (compare Fig. 4). For countries, 
we provide ISO2 alphabetical codes, as well as country names. Note that the list of the 
countries included is based on the availability of primary research for the meta-analysis only. 
 
For each country-technology-year combination, we provide our estimate for the nominal, after-
tax WACC for investments in US dollars. In addition, the database features information on the 
primary study underlying the estimate, including the study type, a study short name in the 
format “authors (year), and the DOI (for academic studies)” or an URL (for non-academic 
studies). We also indicate the main estimation method, following the categories of Steffen 
(2020). 
 
 

 
Fig 4 – Screenshot of database for renewable energy technologies 
 
 
 
Structure of the database for other climate-relevant (sub-)sectors 
 
The database has one entry for each country-(sub-)sector pairing, such as concentrated solar 
power in the US. For countries, we provide ISO3 and ISO2 alphabetical codes, as well as 
country names (compare Fig. 5). For each country, we also provide the name of the model 
region of the IMAGE integrated assessment model to which it belongs (see Section 2.3). Note 
that the list of included countries, including their names, stems from the NYU Damodaran 
database, and we remain neutral on any implied questions of sovereignty in individual cases, 
on naming disputes, or on which region a country should belong to and how it shall be called. 
 
For each country-(sub-)sector pairing, we provide our estimate for the nominal, after-tax WACC 
for investments in US Dollars. In addition, the database features two binary variables indicating 
if region-based imputation for corporate tax rates or the technology maturity premium was 
used for the value in question, as described in Section 2.3. 
 

 
Fig 5 – Screenshot of database for other climate-relevant (sub-)sectors 
 

4. Discussion 

The estimates of the CoC published here primarily target modelers, researchers and climate 
policymakers needing internally consistent WACC estimates across countries, sectors and 
technologies. They reflect nominal and after-tax financing conditions for investments in US 
Dollars, with equity investors that are widely diversified. If required, users can aggregate 
country-specific values to their respective regional resolution, for which we would suggest the 
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GDP weighting approach underlying the imputation procedure described in Section 2.3. Users 
may also convert the estimates to other currencies or adjust them for inflation, as outlined in 
the respective paragraphs in Section 2.3. 
 
Importantly, the estimates reflect financing conditions as per the year indicated in the 
database (for renewable energy technologies) and as of early 2024 (for other climate-relevant 
sectors). These financing conditions may change substantially due to changes in countries’ 
sovereign ratings, technology market maturity, industrial transformations, or other political 
developments. For instance, lower-income countries are expected to grow substantially, which 
ceteris paribus should improve their capability to service debt and hence their sovereign rating 
leading to a reduced CoC for energy technologies. Similarly, renewable energy technologies 
for which markets are currently not considered mature (e.g., hydrogen electrolysers) may be 
deployed further and reach maturity, while carbon-intensive industrial sectors may become 
riskier under increasingly stringent mitigation policy. Therefore, analyses over long time 
horizons should reflect on such changes over time and, if necessary, adjust our estimates 
accordingly. In addition, the estimates presented here reflect market-rate values without 
concessional finance or policy support. As a result, actual financing conditions of projects may 
be more favourable than the values presented here if such projects can tap financing sources 
below market rates, particularly in lower-income countries. 
 
Notably, the estimates presented here come with limitations. Regarding the CoC estimates for 
renewable energy technologies (solar PV, wind onshore and offshore), the quality of the meta-
analysis results necessarily hinges on the quality of estimates in the underlying primary 
research articles and reports, as discussed in Steffen (2020). 
 
Regarding the CoC estimates for other climate-relevant sectors, estimating (sub-)sector-
specific risks and financing conditions based on global averages of more widely defined 
industry groups and using a globally uniform equity risk premium abstracts from highly 
country-specific factors and may thus not fully reflect the conditions on the ground. Similarly, 
using average corporate tax rates for countries may not fully reflect a given (sub-)sector’s tax 
burden if this varies across (sub-)sectors, for instance due to targeted tax credits. Second, 
imputing country values for corporate tax rates and technology market maturity based on their 
regional peers will inevitably create distortions in individual cases. Therefore, our database 
flags these imputation cases clearly, and we advise users to use values with such flags 
carefully. Third, while sovereign ratings typically act as a ceiling for company ratings, the 
country risk premium on individual projects may be lower than the sovereign’s risk premium in 
some cases, for instance, when the project is backed by highly creditworthy foreign entities. 
 
For all these reasons, the WACC estimates presented here should be treated as reasonable 
and internally consistent estimates rather than definitive values. Nevertheless, these WACC 
values represent an important step forward compared to the coarse, homogeneous 
assumptions currently used in many modelling exercises. That being said, researchers in need 
of single, country- and (sub-)sector-specific values may be better advised to leverage extant 
research or conduct their own research on the specific case in question (e.g., by estimating 
financing conditions of country- and sector-specific peer companies or by conducting expert 
interviews, see the discussion in Steffen (2020)). Regarding renewable energy technologies, 
researchers may use specific entries of our literature synthesis data rather than the coarser 
estimates in the database on climate-relevant (sub-)sectors. However, doing so may limit the 
internal consistency with the WACC estimates for other climate-relevant (sub-)sectors. 
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As discussed in the Introduction, there is a remarkable difference between renewable energy 
technologies, for which ample evidence on financing conditions is available, and other climate-
relevant (sub-)sectors, for which the evidence is sparser. While we fill a significant research 
gap with the data for other climate-relevant technologies presented here, future research could 
focus on providing more granular country- and technology-specific estimates of financing 
conditions to inform a synthesis akin to the one we conduct for renewable energy 
technologies. In addition, scenario-based modelling of key WACC determinants, such as the 
technology-specific equity and debt premiums and the overall country risk (Calcaterra et al., 
2024), could ensure that values are consistent with model dynamics throughout the entire 
modelling horizon. Lastly, future research should also consider how the availability of 
concessional finance and grants, particularly in lower-income countries, affects financing 
conditions and how shifts in policy support for climate-relevant technologies may alter WACC 
trajectories. The estimates presented here provide a strong and consistent foundation for 
such efforts. 
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A B S T R A C T   

The cost of capital (CoC) is an important parameter for accurately calculating power generation cost, particularly for capital-intensive renewables such as solar PV. 
However, data on CoC is sparse, which is an issue given large differences in CoC between countries and over time. The global trend towards competitive auctions for 
renewable energy deployment provides an opportunity to fill this gap. Here, we demonstrate how to combine auction price and project-level cost data to estimate the 
CoC for solar PV over time in nine countries, analysing 3′983 individual projects. Based on our results, we conclude that the CoC has fallen considerably across 
countries in all five continents analysed. These decreases were largely due to a reduction in premiums that investors demand for solar PV projects. We also find a 
strong decline in the variance of the data across time, pointing to better data quality and/or more homogenous project conditions. This trend is encouraging for future 
analyses, including potential CoC forecasting. However, given data quality issues and the amount of manual work required to address these, the approach should not 
be used as a standalone to estimate the CoC across countries.   

1. Introduction 

The rapid deployment of renewable energy (RE) technologies, such 
as solar photovoltaics (PV), is crucial to mitigate climate change 
(McCollum et al., 2018; IEA, 2021; IRENA, 2022b). Whereas lifetime 
costs for fossil fuel-based technologies are heavily influenced by fuel 
costs, lifetime costs for RE are dominated by upfront investment costs, 
which need to be financed (Schmidt, 2014). Consequently, the condi
tions on which RE developers can secure financing for their projects has 
a large effect on project cost and due to the disproportional importance 
for RE, also a large effect on the competitiveness of RE versus fossil 
fuel-based technologies (Schmidt et al., 2019). Another difference be
tween fossil fuel-based and RE plants refers to the financing structure: 
while the former are mostly financed on the balance sheets of utilities 
using corporate finance structures (at least in OECD countries), the latter 
are to a much greater extent financed though project finance structures, 
i.e., non-recourse finance via special purpose vehicles for each individ
ual project (Kann, 2009; Steffen, 2020). Unlike for corporate finance, the 

financing cost for project finance structures are project-specific and 
hence harder to determine.1 

While the financing conditions of a renewable energy project include 
the cost of equity and debt, the loan tenor, the debt service coverage 
ratio and potentially other factors (Egli et al., 2018), most researchers 
and analysts operationalize financing conditions via the cost of capital 
(CoC) (Roth et al., 2022) or the private discount rate.2 In its simplest 
form, the CoC is composed of the cost of equity that a project developer 
requires to take on the project risk, the cost of debt that a bank (or 
another debt provider) demands to lend money to the project, and the 
share of debt in the financing of the project. Combining these compo
nents, the CoC is the standard metric to represent financing conditions, 
yet we know remarkably little about the magnitude of CoC for RE pro
jects globally (Steffen, 2020). Research has shown that RE CoC differs by 
country and technology and varies over time (Egli et al., 2019; Steffen 
and Waidelich, 2022). Capturing such differences and dynamic move
ments accurately is crucial to get a correct picture of the cost competi
tiveness of RE (Ameli et al., 2021; Polzin et al., 2021). The CoC is a key 
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1 While less common, there are also fossil fuel-based power plants being realized using project finance structures, e.g. in IPP schemes auctioned off in some 

countries. In principle, our method could be extended to study the cost of capital for such projects as well.  
2 Note that multiple models (additionally) use a social discount rate, which reflect the societal perspective on future costs and benefits. Here, we focus on the 

private rate, i.e., the perspective of an investor. 
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input variable in global, regional and national energy system models 
that provides advice to policymakers as to which generation technolo
gies to support and deploy. The International Energy Agency (IEA) and 
the International Renewable Energy Agency (IRENA), the two most 
important international organisations in the field of energy system 
planning, have recently started using differentiated CoC in their models. 
As the energy modelling community is moving towards a more differ
entiated representation of CoC, reliable data inputs will become more 
important (Lonergan et al., 2023). Further, policymakers that aim for 
higher deployment of renewables can use lower CoC as a lever (Steffen 
and Waidelich, 2022; Đukan et al., 2023), but to this end first need to 
understand whether (and for which technologies) the CoC are too high 
(e.g., compared to best-in-class countries). 

Yet, CoC figures are hard to obtain for at least two reasons. Firstly, 
many RE projects are realized in legally separated project-financed en
tities, for which financing information is not disclosed (Steffen, 2018). 
Relatedly, equity and debt investors may treat the cost of equity and 
debt respectively as confidential information to shield from competitors 
(Krupa and Harvey, 2017). Secondly, eliciting CoC is not trivial and 
there is a limited number of experts in a small number of financial in
stitutions that are directly involved in financing RE projects. Obtaining 
reliable data therefore requires direct contact with these professionals, 
which is difficult and resource intensive to establish and even more 
difficult to maintain over time to keep estimates up to date. Conse
quently, academic and grey literature on the CoC for RE tends to be 
sparse and outdated (Steffen, 2020; Roth et al., 2022). 

In this paper, we propose a way to address this shortage by making 
use of the fact that RE auctions have gained popularity among policy
makers worldwide (IRENA, 2019b). Between 2010 and 2020, the 
number of solar PV projects awarded through competitive auctions and 
tracked by IRENA have increased more than 50-fold from 55 projects in 
3 countries for 2010 to 3114 projects in 19 countries for 2020. Contrary 
to previous support schemes, which declared a fixed remuneration per 
kWh by law for a fixed period of time (e.g., feed-in tariff), reverse price 
auctions are competitive.3 The achieved final auction price is the 
outcome of a bidding price where each bidder needs to secure financing 
or uses assumptions about financing to place a bid (Anatolitis et al., 
2022). Hence, the CoC in an auction is the result of a competitive market 
process. This fact can be used to reverse-engineer the CoC for auctioned 
projects to provide up to date CoC estimates for RE in a wide range of 
countries with additional project data (Steffen, 2020). While this 
approach is not new, it has previously been limited to a small number of 
auctions, which were analysed in detail (Apostoleris et al., 2018; 
Dobrotkova et al., 2018). 

The contribution of this paper is twofold. First, we leverage a large 
IRENA dataset to apply the technique of reverse-engineering the CoC to 
a large number of solar PV projects in markets, including emerging 
economies, where eliciting CoC values is particularly challenging. The 
resulting dataset can be used as an additional source for input data in 
global or country-specific energy modelling (e.g., modelling the cost of 
decarbonizing electricity generation). Second, we critically examine the 
resulting CoC estimates to assess the usefulness of reverse-engineering 
CoC from auction results in improving the accurateness of energy 
models and thereby improving the quality of the analysis used for energy 
system policymaking. 

2. Analysis 

2.1. Approach 

The starting point to reverse-engineer the CoC for auctioned projects 
is the price per kWh of electricity generated in a competitive Power 
Purchase Agreement (PPA) awarded through auctions. If these auctions 
are competitive, there should be no excess margins, such that the auc
tion result (price per kWh) equal the levelized cost of electricity (LCOE) 
of the bidder. There may be cases where auction prices are for example 
below a calculated LCOE if a project developer has a strategic interest in 
winning a bid and therefore is willing to take a financial hit for the long- 
term strategic value of entering a market. However, over time such 
dynamics should phase out as the market becomes competitive and debt 
plays a larger role in the financing (i.e., banks will not offer lower rates 
based on strategic considerations). As such, the assumption to equate 
PPA prices to the LCOE may not hold in every single auction but should 
hold on average when analysed in a large sample. 

PPAs are often awarded through state-owned utilities or energy 
ministries and guarantee a fixed price, sometimes even indexed to 
inflation, for most of the lifetime of a power plant (typically 20 years, see 
Table A.2 in the Appendix). This long-term government revenue support 
mechanism can act as an indirect subsidy, lowering the PPA prices to 
below and associated CoCs below “market rates” absent government 
support. Further indirect subsidies include guaranteed grid access and 
sometimes preferential land lease rights. Also, potential subsidies that 
accrue to the project owner, such as the investment tax credit in the 
United States, are considered. In different words, we consider what 
could be referred to as “financial LCOE” (taking into account financing 
costs and subsidies), as compared to a “techno-economic LCOE” which 
simply uses a generic discount rate and disregards subsidies. 

We use a simplified LCOE formula from NREL to estimate the CoC for 
each project (NREL, 2022). In Equation (1), i denotes a project, CAPEX 
denotes the project-specific capital expenditure (this is the total installed 
cost, not overnight costs) per installed capacity (e.g. kW), OPEX denotes 
the yearly operation & maintenance cost per installed capacity as per 
Table A.1 in the Appendix, and the Capacity Factor denotes the 
project-specific operation time corresponding to the amount of full load 
hours divided by 8760 h of the year. 

PPAi = LCOEi =
(CAPEXi × CRFi) + OPEX

8760 × CapacityFactori
(1) 

Equation (1): Simplified LCOE equation (NREL, 2022). 
CRF is the capital recovery factor, a ratio used to compute the present 

value of future PPA payments as given in Equation (2). The variable t 
denotes the total lifetime of the power plant in years, with is set to be 
equal to the term length of the PPA contract for each project i. 

CRFi =
CoCi × (1 + CoCi)

t

(1 + CoCi)
t
− 1

(2) 

Equation (2): Simplified Capital Recovery Factor (CRF). 
Once the project specific PPA price (assumed to be equal to the 

LCOE), the CAPEX, OPEX and PPA term length t is known, the CoC is 
solved for numerically using the solve function from the Python scipy 
library. As all data by IRENA are in real USD, the obtained CoC is real 
terms too. To obtain the nominal CoC, the average yearly US CPI 
inflation in the period 2011–2020, 1.73% was added to the real CoC. 
When calculating country averages for a given year, each project is 
weighted equally. 

2.2. Scope of the analysis 

Our analysis is limited to solar PV, the fastest growing RE technology 
in terms of capacity additions. In major markets, PV often features (a) 
lower CAPEX variations across projects and countries than other RE 

3 Contrary to a classic auction where the highest bid wins, reverse price 
auctions seek to determine the lowest possible bid for a specified good or ser
vice. It is called reverse because the roles of buyer and seller are reversed and 
contrary to a classic auction it entails one buyer and several possible suppliers, 
i.e., bidders. It is often used in procurement. 
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technologies (IRENA, 2022a) and (b) generally experiences low O&M 
costs (Steffen et al., 2020). These characteristics reduce the potential 
error in calculating the CoC if project-level cost components are not fully 
reliable or unavailable. To cover a broad geographical area, 9 leading 
solar PV markets, covering 5 continents, were analysed that have con
ducted RE auctions. Collectively, these markets represent almost two 
thirds of the world solar PV deployment between 2011 and 2020 
(IRENA, 2021). We analyse solar PV projects over 10 years, from 2011 to 
2020.4 

2.3. Data 

2.3.1. Description of datasets 
For our analysis, we leverage two proprietary datasets from IRENA, 

which have been maintained independently. The first database, here
after called cost database, tracks key project-level data such as the 
capital expenditure and the capacity factor that allows IRENA to esti
mate the LCOE for given RE technology. The second database, hereafter 
called the price database, has been created by IRENA with the purpose 
to track the cleared prices in PPAs and the contractual details like term 
length and yearly inflation price adjustments (if any). For our 9 selected 
markets and time period (2011–2020), the raw cost database contained 
3′811 projects with a cumulative capacity of 127.4 GW. The raw price 
database contained 6′409 projects with a capacity of 191.5 GW. 

2.3.2. Merging of databases and estimating missing data 
For computing the CoC of a project as outlined in Equation (1), the 

following five variables need to be known: (1) the cleared auction price, 
(2) the capital expenditure (CAPEX), (3) the operational expenditure 
(OPEX), (4) the capacity factor and (5) the duration of the PPA contract 
awarded. 

The IRENA price database mainly tracks the auction price and the 
duration of the PPA contracts, and only occasionally simultaneously 
includes information on project-level CAPEX and capacity factor (76 of 
the 4′777 projects). The IRENA cost database was used to match as many 
auction projects as possible to the project-specific CAPEX and capacity 
factor data tracked through this second database. However, only a small 
subset of projects was both contained in the price and cost databases. For 
the majority of projects in the price database, the missing variables were 
estimated by using country-specific average CAPEX and capacity factor 
data of similar projects in the cost database. Project-specific data on 
operation and maintenance (OPEX) costs is extremely difficult to collect 
and is not tracked in either database. It is therefore added based on 
IRENA’s general estimates for OECD and non-OECD countries in the 
years 2011–2020 (see Table A.1 in the Appendix).5 Lastly, we used 
publicly available data on term length to complement the data where 
term length data missing (see Table A.2 in the Appendix). 

As the price and cost database had been maintained independently 
by IRENA, no database linkages existed for identical projects. To identify 
which projects were contained in both databases, a search function was 
developed to identify projects from the cost database with similar 
project name, size and installation year as a project from the price 
database. For each project in the price database, the search function 
suggested the most similar project in the cost database. Within the 

search function, the string similarity of project names was computed by 
using the Levenshtein distance, implemented by the fuzz function of the 
Python fuzzywuzzy library. Each suggested project was inspected 
manually to ensure accuracy, which yielded 177 matched projects, in 
addition to the 76 projects with full project-level data. 

For projects that could not be matched using this semi-automated 
approach, missing project-level data (CAPEX and capacity factors) 
were estimated based on averaging these variables from projects in the 
cost database for the same country and presumed installation year. To 
reduce estimation errors, it was required that at least three projects exist 
in the cost database for a given country and installation year. The 
following steps were conducted to estimate the missing variables: 

Step 1: If project-level data on CAPEX was unavailable, we used the 
country-average CAPEX from the cost database in the presumed 
installation year, which was typically two years after the PPA con
tract was awarded (see Table A2 in the Annex for lead times). Data 
was added for 2′580 projects via this procedure. 
Step 2: Additionally, if the project-level data on capacity factors was 
also unavailable, we used the country-average in the presumed 
installation year. Data was added for 1′370 projects via this 
procedure. 
Step 3: If calculating CAPEX or capacity factor was impossible 
because data in the presumed installation year was missing in the 
cost database, we used 3-year averages from the year prior to 
installation to the year after installation for both variables (1–3 years 
after the PPA award). Data was added for 221 projects via this pro
cedure. After completing these steps, the sample database contained 
4′424 projects. 

For 2′115 projects in 2019 and 704 projects in 2020 (and installation 
in 2021 and 2022), no project-level CAPEX and capacity factor data was 
available in the cost database, as this had not been finalised in time for 
this project. To estimate the CAPEX in 2021 and 2022, we used pro
jections made by IRENA in 2019 for the period 2020–2030 for G20 
countries (IRENA, 2019a). For the capacity factor, 2020 data was used 
for estimating projects with presumed installation in 2021 and 2022 as it 
was assumed to stay approximately constant during this short time 
period. 

For the United States, we adjust CAPEX values to account for the 
Federal Investment Tax Credit (ITC), which indirectly reduces CAPEX of 
a solar PV project (Krupa and Harvey, 2017). The ITC amounted to 30% 
for the period 2006–2019 and was reduced to 26% for 2020–2022 (U.S. 
Department of Energy, 2021). Accordingly, the CAPEX was reduced by 
these percentage amounts for projects in the United States in our 
database. 

Finally, to further reduce the risk of outliers skewing the results, we 
remove projects where CAPEX or capacity factor values are beyond ± 2 
standard deviations of the mean (by year for CAPEX, by country for 
capacity factor). This removes another 441 projects or 9.97% of our 
sample of 4′424 projects and results in a final database containing 3′983 
projects with complete project-level data. 

2.3.3. Final database 
The resulting final dataset contains 3′983 solar PV projects with a 

total capacity of 98.6 GW for the selected 9 countries. Table 1 illustrates 
that the best coverage is reached for India (9 of 10 years). Most countries 
have introduced auctions only more recently, with the exception of 
South Africa, which started early but stopped temporarily in 2015. Over 
the entire time period, China and India auctioned off by far the highest 
capacity (52 GW and 30 GW respectively), however, the auctions in 
China mainly took place in 2019 alone. Finally, we observe that our 
sample provides a good global coverage with two countries from the 
Americas (Brazil and the US), two European countries (France and 
Germany), one African country (South Africa), two Middle Eastern 
countries (Jordan and UAE) and two Asian countries (China and India). 

4 Three factors motivate the selection of this period. First, we choose a period 
long enough to observe trends over time. Second, we are restricted by the 
application of RE auctions as a policy instrument (IRENA, 2019b). The start 
year of 2011 corresponds to the first year for which we have data available for 
at least three countries. Third, the selected period falls after the global financial 
crisis and ends before the COVID-19 crisis. Both global macroeconomic crises 
had a substantial impact on interest rates, which may distort observed trends 
over time.  

5 For projects to be installed after 2020, a yearly 2.5% reduction in OPEX 
costs was assumed for each year after 2020. 
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3. Results 

Successful auction bids are displayed in Fig. 1 as per the IRENA price 
database. Over time and across countries, the successful bids varied by a 
factor of 15 from 28.5 $/MWh to 435 $/MWh with the highest bid 
awarded in South Africa in 2011 and the lowest bid awarded in the 
United States of America in 2018 (note that Fig. 1 displays averages by 
year). Overall, our results show a clear trend of decreasing auction prices 
decreasing over time in all countries. Fig. 1 also shows a considerable 
variance across countries in the early years until roughly 2014 and 
increasingly converging auction prices afterwards. This is remarkable 
because the countries in our sample cover a very wide geography with 
different investment environments and institutional setups. For 
example, most auctions are in local currency (see Table A2 in the Annex) 
with substantial foreign exchange risks in countries such as Brazil, India 
or South Africa unless the investor is domestic. Relatedly, only few 
countries choose to peg the awarded price to inflation, which exposes 
investors to inflation risks that differ between countries. 

Notwithstanding these differences in auction designs, we observe that in 
2019 the average successful auction bids by country were in a relatively 
narrow range between 52.6 $/MWh and 75.9 $/MWh. 

Results from the CoC reverse-engineering are shown in Fig. 2. 
Overall, the CoC has declined between 2011 and 2020, although with 
some exceptions. The highest estimated CoC values of above 20% appear 
in 2011 in South Africa and the lowest values in 2017 in Germany, at 
almost 0%. While a CoC estimate close to zero is questionable, other 
research confirms that the particular situation in Germany with a stable 
support regime and very low interest rates led to a very low CoC for 
renewables (Egli et al., 2018). 

Similar to Germany, we calculated a very low CoC for Brazil in 2018 
at 0.6%, which may be driven by the institutional setup. The national 
development bank of Brazil (BNDES) has been an important financier of 
RE like solar PV projects in Brazil during the last decade (Mazzucato and 
Penna, 2015). Consequently, the subsidized loans offered by BNEDS 
may have driven down average returns. In 2018, BNDES reduced the 
already low interest rates on loans to solar projects from 1.7% to 0.9% p. 

Table 1 
Number of solar PV projects per country and year in final database a.  

Country 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020 Total Projects Total capacity (MW) 

Brazil    14 59  12 20   105 2′975 
China      1   1442 376 1′819 51′516 
France  18  16 127 73  173 75  482 3′431 
Germany     57 113 90  362 315 937 5′242 
India 25 12 41 119 77 134 39 123 3  573 30′461 
Jordan   15  1 1     17 382 
South Africa 14 7 6  7      34 1′636 
UAE      1 1    5 1′977 
USA       9 5   14 995 
Total 39 37 62 149 328 322 151 321 1883 691 3′983 98′616 
Median project size (MW) 15.0 10.0 10.0 10.0 11.2 6.3 11.2 15.0 4.2 6.4 5.9   

a Years are shaded if auctioned projects >0. 

Table 2 
Cost of capital per country and year in %.  

Country 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020 

Brazil    6.9 13.5  7.6 0.6   
China      6.6   0.3 3.1 
France  13.3  13.8 6.0 3.7  5.6 6.6  
Germany     5.0 2.9 0.2  2.1 1.5 
India 9.2 11.5 8.1 12.6 11.6 10.4 8.3 11.0 9.2  
Jordan   16.2  6.9    8.1  
South Africa 21.4 7.8 9.1  7.9      
UAE      2.6 5.2    
USA       3.0 3.1    

Fig. 1. Auction prices over time.  
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a. (PV Magazine, 2018). Likewise, we estimate a very low CoC in 2019 in 
China. While data coverage on Chinese auctions in 2019 is very high 
with 1442 auction results (see Table 1), the quality of these data points is 
limited as no project-level CAPEX data was available and we used a 
Chinese average CAPEX to estimate the CoC (see step 1 in section 2.3.2). 
Furthermore, the precise auction conditions in China could not be fully 
clarified and the lack of data across time (only one project before 2016) 
makes it difficult to assess the data quality for China. 

We conclude from this that auction results in Brazil and China are 
likely yielding less reliable CoC estimates and flag these countries in 
Figs. 2 and 4 accordingly. To address the uncertainty around the CoC 
estimates for Brazil and China, we show a sensitivity analysis on CAPEX 
and capacity factor in Fig. 3. These two inputs have the largest effect on 
the results as shown in Figure A3 in the Appendix. Fig. 3 shows that if 
CAPEX input data were 20% higher, this would reduce the CoC sub
stantially, e.g., from 13.5% to 10.8% for Brazil in 2015 or from 3.1% to 
1.4% for China in 2020. Conversely, a 20% higher capacity factor would 
have led to an increase in the CoC from 13.5% to 16.8% in Brazil in 
2015, and from 3.1% to 5.5% for China in 2020. 

To discuss country dynamics, we separate the data in two five-year 
periods in Fig. 4: 2011–2015 and 2016–2020. Table 3 shows summary 
statistics for auction prices and relevant input parameters as identified 
in Figure A3 (see Figure A1 for CAPEX evolution by country and 
Figure A2 for capacity factor evolution by country). It first shows that 
the standard deviation (SD) of all variables decreased considerably from 
the early to the later period. This indicates that country differences may 
be decreasing, resulting in more convergence and that data quality may 
be improving. The rapid and global cost decrease of solar PV is illus
trated by the fact that the highest auction price in the recent period is 
roughly 26% below the mean in the early period and the highest CAPEX 
in the recent period is lower than the mean in the early period. Hence, 
countries across the board can benefit from low solar PV prices. Finally, 
there is some variance in PPA durations between 20 and 25 years in both 
periods with a trend towards 20 year term length in the late period 
(2016–2020). 

Fig. 4 confirms the general pattern of declining CoC across countries 

with relative declines between -9% for India and -66% for Germany from 
the early to the late period respectively. Absolute values are to be read 
with caution but correspond well to previous literature, which found 
values of 2.7% for Germany, 10.6% for India and 5.5% for Jordan in 

Fig. 2. Cost of capital over time.  

Fig. 3. Cost of capital sensitivity analysis on CAPEX (A) and capacity factor (B) for Brazil and China.  

Fig. 4. Cost of capital estimates by country for early versus late period.  
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2017 (see Steffen, 2020 for an overview). To understand the risk pre
miums of PV projects, we split up the CoC into a base rate, using a 
10-year US government bond yields plus country risk premiums (Dam
odaran, 2022), and a solar PV premium. The results show that the CoC 
declines are mainly due to lower solar PV risk premiums whereas base 
rates have stayed roughly constant. Risk premiums have declined sub
stantially in all countries but India. When interpreting these figures, it is 
important to note that the base rate, i.e., the general interest rate, moves 
more than suggested in the aggregated time periods and potential up
ward swings can have a deteriorating effect on the CoC. 

Fig. 4 also shows the two countries for which we deem interpreting 
results from reverse-calculating the CoC from auctions unreliable: Brazil 
and China. Both show negative solar PV premiums ranging from -2% to 
-2.7%, which means that we calculate a financing cost for solar PV that is 
below the financing cost for the government, i.e., a 10-year government 
bond. While there may be cases where this is plausible, it is unlikely for 
Brazil and China. One example would be an investment environment 
where government bonds yield a higher return than a solar PV plant 
with a private company offering a PPA because of a very bad public 
finance situation. Yet, the auctions analysed here are all government- 
backed, which rules out this argument. Rather, the reason of the nega
tive risk premiums in these countries may be the strategic involvement 
of public finance institutions that offer subsidized credit in combination 
with a less transparent auction design (e.g., China), or a lack in data 
quality for other variables. 

4. Conclusions 

In this paper, we aimed to test the usefulness of large N auction and 
project level data to reverse-engineer the CoC of solar PV projects in nine 
countries. Our results show the declining trend of CoC that has also been 
highlighted by studies using other approaches. As such, they support the 
general usefulness but also highlight the caveats of the large N approach. 
On the one hand, important data quality issues remain, and the data 
cleaning process (see Analysis) required a large amount of manual work. 
On the other hand, differences in auction policy designs between 
countries may complicate the interpretation of the findings. Our findings 
should always be read as results given the existing policy support 
frameworks. Hence, these results cannot inform us about the effects of 
different subsidies or policy frameworks but rather show the CoC that 
results from auction bids in the policy and economic environment at the 
time of the auction. For instance, subsidies beyond the guaranteed price 
of electricity in an auction can lead to a CoC estimate that is above what 
investors actually incur similar to a situation where the CAPEX of a 
project is lower than we assume (see Figure A3 in the Appendix). With 
increasing experience on the impacts of auction designs (Haelg, 2020; 
Đukan and Kitzing, 2021), one may also expect auction designs to 
converge across countries, which would make the reverse-engineering of 
CoC from auction results easier and more robust. 

We identify five key insights related to the usefulness of estimating 
CoC from auction results to generate input data for energy modelling. 
First, the reliability of results differs by country (see Fig. 4) and as such 
the approach is most informative when paired with local context 
knowledge and it is likely less reliable for annual numbers compared to 
averages across years. Second, the variance in CoC estimates decreased 
substantially over the investigated period. Hence, the reliability of the 

approach may increase in the future. Third, and as a consequence of the 
above, the approach should not be used stand-alone, but only in 
conjunction with and as a triangulation of other approaches to estimate 
the CoC. Fourth, determining under what circumstances the reliability is 
high or low requires a triangulation with other data sources, for which 
data on CoC should become more widely and publicly available. Fifth, 
the approach can point researchers to cases that are most relevant to 
understand better for policy advice. For example, understanding the 
constant risk premium in India (see Fig. 4) could be a task for a case 
study. 

In conclusion, reverse-engineering the CoC from auctions cannot 
eliminate the need to elicit the CoC from experts but it can potentially 
help lower the frequency of costly and resource intense expert elicita
tions. While absolute CoC values derived from auction results must be 
cross-referenced and triangulated with other data sources, the wide
spread use of auctions and the increasing data availability enable the 
identification of time trends and country differences. Based on a trian
gulation with other data sources, these can help improve energy models 
and the basis for decision making in cases where seeking expert input 
may be too costly or too time consuming. Such improvements are 
especially important for developing and emerging countries, which are 
disproportionally affected from the use of uniform CoC leading to an 
underestimation of investment needs for the transition in these countries 
(Ameli et al., 2021). 
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Table 3 
Key input variables in early versus late period.   

2011–2015 2016–2020 

Mean Min Max SD Mean Min Max SD 

Auction price (real 2022 $/MWh) 117.1 63.0 434.7 63.9 54.9 28.5 99.0 10.8 
CAPEX (real 2022 $/MW) 1569.0 827.0 5092.7 660.8 921.8 591.4 1425.2 174.2 
Capacity factor (%) 17.4 12.5 29.0 3.6 12.9 10.3 24.0 2.2 
PPA duration (years) 22.2 20.0 25.0 2.5 20.5 20.0 25.0 1.4  
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Appendix

Fig. A.1. Mean CAPEX over time by country  

Fig. A.2. Mean capacity factor over time by country   
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Fig. A.3. Sensitivity analysis of the CoC for a reference project with ± 1 SD (top) and ± 25% variation (bottom)   

Table A.1 
OPEX inputs (IRENA, 2022a)  

Year OECD 2020 USD/kW/year Non-OECD 2020 USD/kW/year 

2010 26.2 24.7 
2011 23.2 22.7 
2012 22.6 17.6 
2013 22.1 14.8 
2014 21.6 13.2 
2015 20.9 12.0 
2016 20.4 10.9 
2017 20.8 10.5 
2018 19.4 10.0 
2019 18.5 9.6 
2020 17.6 9.3   

Table A.2 
Key auction characteristics (authors compilation)  

Country Realisation period 
(years) 

PPA length 
(years) 

PPA currency PPA inflation indexation Grid connection paid 
by7 

Land lease paid 
by 

Brazil 2 20 Local Yes (Local CPI) PD PD 
China 0.5 20 Local No PD PD 
France 2 20 Local Yes (industrial prod. and wage 

inflation) 
PD PD 

Germany 2 20 Local No PD PD 
India 2 25 Local No PD/Public PD/Public 
Jordan 2 20 Local pegged to 

USD 
No Public PD 

South Africa 2 20 Local Yes (indexed to the rate of inflation) Public PD 

(continued on next page) 
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Table A.2 (continued ) 

Country Realisation period 
(years) 

PPA length 
(years) 

PPA currency PPA inflation indexation Grid connection paid 
by7 

Land lease paid 
by 

United Arab 
Emirates 

2 25 Local No Public PD/Public 

USA 2 20 Local No PD PD 
7 PD = Project developer.  

Table A.3 
Mean CAPEX per country and year in USD per kW  

Country 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020 

Brazil    1975 1342  820 1070   
China      1231   1028 738 
France  2586  1543 1493 1323  930 884  
Germany     1355 1357 972  774 718 
India 2584 1848 2028 1085 987 884 760 595 862  
Jordan   2734  1207    1126  
South Africa 3896 3648 2208  1352      
UAE      1181 781    
USA       1200 797    
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