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The objective of this thesis is to develop a decision-support tool for evaluating and compar-
ing country-level risks associated with renewable energy investments. The study is motivated
by the challenges investors face during the early-stage market pre-selection phase, where in-
vestment environments across countries must be assessed based on both quantitative and
qualitative risk factors. To address this issue, the study develops an Excel-based evalua-
tion framework that applies the fuzzy TOPSIS multi-criteria decision-making method. This
approach enables the aggregation of multiple country-level indicator into a single compara-
tive ranking. The framework incorporates four key risk dimensions identified in the litera-
ture: economic conditions, policy environment, financing conditions, and price and resource
risks. These dimensions are further operationalized into measurable criteria to allow for a
systematic comparison of potential investment locations. The applicability of the proposed
tool is demonstrated through a case study examining five European countries in the context
of utility-scale solar power investments. The results indicate that the fuzzy TOPSIS-based
framework is capable of integrating heterogeneous risk factors and producing a structured
ranking of countries based on their investment attractiveness. Overall, the developed tool
provides investors with a practical method for screening potential markets prior to conduct-
ing more detailed project-level financial analyses.
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Tämän opinnäytetyön tavoitteena on kehittää päätöksentukityökalu uusiutuvan energian in-
vestointeihin liittyvien maariskien arviointiin ja vertailuun. Tutkimuksen taustalla ovat haas-
teet, joita sijoittajat kohtaavat varhaisen vaiheen markkinavalintaprosessissa, jossa eri mai-
den investointiympäristöjä on arvioitava sekä määrällisten että laadullisten riskitekijöiden
perusteella. Ongelman ratkaisemiseksi tutkimuksessa kehitetään Excel-pohjainen arvioin-
tikehys, joka hyödyntää sumean TOPSIS-monitavoitepäätöksentekomenetelmää. Kehys si-
sältää neljä kirjallisuudessa tunnistettua keskeistä riskiulottuvuutta: taloudelliset olosuhteet,
poliittinen toimintaympäristö, rahoitusolosuhteet sekä hinta- ja resurssiriskit. Nämä ulottu-
vuudet operationalisoidaan edelleen mitattaviksi kriteereiksi, jotta potentiaalisia sijoituskoh-
teita voidaan vertailla järjestelmällisesti. Kehitetyn työkalun soveltuvuutta havainnolliste-
taan tapaustutkimuksella, jossa tarkastellaan viittä eurooppalaista maata hyötyskaalan aurin-
kovoimainvestointien näkökulmasta. Tulokset osoittavat, että sumean TOPSIS-menetelmään
perustuva kehys kykenee yhdistämään heterogeenisiä riskitekijöitä ja tuottamaan jäsennel-
lyn maarankingin investointien houkuttelevuuden perusteella. Kaiken kaikkiaan kehitetty
työkalu tarjoaa sijoittajille käytännöllisen menetelmän potentiaalisten markkinoiden seulon-
taan ennen yksityiskohtaisempien hanketason taloudellisten analyysien tekemistä.
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1 Introduction

Global demand for electricity is growing as economies become more digital and electrified.
The spread of data-intensive services, electric vehicles, and automated industrial processes
to name a few is changing the structure of energy consumption in many countries. In particu-
lar, the development of artificial intelligence is expected to increase electricity consumption
in the upcoming years. This development increases the need for investment in electricity
generation, transmission networks, and other energy infrastructure. While at the same time
striving to eliminate fossil fuels through renewable energy (RE), investments in RE are a key
part of the response to growing demand and the long-term development of energy systems.

As a result, capital allocation decisions in RE have become increasingly important. Invest-
ment decisions in RE typically proceed in stages. Before detailed project-level feasibility
studies and financial modelling are conducted, investors must decide in which countries to
allocate development resources and analytical effort. This early-stage country selection con-
stitutes a pre-screening phase in the broader capital allocation process.

This master’s thesis develops and demonstrates a country-level decision-support artefact de-
signed specifically for this pre-selection stage. The purpose of the tool is not to replace
project-level proifitablity analysis, but to structure and systematise the comparison of na-
tional advanced economies investment environments prior to detailed due diligence. The
artefact enables investors to rank countries based on multidimensional risk criteria relevant
to renewable energy investments.

The study therefore addresses a practical decision problem: How can country-level risks,
which vary greatly between countries, be compared in a systematic way before moving on
to project-specific financial modelling?

1.1 Background

According to IRENA’s Global Landscape of Energy Transition Finance 2025 report, global
investments in renewable energy reached 807 billion USD in 2024, representing a 7.3%
growth from 2023. Solar power accounted for 69% of total investments, while onshore and
offshore wind combined represented 24%. When examining sources of financing, there are
major structural differences between country groups. In developed economies, the market is
strongly driven by the private sector: 70% of financing comes from private domestic sources
and 17% from private international sources. In the least developed countries, the situation is
reversed, with up to 57% of investments coming from international public funds.
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These differences in financing sources reflect deeper gaps in how country risk is perceived.
In developed economies, where regulatory frameworks are stable and capital markets are
deep, private investors can operate with confidence. In least developed countries, the depen-
dence on public international funding signals that private capital finds the risk-return profile
unattractive without support. Nevertheless, financing conditions and investment attractive-
ness vary considerably even within advanced economies. Differences in macroeconomic
stability, regulatory credibility, and electricity market structure lead to differences in the cost
of capital, which is one of the most important factors determining whether a project is viable
(Steffen, 2020). As a result, investment tends to flow to lower-risk countries, while countries
with weaker institutions or market conditions attract significantly less private capital, affect-
ing both their ability to raise debt and the stability of expected revenues (IRENA & CPI,
2025).

Country-level risks affecting renewable energy investments are multidimensional and can-
not be fully captured by any single indicator. As the background literature in section two
demonstrates, relevant risk dimensions span macroeconomic conditions, policy and regula-
tory frameworks, financing conditions, and electricity market structure. These dimensions
are connected but conceptually different, and their relative importance may vary from coun-
try to country. Investors therefore face a complex evaluation problem when comparing coun-
tries: rather than relying on any single indicator, a systematic and multidimensional frame-
work is needed.

To manage these multidimensional risks, investors need structured decision-support tools for
comparing and allocating capital across countries. Currently, global renewable energy risk
indices are primarily designed for macro-level benchmarking. As a result, they lack the level
of detail needed for specific investment decisions and often fail to capture complex, country-
specific market dynamics (Giwah et al., 2023). Better assessment tools have been identified
in the literature as factors that reduce investment risks. (Egli, 2020). While Multicriteria
Decision Making (MCDM) methods are widely applied in renewable energy planning, many
studies focus on project-level decisions such as site selection or technology evaluation, often
within specific national or regional contexts. (Kumar et al., 2017). Therefore, a systematic
framework for cross-country risk assessment and strategic market pre-selection remains a
notable gap in the current literature.

1.2 Research objective and contribution

The objective of this thesis is to build a reproducible, Excel-based decision-support tool that
combines multidimensional country-level risk criteria into a single comparative framework
using fuzzy TOPSIS.
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The study makes three contributions:

1. It brings together research on renewable energy financing and country risks into a single
model, where risks are divided into four sub-areas.

2. It turns country risks into thirteen comparable criteria that can be used to systematically
assess and compare different countries.

3. It uses the fuzzy TOPSIS method to convert both quantitative and qualitative factors into
a single country ranking.

The methodological contribution is not about developing a new MCDM technique. Instead,
the study applies an established method in a structured tool designed specifically for pre-
screening countries for renewable energy investments.

1.3 Why fuzzy TOPSIS?

Evaluating renewable energy investments involves uncertainty, qualitative judgments, and
metrics that are hard to compare directly. Classical TOPSIS assumes precise numerical
inputs, whereas real-world investment data often include ordinal ratings and other qualitative
classifications.

Fuzzy TOPSIS allows linguistic and ordinal scale assessments to be processed using triangu-
lar numbers, cost and benefit criteria to be compared in the same model, and alternatives to
be evaluated against ideal and worst-case solutions even under uncertainty. In this study, the
method produces a proximity coefficient for each country, which is used to rank them. The
method was chosen because it is well suited to decision-making situations where uncertainty
is present, In practice, this means that the model takes into account uncertainty surrounding
a selected criterion that affects the final decision. A practical example of this is political sta-
bility, which is difficult to measure and convert into quantitative form. An expert can provide
an expert opinion on the political stability of a country, but in this case, traditional models
that only work with quantitative criteria do not work.

Although almost all criteria in this study are numerical and could also be handled using tra-
ditional TOPSIS, despite that fuzzy TOPSIS has been deliberately chosen to allow decision-
makers to replace criteria with qualitative variables in the future if needed, and the tool is
already capable of handling such inputs.
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1.4 Research questions

The study is guided by one main research question and three sub-questions:

1. How can country-level risks in renewable energy investments be systematically compared
in the early-stage market pre-selection phase?

1.1 What risk dimensions are identified in the literature as relevant for renewable energy
investment decisions? 1.2 How can these dimensions be translated into measurable country-
level indicators? 1.3 How does a fuzzy TOPSIS-based framework perform in ranking invest-
ment attractiveness across countries?

The first sub-question is addressed through a background literature. The second and third
sub-questions are addressed through the methodology-section. The overall of the thesis con-
tributes to the main question.

1.5 Scope and limitations

The empirical demonstration is limited to solar power investments and five European coun-
tries, using the most recently available data for each criterion. The model is designed as
a country-level screening tool and does not incorporate project-specific parameters such as
site characteristics, developer capabilities or detailed financial modelling. Equal weights are
applied across all criteria, which is a simplification, in practice, different investors prioritise
different factors. The weighting of criteria has a significant impact on the results, and the
case study should therefore be treated as a structured starting point for analysis rather than a
definitive ranking. Future applications could incorporate investor-specific weights to better
reflect real-world decision-making. The country sample is small and geographically con-
centrated. European countries tend to be institutionally similar, which limits the variation
captured by the model and may reduce its usefulness in emerging markets or regions with
weaker regulatory frameworks. Thus, the tool is made for analysing advanced economies
as such. Finally, the model is static and reflects conditions at a single point in time, which
means it does not capture how risks evolve over time.

1.6 Structure of the study

Figure one presents the conceptual research framework that guides the structure of this study.
The framework illustrates how country-level renewable energy investment risk is broken
down, measured, and translated into a country ranking.

The starting point is the observation that country-level differences in risk and financing con-
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ditions influence capital allocation decisions in renewable energy. These differences are
organised into risk dimensions identified in the background literature. Each dimension is
then operationalised into measurable country-level indicators, resulting in a total of thirteen
criteria that form the basis for cross-country comparison. The criteria are fed into a fuzzy
TOPSIS-based multi-criteria decision-making framework. The framework processes the cri-
teria through fuzzification, weighting, and ranking, and produces a closeness coefficient for
each country. The weighting structure can be adjusted, which allows the tool to reflect dif-
ferent investor priorities. The framework is developed from the perspective of early-stage
investors, who operate before detailed project-level financial modelling is undertaken. The
goal of the tool is therefore not to replace project-level analysis, but to support the country
pre-selection stage that precedes it. The output is an Excel-based decision-support tool that
produces a country ranking based on the defined criteria and weights.

Figure 1: Conceptual research framework

Chapter 2 reviews the renewable energy financing structures, risk dimensions, and existing
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MCDM applications. Chapter 3 presents the construction of the decision-support artefact,
including criteria definition, operationalisation, fuzzification and fuzzy TOPSIS computa-
tion. Chapter 4 demonstrates the application of the tool through a comparative country case
study and validates it through sensitivity analysis. Chapter 5 answers research questions,
discusses implications, limitation and avenues for further research.
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2 Background literature

The literature review is divided into four parts. Subsections 2.1 and 2.2 examines the fi-
nancing of renewable energy investments, with a focus on associated risks and the role of
country-level conditions. Subsection 2.3 introduces multi-criteria decision-making methods,
which form the methodological foundation of this study. Subsection 2.4 reviews existing
applications of MCDM methods in renewable energy investment evaluation.

2.1 Financing characteristics and the rationale for market pre-selection

RE investments are capital-intensive projects with high upfront costs and long operational
lifetimes. Most project expenses occur during the development and construction phases,
while revenues are generated gradually once the project is operational. Because of this, ac-
cess to external financing and the cost of capital are central to project feasibility (Donovan,
2015; Egli, Steffen & Schmidt, 2018). According to IRENA (2023a), RE investments are
mainly financed through market-based debt and equity. This financing is typically struc-
tured either at the project level or through corporate balance sheets (Steffen, 2018). In
project finance, investments are organised through a legally independent special purpose
vehicle (SPV), and lenders rely primarily on the project’s expected cash flows (Gatti, 2013;
Yescombe, 2014). In balance sheet financing, the sponsoring company funds the project
directly within its own capital structure.

Although these structures have different legal forms and risk allocations, both require pre-
dictable long-term cash flows. In practice, country-level economic and institutional environ-
ments influence the availability and cost of capital, which in turn affects the required returns
for RE investments (Steffen, 2020). The exposure to risks evolves over the project life cy-
cle, which typically progresses from development to construction and operation (Mohamadi,
2021). In the early development phase, projects face permitting and regulatory risks. Dur-
ing construction, technical and execution risks become central. Once operational, risks shift
toward electricity price volatility and policy stability. However, broad macroeconomic con-
ditions, regulatory credibility, and the quality of local financial systems influence the cost
of capital and the likelihood of successful financing across all these phases (Angelopoulos
et al., 2016).

Because early financing decisions rely heavily on expectations of future cash flows and
broader country conditions, selecting the right target market is a key risk-mitigation strat-
egy. Committing resources during the early development phase creates significant sunk
costs, such as expenses for site identification, feasibility studies, and initial permitting. If
a project fails to reach financial close due to high country-level risks, such as sudden reg-
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ulatory changes or high capital costs, these early investments are typically lost. Therefore,
investors must carefully screen and compare potential host countries before starting project-
specific development. The following section examines the main risk dimensions identified
in the literature and discusses their relevance for renewable energy investments.

2.2 Renewable energy risks and timing

To compare countries systematically, the overall country risk needs to be broken down into
specific categories. Furthermore, the exposure to these risks changes as a project moves from
development to construction and operation. The following detail the main risk dimensions
identified in the literature and explain how they affect renewable energy investments.

As for all investments, economic conditions form a critical part of the background risk envi-
ronment. Angelopoulos et al. (2016) use the cost of capital (WACC) as a key financial criteria
to capture how country-specific risks and policy conditions affect renewable energy invest-
ments. According to them, economic conditions are directly reflected in financing costs. For
example, Germany, which typically has a lower WACC on RE investments, reflects a stable
economic environment (Steffen et al., 2025). Lee & Zhong (2014) presented a three-level
“top-down” investment strategy for renewable energy investors, aiming to align investor in-
terests with renewable energy development. One level consisted of a global market analysis
that looked at economic criteria such as GDP, inflation, unemployment, exchange rates, and
credit ratings. Shinwari et al. (2022) demonstrate that economic growth facilitates technolog-
ical progress and strengthens investor confidence. Furthermore, an expert survey by IRENA
(2023b) identifies interest rates as the single most important macroeconomic factor, as they
directly dictate the cost of capital. Economic criteria are thus seen in the study as the basis
for the investment climate. Consequently, because these macroeconomic factors determine
the baseline cost of capital and long-term demand, they form an essential dimension for
structured cross-country comparison.

Policy risk constitutes another critical source of uncertainty for RE investments. In the Euro-
pean context, policy frameworks typically include renewable energy support schemes (such
as feed-in tariffs, feed-in premiums, or auctions), permitting procedures, grid access regula-
tions, and electricity market design, all of which shape the revenue stability and investment
risks faced by project developers. Differences in these regulatory systems and policy envi-
ronments affect the cost of financing investments (Angelopoulos et al., 2016). RE invest-
ments are also very sensitive to changes (Egli, Steffen & Schmidt, 2018). Because policy
design directly shapes revenue expectations and cost structures, it has a primary influence on
the overall risk–return profile of RE investments. Stable and transparent policy environments
reduce uncertainty and improve the predictability of cash flows, which is essential for secur-
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ing financing (Angelopoulos et al., 2016). Conversely, sudden regulatory shifts or complex
bureaucracies can severely damage project viability. Egli (2020) identifies policy risk as one
of the key sources of uncertainty affecting renewable energy investments and shows how its
importance has evolved over time. Overall, policy design and its stability form an essential
dimension for structured cross-country comparison of RE investment conditions.

Financing conditions constitute a separate and critical source of risk in renewable energy
projects, as they directly determine the feasibility and costs of the project throughout its life
cycle. As RE investments are capital-intensive the availability of financing and the terms of
capital play a decisive role in the outcome of the project. Empirical studies show that well-
developed financial systems encourage renewable energy investments by improving access
to credit and lowering financing costs for investors (Steffen, 2020; Steffen, 2018). Coun-
tries with deeper credit markets and stable banking sectors are therefore more attractive for
renewable energy investors seeking long-term project financing. Studies emphasize that fi-
nancing risk is closely linked to broader economic and political conditions and constitutes an
important source of uncertainty for investors. High capital costs, limited availability of long-
term debt financing, and strict loan terms can significantly increase the cost of capital, which
weakens the competitiveness of renewable energy projects (Egli, 2020; IRENA, 2023b). The
inclusion of financing-related factors in risk assessment frameworks is therefore essential for
explaining country-specific differences in the uptake of RE.

In addition to economic, policy and financing considerations, renewable energy projects are
also subject to resource risks, which stem from the project’s dependence on natural condi-
tions such as wind speeds or solar irradiance. Overestimating these resource levels can result
in lower than expected electricity generation and, consequently, reduced project revenues.
Resource risk has been identified as one of the key sources of uncertainty affecting renew-
able energy investments (Egli, 2020). As variability in natural resource availability directly
influences electricity output and project cash flows. Furthermore, investors face price volatil-
ity risk, even under supportive policy frameworks. In many policy designs, renewable energy
projects remain at least partly exposed to wholesale electricity price fluctuations, which can
affect revenue streams despite otherwise stable regulatory conditions (Egli, 2020).

Technology and management risks are frequently discussed in the renewable energy litera-
ture, particularly in the context of emerging markets. However, from a country risk perspec-
tive in advanced mature European markets, their explanatory power appears limited. The
technological maturity of different technologies is largely global, and differences between
EU countries reflect regulatory and grid-related factors rather than the underlying technol-
ogy itself (Egli, 2020; Polzin et al., 2019). Similarly, management risk such as lack of
project management experience is primarily project- and developer-specific and does not
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map cleanly onto country-level criteria. For these reasons, technology and management risk
are acknowledged as relevant project-level uncertainties but are not included as a separate
country-level risk category in this study.

Different risks affect different stages of the project in different volume. Macroeconomic
factors (such as interest rates and inflation) have a continuous impact. Policy risk is partic-
ularly significant during the planning and financing stages, but may also materialize during
the operational stage. Policy risks affect expected cash flows throughout the life cycle, but
are particularly decisive in investment decisions (Gatzert & Vogl, 2016).Financing condi-
tions influence projects throughout the life cycle. Financing risks develop in stages and do
not disappear when the project moves into the operational phase (Egli, 2020). Price and re-
source risks are often modeled as operational phase risks. Gatzert & Vogl (2016) emphasizes
that production and price risks affect cash flows, especially in the operational phase. Abba,
Balta-Ozkan & Hart (2022) states that resource risk typically materializes during the opera-
tional phase. Overall, the literature strongly supports the idea that risks are not discrete but
overlap throughout the life cycle. The risks can also be categorised according to these stages.
Table (1) uses the table created by Angelopoulos et al. (2016) in their study as a benchmark,
where risk types are categorised by stage. The first column of the table indicates the type of
risk and its significance at each stage of the project.

Table 1: Risk categories across project phases (adapted from Angelopoulos et al., 2016)

Category Planning Construction Operation

Economic X X X
Policy X X X
Financing X X X
Price & Resource X*

2.3 Multi-criteria decision-making methods in investment evaluation

Because country-level investment risk consists of multiple heterogeneous criteria that cannot
be reduced to a single criteria, a structured multi-criteria approach is required.Multi-criteria
decision-making (MCDM) refers to a group of decision problems where a finite set of alter-
natives is evaluated against multiple criteria (Hwang and Yoon, 1981; Chen, 2000). Rather
than relying on a single criteria, MCDM framework enable the simultaneous consideration
of multiple criteria. Such multidimensionallity is particularly relevant in RE investment con-
texts, where project attractiveness cannot be single handedly captured by financial metrics
alone.
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Formally, MCDM problems are commonly represented through a decision matrix describing
the performance of each alternative with respect to defined criteria, together with a vector
of criterion weights reflecting their relative importance (Chen, 2000). This representation
has been widely applied in decision analysis and has gained increasing attention in energy
planning and renewable energy investment studies, where multiple criteria and stakeholder
perspectives must be considered (Sahoo et al., 2025).

Among the available MCDM techniques, TOPSIS (Technique for Order Preference by Sim-
ilarity to Ideal Solution) is one of the most widely used methods. Originally introduced by
Hwang and Yoon (1981), TOPSIS ranks alternatives based on their geometric distance from
a positive ideal solution that maximizes beneficial criteria and minimizes cost criteria, and
from a negative ideal solution representing the opposite.

Despite these advantages, classical TOPSIS assumes that both performance ratings and cri-
terion weights are expressed as precise numerical values. In real-world investment decision-
making, however, information is often uncertain, qualitative, or linguistically expressed, re-
flecting expert judgment rather than measurable quantities. This limitation has motivated
the integration of fuzzy set theory into MCDM approaches. Chen (2000) proposed a fuzzy
TOPSIS extension in which linguistic assessments are represented using triangular fuzzy
numbers, enabling uncertainty and ambiguity in expert evaluations to be incorporated di-
rectly into the ranking procedure. Later applications in energy and infrastructure planning
as well as other areas confirm that fuzzy-based approaches work particularly well in envi-
ronments with incomplete data and subjective risk assessments. Among available methods,
fuzzy TOPSIS is suitable because it allows the integration of both quantitative and qualitative
criteria under uncertainty.

2.4 MCDM in renewable energy investment risk assessment

Many studies have applied multi-criteria decision-making (MCDM) methods to renewable
energy planning, project selection, and investment evaluation. These studies typically use
techniques such as TOPSIS, fuzzy logic–based extensions, and hybrid MCDM models to
analyze situations that involve economic, technical, environmental, and regulatory criteria.
The use of MCDM reflects the multidimensional nature of renewable energy investments,
where uncertainty, qualitative expert opinions, and different stakeholder perspectives make
single financial indicators insufficient for decision-making (Hwang & Yoon, 1981; Chen,
2000; Sahoo et al., 2025).

Based on the review of existing literature on multi-criteria decision-making in RE invest-
ments overall, all the applications can broadly be grouped into three categories: (1) tech-
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nology or project selection, including site selection and comparison of renewable energy
technologies; (2) evaluation of policy environments, sustainability performance, or energy
planning strategies; and (3) investment and strategic decision analysis using hybrid MCDM
models (Sahoo et al., 2025; Kumar et al., 2017).

The TOPSIS method and its fuzzy extensions have been widely applied to solving various
practical problems where the goal is to rank alternatives based on several conflicting criteria.
For instance, Činčikaiṫ e & Meidute-Kavaliauskiene (2023) utilized the TOPSIS approach
to assess the attractiveness of the Baltic countries for foreign direct investment. The method
allowed for the combination of complex economic and political indicators, such as market
size and infrastructure level, into a single comparable index. In the context of supply chain
management, Kannan, Sousa Jabbour & Jabbour (2014) demonstrated the effectiveness of
the Fuzzy TOPSIS method in selecting green suppliers for a Brazilian electronics company.
The application of fuzzy logic helped to address the uncertainty and subjectivity inherent in
the decision-making process, where suppliers were evaluated based on their environmental
management practices. The method has also found application in the field of renewable en-
ergy. Bilgili et al. (2022) examined Turkey’s renewable energy alternatives using the Fuzzy
TOPSIS method. The study evaluated seven different energy forms against 25 criteria, iden-
tifying solar energy as the most optimal investment target for advancing Turkey’s sustainable
development goals. Gao, Zhou & Shafieezadeh (2025) investigated the selection of renew-
able energy sources for smart grids. Given that energy sources must be evaluated against
several conflicting criteria, including cost, efficiency and environmental impact, the Fuzzy
TOPSIS method was employed in the study. The findings suggest that Fuzzy TOPSIS is a
suitable tool for comparing renewable energy sources, as it is capable of accommodating
both multi-criteria decision-making and the uncertainty associated with it. Taken together,
these examples illustrate that TOPSIS-based methods provide a robust and versatile frame-
work for strategic decision-making across a wide range of business and societal contexts.

Despite these contributions, earlier research remains limited in scope. Many MCDM-based
renewable energy studies are context-specific, focusing on a single country, technology, or
project type, which reduces their usefulness for broader cross-country investment compar-
isons and they are not directly designed to facilitate the work of investors. Although fuzzy
TOPSIS and related methods are widely used for project-level or technology-level evalua-
tion, their application to systematic country-level renewable energy investment risk compar-
ison is still relatively rare. At the same time, global renewable energy risk indices mainly
provide descriptive benchmarking information rather than practical decision-support tools
that investors can directly use.

Existing studies thus rarely provide operational tools for country-level pre-screening before
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project-level financial modelling. Therefore, a clear research gap exists for a structured
decision-support framework that combines multidimensional country risks, financing condi-
tions, and uncertainty-aware evaluation into a single comparative tool. To address this gap,
the present study develops a fuzzy TOPSIS-based decision-support artefact for identifying,
weighting, and comparing country-level renewable energy investment risks.
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3 Methodology

The following sections present a reproducible decision-support tool for benchmarking country-
level risks. The tool first defines and structures the risk framework by translating literature-
based dimensions into a set of evaluation criteria. Next, it turns each dimension into country-
level criteria and documents the measurement choices, and direction of preference.

The chapter then introduces the multi-criteria decision-making (MCDM) framework. A ded-
icated subsection describes the fuzzification procedure used to map quantitative and qualita-
tive or ordinal criteria into a fuzzy representation. The following subsection details the fuzzy
TOPSIS computation, including normalisation, weighting, fuzzy ideal solutions, distance
measures, and the closeness coefficient used to produce the final country rankings.

Finally, the chapter documents the Excel implementation of the model and summarises how
the spreadsheet structure is constructed to enable replication.

3.1 Identification of alternatives, risk dimension and criteria

The criteria are structured into four dimensions comprising a total of thirteen criteria, so
that the dimensions can be expressed in a concrete, measurable form. Table (2) presents the
dimensions and their associated criteria. Through the background literature, the recognized
dimensions are economic, policy, financing and price & resource. The economic dimension
includes five selected criteria: GDP growth, gross investments (% of GDP), interest rate,
country credit rating and capacity revenue. The policy dimension comprises five criteria:
tariff level, tariff duration, administrative process length, policy instability and curtailment.
The financing include two criteria and price & resource dimensions include one criteria. The
financing variables are private sector credit availability (as a percentage of GDP) and bank
non-performing loans as a share of total gross loans. The price and resource criteria is limited
to electricity price volatility.
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Table 2: Hierarchical structure of dimensions and criteria

Dimension Criterion

Economic

GDP growth

Gross investment (% of GDP)

Interest rate

Country credit rating

Capacity revenue

Policy

Tariff level

Tariff duration (years)

Administrative process length (months)

Policy instability (EPU index)

Curtailment

Financing
Private sector credit availability (% of GDP)

Bank nonperforming loans to total gross loans (%)

Price & Resource
Electricity price volatility

The criteria within each dimension were selected to represent the underlying risk factors as
accurately as possible on their ability to capture country-level variation in renewable energy
investment conditions. It should be noted that expert opinions were not used in selection of
the criteria, thus these criteria may not be the optimal criteria to present the underlying risk
but are more indicative at this stage.

In the following sections, we will go through the criteria one by one, as well as their opera-
tionalisation and interpretation.

3.2 Variable definitions and operationalisation

This section defines the exact meaning of each criteria included in the tool and, in addition,
detailed informative description of the data entered into the framework.

3.2.1 Economic dimension

GDP growth is selected as an criterion of the economic dimension because it can be seen
capturing the overall macroeconomic development and the investment ground as stated in
the background literature. The criteria is benefit type criteria, meaning the higher the value
of criteria the better off. The opposite is cost criteria, meaning the lower the value the worst
off.
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Gross investment as a share of GDP is selected as an criterion of the economic dimension
because it captures the overall level of capital formation and investment intensity within
the economy, which are associated with stronger growth prospects and a more favourable
investment environment. Like GDP, this criterion is also a benefit type.

Sovereign credit rating is selected as an criterion of the economic dimension because it cap-
tures country-level default risk and financing conditions that significantly impact the avail-
ability and cost of capital for all investments. As credit ratings are expressed on an ordinal
alphanumeric scale, they are transformed into a five-level ordinal classification to enable
integration within the fuzzy TOPSIS framework. The aggregation follows groupings as fol-
lows (S&P Global Rating used): ratings from AAA to AA are classified as very low risk, A+
to A as low risk, BBB+ to BBB as moderate risk, BB+ to B as high risk, and CCC or lower
as very high risk. Higher alphabetical order therefore indicate stronger creditworthiness and
more favourable financing conditions for investors.

The interest rate is selected as an criterion of the economic dimension because it reflects the
cost of capital and investors’ required rate of return, which directly influence the financial
feasibility of renewable energy investments as also stated in the background literature. As
higher values imply less favourable financing conditions, the variable is treated as a cost-type
criterion.

The capacity revenue is selected as a criterion of the economic dimension because it captures
the annual economic value generated per unit of installed capacity by combining both the ca-
pacity factor (i.e. the utilisation rate of the technology) and the market value of the electricity
produced. In this way, it reflects not only how much a technology produces, but also when it
produces and the corresponding market prices it receives. As higher values indicate stronger
revenue generation potential and improved investment profitability, the variable is treated as
a benefit-type criterion. The calculation is detailed in Appendix 2.

A summary of the economic dimension variables is provided in Table 3 below.
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Table 3: Economic dimension criteria

Criterion Type Data type

GDP growth Benefit Quantitative
Gross investments
(% of GDP)

Benefit Quantitative

Interest rate Cost Quantitative
Country credit rat-
ing

Benefit Qualitative

Capacity revenue Benefit Quantitative

3.2.2 Policy dimension

Within the policy dimension, tariff level (in other words support scheme) is selected as a key
criteria because renewable energy support mechanisms largely shape revenue stability and
perceived investment risk as stated in background literature. The variable is operationalised
through the main renewable electricity support schemes used in Europe, including feed-in
tariffs (FiT), feed-in premiums (FiP), auctions or tenders, green certificate schemes (GC),
and investment grants (CEER, 2025). Feed-in tariffs guarantee producers a fixed price above
the market level for a defined contractual period, thereby providing high revenue certainty
(Kenton, 2025). Feed-in premiums compensate producers on top of the market price through
fixed or variable supplements, exposing investors more directly to market price fluctuations
(Energypedia, 2026). Auctions represent competitive procurement mechanisms in which
winning projects typically receive long-term contracts that stabilise revenues while still in-
volving competitive and implementation risks (Montel, 2024). Green certificate schemes
generate tradable proof of renewable electricity production and additional income streams
but leave investors strongly exposed to market price volatility. As credit ratings were ex-
pressed on an ordinal alphanumeric scale, so are the tariff level. They are also transformed
into a five-level ordinal classification to enable integration within the fuzzy TOPSIS frame-
work. The aggregation follows groupings as: feed-in tariffs are very low risk. Feed-in
premiums are low risk, tenders/auctions medium risk and certificates high risk. Addition-
ally other support schemes are given “no support/other” option which are defined as very
high risk. The ranking approach follows Polzin et al., 2019, which reviews how different
renewable energy policy support schemes influence investors’ risk and return profiles.

Tariff duration is included as a quantitative benefit-type variable because it can be seen that
longer and more secure support periods play a role in reducing financing costs, stabilising
expected revenues, and improving investment attractiveness, whereas shorter or uncertain
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durations increase risk and required returns as stated in background literature.

Administrative process length captures the time needed for planning and permitting renew-
able energy projects. Long or inefficient approval procedures can delay projects, increase
costs, and weaken expected investment returns. It is therefore treated as a cost-type variable,
where longer durations indicate a greater negative impact Longoria et al., 2024; McKinsey
& Company, 2025.

Policy instability reflects how unpredictable the regulatory and economic policy environ-
ment is. Such uncertainty increases perceived investment risk, raises the cost of capital, and
may delay investment decisions and renewable energy deployment (Steffen, 2020). This di-
mension is measured using the Economic Policy Uncertainty (EPU) index and treated as a
cost-type criteria. The EPU index is built from how frequently newspapers mention terms
related to economic policy and uncertainty, providing a country-specific measure of policy
uncertainty.

Curtailment ratio describes the deliberate reduction of technically feasible renewable elec-
tricity output due to grid balancing, safety, or infrastructure constraints, and is measured as
the ratio between curtailed and technically available renewable energy. Lower curtailment
ratios indicate more favorable investment conditions, meaning it is cost-type criteria.

Table 4: Policy dimension criteria

Criterion Type Data type

Tariff level Benefit type Qualitative
Tariff duration Benefit type Qualitative
Administrative process length
(month)

Cost type Quantitative

Policy instability (EPU Index) Cost type Quantitative
Curtailment Cost type Quantitative

3.2.3 Financing dimension

Within the financing dimension, two criteria are used to capture the availability and stability
of financial resources for investment. Private sector credit availability refers to the financial
resources provided by financial institutions to the private sector through instruments such as
loans, equity holdings, external securities purchases, trade credit, and other receivables that
create repayment obligations (World Bank, 2016). This criteria measures the depth of the fi-
nancial system, and because renewable energy investments are capital intensive and strongly
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dependent on debt financing, a higher private credit to GDP ratio indicates better access to
financing and more favorable investment conditions, making it a benefit-type indicator. The
second criteria, bank nonperforming loans as a share of total gross loans, reflects the propor-
tion of loans in a banking system that are significantly overdue or unlikely to be fully repaid
without collateral realization. It is calculated as the ratio of nonperforming loans. Typically
those more than 90 days past due to total gross loans (World Bank, 2026). Higher levels
of nonperforming loans signal weaker credit portfolio quality and increased stress in the
banking sector, which can constrain lending and raise financing costs. Consequently, lower
values of this variable indicate healthier financial conditions and more supportive investment
environments. This is a cost-type criteria.

Table 5: Financing dimension criteria

Criterion Type Data type

Private sector credit availability
(% of GDP)

Benefit type Quantitative

Bank nonperforming loans to
total gross loans (%)

Cost type Quantitative

3.2.4 Price & Resource dimension

Electricity price volatility is measured as the annual volatility of day-ahead spot prices and
is used to capture uncertainty in project cash-flow generation. Fluctuations in wholesale
prices are directly transmitted to plant revenues, creating instability in income streams and
complicating long-term financial planning. The interpretation of the variable is therefore
straightforward meaning higher price volatility increases financial risk and negatively affects
model outcomes, making it a cost-type criteria.

3.3 Multi-criteria decision making

The tool has been built in accordance with the fuzzy TOPSIS extension developed by Chen,
2000. The following sections describe in practical terms how the tool was constructed in
accordance with the fuzzy TOPSIS method.

3.3.1 Fuzzy representation of criteria

First, all evaluation criteria are converted into triangular fuzzy numbers so that different types
of data (qualitative and quantitative) can be handled in a common format before applying the
TOPSIS method. Also, the fuzzy approach makes it possible to explicitly account for the
uncertainty that comes with qualitative assessments.
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A triangular fuzzy number Ã = (a1,a2,a3) is defined by three parameters, where a1 is the
lower bound, a2 is the middle bound, and a3 is the upper bound. The corresponding mem-
bership function is defined as

µÃ(x) =

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎪⎩

0, x < a1,

x−a1

a2 −a1
, a1 ≤ x ≤ a2,

a3 − x
a3 −a2

, a2 ≤ x ≤ a3,

0, x > a3

(1)

For quantitative criteria, the triangular fuzzy number is defined directly from the observed
value. In practise, this means that

a1 = a2 = a3

so the triangular fuzzy number reduces to a single deterministic value. In other words, the
original numerical value is preserved, but expressed in a form that is compatible with the
fuzzy decision matrix. This ensures that both qualitative and quantitative criteria can be pro-
cessed within the same framework without altering the underlying quantitative information.

Qualitative criteria are converted into triangular fuzzy numbers using predefined rule-based
mapping. Each ordered category is assigned a triangular triplet that preserves its ranking.
Qualitative criteria are assessed on a five-level ordinal scale (Very low, Low, Medium, High,
Very High). The linguistic assesments are converted into triangular fuzzy numbers according
to table 6, where the numbers in parentheses in each row represent the lower, middle, and
upper bounds from left to right.

Table 6: Mapping of linguistic terms to triangular fuzzy numbers

Linguistic term Triangular fuzzy number (a1,a2,a3)

VL (1,1,3)
L (1,3,5)
M (3,5,7)
H (5,7,9)
VH (7,9,9)
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The categories are distributed across the 1–9 scale so that adjacent categories overlap, mean-
ing that the transition from one qualitative assessment to another is gradual rather than
abrupt. This reflects the nature of expert-type evaluations, where precise numerical bound-
aries are difficult to define. Although the criteria used in this study are not directly based on
expert judgement, the use of fuzzy logic is still justified due to uncertainty in the underlying
data. For example, country credit ratings are ultimately subjective assessments produced by
rating agencies and cannot be treated as fully objective or error-free measures. Representing
them as triangular fuzzy numbers allows this uncertainty to be retained in the model, instead
of forcing a single exact value. A similar issue arises with qualitative policy-related criteria,
such as the classification of support schemes. Even when policies are formally in place, their
actual implications for investors may vary over time, for example due to regulatory changes
or political uncertainty. In this sense, the meaning of a given category is not fixed. Using
a fuzzy approach also makes it possible to include both qualitative and quantitative criteria
within the same framework. If qualitative variables were instead converted into fixed numer-
ical scores, such as values on a 1–5 scale, they would implicitly be treated as equally precise
as statistical indicators like GDP growth or inflation. Fuzzy membership functions avoid
this by allowing gradual transitions between categories. For example, the boundary between
“moderate” and “high” risk is not sharp, and the fuzzy representation reflects this more real-
istically. Overall, the advantages of the fuzzy approach would become more pronounced in
cases where a larger share of the criteria is based on expert judgement. However, even in the
current setting, where most variables are quantitative, the use of fuzzy representations im-
proves the consistency of the framework and allows for the future inclusion of expert-based
assessments where needed.

The triangular fuzzy number approach follows Chen’s (2000) original fuzzy TOPSIS method
and is kept as is, because it is simple and widely used in similar applications.

3.3.2 Decision matrix construction

The fuzzy TOPSIS method is used to rank the countries based on the criteria defined earlier.
Once all criteria have been converted into triangular fuzzy numbers, the ranking is done
through the following steps. First the fuzzy decision matrix is constructed. The evaluation
framework consists of m alternatives (countries) and n = 13 criteria grouped under four
dimensions. Although the criteria are grouped into dimensions to keep the structure clear,
the fuzzy TOPSIS calculation is done at the criterion level.

The fuzzy decision matrix is defined as
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X̃ =

⎡⎢⎢⎢⎢⎣
x̃11 x̃12 . . . x̃1n

x̃21 x̃22 . . . x̃2n
...

... . . . ...
x̃m1 x̃m2 . . . x̃mn

⎤⎥⎥⎥⎥⎦ , (2)

where x̃i j represents the triangular fuzzy number associated with country i under criterion j.

Each column of the matrix corresponds to one criterion, and each row corresponds to one
alternative that is a country in this case. The matrix therefore contains the fuzzified values
of all criteria for all countries included in the analysis.

The fuzzy decision matrix forms the basis for the subsequent normalisation and weighting
steps in the fuzzy TOPSIS procedure.

3.3.3 Normalisation of fuzzy decision matrix

Since the criteria are measured on different scales, the fuzzy decision matrix must be nor-
malised before applying weights. Normalisation transforms all criteria onto a comparable
scale without changing their relative performance.

Let x̃i j = (ai j,bi j,ci j) be the triangular fuzzy number of country i under criterion j. The
normalised fuzzy value is written as r̃i j.

For benefit-type criteria (where higher values are preferred), the normalised value is calcu-
lated as

r̃i j =

(︄
ai j

c∗j
,
bi j

c∗j
,
ci j

c∗j

)︄
, (3)

where

c∗j = max
i
{ci j}. (4)

For cost-type criteria (where lower values are preferred), the normalised value is calculated
as
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r̃i j =

(︄
a−j
ci j

,
a−j
bi j

,
a−j
ai j

)︄
, (5)

where

a−j = min
i
{ai j}. (6)

This ensures that all normalised fuzzy values fall within the range [0,1], and that higher
values always mean better performance, regardless of the original scale.

The resulting normalised fuzzy decision matrix is then used as the basis for the weighting
step that follows.

3.3.4 Weighting of criteria

The model assigns weights directly to the criteria, without a separate weighting stage for
dimensions. Instead, each criterion is given an initial local weight reflecting its relative
importance. These weights are specified at the criterion level in the Excel-based tool.

Let wi denote the initial local weight assigned to criterion i. To ensure comparability and
that the weights sum to one, the local weights are normalised as

w̃i =
wi

∑
n
j=1 w j

, (7)

where n denotes the total number of criteria and w̃i is the normalised weight of criterion i.
The normalised weights therefore satisfy

n

∑
i=1

w̃i = 1. (8)

These normalised weights are used directly in the fuzzy TOPSIS calculation. The Excel-
based tool allows users to adjust the criterion-level weights to test alternative weighting
schemes and assess the sensitivity of the results to different assumptions regarding the rela-
tive importance of the criteria.
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3.3.5 Fuzzy positive and negative ideal solutions (FPIS, FNIS)

After normalisation and weighting, the next step is to define the fuzzy positive ideal solution
(FPIS) and the fuzzy negative ideal solution (FNIS).

The FPIS represents the best observed performance under each criterion, while the FNIS
represents the worst observed performance within the dataset.

Let ṽi j denote the weighted and normalised triangular fuzzy number of country i under cri-
terion j. For each criterion j, the FPIS and FNIS are determined as follows:

ṽ∗j = max
i
{ṽi j} (9)

ṽ−j = min
i
{ṽi j} (10)

The overall fuzzy positive ideal solution is then given by

A∗ = (ṽ∗1, ṽ
∗
2, . . . , ṽ

∗
n), (11)

and the fuzzy negative ideal solution by

A− = (ṽ−1 , ṽ
−
2 , . . . , ṽ

−
n ). (12)

Since all criteria have already been normalised so that higher values indicate better perfor-
mance, the FPIS is obtained by selecting the maximum value for each criterion, and the FNIS
is obtained by selecting the corresponding minimum value.

These two reference points are used in the next step to calculate how far each country is from
the ideal and the worst-case alternative.

3.3.6 Distance calculation

After defining the fuzzy positive ideal solution (FPIS) and the fuzzy negative ideal solution
(FNIS), the next step is to calculate the distance of each country from these two reference
points.
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The distance between two triangular fuzzy numbers Ã = (a1,a2,a3) and B̃ = (b1,b2,b3) is
calculated using the vertex method as

d(Ã, B̃) =

√︃
1
3
[(a1 −b1)2 +(a2 −b2)2 +(a3 −b3)2]. (13)

For each country i, two distance measures are calculated:

D∗
i =

n

∑
j=1

d(ṽi j, ṽ∗j), (14)

D−
i =

n

∑
j=1

d(ṽi j, ṽ−j ), (15)

where D∗
i denotes the distance of country i from the fuzzy positive ideal solution and D−

i

denotes the distance from the fuzzy negative ideal solution.

These two values measure how close each country is to the ideal and worst-case reference
alternatives.

3.3.7 Closeness coefficient and ranking

In the final step, the distances calculated in the previous section are combined into a single
score for each country. This score is called the closeness coefficient and it is used to produce
the final ranking.

The closeness coefficient for country i is defined as

CCi =
D−

i

D∗
i +D−

i
, (16)

where D∗
i is the distance to the fuzzy positive ideal solution (FPIS) and D−

i is the distance to
the fuzzy negative ideal solution (FNIS).

The value of CCi lies between 0 and 1. A higher value indicates that the country is closer to
the ideal solution and further from the negative ideal solution. The countries are ranked in
descending order based on their closeness coefficients.
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3.4 Implementation of the decision-support artefact into Excel

This section describes how the system has been implemented in Excel. s.

The tool is built in Microsoft Excel. The file contains nine sheets: Input, Results, 1_Fuzzifi-
cation, 2_Normalization, 3_Weighted, 4_Distances, Setup, Rules, Weights and country data.
Figure 1 shows a diagram of the sheets, their roles, and the order in which the calculations
are carried out.

Figure 2: RE country comparison tool diagram
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The spreadsheet is divided into two parts: supporting sheets and main calculation sheets.
The sheets visible to the user are input (the user enters data here) and results (the final results
are displayed here). These are the only points of contact for the end user (marked “For end
user use”). The calculation sheets are divided into four stages, which form the core of the
fuzzy TOPSIS process: 1_Fuzzification: on this sheet, numerical values are converted into
fuzzy numbers; 2_formalization: fuzzy values are normalized to make them comparable,
3_weighted: a weighted matrix is calculated, 4_distances: distances from FPIS and FNIS
are calculated. Additionally there are three support sheets, from which the target countries
to be examined are entered via country data. The setup and rules sheets are used to control
the fuzzification phase. The weights sheet is used to enter criterion-specific weights into the
3_weighted phase.

Next, we will go through the tool’s operation step by step. First, the user selects five countries
to be examined from the drop-down menu on the input tab, as shown in Figure 2, and defines
a value for each alternative criterion. The data for the countries is retrieved from the country
data tab. The values for the criteria are entered manually for quantitative variables and from
the drop-down menu for qualitative variables. The options for the qualitative criteria are
predefined in the Rules tab (see the operationalization of the criteria for more information on
the predefined rules on qualitative criteria).

Figure 3: Excel input sheet

The calculation begins by converting the criterion values inserted into the input sheet into
fuzzy numbers in the 1_fuzzification sheet. The method follows the method described in
section 3.3.1 in its entirety. Figures 4 illustrate, using a decision diagram, how the logic of
the Excel function that fuzzifies the criterion values is constructed. If the criterion value in
the input tab is quantitative, the function returns the criterion value as it is for each parameter
of that criterion (a = lower bound, b = middle bound, c = upper bound). If it is qualitative,
the function first searches the rules sheet for a predefined linguistic term (VL, H, M, L, or
VL) corresponding to the input value and then searches the setup tab for a fuzzy number
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parameter (a, b, or c) based on this linguistic term. The numerical value of the parameter is
determined by the linguistic term that has been formed for the criterion in question.

Figure 4: Excel 1_Fuzzification flowchart

Figure 5 shows the Excel sheet where the fuzzification formula is applied to the GDP growth
criterion. Additionally in the figure is included visual representation of how the function
works in practice for qualitative country credit ratings. First, the country credit rating level is
retrieved from the input sheet, then the linguistic term corresponding to the level is retrieved
from the rules sheet. Next, the linguistic term for the country credit rating level is converted
into a fuzzy number and transferred to the 1_fuzzification sheet.
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Figure 5: Excel 1_Fuzzification sheet and supportive sheets

After fuzzification, the fuzzified values are normalized on the 2_normalization sheet for
each criterion according to equations three and five in section 3.3.3, depending on whether
it is a benefit or cost criterion. Illustrative figure five below this section, which shows the
normalization formula for the GDP growth criterion.

Figure 6: Excel 2_Normalization sheet

Next, the fuzzified and normalized parameters are weighted with weights in the 3_weighted
tab. The weights are obtained from the weights sheet, where the weights are defined in
accordance with section 3.3.4.
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Figure 7: Excel 3_Weighted sheet and supportive sheet

After weighting, the fuzzy positive ideal solution (FPIS) and fuzzy negative ideal solution
(FNIS) are calculated, which are used to calculate the distance of each criterion and alter-
native from the positive and negative ideals. Figure 8 shows the vertex function (formula
13, discussed in section 3.3.6) in more understandable way. Here a*, b*, and c* represent
the fuzzy positive/negative ideal solutions (formulas 9-12), and a, b, and c represent the
parameters of the fuzzy numbers, which are normalized and weighted at this stage.
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Figure 8: Vertex method
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Figure 9 illustrates the structure of the distance sheet. Please note that the cells for calculating
the FPIS and FNIS criteria and the distances between alternatives are not shown in the figure
for technical reasons.

Figure 9: Excel 4_Distances sheet and supportive sheet

Finally, after getting FPIS and FNIS for every alternative, we get to the results sheet that
is represented in Figure 10, which shows the distance of countries from the positive ideal,
the distance from the negative ideal, the closeness coefficient (discussed in section 3.5.6,
formula 16), and the rank of closeness coefficient (ranks vary from 1 to 5). In addition, the
results are visualized with a scatter plot, which can be interpreted as follows: the closer a
country is to the origin on the x-axis and the further away on the y-axis, the more attractive
the country can be considered to be in terms of the given criteria.

Figure 10: Excel Results sheet
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4 Case study

In the next section, we will test the artifact with real data and perform a small-scale validation
using a sensitivity test.

4.1 Case selection and context

Five countries were selected for the case study: France, Germany, Greece, the Netherlands,
and Spain. PV solar with a capacity of 100 MW ground-mounted PV has been selected as
the investment technology to be simulated.

4.2 Data collection

GDP growth data is obtained from the World Bank World Development Indicators database
and measured as the annual percentage change in real gross domestic product at constant
2015 prices (USD). The most recent available observation for each country, corresponding to
the year 2024 is used in the analysis. The gross investment as a share of GDP data is obtained
from the same database and is defined as gross capital formation expressed as a percentage
of gross domestic product. The most recent available observation year also 2024. Credit
rating is obtained from the Trading Economics database for each country. The interest rate is
proxied by the ten-year sovereign goverment bond yield obtained from the OECD database.
The variable is measured as the annual average yield for the most recent available year that
is 2024. The capacity revenue uses the data from the ENTSO-E Transparency Platform.

In terms of tariff levels, all countries under review apply competitive auction or bidding
mechanisms to utility-scale (approximately 100 MW) solar power plants installed on land.
Consequently, the tariff level category is classified in all countries as tenders/auctions. The
duration of the tariff is based on the prevailing support scheme for utility-scale solar power
plants in each country. As support mechanisms are auction-specific and subject to change,
the analysis applies a simplified support period based on prevailing regulatory practice: 20
years in France, Germany, and Greece, 15 years in the Netherlands, and 12 years in Spain.
There was no centralized source of comparative data on the length of administrative pro-
cesses available. For this reason, a standardized default value for the duration of the ad-
ministrative process is used in the modeling for all countries. Policy instability is proxied
using the Economic Policy Uncetainty (EPU)-index using data from their own website. The
observation value used is from 2024 for each country. Curtailment has been calculated using
the curtailment figures reported by Accord to Beyond Fossil Fuels et al. (2024), which are
relative to each country’s total production. It should be noted that this criterion combines
solar and wind energy in the data and does not fully reflect solar curtailment amounts, but
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provides a general indication.

Domestic credit to private sector (% of GDP) has been collected from the World Bank
database. The latest observation value is from 2024. bank nonperforming loans as a share of
total gross loans (%) has also been retrieved from the World Bank database.

Electricity price volatility is calculated based on the annual volatility of electricity prices,
and the data is sourced from Ember’s website.

All data sources are attached in Appendix 3.

The table 7 lists each criterion and the value assigned to each criterion for each country in the
decision-making matrix. The abbreviations are GI = gross investment, IR = interest rate, CR
= capacity revenue, Dur = Tariff duration, Admin = administrative process (months), PSC
= private sector credit (& GDP), NPL = non-performing loans (%), Vol = electricity price
volatility, A/T = auctions/tenders, Curt. = curtailment.

Country GDP GI IR Rating CR Tariff Dur Admin EPU Curt. PSC NPL Vol
France 1.2 22 3.0 A+, A- 42513 A/T 20 48 517 EC 108.0 2.1 17.31
Germany -0.5 21 2.3 AAA, AA- 38107 A/T 20 48 825 EC 77.0 1.5 35.97
Greece 2.1 18 3.4 BBB-, BBB- 87866 A/T 20 48 106 EC 49.0 6.0 19.5
Netherlands 1.1 20 2.6 AAA, AA- 43857 A/T 15 48 78.31 EC 82.0 1.6 30.35
Spain 3.5 21 3.2 A+, A- 52004 A/T 12 48 186 EC 74.0 3.1 20.96

Table 7: Country comparison dataset

Looking at the input data, in terms of GDP growth, Greece (2.1%) and Spain (3.5%) stand
out positively, while Germany (-0.5%) is the only country with negative growth. Interest
rates range from 2.3% to 3.4%, with Greece having the highest (3.4%) and the Netherlands
the lowest (2.6%). In terms of credit ratings, the Netherlands (AAA/AA-) and Germany
(AAA/AA-) have the highest risk profiles, while Greece (BBB/BBB) has the lowest rating of
the countries examined. Capacity revenues (CR) are highest in Greece (87,866) and lowest
in Germany (38,107). Spain and the Netherlands rank between these two countries. This
suggests that the Greek market offers a higher potential level of return, but at the same time
it is associated with a weaker credit rating and higher financing costs. All countries use
an auction/tender (A/T) model as a support mechanism. The duration of the tariff varies
between 12 and 20 years; Spain has the shortest duration (12 years), while other countries
have durations of between 15 and 20 years. The administrative processing time has been
kept constant at 48 months in all countries, which eliminates the impact of this variable in
comparisons between countries for the reason mentioned above. Private sector credit relative
to GDP (PSC) is highest in France (108%) and lowest in Greece (49%). The non-performing
loan (NPL) ratio is clearly highest in Greece (6.0%) and lowest in Germany (1.5%), reflecting
differences in the risk profiles of the banking sectors, Germany being the most attractive.
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Electricity price volatility is highest in Germany (35.97) and the Netherlands (30.35), while
France has the lowest volatility (17.31). The dataset thus shows clear structural differences
between countries in terms of risk, market potential, and macroeconomic stability. Greece
stands out as a country with high return potential (MV) but also higher risk variables (IR,
NPL, lower rating). Germany and the Netherlands represent a more stable but lower return
profile. France and Spain fall between these extremes.

4.3 Results and validation

In the case study, countries were compared using the fuzzy TOPSIS method with equal
weights for all criteria. The results therefore purely reflect differences in country perfor-
mance across different areas. The model does not take into account any investor preferences
or highlight individual factors over others.

Based on the results (Table 8), the Netherlands ranks first (CC = 0.600). It is the closest
to the ideal solution and the furthest from the negative ideal solution among the countries
examined. This means that the Netherlands performs close to the best observed level across
several criteria and has no significant weaknesses compared to the other countries.

France (0.515) and Greece (0.513) rank second and third. The difference between them is
very small, meaning their overall position in the model is practically the same. Although their
individual strengths differ, their final scores in the TOPSIS calculation are almost identical.

Spain (0.454) ranks fourth. It falls notably behind the top two countries, but the gap between
it and France and Greece is not large. Spain’s result suggests that its performance is average
across most criteria, with no clear areas of strength.

Germany (0.381) ranks last. This is not due to any single weak criteria, but rather the com-
bined effect of several factors. In the TOPSIS method, a country ranks poorly if it is both far
from the best option and close to the worst option. Germany has the greatest distance from
the ideal solution and the smallest distance from the negative ideal solution. This means it
does not stand out enough in any criterion, but falls slightly behind the other countries in
several variables. The combined effect of these differences shows up in the final ranking.

Overall, the results show that, with a balanced weighting, the Netherlands clearly stands out,
the differences in the middle group are small, and Germany lags clearly behind.
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Table 8: Fuzzy TOPSIS results with equal criterion weights

Country Distance to Best (D+) Distance to Worst (D−) CC Rank

Netherlands 0.336 0.506 0.600 1
France 0.410 0.435 0.515 2
Greece 0.410 0.433 0.513 3
Spain 0.462 0.384 0.454 4
Germany 0.521 0.321 0.381 5

Below are the results in coordinate form in figure 11.
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Figure 11: Fuzzy TOPSIS distance comparison under equal weighting

To validate the model and show the impact of criterion weighting, the baseline results (equal
weights) are compared with the average after-tax WACC for utility-scale solar PV (2017–2022)
calculated by Steffen et al., 2025 (Table 9). WACC serves as a real-world measure of the risk
that investors perceive in a given country. As expected, the baseline TOPSIS ranking differs
from the WACC ordering. Under WACC, Germany is the most favorable market (lowest per-
ceived risk), whereas the baseline model ranked it last. This highlights that the model is not
directly comparable to WACC, as it treats all criteria equally regardless of their real-world
importance to investors.
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Table 9: After-tax WACC for utility-scale solar PV (average 2017–2022)

Country WACC (%)

Germany 1.5
France 4.4
Netherlands 4.4
Greece 5.6
Spain 7.2

Naturally, in practice, investors do not treat all criteria as equally important. In particular,
financing conditions have historically played a central role in investment decisions. The
weighted average cost of capital (WACC), a key determinant of project profitability, reflects
the cost of debt and equity and is influenced by both the risk-free rate and project-specific
risk premiums. The risk-free rate is closely linked to the general interest rate environment,
which reflects broader macroeconomic conditions. At the same time, in the case of renew-
able energy investments, factors such as policy stability, licensing procedures, and market
regulation, among others, affect the perceived risk of projects and therefore influence the
risk premium component of financing costs.

Given that these factors are widely recognized as important for investors, they may warrant
greater weight in the evaluation framework. To explore this and to assess the sensitivity of
the model to alternative weighting schemes, a finance-weighted scenario was implemented
(Table 10). In this scenario, 50% of the total weight is assigned to indicators representing
the financing environment (interest rate, credit rating, private sector credit availability, and
non-performing loans), thereby placing greater emphasis on factors that directly influence
financing conditions.
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Table 10: Criterion weights used in the validation scenario

Category Criterion Weight

Financing environment

Interest rate (IR) 0.15
Credit rating 0.15
Private sector credit (PSC) 0.10
Non-performing loans (NPL) 0.10

Market conditions

Market value (MV) 0.08
Capacity revenue (CR) 0.08
Electricity price volatility (Vol) 0.05
Capacity factor (CF) 0.05
Curtailment (Curt.) 0.04

Macro and policy factors

GDP growth 0.05
Gross investment (GI) 0.05
Tariff duration (Dur) 0.03
Economic policy uncertainty (EPU) 0.02
Administrative process (Admin) 0.00

Total 1.00

As shown in Table 11 and Figure 12, shifting to finance-oriented weights significantly changes
the ranking, bringing it closer to the real-world WACC observations. Germany climbs to
third place, reflecting its strong financial environment, while Greece drops to last place. This
sensitivity analysis shows that the model’s logic holds up: when given weights that reflect
market realities, it better approximates real-world risk and attractiveness profiles.

Table 11: Fuzzy TOPSIS results under finance-weighted scenario

Country Distance to Best (D+) Distance to Worst (D−) Result (CC) Rank

France 0.3708 0.5289 0.5879 2
Germany 0.4017 0.4896 0.5493 3
Greece 0.5583 0.3367 0.3762 5
Netherlands 0.3125 0.5780 0.6494 1
Spain 0.4654 0.4343 0.4827 4
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Figure 12: Fuzzy TOPSIS distance comparison under finance-weighted scenario
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5 Conclusion

The main research question of this study was how country-level risks in renewable energy
investments can be compared in a systematic way during the early-stage market pre-selection
phase. The results suggest that this can be done by combining different risk dimensions into
a single evaluation framework. In this study four dimensions to consider when choosing a
destination country were integrated using a fuzzy TOPSIS approach. The framework makes
it possible to compare countries in a structured way before moving to more detailed project-
level analysis.

Overall, the framework shows that comparing countries across multiple risk dimensions is
both feasible and useful in practice. Instead of relying on a single indicator or informal
judgement, the model brings together different types of information into one ranking. The
method is consistent with earlier research suggesting that renewable energy investment en-
vironments are inherently multidimensional (Angelopoulos et al., 2016; Egli, 2020). At the
same time, the results also make it clear that the outcome depends on how different criteria
are weighted. For this reason, the tool should be seen more as a support for structuring the
analysis than as a definitive answer.

The first sub-question focused on identifying relevant risk dimensions. Based on the liter-
ature, four dimensions were selected: economic, policy, financing, and price and resource
risks. Although these are often discussed at the project level or towards policy makers in a
certain country, the findings here indicate that they can also be applied at the country level.
In particular, macroeconomic conditions, policy stability, and financial market characteris-
tics influence both the cost and availability of capital, which are key factors for investment
decisions (Steffen, 2020; Angelopoulos et al., 2016). In addition, electricity market condi-
tions and resource variability affect expected revenues and should therefore be included in a
country-level assessment.

Technology and management risks were not included in the framework. While these are
relevant in many contexts, their role at the country level in developed European markets
appears to be more limited. Technologies such as utility-scale solar PV are already relatively
mature, and differences between countries are more related to regulation and grid conditions
than to the technology itself (Egli, 2020; Polzin et al., 2019). Management risk, on the other
hand, is largely project-specific and does not vary systematically between countries. The
selected dimensions therefore focus on structural factors that shape investment conditions
across markets.

The second research question concerned the operationalisation of the identified risk dimen-



48

sions into measurable criteria. The framework translated the dimensions into a set of country-
level evaluation criteria that can be systematically compared across investment environments.
One practical challenge here was the uneven availability of comparable data across countries.
This finding resonates with Giwah et al. (2023), who note that existing global renewable en-
ergy indices lack the granularity needed for country-specific investment decisions, partly
due to the same data availability constraints identified here. While macroeconomic indica-
tors are broadly available, several policy-related variables, such as administrative permitting
duration, lack standardised cross-country datasets. To address this, the demonstration phase
applied standardised default values. This approach reflects the intended role of the tool as a
support for expert-based evaluation rather than as a fully automated assessment model. This
allows the tool to be adapted to the available information and the specific requirements of
the analysis.

The use of fuzzy numbers allows both quantitative and qualitative criteria to be handled
within the same framework. This is particularly relevant for variables that are not precise
and exact measures, such as policy characteristics or credit ratings. Although in this case
most criteria were numerical, the fuzzy approach makes the model more flexible for future
applications where expert-based assessments may play a larger role.

The third sub-question looked at how the framework performs in practice. The case study
shows that the model produces a consistent ranking of countries, but also highlights that the
results are sensitive to the choice of weights. For example, when financing-related criteria are
given more weight, countries with strong financial conditions perform better. This is in line
with earlier findings that investors prioritize different things when considering investments
and, for example, as stated in background literature financing conditions are a key driver
of investment differences across countries (Steffen (2020)). This was naturally reflected in
the sensitivity analysis conducted; the ranking of countries was closer to the real-world cost
of capital when the weights of the financing criteria were adjusted based on the literature
to reflect reality. Furthermore, this only demonstrates that criteria are useless unless their
weighting is examined in conjunction with expert opinions. Meaning, it illustrates that the
ranking should always be interpreted in relation to the underlying weight assumptions.

Overall from a practical point of view, the framework can be used to organise information
during the early stages of market selection. Since renewable energy projects involve signif-
icant upfront costs, even before construction begins, being able to compare countries at an
early stage can help to prioritise resources and reduce unnecessary risk. The Excel-based
implementation makes it relatively easy to apply the model in practice.

At the same time, the framework has several limitations. The analysis is based on a small
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sample of countries and focuses on one technology, which limits how broadly the results can
be generalised. In addition, the model produces only relative rankings within the selected set
of countries. This means that the results depend on which countries are included and do not
represent an absolute measure of investment attractiveness.

Another limitation relates to the lack of expertise view on weights, as mentioned earlier. In
practice, investors value different risk factors differently. We sought to examine this using
sensitivity analysis, which clearly showed that the weights matter. Future research could
address this by incorporating more structured weighting methods, such as AHP, and by in-
volving industry experts in the process. At the same time, one could examine how experts
actually operationalize the criteria for these dimensions, and, on the other hand, what kinds
of tools investors currently use in their day-to-day work.

Finally, the model represents a static snapshot of market conditions. In reality, investment
environments change over time as policies, financial conditions, and technologies evolve.
Extending the framework to include dynamic or forward-looking elements could therefore
be a useful direction for future work. The tool could also be developed with a project-specific
focus. In addition to country-specific risk factors, project-specific criteria such as profitabil-
ity factors, technology, and stakeholder criteria, to name a few—could be incorporated into
the tool.
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Appendix 1 Excel formulas

Table A1: Representative Excel formulas used in the fuzzy TOPSIS tool

Step Sheet Excel formula
Fuzzification 1_Fuzzification =IF(ISNUMBER(Input!B3), Input!B3,

VLOOKUP(VLOOKUP(TRIM(Input!B3), Rules!$A:$D, 4,
FALSE), Setup!$B:$E, 2, FALSE))

Normalization 2_Normalization =1_Fuzzification!B3 / MAX(1_Fuzzification!$D:$D)
(Benefit-type)

Normalization 2_Normalization =MIN(1_Fuzzification!$H:$H) / 1_Fuzzification!J3
(Cost-type)

Weighting 3_Weighted =2_Normalization!B3 * Weights!$E$38
Vertex Distance 4_Distances =SQRT((1/3)*(POWER(3_Weighted!B3-3_Weighted!B$12,

2) + ...)) (Example for FPIS)
Aggregate Dist. 4_Distances =SUM(B4:P4)
Closeness (CC) Results =C2 / (C2 + B2)
Ranking Results =RANK.EQ(D2, D2:D6)
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Appendix 2 Bruegel formulas

CF =
∑t(MWt ·∆t)

MWinstalled ·∑t ∆t
(Capacity Factor, unitless [0-1])

MV =
∑t(MWt ·∆t ·Pt)

∑t(MWt ·∆t)
(Market Value, C/MWh)

CR =CF ·MV ·∑
t

∆t ·8760×10−3 (Annualised Capacity Revenue, C/kW/y)

Where:

• MWt : actual generated megawatts at time t

• ∆t: time step (0.25, 0.5, or 1.0 hours depending on data resolution)

• Pt : electricity price at time t

• MWinstalled: installed capacity, taken as the value recorded on 31 December of the
preceding year
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Table B2: Data sources and variables

Criterion Source Year Notes
GDP growth World Bank (WDI) 2024 Real GDP growth at con-

stant 2015 USD
Gross investment (% of
GDP)

World Bank (WDI) 2024 Gross capital formation as
share of GDP

Credit rating Trading Economics 2024 Sovereign credit rating
Interest rate OECD 2024 10-year government bond

yield (annual average)
Capacity revenue ENTSO-E 2024 Electricity market-based ca-

pacity revenue
Tariff level National sources – All countries classified as

auctions/tenders
Tariff duration National sources – 20y (FR, DE, GR), 15y

(NL), 12y (ES)
Administrative process
length

Assumption – Standardized value due to
missing data

Policy instability (EPU) EPU Index 2024 Policy uncertainty proxy
Curtailment Beyond Fossil Fuels

et al. (2024)
2024 Based on total renewable

curtailment (wind + solar)
Private sector credit (%
of GDP)

World Bank 2024 Financial depth indicator

Non-performing loans
(%)

World Bank 2024 Share of NPLs in total loans

Electricity price volatil-
ity

Ember 2024 Annual price volatility
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