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ABSTRACT

The 2015 Paris Agreement seeks to limit global temperature increase to well below 2°C
above pre-industrialised levels before the end of the century. To achieve this ambitious
target the electricity sector needs to be decarbonised. This low-carbon transition requires
substantial financial flows, and a re-allocation of capital towards low-carbon investments.
However, clean-energy investments in Europe are declining, and a diversified investors
landscape is becoming increasingly important to bridge the financing-gap, as strong
financial pressures threaten incumbent utilities’ role as investors. In order to support
private sector actors’ low-carbon investments, and prevent the lock-in of existing highcarbon technologies, effective policies are needed, which acknowledge the heterogeneity
and different micro-economic decisions of private sector actors.
This research develops an agent-based model called BRAIN-Energy (Bounded Rationality Agents INvestments) which analyses the strategic investment decisions in power
generation assets of different market players with bounded-rationality, and the effects
of their myopic and path-dependent choices and their interactions on the long-run evolution of the electricity sector to 2050. BRAIN-Energy aims to address a gap in existing
energy-modelling literature, where most studies assume homogeneous and perfectly rational agents, and lack attention to the actors’ heterogeneity and bounded-rationality.
Case studies are the UK, the German and the Italian electricity markets.
Results from BRAIN-Energy show how conducive conditions for an effective allocation of investments between low-carbon and conventional generation technologies are
determined by the interplay of the government’s and the market players’ strategies.
Moreover, BRAIN-Energy shows how an electricity sector with heterogeneous actors requires a stronger CO2 price to be decarbonised, which should be supported by frequent
carbon budgets to be effective. Results also show how market players’ heterogeneity
and bounded-rationality create barriers to climate change mitigation efforts, by affecting the scenarios environmental performance and political dimension, especially when
government intervention is lower. Hence, assuming rational and homogeneous agents
in energy system models could lead to ineffective policies for energy transitions.
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I M PA C T S TAT E M E N T

The insights generated by this research bring benefits both inside and outside of academia.
Inside of academia, this research contributes to further establishing a novel research
method, which to date has only been used to a limited degree yet in the energy sector, which allows to deviate from strict economic rationality assumptions that don’t
represent reality, and which allows to study the long-term development of the energy
sector as an emergent property of the strategies of heterogeneous agents. A couple of
papers which will present BRAIN-Energy and its main results are under preparation
for submission to academic peer-reviewed journals. Moreover, BRAIN-Energy and its
main outcomes have been presented at a number of conferences, listed at the end of the
Impact Statement.
Outside of academia, the outcomes of this research are of high policy relevance and
value for governments, and are directly relevant for current energy and climate policy making in the UK and internationally. In fact, the novel approach used in this
research could help governments understanding and quantifying the impacts that heterogeneous market players and their sub-optimal strategies and investments have on
the energy sector’s low-carbon transition, on aspects such as capital requirements, success in meeting the 2050 decarbonisation objectives and robustness and affordability
of the low-carbon transition. Therefore, insights generated by using BRAIN-Energy
could help governments correct the effects produced by heterogeneous market players
with bounded-rationality, which closely represent real-word actors. This would facilitate avoiding unintended consequences and perverse incentives that could cause the
lock-in of existing high-carbon technologies, and producing policies which could help to
effectively increase low-carbon investments towards the level required to ensure climateeffective capital allocation. Hence, this research could help addressing crucial UK and
international policy issues and priorities, such as reducing greenhouse gas emissions
and mitigating climate change, while making the energy system robust and affordable.
Moreover, insights from this project also benefit industries in the energy sector, such as
incumbent utilities and investors in the electricity sector, by helping them with decision-
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making in appraisals of new investments, and helping them to quantify the impacts of
imitation and path-dependency on their investment choices and subsequently on the
evolution of their market shares.
The impacts of this research have been initially disseminated by presenting BRAINEnergy and its main findings at major international energy sector conferences (at which
academics, policy-makers, and members of the industry were taking part), for which
the proceeding papers/ posters are:
• Barazza, E., (2018). “The low-carbon transition of the European electricity sector:
an agent-based approach to understand actors’ strategic investments in electricity
generation assets”. IAEE International Conference 2018, Groningen, The Netherlands: https://www.iaee.org/en/publications/proceedingssearch.aspx
• Barazza, E., (2017) “The low-carbon transition of the European electricity sector:
understanding actors’ strategic investment decisions in renewable generation assets through an agent-based approach” IAEE European Conference 2017, Vienna,
Austria: https://www.iaee.org/en/publications/proceedingssearch.aspx
• Barazza, E., (2016). The low-carbon transition of the European electricity sector:
understanding investment costs and actors’ strategic investment decisions in renewable energy generation assets through an agent-based approach. WholeSEM
2016 Annual Conference, Cambridge: http://www.wholesem.ac.uk/events/annualconference/annual-conf-16/docs/elsabarazzaposter2016
The findings of this research will also be disseminated by publishing two articles in
academic peer-reviewed journals once this thesis has been submitted.
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Part I
THESIS

1
INTRODUCTION

1.1

research context and motivation

Electricity production in Europe is still dominated by fossil fuels, which as of 2016 produced 48.7% of total net electricity in Europe1 . The electricity sector was the largest
producer of greenhouse gas (GHG) emissions in 2015, with a 26% share (source: Eurostat).
Therefore, given the large share of GHG emissions produced by the electricity sector,
to successfully mitigate climate change and achieve national and international decarbonisation targets it is key to decarbonise the power sector, with renewables accounting
for the largest share of electricity production by 2050. In fact, several studies showed
that the ambitious 2050 decarbonisation targets can be reached cost-effectively by decarbonising the electricity sector, and by subsequently electrifying transport and heating
(Anandarajah et al., 2009; Ekins et al., 2011; Williams et al., 2012).
The European Union (EU) is committed under the 2015 Paris Agreement to reduce
greenhouse gas emissions by 40% compared to 1990’s level by 2030. In its 2030 Framework for Climate and Energy the EU also pledged to increase the share of renewables
in final energy consumption to at least 27%, and to improve energy efficiency by at
least 27% by 2030. The EU’s 2030 Framework builds on its “20-20-20 targets” to reduce
greenhouse gas emissions by 20% to 2020, compared to the 1990’s level, to increase the
share of renewables in final energy consumption by 20% to 2020, and to increase energy
efficiency by 20% by 2020. The above-mentioned 2020 and 2030 EU targets are important milestones to achieve the long-term 2050 objectives, and are supported by national
strategies, which set out legally binding targets by 2030 and 2050 at national levels. In
1 http://ec.europa.eu/eurostat/statistics-explained/index.php?title=File:Net_electricity_generation,_EU28,_2016_(%25_of_total,_based_on_GWh).png
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fact, the UK has pledged in the 2008 Climate Change Act2 to reduce greenhouse gas
emissions by 80% by 2050 compared to the 1990’s level, and so have done other EU
countries among which Germany and Italy.
This low-carbon transformation of the electricity sector, which can be viewed as a
“socio-technical” transition, not only requires technological progress, but also a deep
transformation of the surrounding socio-economic context, regulatory environment, businesses and user practices (Geels, 2002) to be sustainable in the long term. Hence, it is
a complex transformation which involves multiple dimensions and which spans over
decades.
Vast financial investments are needed in the European power sector to build the necessary low-carbon infrastructure which will allow to meet the 2050 decarbonisation targets.
The IEA estimates that annual investments of USD 70 billion are needed in Europe to
2050, of which 70% in renewables, to meet decarbonisation targets and guarantee security of supply (IEA, 2016). Sub-chapter 4.6 provides a detailed overview and comparison
of the investment needs at a European, UK, German and Italian level.
However, clean energy investments in Europe, 63% of which were provided by private
sector actors in 2016 (CPI, 2017b), only reached USD 40.9 billion in 2017 (Frakfurt School
and FS-UNEP Collaborating Centre, 2018), highlighting a significant finance gap. As
private sector actors are the main providers of clean energy investments, to successfully
mobilise their investments into renewable energy technologies energy policies must be
based on a thorough understanding of private actors’ determinants of investment decisions, considering their heterogeneity and different microeconomic decisions and behaviours. In fact, especially as incumbent utilities are facing strong financial pressures,
which are putting their role as investors under question (Blyth et al., 2015), new types of
actors such as institutional investors and new financing niches (Bolton and Foxon, 2014)
and are becoming increasingly important to help facilitating the low-carbon transition
of the energy sector. Hence, private sector actors are a very heterogeneous group with
different investment strategies and motivations.
However, to date investment choices and their impacts on long-term energy scenarios are mainly studied through neo-classical economic models and bottom-up linear
cost-optimisation models, which assume perfectly rational and homogeneous agents,
neglecting attention to the influence of non-optimal economic behaviours and heuristic
aspects on actors’ strategic investment decisions (Wustenhagen and Menichetti, 2012),
2 https://www.legislation.gov.uk/ukpga/2008/27/contents

1.1 research context and motivation

and failing to capture the heterogeneity of investors’ preferences for different technologies and projects (Bergek et al., 2013) and their inter-connections, in the context of an
evolving technological and economic environment. This doesn’t represent reality, where
actors are heterogeneous, have bounded-rationality and do not always have adequate
foresight, and take satisficing rather than maximising choices which are not only influenced by costs and prices. These over-simplifications could limit and distort investment
flows in low-carbon technologies, leading to unintended consequences and perverse incentives that could cause the lock-in of existing high-carbon technologies (Unruh, 2000)
and prevent the achievement of the climate change mitigation targets. Trutnevyte (2016)
demonstrated that, when acknowledging non-cost optimal assumptions, cumulative system costs to decarbonise the UK electricity sector can deviate by up to 23% from those
forecasted under cost-optimal assumptions by linear-optimisation models. Such models
have been reviewed in sub-chapter 3.1.1, while efforts to integrate agents with boundedrationality in energy models, through simulation models such as system-dynamic models and agent-based models have been reviewed in sub-chapter 3.2.2 and 3.3.2 (which
also highlights BRAIN-Energy’s contributions compared to other existing agent-based
modelling studies in the electricity sector) respectively.
Therefore, a better representation of actors’ heterogeneity, bounded-rationality, pathdependent and adaptive behaviours is needed in energy system models to understand
the impacts that such factors have on the low-carbon transition of the electricity sector,
on the future pathways timings, investment requirements and technological structure,
and finally to understand the type of actors needed to deliver the necessary investments.
Finally incorporating actors’ heterogeneity and non-optimal economic behaviours in
energy models will help to understand how policies can address failures which arise
from these aspects to lead to a successful and sustainable low-carbon transition of the
electricity sector.
To overcome these limitations the BRAIN-Energy model (Bounded Rationality Agents
INvestments), an agent-based model, was developed in this research to model heterogeneous agents in the energy sector, their diverse behaviours and complex interactions,
with the aim of studying the aggregate effects of the investment decisions of the market
players on the long-run evolution of the electricity sector to 2050, and to capture the
emergent techno-economic trends in low-carbon investments arising from the heterogeneous micro-economic investment strategies of the market players.
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The case studies used in this research are the UK, German and Italian electricity markets, and an explanation why these three countries have been chosen as case studies is
provided in sub-chapter 1.3.

1.2

research questions

This research, therefore, answers three questions:
1. Under which market design and institutional setting are generators and investors
in the electricity sector incentivised to invest more in new power generation assets?
2. To what extent do the non-optimal strategies and heterogeneity of the market players influence future investments and the electricity sector’s low-carbon pathways?
3. What type of market players are needed to successfully achieve the CO2 emissions
reduction targets and to have a politically feasible transition, and which are the
main and most important market players at 2050 in environmentally successful
and politically feasible scenarios?
The three research questions are answered by using BRAIN-Energy.
The first research question aims to explore which market design, hence which policies
and combinations of policies are more effective at stimulating higher capital investments
in the electricity sector. Hence this research question explores the strategies of the government agents in BRAIN-Energy, which are explained in sub-chapter 4.5.2, and for
which results are provided in sub-chapters 6.1.2 for the UK, 6.2.2 for Germany and
6.3.2 for Italy. By higher investments in the electricity sector, this project refers to both
higher low-carbon investments to bridge the financing-gap required to successfully decarbonise the electricity sector and mitigate climate change, and sufficient investments
in conventional generation technologies to provide back-up to intermittent renewables
and guarantee a stable supply of electricity. Hence, the government strategies and policy conditions which lead to a climate-effective capital allocation are investigated, and
which enable to satisfy the different dimensions of the energy policy “trilemma” for
future scenarios. The energy policy “trilemma” refers to the need of meeting decarbonisation targets in the energy sector, while at the same time improving energy security
and affordability for consumers.

1.3 explanation of case studies

The second research question aims to explore how the strategies of the market players,
their bounded-rationality and non-optimal micro-economic behaviours (such as pathdependency and imitation in investment choices) and heterogeneity influence future
investments and the electricity sector’s low-carbon pathways. The different types of
market players in the three countries and their strategies are explained in sub-chapter
4.5.1 and summarised in Table 4.10. Results of the impacts of the strategies of the
market players on BRAIN-Energy’s scenarios are explained in sub-chapters 6.1.3 for the
UK, 6.2.3 for Germany and 6.3.3 for Italy.
Finally the goal of the third research question is to understand which types of market players (Table 4.10) help delivering substantial low-carbon investments to enable a
successful low-carbon transition, while guaranteeing a robust and secure supply of electricity. This last question also explores which players manage to “survive” through the
low-carbon transition thanks to their strategies, by increasing their aggregated market
share through the years and becoming the main players of the electricity markets in
2050.
The different country set-ups of the UK, German and Italian electricity markets serve
as a background for all three research questions.

1.3

explanation of case studies

The UK, German and Italian electricity markets are the three case studies in this research
(Figure 1.1).
The German, UK and Italian electricity markets are among the largest electricity markets in Europe, and are of great importance within the European electricity system
because of their high degree of interconnection with other European markets. In 2016,
according to Eurostat statistics, the German electricity market was the biggest in Europe,
accounting for 19.8% of total EU’s (EU 28 countries) net electricity production, ahead of
France (17.2%), the UK (10.5%), and Italy (9.5%)3 . France was not chosen as a case study
for this research, as nuclear sources generate 80% of total electricity in France. Hence,
as nuclear is carbon free France is facing a less radical transformation of its electricity
sector as opposed to the UK, Italy and Germany.
Germany, Italy and the UK have committed to reduce their GHG emissions under the
Paris Agreement. They also committed to meet the EU’s 2030 targets to reduce emissions
3 for the full dataset see the Eurostat database
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by 40% compared to 1990’s level and to increase the share of energy produced from
renewable sources to 27% by 2030. Moreover, they are set to achieve their national legally
binding decarbonisation targets, such as reducing greenhouse gas emissions by 80% by
2050 compared to 1990’s level. As a result, all three countries are facing a substantial
investment challenge to decarbonise their electricity sectors, while maintaining security
of supply and affordability for consumers, which makes it relevant to study the lowcarbon transitions of their national power sectors.
The UK, Italy and Germany all went through the liberalisation and privatisation processes in the late 1990s, unbundling generation, transmission, distribution and supply
activities. However, despite the above mentioned similarities, the UK, German and Italian electricity markets also have substantial differences, especially with respect to the
existing energy mix of their electricity systems (explained in more detail in Chapter 2),
the level of electricity prices, the market structure, the institutional and governance arrangements, the number and type of actors, and their social norms and attitudes towards
different energy options (such as for example nuclear acceptance). In fact, Germany has
decided to phase out its nuclear fleet, Italy doesn’t have any nuclear installed capacity,
while the UK has committed to build a new nuclear plant and nuclear features as an
important generation technology in its future scenarios.
This research focuses on the differences in market structures (centralised or decentralised), types of actors and ownership of renewable assets, and institutional and governance arrangements (whether a market or a civil society logic prevails) (Figure 1.1). In
fact these are all relevant aspects, which have been taken into account when setting up
the scenarios for BRAIN-Energy (which are explained in Chapter 5), which were created
with the aim of exploring how heterogeneous market players and their non-optimal microeconomic behaviours influence low-carbon transition pathways, and what the best
government strategies are to lead to a successful and sustainable low-carbon transition.
Hence, given these differences, which will be explained in more detail in the following sub-chapters, these three countries are good case studies for this research. Figure
1.1 illustrates in a graphical way the three major differences highlighted above, where
the size of the circles represents the level of diversity and heterogeneity in actors and
renewables ownership structures in the three countries.

1.3 explanation of case studies

Figure 1.1: Country case studies summary
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1.3.1 Market structure

The UK electricity sector is a liberalised sector characterised by a concentrated private
ownership (Hall et al., 2016). Hence, as highlighted in Figure 1.1 it’s a centralised market.
The ownership of generation assets in the power sector is almost exclusively in the
hands of incumbent utilities (Hall et al., 2016), with the “Big 10”4 owning 85.8% of total
installed capacity in 2014 BEIS (2014). Supply activities are also dominated by the “Big
6”, who supplied around 82% of domestic clients in 2016 (Ofgem, 2017).
The German electricity sector is much more decentralised than the UK one, as also
shown in Figure 1.1. As opposed to the UK and Italy, it was not nationalised after the
second world war, but it remained in the hands of local governments and municipalities called “Stadtwerke”, which operated as monopolies in generation, transmission,
and distribution and supply activities in their regions (Hall et al., 2016). Following the
European Directive 96/92/EC the “Stadtwerke” (which are Germany’s municipal utilities) had to unbundle their activities, but nowadays the German electricity sector is still
characterised by a strong municipal, cooperative and community based presence. The
“Big 4” utilities in Germany5 owned 33.5% of total generation capacity in 2014 and they
generated 69% of total electricity production in 2015 (Bundesnetzagentur, 2016). Over
100 companies are operating in the conventional electricity generation sector in Germany (Brunekreeft et al., 2016). Distribution activities are operated by over a hundred
grid concessions (Hall et al., 2016), and the same fragmentation can be found in the
supply market which in 2016 counted more than 1,238 suppliers (Bundesnetzagentur,
2016). Final consumers in Germany are able to choose between 115 suppliers in their
area (Bundesnetzagentur, 2016).
The Italian electricity sector is rather centralised like the UK market, but in contrast
to the other two countries it’s characterised by a stronger government presence. In
fact, even though the Italian electricity market was liberalised and privatised following
the EU Directive 96/92/EC (know as “Bersani Decree”), the Italian government still
retains a 25% ownership share in the largest power producer Enel6 and a 30% share
in the second largest producer ENI7 . Moreover, the Government has a 29% share in
4 The “Big 10” include the “Big 6”, which are E.ON, RWE, Scottish Power, SSE, Centrica and EDF, plus other
four major power producers
5 These are E.ON, RWE, EnBW and Vattenfall
6 Enel had a 25.7% market share in 2016, according to data from the Italian Regulatory Authority for Energy,
Networks and Environment (ARERA)
7 ENI had a 8.6% market share in 2016 according to data from ARERA

1.3 explanation of case studies

Terna, which is the national grid operator. On the distribution side, in 2016 there were
138 distributors operating under concessions from the Italian government. However,
distribution remains heavily dominated by Enel through Enel Distribuzione, which in
2016 served about 86% of clients8 . Enel also dominates in supply activities to final clients
with a 35% market share9 .

1.3.2 Market players

The electricity systems in the UK, Germany and Italy also differ with regards to the type
and number of actors, and ownership of low-carbon assets.
In the UK ownership of low-carbon assets is less concentrated compared to thermal
assets, but the “Big 6” utilities still retained a 47% share in 2014 (BEIS, 2014). The ownership of renewable generation assets by non-corporate or community actors in the UK
is negligible at 0.3% (BEIS, 2014). Also, financial investments in the UK electricity sector
mostly come from utilities balance sheet investments, or from loans or project finance
from major international commercial banks. It is estimated that in recent years the “Big
6” utilities in the UK provided around 50% of total generation capacity investments
(BNEF, 2012; Blyth et al., 2015).
In Germany, in contrast, the ownership of renewable generation assets is extremely
fragmented and diverse (hence Germany is the biggest circle in Figure 1.1). Noncorporate and non-state models dominate. The “Big 4” only own 12% of total RES
installed capacity (Trend:research, 2013), while private individuals (households, energycooperatives, communities, farmers) own 46% of it (Trend:research, 2013) and currently
deliver around 30% of total private investments in low-carbon assets (Brunekreeft et al.,
2016). The remaining 43% is owned by institutional investors10 (Brunekreeft et al., 2016).
Hence, there is a high diversification of ownership of the German renewable energy sector, which highlights the importance of new entrants, as opposed to the UK sector. The
same decentralisation can also be found in the financial sector, which is characterised
by numerous co-operative banks and saving banks (Sparkassen) with no-profit structures, which given their sizes also better match investments in smaller decentralised
low-carbon generation assets (Hall et al., 2016).

8 https://www.arera.it/it/dati/eemdis215.htm
9 https://www.arera.it/it/dati/eem90.htm
10 Insurance companies and pension funds
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Finally, in Italy the ownership of low-carbon generation assets very much depends
on the type of generation. In fact, hydroelectric plants (which are the biggest source
of renewable energy in Italy) have a centralised ownership, and are mainly owned by
big utilities (ENEL accounted for 38% of total hydro electrical generation in 2016). As
regards to other types of renewables, 32% of wind electricity was produced by major
groups in 2016, but only 1.2% of electricity generated from PV sources in 2016 was
generated by major groups11 .

1.3.3 Institutional and governance arrangements

Further differences between the German, UK and Italian electricity markets lie in the
three countries’ institutional and governance arrangements. Chapter 2 provides further
information about the energy market regulations in these three countries.
Although all three countries have independent regulators, they differ in the way the
institutional and regulatory bodies and energy markets are organised regarding the
treatment of environmental, affordability and security of supply concerns, and in the
type of prevailing governance logic.
The prevailing governance logic in the UK (see Figure 1.1) is a market logic, even
though this logic is lately under pressure. In fact, we are witnessing an increased
government intervention in the electricity market to correct market failures and incentivise renewables, while maintaining affordability for consumers, and managing security
of supply through a capacity market with competitive auctions (Grubb and Newbery,
2018). Further discussion about this aspect is provided in sub-chapter 3.3.1.3.
In Germany a clear civil society governance framework prevails (see Figure 1.1). The
government subsidises low-carbon investments, manages security of supply less heavily
as in the UK through a capacity reserve (no capacity market is present in the German
electricity market), but the huge growth in low-carbon generation assets has come with
a heavy price for consumers (Brunekreeft et al., 2016).
In Italy a more government dominated logic prevails (see Figure 1.1), with the government owning a significant share in the major electricity producer, and the government substantially managing investments in renewable generation assets through feedin-tariffs and security of supply through an auction based capacity market which started
in 2018. This measures have, however, undermined affordability and contributed to in11 https://www.arera.it/it/dati/eem97.htm

1.3 explanation of case studies

crease electricity prices for consumers which in Italy are among the highest in Europe
(Drummond and Grubb, 2018).
In conclusion, as summarised in Figure 1.1 the UK, Germany and Italy are a great contrast and hence good case studies for this research, as they represent a different spectrum
of market structures (from more centralised as the UK, to highly decentralised as Germany), a different spectrum of governance arrangements (from more market oriented as
the UK, to more civil society oriented as Germany), and finally different types of renewables ownership structures. Therefore, these three countries represent good examples
for countries with similar market and governance arrangements in the electricity sector.
Moreover, as the aim of this research is to explore the impacts of heterogeneous market
players and of different governance structures on the long-term pathways decarbonisation of the electricity sector these three countries offer three different and interesting
perspectives to compare.
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This chapter provides a brief overview about recent developments in the European electricity market, in order to put this research and its aims into the wider context. Subsequently, this chapter briefly discusses the structures, legal frameworks and progress
towards meeting decarbonisation targets in the UK, German and Italian power sectors. The chapter concludes with a discussion about the amounts of capital investments
needed in the UK, German and Italian power sectors to successfully achieve the 2050
decarbonisation targets. This discussion serves as a reference for the investment requirements generated by BRAIN-Energy in the different scenarios, and to compare how heterogeneous actors with non-optimal strategies impact the capital costs of the low-carbon
transition.

2.1

global trends in the european electricity market

The European electricity market is undergoing a period of deep and structural transformations, which has been addressed in the literature as a “perfect storm” (Ruendiger
et al., 2014; The Oxford Institute for Energy Studies, 2016). A number of factors are
responsible for this transformation and crisis, such as the economic recession in Europe
and the subsequent slowly growing economic activity, the growth in decentralised and
renewable generation, and a decline in wholesale electricity prices coupled with a weak
and volatile EU ETS price1 (Ruendiger et al., 2014; The Oxford Institute for Energy Studies, 2016). In fact, wholesale electricity prices, which are currently too low to make
low-carbon investments financially viable (Ruendiger et al., 2014), have been declining
1 The EU ETS price fell from above EUR 20/mtCO2 in 2008 to below EUR 5/mtCO2 in 2013. From 2013 until
2017 the EU ETS price has constantly been between EUR5/mtCO2 and EUR 8/mtCO2 (source: EEX and
EEA (2017))
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in Europe over the past years due to two main reasons: lower than expected electricity
demand due to the economic crisis and more electricity produced from renewables. The
growing share of renewables in electricity generation has been incentivised by climate
change targets and various forms of subsidies to low-carbon investments. The main
instrument of the EU to incentivise investments in low-carbon assets and reduce GHG
emissions is the EU ETS (Emissions Trading Scheme), the world’s largest cap-and trade
carbon market, which however has been extensively criticised for its weakness (Helm,
2014, 2016; Grubb and Newbery, 2018).
As low-carbon assets have zero marginal costs (Helm, 2017), and as their electricity
is dispatched as a priority by the grid, they are reducing the running hours of conventional generation plants by pushing them out of the merit order. This is leading to lower
wholesale electricity prices (The Oxford Institute for Energy Studies, 2016; Ruendiger
et al., 2014; Blyth et al., 2015). Lower wholesale electricity prices make it difficult to
create the right incentives for new renewable investments to take place (hence subsidies are needed to correct this market failure), and also lead to lower “spark-spreads”2 ,
which affect incumbent utilities’ and conventional generators’ profit margins and financial positions. As a consequence of their tighter operating margins incumbent utilities are facing deteriorating credit ratings (Caldecott and McDaniels, 2014; BNEF, 2012).
Moreover, many conventional plants are reduced to stranded assets before the end of
their actual operating life and face early retirements by incumbent utilities (Caldecott
and McDaniels, 2014). Hence, incumbent utilities conventional business models are under question, and large incumbent utilities such as E.ON and RWE have divided their
conventional generation activities from their renewables and client services activities,
highlighting the need for new business models in the electricity sector.
The above described developments have led to security of supply concerns, and raised
concerns about the financial ability of incumbent utilities to deliver the ambitious lowcarbon investments (Grubb and Newbery, 2018; Caldecott and McDaniels, 2014; BNEF,
2012; Blyth et al., 2015) (the needed amounts are discussed in sub-chapter 2.2) necessary
to successfully achieve climate change targets. Further explanations of the difficult situation which incumbent utilities are facing are provided in sub-chapter 3.3.1.1. Therefore,
new type of actors and financing niches are becoming increasingly important to help
achieving the necessary low-carbon investment levels (see sub-chapter 3.3.1.2).
2 The spark-spread is the difference between the input costs of electricity generation (fuel and emission costs)
and the price at which generators are able to sell electricity at on the market

2.1 global trends in the european electricity market

This context and these developments motivated the introduction of different types of
actors with heterogeneous strategies in BRAIN-Energy, with the aim of understanding
what type of actors will survive through the low-carbon transition providing sufficient
low-carbon investments to successfully achieve the 2050 decarbonisation targets, and
which in contrast will face deteriorating market shares (linking directly to the third
research question discussed in sub-chapter 1.2).

2.1.1

The UK electricity market

Total electricity generation in the UK in 2017 was 336 TWh (BEIS, 2018a). The share of
coal in total electricity production has been decreasing year-on-year, and stood at 6.7%
in 2017. In contrast, the share of electricity produced through renewables is steadily increasing and reached 29.3% in 2017 (BEIS, 2018a), mainly driven by higher wind and PV
capacity. The low-carbon share of electricity generation (which also includes electricity
produced through nuclear assets) reached a record high share of 50% (BEIS, 2018a) in
2017. Figure 2.1 illustrates the evolution of the share of electricity produced through
different technologies in the UK from 2014 to 2017.
Total installed capacity in the UK power market in 2017 was 81.2 GW. Total renewables
installed capacity reached 18.3 GW in 20173 , of which 8.5 GW in wind and 2.2 GW in
PV (BEIS, 2018a) (Figure 2.2).
Despite the growth in renewables installed capacity in the UK over the last years,
and the growth in the total electricity produced through renewable sources, the share
of renewables in gross final energy consumption only stood at 9.3% in 2016 (source:
Eurostat 4 ), due to lack of progress in the transport and heating sectors5 (BEIS, 2018d;
House of Commons Energy and Climate Change Committee, 2016). Hence, the UK is
lagging behind its national target of reaching a 15%6 share of renewables in final energy
consumption by 2020. It is also lagging behind the EU target of reaching a 20% share of
renewables in final energy consumption in 2020.

3 18.3 GW is the de-rated capacity, the non-derated capacity stood at 40.5 GW in 2017 (source: BEIS (2018b)
4 http://ec.europa.eu/eurostat/tgm/table.do?tab=table&init=1&language=en&pcode=t2020_31&plugin=1
5 In 2016 renewables in heating only accounted for 7.7% of final consumption (against a national target of
12% by 2020) and only accounted for 4.8% in transport (against a national target of 10% by 2020) (BEIS
(2018d)
6 of which 30% of renewables in electricity production, 12% of renewables in heat and 10% of renewables in
transport by 2020
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Figure 2.1: Electricity production in the UK by source (source: BEIS (2018a))

Figure 2.2: Installed capacity in the UK electricity sector (source: BEIS (2018a))

2.1 global trends in the european electricity market

As regards to the main market players, the UK electricity market is dominated by the
“Big 6” utilities in both generation and supply activities, as discussed in more detail in
sub-chapter 1.3.2.
As regards to climate change targets, the UK was the first country in Europe to set
legally binding decarbonisation targets through the 2008 Climate Change Act7 , through
which the UK pledged to reduce greenhouse gas emissions (GHG) by 80% compared to
the 1990’s level by 2050. In order to facilitate the achievement of this ambitious longterm target, the Committee for Climate Change (CCC) sets out 5-yearly legally carbon
budgets, with the aim of reaching the 2050 target in a cost-effective way (CCC, 2015b).
The carbon budgets are proposed by the CCC and are approved and legislated by the
UK’s Department for Business, Energy and Industrial Strategy (BEIS).
In 2013 the UK Government introduced the Electricity Market Reform (EMR) which
is) based on four pillars (Grubb and Newbery, 2018). Firstly, the Carbon Price Floor
(CPF), to address the lack of a credible carbon price and to support the EU Emission
Trading Scheme (EU ETS). The CPF taxes electricity generation through conventional
sources by imposing a price on carbon which is equal to the Carbon Price Support rate
(CPS) plus the EU ETS rate. Secondly, the EMR defines an Emissions Performance Standard (EPS), which aims to limit CO2 emissions from new power station to 450 gm/kWh.
Thirdly, the EMR introduced Contracts for Difference (CfDs), with the aim of incentivising investments in low-carbon assets by providing stable and predictable returns to
low-carbon investors for 15 years, by having the UK Government paying for the difference between an agreed strike price and the prevailing electricity market price. Finally,
the EMR introduced a Capacity Market, directed at guaranteeing security of supply by
incentivising investments in conventional power plants through competitive capacity
auctions. Such capacity auctions aim to correct the fact that appropriate investment
incentives are missing to deliver sufficient capacity investments, and hence aim to guarantee a robust supply of electricity (Helm, 2017). The auction volumes are decided by
the UK Government, and aim at ensuring that there is enough capacity to meet UK’s
security standard.
The above reviewed targets, carbon budgets, and instruments of the EMR (except for
the EPS) have been incorporated in modelling terms in the UK version of BRAIN-Energy
(as explained in more detail in sub-chapter 4.5.2).

7 https://www.legislation.gov.uk/ukpga/2008/27/contents
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Figure 2.3: Electricity production in Germany by source (source: BMWi Energiedaten 2018)

2.1.2 The German electricity market

The German electricity market is the largest in Europe (see sub-chapter 1.3), and in 2017
total gross electricity production stood at 654 TWh8 . Total electricity demand was 600
TWh. 37% of total electricity was produced through coal9 in 2017, 13% through gas,
12% through nuclear and 34% through renewables. Figure 2.3 shows the evolution of
electricity production in Germany through different sources from 2014 to 2017.
Total installed capacity as of 2017 was in excess of 200 GW10 , with 43 GW of installed
PV and 51 GW of installed onshore wind. Germany has experienced a massive surge in
PV and onshore wind installed capacity, as illustrated in Figure 2.4.
Nevertheless, in 2016 renewables accounted for just 14.8% (source: Eurostat

11 )

of

gross final energy consumption, hence even though Germany shows a greater progress
than the UK in meeting the EU’s 2020 target, there are still improvements to be made
in order to reach a 20% share in 2020 as set-out by the EU’s “20-20-20” package. In
Germany, the share of renewables in the transport sector is especially lagging behind,
and only stood at 5.2% in 2016 (BMWi, 2017) .

8 BMWi Energiedaten 2018, https://www.bmwi.de/Redaktion/DE/Binaer/Energiedaten/energiedatengesamt-xls.html
9 of
which
23%
by
lignite
plants
in
207
(BMWi
Energiedated
2018,
https://www.bmwi.de/Redaktion/DE/Binaer/Energiedaten/energiedaten-gesamt-xls.html
10 https://www.energy-charts.de/power_inst.htm
11 http://ec.europa.eu/eurostat/tgm/table.do?tab=table&init=1&language=en&pcode=t2020_31&plugin=1
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Figure 2.4: Installed capacity in the German electricity sector (source: Fraunhofer Institute Energy Charts)

As for the UK, the main market players in the German power sector in both lowcarbon and conventional generation were discussed in sub-chapter 1.3.
As regards to energy policy in Germany, the “Energy Concept” in 2010 set for the first
time the target of achieving at least an 80% share of total electricity produced trough
renewables in 2050, and to cut GHG by 80% compared to the 1990’s level by 2050,
and to increase the share of renewables in final energy consumption to 60% in 2050.
Following the Fukishima nuclear disaster in 2011, the German Government also set-out
to abandon nuclear energy by 2022, shutting down all nuclear power stations gradually
by 2022. To enable this ambitious low-carbon transition of the energy sector, referred to
as “Energiewende” in German, the German government relies on feed-in tariffs (FIT) to
support investments in renewables, which were first introduced by the 2000 Renewable
Energy Sources Act (Erneuerbare Energien Gesetz, EEG). The FIT rates are differentiated
by technology type and valid for a period of 20 years. The EEG also allowed electricity
generated from renewables to have a preferential grid access, also called “grid priority”.
Thanks to this regime renewables installed capacity quickly grew in Germany, even
though this quick expansion was accompanied by a heavy electricity price tag for final
consumers. The 2000 EEG was replaced by the 2014 EEG, and subsequently by the 2017
EEG

12 ,

which aims to increase the share of electricity produced through renewables to

12 http://www.gesetze-im-internet.de/eeg_2014/EEG_2017.pdf
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between 40% and 45% by 2025, to between 55% and 60% to 2035 and to at least 80% by
2050.
Such targets and the FITs mechanism have been modelled in the German version of
BRAIN-Energy, as explained in sub-chapter 4.5.2.
The EEG 2017 also sets out deployment corridors for renewable technologies expansion, and sets the way for a move from the FIT scheme to a more competitive auction
scheme. Deployment corridors are fixed amounts of renewable capacity which can be installed each year according to the EEG 2017, and are meant to control capacity volumes.
However, deployment corridors have not been modelled in BRAIN-Energy, to be able to
study how actors take investment decisions free of external constraints, and also FITs
instead of a competitive auction mechanism have been modelled, as this mechanism is
still new and not operational yet.

2.1.3 The Italian electricity market

Total net electricity production in Italy stood at 289.7 TWh in 201613 against an annual
demand for electricity of 295.5 TWh. Imports accounted for 14.6% of total annual electricity demand14 . In fact, the Italian electricity sector is characterised by a high import
dependency.
In 2016 44% of total electricity was produced by gas plants, 12% by coal and 37% by
renewables. Hydro is the largest renewable source in Italy (accounting for 15% of total
electricity production in 2016), followed by PV (8%) and onshore wind (6%) (Figure 2.5).
As of 2016 there were 52 GW of installed renewable capacity in Italy, of which 18.6
GW of hydro, 19 GW of PV and 9.4 GW of onshore wind (GSE, 2016a). PV in Italy
witnessed an impressive growth from 3.5 GW installed in 2010 to 19 GW in 2016 (GSE,
2016b).
Moreover, renewables in Italy accounted for 17.4% of gross final energy consumption
in 2016. Hence, Italy is not only doing better compared to the UK and Germany in
terms of share of electricity produced through renewables, but is also the closest of the
three countries in meeting the EU’s “2020-2020-2020” objective. Moreover, at 2016 Italy
already met the national 17% target of renewables in gross final energy consumption
by 2020 laid out in the Strategia Energetica Nazionale 2017 (Ministero dello Sviluppo
13 https://www.arera.it/it/dati/ees1bis.htm
14 https://www.arera.it/it/dati/ees1bis.htm
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Figure 2.5: Electricity production in Italy by source (source: ARERA)

Economico, 2017). The Strategia Energia Nazionale 2017 also sets out as a long-term
2050 target that electricity produced through renewables should reach at least an 80%
share by 2050.
The legal framework around incentives to renewable energy sources in Italy is very
fragmented and subject to frequent changes. Incentives and tools depend on the type of
renewable technology, on the size of the plants, and on the year in which the subsidies
are awarded (or year in which new plants start to operate). The Green Certificates
mechanism was established by the Legislative Decree 16 March 1999 (known as the
Bersani Decree), according to which a certain share of the total amount of the electricity
produced and fed into the grid by a producer had to come from renewable sources.
Following the introduction of the Legislative Decree 6 July 201215 , from 2013 the share
of electricity coming from renewables which each generator had to feed into the grid
was reduced each year until it reached zero at the end of 2015. The Green Certificates
mechanism ceased to exist at the end of 2015, and starting from 2016 it was replaced
by a feed-in tariff scheme, from which all renewable generation technologies can benefit
except PV. The level of the FIT payments is disciplined in the legislative Decree 6 July
2012.
As regards to PV, incentives were disciplined by the Conto Energia, also a FIT-like
type of scheme only for PV plants. This policy was first introduced in 2003 (First Conto
Energia), and was revised a few times until 2012, when the Fifth Conto Energia (the fifth
15 http://www.sviluppoeconomico.gov.it/images/stories/normativa/DM_6_luglio_2012_sf.pdf
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version of the legislation) was legislated. The Fifth Conto Energia set an aggregated cap
on public spending for PV incentives of EUR 6.7 billion16 , which was already exceeded
in July 2013, after which the subsidies under the Fifth Conto Energia came to an end.
Currently, PV in Italy is only subsidised through fiscal detractions of up to 50% on
retrofitting activities, which include rooftop solar panels.
Interestingly, regardless of the fact that renewable energy policy in Italy is so fragmented and subject to frequent change, Italy still managed to be successful in increasing
its renewable installed capacity and the share of electricity produced through renewables. This was especially due to the very quick growth of PV installed capacity thanks
to the Conto Energia. As mentioned earlier in this sub-chapter, PV installed capacity
grew massively from 3.5 GW in 2010 to 18 GW in 2013, the year in which the Fifth
Conto Energia ended. However, from 2013 to 2016 PV installed capacity only grew from
18 GW to 19 GW (GSE, 2016b), hence Italy now needs to be careful to sustain adequate
investment levels into renewable technologies over the next decades.
Moreover, Italy’s capacity market has suffered continuous delays to its implementation. Finally, at the beginning of 2018 final approvals were given for it to start. Italy’s
capacity market has been configured as a technology neutral instrument, which aims to
favour the most flexible generation sources. No competitive auctions have taken place
yet as of mid 2018.
In the Italian version of BRAIN-Energy a FIT scheme has been modelled for all renewable technologies, except for PV from 2014 onward, and also the capacity market has
been introduced in BRAIN-Energy (see sub-chapter 4.5.2).

2.2

investment needs and actual investment trends

Several studies have explored if decarbonising the electricity sector to meet decarbonisation targets, while maintaining security of supply and affordability for consumers,
is economically feasible and what the associated cumulative and annual investment
needs are.

Analysis has been done using energy-economy models, such as linear-

optimisation models and general-equilibrium models, and accounting methodologies.
Linear-optimisation models (reviewed in sub-chapter 3.1.1) minimise total discounted
energy system costs by finding future least-cost pathways, and provide a high level of
technological detail. Such models generally report economic impacts of future path16 https://www.gse.it/servizi-per-te/fotovoltaico/conto-energia
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ways in terms of marginal cost of CO2, total energy system costs, welfare losses and
impacts on GDP. In contrast, general equilibrium models (also reviewed in sub-chapter
3.1.1), which are integrated assessment models that cover all GHG emitting sectors in
the economy and their interactions, analyse the macroeconomic impacts of climate policies aimed at achieving specific emission reduction targets, and estimate costs of climate
mitigation policies as percentage loss in GDP.
The IAE estimates that annual investments of USD 70 billion are needed in Europe in
the power sector to 2050 (of which 70% in renewables) to meet decarbonisation targets
and guarantee security of supply (IEA, 2016). The EU’s own annual investment estimates are similar and stand at EUR 54 to 80 billion for electricity generation between
2012 and 2050 to meet the 2050 decarbonisation targets, of which 75% to 80% in renewables (European Parliament, 2017). Further studies, such as the one by Greenpeace
(2015) estimated that annual investment in the European power sector could range from
EUR 139 to 172 billion a year to 2050, of which 70% in renewables. These yearly capital
investment estimates range between 0.35% and 1.12% of the EU-28’s 2017 GDP17 (Figure
2.6).
Studies performing conventional investment analysis, which is based on accounting
methodologies, estimate that in the UK cumulative capital investments of £110 billion
to 2020 (DECC, 2011) to £330 billion to 2030 (LSE, 2012) are needed. These and other
studies, such as the ones by (Ofgem, 2010a,b), LSE (2012), Ernst&Young (2009) and National Grid (2013) are based on scenarios, which are used to account for uncertainty in
creating possible future alternatives, that reach different levels of emissions reduction.
Across these studies, scenarios are constructed using different boundaries, methodologies, and projections of future demand and fuel prices. These factors all lead to a diverse
installed generation mix and to a different range of cumulative investment costs for the
time-frame under analysis. Across these studies, cumulative capital investment costs
have been calculated by multiplying the new installed capacity needed by the costs of
each technology, which can be derived from studies such as Mott McDonald (2010) and
BEIS (2016c). Further studies providing estimates of future capital investment requirements to decarbonise the UK electricity sector include the paper by Trutnevyte et al.
(2015), who argue that cumulative investment costs of £338bn to £436bn will be needed
up to 2030 for investments in new generation assets, and £ 1,041 billion to £ 1,237 billion
if financing costs are included, with the most expensive pathway being the one based on
17 based on Eurostat data: http://appsso.eurostat.ec.europa.eu/nui/setupDownloads.do
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decentralised small-scale generation and civil society’s leading role. However, this pathway becomes the least expensive if cost savings in heating and transport are included.
Therefore, the aggregated capital investment estimates of all the above reviewed studies at the UK level translate into annual investment requirements of between £7 billion
to £20 billion to successfully meet the 2050 decarbonisation goals in the UK. To put
these figures into context and be able to understand the magnitude of the required investments, these annual capital investment requirements amount to 0.3% to 0.9% of the
UK’s 2017 GDP18 (Figure 2.6). Hence, yearly capital requirements to decarbonise the UK
electricity sector are in a very similar range to the capital investment estimates at the EU
level. However, clean energy investment levels in the UK in 2017 reached (Figure 2.7)
only the lower range of estimated investment requirements in the literature.
Blyth et al. (2015) compare the studies by (Ofgem, 2010b,a), LSE (2012), Ernst&Young
(2009), National Grid (2013) and CCC (2013), translating the cumulative investment costs
into yearly capital expenditure figures, to make comparison across studies easier as they
have different time horizons. Moreover, they explain the differences in yearly capital
expenditure costs between the reviewed studies by investigating five variables: 1) total
demand for electricity, 2) total capacity installed in the system and retirement rates of
coal, gas and nuclear stations, 3) utilisation rates of plants, 4) share of demand supplied
by different technologies (technology mix), and 5) capital costs per unit. They conclude
that electricity demand assumptions, utilisation rates and technology mix are the most
important factors influencing the estimated capital requirements in the different studies.
In Germany Pregger et al. (2013) and (Nitsch et al., 2012) estimate that total annual
investment in low-carbon technologies of EUR 17 to 19 billion will be required in the
2020’s, EUR 20 billion around 2040 and EUR 22 billion in 2050 to achieve at least an 80%
share of electricity produced through renewables at 2050. A report by the Fraunhofer
ISE (2015) estimates the need of annual investments in the range of EUR 37 and 39 billion
to achieve an 85% share of electricity produced through renewables at 2050, with peaks
of EUR 49 billion a year. However, the high annual investment requirements estimated
in the report by the Fraunhofer ISE (2015) include total investments in the energy sector,
hence also investments in buildings, energy efficiency measures, and transport sector.
Therefore, in Germany annual capital investment requirements to decarbonise the power
sector could range between 0.7% and 1.7% of the country’s 2017 GDP (Figure 2.6), and
are the highest among the three countries case studies given the larger size of the power
18 based on Eurostat data: http://appsso.eurostat.ec.europa.eu/nui/setupDownloads.do
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sector in Germany, compared to the UK and Italy. However, clean energy investment
in 2017 in Germany were below any estimated amount by the reviewed studies (Figure
2.7).
As regards to Italy, Greenpeace (2013) created two scenarios for the Italian electricity
sector up to 2050 – “Reference” and “[r]evolution” scenario- and estimated that cumulative capital investments of EUR 272 billion are needed up to 2050 under the “Reference
scenario”, of which 72% for renewable energy. Hence, yearly investments of EUR 6.8
billion are needed under this scenario, that doesn’t meet decarbonisation targets. Under
the “[r]evolution” scenario total cumulative investments up to 2050 would need to be
scaled up to EUR 437 billion, which corresponds to EUR 10.9 billion a year, therefore an
increase of EUR 4.6 billion a year to successfully meet decarbonisation targets. Under
the “[r]evolution” scenario 86% of the investments are for renewables. Also the Ministry
of the Economic Development in the “Strategia Energetica Nazionale” (2017) (Ministero
dello Sviluppo Economico, 2017) estimated that yearly investments of EUR 4.1 billion
are needed in the electricity sector to 2025 to reach a 55% share of electricity produced
through renewables at 2030 and to entirely phase out coal. Hence, in Italy yearly capital investment estimates required for a successful low-carbon transition range between
0.7% and 1.2% of the country’s 2017 GDP19 (Figure 2.6). These are surprisingly high
amounts, especially if compared to estimated investment requirements at the EU and
UK level (which has a larger electricity market compared to Italy, but requires lower
investments in the future to meet the decarbonisation targets), especially if considering
the substantial progress that Italy has already done in meeting the 2020 decarbonisation targets, as explained in earlier in sub-chapter 2.1.3. However, these high estimated
capital requirements in Italy could be that high over the next decades, given the clean
energy investments in Italy suffered a sharp decline since 2012 (Figure 2.7).
Hence, as can be seen from the above reviewed studies there is a significant uncertainty range in the level of investments needed to successfully decarbonise the power
sector. This uncertainty range is driven by differences in the estimated electricity demand level, expected technology mix and level of installed capacity at 2050, decarbonisation expectations (expectations about the desired level of carbon intensity of power
generation and share of electricity to be produced through renewables at 2050) and in
the assumptions about the future values of capital costs of different technologies. However, out of all the studies reviewed above only the work by Trutnevyte et al. (2015)
19 based on Eurostat data: http://appsso.eurostat.ec.europa.eu/nui/setupDownloads.do
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Figure 2.6: Yearly capital investment requirements in Eu-28, UK, Germany and Italy as percentage of the countries’ GDP

takes into account the role of actors and of governance logics when constructing the
future scenarios of the UK electricity sector, and their impact on the future estimated
cumulative and annual investment costs. This study, however, uses a cost-appraisal
methodology to estimate the capital costs of future low-carbon electricity scenarios. The
dynamics of the actors and the different governance structures are represented as storylines, hence in a qualitative way. By using BRAIN-Energy, one of the aims of this
research is to understand in a quantitative modelling framework how actors’ heterogeneity and non-optimal strategies and different governance arrangements impact the
capital requirements of successful low-carbon scenarios.
As regards to actual clean energy investment levels over the past years (Figure 2.7),
despite the share of electricity produced through renewables reached 34% in 2017 in
Germany, 37% in Italy in 2016 and 29% in the UK in 2017 (as discussed earlier in subchapters 2.1.1 and 2.1.2 and 2.1.3), clean energy investments have been facing a downward trend since the peaks of 2010 and 2011 in Germany and Italy, and since 2015 in
the UK. In 2017, clean energy investments reached USD 7.6 billion in the UK, USD 10.4
billion in Germany and USD 1.7 billion in Italy (Frakfurt School and FS-UNEP Collaborating Centre, 2018), where cuts to feed-in tariffs to PV technologies have deterred clean
energy investment in recent years. Such declines in investment levels are mainly due to
cost reductions in the capital costs of renewable energy technologies. Total renewable
installed capacity (Figure 2.8) has been growing year on year in all the three countries,
even though the growth rate has slowed down significantly in Italy (between 2015 and
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Figure 2.7: Clean energy investments in UK, Germany and Italy (source: Frakfurt School and
FS-UNEP Collaborating Centre (2018); BNEF (2018))

2016 total renewable capacity only grew by 2% in Italy, and from 2016 to 2017 it only
grew by 1%). In Germany, the growth rate also slowed down in recent years, and only
stood at 8% between 2016 and 2017 compared to a record growth rate of 36% between
2009 and 2010.
Therefore, efforts should be made by policymakers to scale clean energy investments
up again, in order to be able to meet the 2030 and 2050 long-term climate change mitigation goals. This fact also constitutes a good argument for the need of using BRAINEnergy, as this model will allow to understand the governance mechanisms needed to
reach these higher needed levels of investment, and understand which market players
would do the investing.
To conclude, required investments to successfully meet the decarbonisation targets
should be maximum as high as 1.7% of a country’s GDP, which is a feasible amount
if compared with investment levels in other sectors of a country’s economy. Moreover,
enough money is potentially available to finance the low-carbon transition if investment
conditions in the power sector are right and stable, risks are kept low, and if policy
makers manage to encourage multiple and different financing sources in the electricity
sector (Blyth et al., 2015).
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Figure 2.8: Total renewable installed capacity in MW in UK, Germany and Italy (source: IRENA
(2018a))

3
L I T E R AT U R E R E V I E W

This chapter is divided into three main sections. Section 3.1 explores the main approaches which are currently used in the literature to inform future low-carbon transition pathways in the energy sector. Such approaches include energy-economy models,
scenario studies and transition literature. Section 3.2 focuses on evolutionary economics
as a useful theory to understand changes in the industry structure in the energy sector,
and how system dynamics approaches can capture these changes. Finally section 3.3
focuses on the main market players in the electricity sector and behavioural economics
as a tool to understand actors’ strategic investment decisions, and on the importance of
agent-based models (ABMs) to model such decisions in a quantitative way. The section
also provides an explanation of the main characteristics and limitations of ABMs, and
offers a review of the most prominent ABM studies in the energy and electricity sector,
highlighting how BRAIN-Energy compares to them.

3.1

3.1.1

the low-carbon transition of the energy sector

Energy-economy models

Energy system models can be divided into top-down and bottom-up models (Hourcade et al., 2006). Top-down models are characterised by a macroeconomic perspective and include models such as CGE (computable general equilibrium) models. CGE
models explore aggregate changes at a system level (such as changes in employment,
GDP, competitiveness), which are brought about by policy changes or other external
drivers of change. Such models, however, lack technological details according to the
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three-dimensional assessment of energy-economy models developed by Hourcade et al.
(2006).
On the other hand, bottom-up models are engineering-based models, and while they
have a lower macro-economic completeness, they however exhibit a higher degree of
technological representation. In fact, such models describe technologies in detail, and
as such are very useful to describe different types of technological configurations of the
future with different impacts on emission reduction goals. Bottom-up models include
the majority of energy system cost-optimisation models. Cost-optimisation models have
a detailed representation of technologies and infrastructures, energy services demand
and resources, and minimise total energy system costs based on end-point policy and
carbon constraints (Hughes and Strachan, 2010; Trutnevyte, 2016). Some important examples of bottom-up cost-optimisation models include MARKAL in the UK (Strachan
et al., 2008), which has been widely used to asses energy and environmental policy objectives at a national level, OSeMOSYS for developing countries (Howells et al., 2011),
TIMES/TIAM (Loulou, R., Labriet, 2008), MESSAGE, used by IIASA in the GEA (2012),
and LEAP (Heaps, 2012). Ventosa et al. (2005) divide energy system models into three
main categories: optimisation models, equilibrium models and simulation models and
Jebaraj and Iniyan (2006) and Pfenninger et al. (2014a) provide a detailed review of
energy system models.
Moreover, also most integrated assessment models (such as the ones used to inform
the Fifth Assessment of the Intergovernmental Panel on Climate Change (IPCC, 2014))
that cover all GHG emitting sectors in the economy and their interactions, and which
are used to create GHG emissions scenarios (Nakicenovic et al., 2000) and to analyse
the macroeconomic impacts of climate policies aimed at achieving specific emission
reduction targets, are based on cost-optimisation. Such models typically estimate costs
of climate mitigation policies as percentage loss in GDP.
Stern (2006) in the Stern Review argues that, if no actions are taken to mitigate climate
change, global average temperature increase could rise by as much as 5°C to 6°C in the
next century, causing an average 5-10% loss in global GDP. Costs for developing countries would be the highest and over 10% of their GDP. The Stern Review also estimates
that stabilising global emissions at 500-550ppm CO2e would cost around 1% of annual
global GDP by 2050. Hence, the costs of not taking action are greater than the costs of
mitigating climate change, and early action is desirable to avoid higher risks associated
with climate change and mitigation costs (Stern, 2006).

3.1 the low-carbon transition of the energy sector

Cost-optimisation models are widely used mainly because costs are among the main
drivers of the energy sector’s low-carbon transition. However, questions are arising
whether cost-optimisation models are appropriate to represent the real-world energy
transition (Trutnevyte, 2016). Trutnevyte (2016) demonstrated that, when acknowledging
non-cost optimal assumptions, cumulative system costs to decarbonise the UK electricity
sector can deviate by up to 23% from those forecasted under cost-optimal assumptions
by linear-optimisation models. In fact, even though cost-optimisation models focus on
the level of technological change needed to decarbonise the energy sector, and are very
important to explore what future physical configuration the energy system should have
to meet decarbonisation targets at a least-cost, and to understand if the low-carbon transition is technically feasible, they assume perfectly rational and utility-maximising agents,
such as a social planner, and assume that the economy always returns to a stable optimal
equilibrium which might not always be the case in real-world. Moreover, such models
have been criticised for not representing in a realistic manner the micro-economic decisions process of actors and firms (Hourcade et al., 2006).
Efforts have been made to improve actors’ representation and their decision-making
processes, by modelling actors with myopic foresight (Fuso Nerini et al., 2017; Keppo
and Strubegger, 2010), but these studies don’t address wider behavioural parameters
and still have a single decision-maker.

3.1.2

Scenario analysis

Scenario-based studies have been vastly used to study the low-carbon transition of the
energy sector. In fact, over recent years, the need to address the “trilemma” of reducing GHG emissions to mitigate climate change and reach national and international
emission reduction targets, while maintaining security of supply and affordability for
consumers, has given rise to a vast number of scenario studies (which are either the result of energy system models, or are used as inputs in energy system models) to inform
the possible future evolution and implications of the energy system.
Scenario analysis is a useful tool whenever there is uncertainty about the future, transitions span over long time frames, and present decisions determine future outcomes.
Scenarios can be described as the use of imagination to create possible alternative future situations, as they may evolve from the present, and they are useful to aid decision
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making in the present while the future remains uncertain (Hughes, 2009). They can
be “normative” or “exploratory”, and their objective is to improve protective and proactive decision making, and to help building consensus (Hughes and Strachan, 2010).
As regards to the methodology used to inform scenarios, these can be done by either
back-casting or forecasting (Rotmans et al., 2000).
Hughes and Strachan (2010) provide a critical review of the most prominent scenario studies for the energy sector done at the UK, European and global level, classifying
scenarios by their methodology, use and typology. Spataru et al. (2015) also provide a review of UK, European and global energy scenarios developed by governmental agencies,
non-governmental bodies and by industrial players.
The most prominent scenarios at the global level include the ones created by Nakicenovic et al. (2000) in the “Special Report on Emissions Scenarios”, which create future
ranges of global GHG emissions from all sectors of the economy, the modelling-based
ones created by the IEA (2016) in the “World Energy Outlook” through the WEM model
(World Energy model), which focus only on the global energy system, and the Global
Energy Assessment (GEA, 2012) created by the IIASA (International Institute for Applied Systems Analysis). Other prominent scenarios are the ones created within the
Deep Decarbonisation Pathways Project (Deep Decarbonization Pathways Project, 2015),
which has a global scope, but analysis is carried out at a single country level. In fact,
this project aims to analyse what single countries can do, given their national polices
and context, to contribute to the global effort of limiting global warming to 2°C. In each
country, a specialist local team produces deep decarbonisation pathways for the local
energy sector up to 2050, using a back-casting methodology, hence using the 2050 target
as a starting point, and working backwards through time to examine what necessary
conditions need to unfold to reach this target.
At the European level, the main energy sector scenarios to 2020, 2030 and 2050 were
created by the European Commission in the “Energy, transport and GHG emissions Trends to 2050 ” series, of which the latest study was published in 2016 and creates scenarios until 2050 (European Commission, 2016). Other scenarios done by the European
Commission are the ones included in the “Energy Roadmap 2050” (European Commission, 2012).
At the UK level scenario literature focusing on the energy sector is vast, as the UK
was the first European country to legislate legally binding GHG emission reduction
targets through the Climate Change Act (2008), and as a result of that scenario literature
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flourished. The most prominent scenarios are the one done by Anderson et al. (2008),
Strachan et al. (2008), Friends of the Earth (2006), UKERC (2013), CCC (2013), DECC
(2011) and National Grid (2016).
As regards to Germany, the most prominent studies are the ones done by Nitsch et al.
(2012), who develop three scenarios that reach an 80%-95% reduction of GHG emissions
by 2050 compared to 1990’s level, and by Pregger et al. (2013) which have been carried
out on behalf of the German Federal Ministry for the Environment, Nature Conservation
and Nuclear Safety (BMU), and are all based on future scenarios developed with a
back-casting methodology. Further prominent scenarios include the ones developed by
Prognos (2014), also created through a back-casting methodology.
At the Italian level Lanati and Gelmini (2011) create future scenarios for the electricity sector up to 2050 using the multi-regional MATISSE model, which is a MARKALTIMES based bottom-up linear optimisation model. Other scenario studies which focus
on Italy are the ones created by Greenpeace (2013), and the ones in the Strategia Energetica Nazionale (Ministero dello Sviluppo Economico, 2017). Finally, the report by
RSE Colloquia (2017) reviews the most important decarbonisation scenarios produced
at the Italian level through a variety of models, among which TIMES Italy and other
cost-optimisation models.
The majority of scenario studies are modeling-based (Hughes and Strachan, 2010):
this means that scenarios are the result of cost-optimisation models, the most important
of which have been reviewed above in sub-chapter 3.1.1.
Zafeiratou and Spataru (2014) and Spataru (2017) compare the future projections of
the most prominent scenarios at UK and global level respectively with actual historical
data, concluding that forecasting future energy system in an accurate way is a very
challenging task. Moreover, despite the advantages and usefulness of scenario studies
which have been described above, scenario studies have been increasingly criticised for
lacking attention to the role, actions and motivations of the actors involved in shaping the future of the energy sector, to the role of governance arrangements and to the
co-evolutionary processes between policy, technical, social and behavioural systems, as
they apply exogenous carbon constraints and treat policy as an external variable to
the analysis (Hughes and Strachan, 2010). Li (2017), Mercure et al. (2016) and Trutnevyte (2016) also emphasise that agents in real-world not necessarily act in a fully
rational way, and that scenarios based on cost-optimisation models fail to represent
agents’ bounded-rationality. Mercure et al. (2016) also point out that scenarios informed
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by cost-optimisation and equilibrium models fail to capture the interactions between
agents, and how these influence each other, and don’t account for the fact that multiple
solutions and path-dependency can arise from agents’ non-optimal investment decisions.
Finally scenarios based on cost-optimisation models have been criticised for not taking
into account the heterogeneity of actors (Bergek et al., 2013).
3.1.2.1

Socio-technical scenarios

Research on socio-technical scenarios developed by Hofman and Elzen (Elzen et al.,
2002; Elzen and Hofman, 2007; Hofman and Elzen, 2010) addresses the above mentioned issues. The authors created socio-technical scenarios, arguing that such scenarios
are useful to analyse the complexity of systems innovation needed to mitigate climate
change, and to design polices that successfully drive the low-carbon transition of the
energy sector.
Socio-technical scenarios give insights on how future transition pathways unfold as a
result of actors’ interactions and of the rules they act upon (Hofman and Elzen, 2010),
and as such they focus on the different types of actors involved in the low-carbon transition, their motivations, resources, and strategies, and on the co-evolution of technology
and society. The socio-technical scenarios are based on multi-level perspective theory
developed by Geels (2002) and Geels (2005), and explore what linkages should develop
between the different levels and dimensions to drive transition pathways.
However, the main limitations of socio-technical scenarios is that they are constructed
based on the taxonomy of transition pathways created by Geels and Schot (2007), and
as such the structure of each scenario is pre-determined, rather than unfolding from the
actors’ actions and motivation (Hughes et al., 2013). Moreover, socio-technical scenarios
are qualitative and are developed as “storylines”.
Also Foxon (2013) created three pathways within the “Realising Transition Pathways
Project”, which focus on the actions and role of actors and governance in shaping the
transition to a UK low carbon electricity system up to 2050. These scenarios - “Market
Rules”, “Central Coordination”, “Thousand Flowers” - complement research done on
socio-technical scenarios by Elzen and Hofman, by adding a co-evolutionary perspective to developing transition pathways, that allows to take into account actors’ choices
and economic factors (Foxon, 2013). Each of the three pathways has a different governance framing, which influences the behaviour and choices of the actor, and the three
governance arrangements have been constructed using a historical perspective on the
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UK electricity systems and identifying future pressures that could shape its evolution.
Under the “Market Rules” pathway, a “market logic” dominates the electricity sector,
and energy policy objectives are achieved by actors interacting freely in a liberalised
market. The key actors are large incumbent energy companies, which invest in large
scale coal and gas stations with CCS, nuclear, and on-and offshore wind technologies.
The “Central Coordination” pathway has been constructed to reflect the shift in governance which is happening in the UK energy sector (Finon, 2013), which is witnessing
an increased level of government intervention. The Central government, through the
“Strategic Energy Agency” is the dominant actor in this scenario. Large energy companies own big power stations, and the Government incentivises low-carbon generation
by issuing supply contracts. The focus is on large scale generation technologies, such
as nuclear, on- and offshore wind, and coal and gas stations with CCS. Finally, in the
“Thousand Flowers” pathways the civil society leads the transition. Dominant actors are
the local communities, NGOs and newly created energy service companies, which could
be new entrants or large incumbent utilities that diversified their business model. Key
technologies are small-scale distributed solutions, and energy efficiency projects play an
important role.
Barnacle et al. (2013) quantified the three scenarios developed by Foxon (2013) in
terms of installed generation mix, projected electricity demand and generation output.
Subsequently, Trutnevyte et al. (2014) linked the three scenarios to eight different energy
system models creating future pathways, by “translating” the qualitative “storylines”
into a set of assumptions for the models, but keeping governance settings and actors’
choices as “storylines”.
All the reviewed studies, however, are descriptive and qualitative. Hence, there is a
lack of modelling-based studies that focuses on the role of actors and their boundedrationality, explores co-evolution of the technical, social, and economic dimensions, and
that creates future pathways of the electricity sector as a result of heterogeneous actors’ decisions. However, the importance of incorporating governance logics and actors
choices into quantitative models has been emphasised by Hughes et al. (2013), who
highlight the advantages of “soft-linking” an appropriate technological system model
to a model focused on the choices of a system’s actors. “Soft-linking” such two models
could help representing the effects of actors’ decisions on the technological system, and
also how the technological evolution of the system influences actors’ choices (Hughes
et al., 2013), in other words the co-evolution of the two dimensions.
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3.1.3 Transition literature

Transition literature studies how societies can achieve sustainable development (Haxeltine et al., 2008), and for this reason transition studies offer useful insights into this
research to explore how the transformation of the electricity sector can be made sustainable in the long-term.
To be sustainable, the low-carbon transition of the energy sector will not only require
radical technological change, but also a deep transformation of the surrounding infrastructures, regulatory and economic environment, businesses and user practices. In fact,
sustainable development requires changes in institutions, cultural values and practices,
needs and wants (Kemp et al., 2007). Therefore, the energy sector faces a “sustainability
transition”, which can be defined as the long term, multi-dimensional and fundamental
transition of an existing “socio-technical regime” to a more sustainable way of production and consumption (Markard et al., 2012). The most influential transition literature to
date originates from the Netherlands, and is best known as “Dutch approach” (Chappin
and Ligtvoet, 2014). Markard et al. (2012) identify four main approaches in transition
studies which descend from the “Dutch approach”:
• The multi-level perspective (MLP) (Geels, 2002, 2005, 2011) is an “appreciative
theory” (Nelson and Winter, 1982) that combines ideas from evolutionary economics and technology studies. It builds up on the concept of “socio-technical
regime” developed by Rip and Kemp (1998), who argued that a technological
regime and the skills, rules and knowledge base that define it are grounded in
the surrounding institutions and infrastructures. MLP defines “socio-technical”
transitions as transitions that involve changes in the technological, cultural, social,
economic, political and institutional dimensions. Such transitions are the outcome
of dynamic non-linear processes at three levels (Geels, 2002): 1) the macro-level of
the “socio-technical landscape”, 2) the meso-level of the “socio-technical regime”,
which provides stability to the system and which is formed by the close interconnection between infrastructure, technology, business strategies and used practices. In the “socio-technical regime”, which is similar to the “technological regime”
(Nelson and Winter, 1982) or to the “technological paradigms” (Dosi, 1982), incremental technological innovation takes place, and here, in evolutionary economics
terms, mechanisms of selection and retention take place. The third and last level is
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3) the micro-level of the niche, where radical technological innovations take place
(Geels, 2005; Rotmans et al., 2001). Niches are insulated from the rest of the market, and are called “incubation rooms” for radical technologies (Schot, 1998). Here
radical innovation develops without selection pressures from the regime (Kemp
et al., 1998). According to the MLP transitions do not happen as abrupt changes,
but rather as a slow process of reconfiguration between the three levels that spans
over long timeframes. Hence, as the low-carbon transition of the energy sector is
complex, non-linear and takes place across various dimensions, the MLP provides
a valuable framework to analyse its sustainability and low-carbon transition.
• Strategic niche-management (SNM) (Kemp et al., 1998; Geels, 2005; Rotmans et al.,
2001) focuses on how innovation in niches grow, and how through networking and
experiments niches gain momentum and can successfully challenge the existing regime. Therefore, in contrast to MLP, SNM claims that sustainability transitions can
be brought about only by successful technological developments at the niche level
that gain momentum, without the need of changes at the regime and landscape
level.
• Technological innovation systems (TIS) (Markard and Truffer, 2008) emphasises
how not only individual actors and their technological choices determine technological transitions, but also the wider “innovation system”, which comprises
institutions and networks, which form between firms and increase their resource
base (Jacobsson and Johnson, 2000). Work done within the TIS literature also explores the blocking-points and the functions that support innovation within these
systems (Hekkert et al., 2007).
• Transition management (TM) (Rotmans et al., 2001) studies how governance arrangements can steer transition into a more sustainable direction and away from
lock-in of dominant technologies, by addressing the transition pressures on a sociotechnical regime, and coordinating a regime’s resources and adaptive capacity. To
this scope, agency and power play an important role (Smith et al., 2005). Also
Loorbach (2010) argues that a sound governance approach should create space for
actors, analysing their interactions and their learning process.
However, MLP is largely descriptive, and it has been mainly used to study historical and
ongoing transitions (Verbong and Geels, 2007) from a theoretical point of view. Similarly,
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TM and SNM are mainly descriptive too, and the role that niches play in sustainable
development has been mainly studied in descriptive historical case studies (Van der
Laak et al., 2007; Raven and Geels, 2010; Coenen et al., 2010). TIS, in contrast, has been
criticised for lacking attention to external factors (Markard et al., 2015), and it has been
claimed that TIS is “inward oriented and does not pay much attention to the system’s
environment” (Markard and Truffer, 2008), and that it doesn’t capture the emergence of
competing technologies and how these compete with dominant technologies (Markard
et al., 2015).
Moreover, Smith et al. (2005) find multi-level perspective “too descriptive and structural, leaving room for greater analysis of agency”. Markard et al. (2012) and Farla et al.
(2012) also emphasised the need for greater attention on actors’ dynamic in transition
studies, and highlighted the need for further research focusing on strategies and resources of firms, and how these and dynamic interactions between different actors shape
sustainability transitions. Another critique to the MLP has been made by Foxon (2011),
who argues that the multi-level perspective lacks attention to economic factors, such as
investments. To address this shortcoming, he proposes a co-evolutionary framework to
study sustainability transitions in the energy field. This co-evolutionary framework is
based on evolutionary economics theory, socio-technical transition concepts, innovation
system theory and institutional economics, which stresses the role of institutions in driving technological change and economic development. Moreover, the co-evolutionary
framework builds up on the work of Freeman and Louca (2001), who conceptualised
five sub-systems (science, technology, economy, politics and culture) and emphasised
the importance of studying not only the independent development of each sub-system,
but also their interdependencies and interactions. Similarly, Foxon (2011) identifies five
interacting systems (ecosystem, technologies, institutions, business strategies and user
practices), which evolve on their own, and also influence the evolution of the other
systems.
Stenzel and Frenzel (2008) used a co-evolutionary perspective to study from a qualitative point of view the strategic responses of incumbent utilities to policies promoting
renewable wind technologies in the UK, Spain and Germany. The authors concluded
that the different level of diffusion of wind technologies in the three countries results
from the utilities’ diverse strategic responses, and in the ability of creating “virtuous”
co-evolutionary cycles between firms’ technological strategies and their regulatory environment. The authors emphasise the need for further research on what conditions
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and policy design bring about these “virtuous” co-evolutionary cycles and proactive
responses by incumbent utilities.
Finally, Bolton and Foxon (2014) used a socio-technical perspective to study the investment challenge that the UK is facing to decarbonise the energy system, with the aim
of informing policy-making that can effectively mobilise investments, managing uncertainties and investment risk, and avoiding “lock-in” to non-optimal solutions. In fact,
the authors argue that thinking in socio-technical terms helps reduce lock-in of existing technologies, because it forces to take into consideration the wider fundamentals
of transitions, moving away from short term decisions. “Carbon lock-in” is a pathdependent progress driven by technological and institutional increasing returns to scale,
whereby economies remain locked into energy systems based on fossil fuels (Unruh,
2000). In other words, technology systems and the governing institutions co-evolve
through a process of positive feedback between technological infrastructures and institutions, which give rise to a “techno-institutional complex” that is hard to change and
prevents the development of alternative technologies (Unruh, 2000).
Therefore, although these four different transition approaches focus on actors and
stress the importance of the co-evolution between the technological and the social dimensions, hence addressing some of the above mentioned limitations of optimisation
models, the conceptual frameworks of the four transition approaches are difficult to operationalise in quantitative energy system models (Li et al., 2015a). In fact, as a result of
this transition studies to date are largely qualitative. Haxeltine et al. (2008) developed a
conceptual framework to analyse and simulate sustainability transitions based on sociotechnical transition theory. Bergman et al. (2008) then developed this framework into
an agent-based and system dynamic model. However, the model is a prototype and
does not focus on investments. Holtz et al. (2015) emphasised how societal transition
research would benefit from an expansion of modelling-based transition studies, which
could improve the understanding of sustainability transitions and assist more informed
policy-making. Li et al. (2015b) argue that a new energy modelling paradigm of sociotechnical energy transition (STET) models is emerging, which operationalise conceptual
socio-technical transitions into quantitative energy system models. This study reviews
most prominent STET models, among which the BLUE model (Li, 2017; Li and Strachan,
2017), a stochastic system dynamic model based on MLP covering the power, transport
and residential and buildings sectors, which is used to study the effects of actors’ inertia and non-optimal behaviours on energy sector’s pathways and on the achievement
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of the decarbonisation targets. In this model the non-optimal behaviours of the actors
are modeled by varying the market heterogeneity (the degree by which costs drive decisions) and the hurdle rates. Although wider aspects of non-optimal behaviour, such as
path-dependencies for example, are not explored in this model, and despite the fact that
BLUE doesn’t account for actor’s heterogeneity within single sectors of the energy sector, this study concludes that a socio-technical perspective and actors’ non-optimal behaviours, because of their influence on energy sector’s decarbonisation pathways, should
gain a central role in energy system models and not just been addressed in footnotes (Li,
2017).
In conclusion, this body of literature has been reviewed as it highlights the importance
of thinking in terms of agents, their interactions, and the co-evolution of their choices
with the wider socio-technical system, institutions and governance settings. It also highlights the importance of integrating these aspects in energy system models, which could
be very useful also to analyse how policies can address the investment challenge which
the energy sector is facing in order to make it sustainable in the long-term and mitigate
climate change - the ultimate aim of this project.

3.2

evolution of the industry structure

3.2.1 Evolutionary economics

The energy sector is undergoing a period of deep transformation as a result of climate
change regulations and technological change towards low-carbon production sources.
Especially in the European electricity sector, incumbent utilities active in power generation and supply, are facing a fundamental transformation, as explained in sub-chapter
2.1. In fact, their business models, which mainly rely on conventional fossil fuel power
generation, are under increasing pressure as a result of the higher amount of renewable technologies, which have very low marginal costs, and which are changing the way
power is generated and distributed. The question is how polices can address this transformation and steer it in a sustainable way, stimulating private actors investments in
low-carbon technologies, and how the structure of the industry is going to evolve as a
result of that.

3.2 evolution of the industry structure

To this scope, evolutionary economics which is based on seminal work by Nelson and
Winter (1982), and which studies the mechanisms that drive structural changes, innovations and transitions in an economic sector, offers valuable insights into this research.
Moreover, evolutionary economics is useful to inform policies in the energy sector, that
aim to stimulate innovation and steer the low-carbon transition into a sustainable direction (Van den Bergh et al., 2006). Moreover, Grubb et al. (2014) argue that evolutionary
economics should be one of the theories on which sound climate policies are based, especially to address strategic investments. For these reasons, evolutionary economics is
a useful and insightful theory for this research, and this chapter reviews the main concepts in evolutionary economics, which were also used to construct the model presented
in Chapter 4, called BRAIN-Energy (Bounded Rationality Agents INvestments).
Evolutionary economic theory has its foundations on work by Schumpeter, who viewed
economic growth as a process of “creative destruction” brought about by the capitalism,
which introduced new ways of production and transportation, new products, markets,
and organisational methods (Schumpeter, 1942). Therefore, economic progress in the
Schumpeterian view is generated from within the economy. Societies that let the process of “creative destruction” unfold naturally, without trying to block it, grow richer
and progress over time. While Schumpeter defined technological progress as a process
of “unfolding and creating new combinations” (Schumpeter, 1934), in evolutionary economics technological progress is also generated from within the economy, but it’s seen
as a process of innovation, selection and retention. Technological progress is generated
within a “technological regime”, which is understood as the co-ordinated outcome of
organisational and cognitive routines (Nelson and Winter, 1982) which constrain and
support technological progress (Dosi and Nelson, 1994). Within a “technological regime”, technological progress advances in an incremental, rather than radical way. Dosi
(1982) called this “technological paradigms” where technological progress advances in
an incremental way along “technological trajectories”.
Van den Bergh et al. (2006), Safarzyńska and Van den Bergh (2010) and Safarzyńska
et al. (2012) provide an overview of the main concepts in evolutionary economics, which
are important to design effective energy innovation policies. These are: bounded rationality, diversity, innovation, selection, path-dependency, lock-in and co-evolution. As opposed to neoclassical economic theory, in evolutionary economics agents have boundedrationality, which means that agents don’t have full information, and as such they take
satisficing rather than maximising choices. Choices are based on routines, habits and
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imitation, which are all informed by learning. Routines are like the genes in biology, and
are heritable from the previous generations, and selectable, in the sense that firms that
perform better than others increase their relative importance and grow over time. This
process of natural selection shapes the structure of an industry. Moreover, as agents have
bounded rationality, their behaviours are heterogeneous and this heterogeneity gives
rise to diversity of economic strategies, technologies and industry structures. Diversity
changes as a result of the process of innovation, which can be incremental or radical.
Selection reduces diversity, and repeated selection can lead to path-dependency. This
means that choices are based history, learning and imitation, which makes them adaptive. This process of increasing returns creates positive feedback mechanisms, which can
lead to lock-in of existing technologies. Last, but not least, co-evolution is another important concept in evolutionary economics. Co-evolution takes place when evolutionary
economics systems are linked together and influence the evolution of each-other. Of the
above reviewed evolutionary economic concepts, bounded-rationality, diversity, pathdependency, selection and co-evolution have been incorporated in BRAIN-Energy, as
explained in sub-chapter 4.1. How co-evolution takes place in BRAIN-Energy between
the outcomes of the market players’ investment choices and the surrounding policies
and governance structure has been explained in sub-chapter 4.3.
These concepts are all relevant to apply to the transition of the energy sector, as in real
world firms don’t have complete information when taking investment decisions, and
they have heterogeneous behaviours and strategies. Moreover, the energy sector has a
long-lived capital stock, which means that energy infrastructure has a long lifetime of
30 to 60 years (GEA, 2012). This results in inertia, and in a slow and path-dependent
transformation of the sector, which is “locked-in” to fossil fuel technologies (Unruh,
2000, 2002). Therefore, investment decisions taken over the next years by actors, will
determine installed capacity, associated emissions and the shape of the energy sector for
the next decades.
As such, using an evolutionary economics as opposed to a neo-classical perspective to
analyse the low-carbon transition of the energy sector is extremely relevant. Moreover,
it is useful to produce effective policies to mitigate climate change, which rather than
removing market failures as in neoclassical economic theory, focus on creating the right
conditions and selection environment for innovation to take place from the early phases
(Van den Bergh et al., 2006).

3.2 evolution of the industry structure

Witt (2008) and Safarzyńska and Van den Bergh (2010) provide an overview of the
main methods used in evolutionary economics models: these are evolutionary game
theory, evolutionary computation, selection dynamics and agent-based models (ABM).
While Kwasnicki (2002) reviews the main evolutionary economics models across sectors, Safarzyńska et al. (2012) focus on evolutionary economics models of sustainability
transitions in the energy sector, and argue that thinking in terms of evolutionary economics and evolutionary economics models can provide useful insights to research on
sustainability transitions and their management. Most evolutionary economics models
in the energy sector analyse the process of technological change. For example CarrilloHermosilla (2006) developed an evolutionary agent-based model to study the process
of technological change, and analyse how policies can avoid lock-in of existent inferior
environmental technologies. However, there are still few evolutionary economics models which analyse the low-carbon transition of the energy sector and low-carbon investments. On example is the study by Safarzynska and Van den Bergh (2011), who
developed an evolutionary model to study the transition from coal to gas in the UK
electricity sector using innovation-selection dynamic. As regards to ABMs using evolutionary economics theory Nannen and Van den Bergh (2010a) use an evolutionary ABM
to study climate policies aimed at tackling global warming taking into account agents
with heterogeneous strategies and bounded-rationality. Agents in this model are represented by national governments and regional authorities which are responsible for
energy policy. Such agents do not act in isolation, but they influence and imitate each
other with the ultimate aim of reducing fossil fuel energy in their nations or regions,
and improving the overall welfare of their areas.
Nevertheless, ABMs applying evolutionary economic concepts and studying the lowcarbon transition of the electricity sector remain limited to date: sub-chapter 3.3.2
provides a detailed overview of such models, highlighting their limitations and novelty
and contributions of BRAIN-Energy.

3.2.2 System dynamic models

Simulation models are adequate to represent the microeconomic behaviours and actions
of agents (i.e. firms) that give rise to macroeconomic patterns, as explained in evolutionary economics.
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System Dynamic Models (SDMs) are a type of simulation models, together with
ABMs. As explained in sub-chapter 3.1.1, simulation models can be placed among
bottom-up models (Hourcade et al., 2006), and are one of the three categories of models
identified by Ventosa et al. (2005) together with optimisation and equilibrium models.
As opposed to optimisation models, which find equilibria and minimal cost solutions,
SDMs are dynamic, and they are able to simulate non-linear dynamic behaviours of
complex systems and their effects over time. Dynamic complexity arises in systems
when they are dynamic, interlinked, governed by feedback, non-linear, adaptive and
history dependent (Sterman, 2000). As such, SDMs are good tools to study the lowcarbon transition of the energy system, which is non-linear, multi-level and dynamic (as
also emphasised by transition literature reviewed in sub-chapter 3.1.3), and to inform
policy analysis in the energy sector. Moreover, SDMs are in line with evolutionary
economics theory, which instead of being concerned with finding static equilibria like
neoclassical economic theory, is focused on the economic dynamics which shape the
structure of an industry as a result of the process of innovation, selection and retention
as explained in sub-chapter 3.2.1.
System dynamic theory was developed by J.W. Forrester during the 1960s as a tool
to help policy-making in complex systems, and it’s based on organisation- and decision
theory. It is a useful tool to model the interactions between technological, social, and
economic systems as emphasised by transition literature. SDMs are quantitative models
and simulate the interdependencies and casual effects between different components
of a complex system by using differential equations (Botterud, 2003). This is done by
using stock and flow variables. Hence, reinforcing and balancing feedback loops, and
the dynamic causalities arising from these are at the centre of the analysis in SDMs,
and in SDMs agents have bounded-rationality. Although in SDMs agents may be quite
aggregated, agents act according to simple decision rules, which dictate the behaviour
of a decision maker. These decision rules are usually based on behaviours of agents
which can be observed in real world, and the agents’ decisions are a consequence of
such rules.
SDMs have been widely used to study the structure of regulated and liberalised electricity markets. One of the first SDMs in energy systems analysis was developed by Naill
(1992) and mainly focused on analysing the impact of scarce resources on economic development. After that, SDMs analysing investments in power generation in deregulated
markets have flourished. Teufel et al. (2013) provide an overview of studies using SDMs
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in the electricity sector. The authors find that the analysis of cyclical investment behaviours of electricity generators dominate, and that SDMs are increasingly integrated
with other methodologies, such as credit risk theory and game theory (Sanchez et al.,
2008) and real-options approaches (Botterud, 2003). Also, SDMs have been integrated
with “Explanatory modelling and Analysis” methods developed by RAND Corporation
(Lempert et al., 2003) to systematically explore deep uncertainties in the sustainability
transition of the electricity sector and to test the robustness of polices in the energy sector (Pruyt et al., 2011). Deep uncertainties arise whenever it’s uncertain what processes
generate real-world dynamics, and when it’s uncertain what probabilities real-world
outcomes have (Lempert et al., 2003). Moreover, SDMs increasingly incorporate new
market designs and policies, and are used to create future scenarios which analyse how
to rapidly reduce carbon emissions from the electricity sector (Ford, 2008), and to study
new business models in the energy sector such as solar prosumers (Kubli, 2018).
However, although SDMs are powerful to explore complex sustainability transitions
and to study market players’ investment behaviours, an approach that allows to model
in greater detail the heterogeneous group of private investors and their different motivations would be best to study how policies can address the investment challenge that
the electricity sector is facing. This means using an agent-based approach (reviewed in
sub-chapter 3.3.2), which allows to take insights from transition theory and evolutionary
economics, rather than a SDM approach.

3.3

market players and strategic investment decisions

This sub-chapter reviews literature on the main actors involved in shaping the lowcarbon transition of the electricity sector, and the latest developments surrounding them.
It has been included in the literature review of this research as it provides some background and explanation about the main actors which are included in BRAIN-Energy.
Further explanations about the market players and their strategies is provided in subchapter 4.5 in Tables 4.9 and 4.10.
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3.3.1 Market players

This section differs from sub-chapter 1.3.2 as it explains in a more general fashion the
struggle and transformation that incumbent utilities are going through in Europe, why
as a consequence other market players are important and it reviews the main literature
around them (while sub-chapter 1.3.2 focused on describing the actual structure of the
market players in the electricity sector in the UK, Germany and Italy). Also, sub-chapter
3.3.1.3 differs from sub-chapter 1.3.3 as it talks in detail about the need of carefully
balancing government intervention in the electricity market while keeping a healthy
degree of liberalisation based on the most prominent studies. Sub-chapter 1.3.2 talked
bout the actual degree of government intervention in the three countries compared to
each other in order to introduce the three case studies.
3.3.1.1

Incumbent utilities

Private sector actors are the largest source of “climate finance”, defined as the global
financial flows allocated to reducing GHG emissions (IPCC, 2014), to support climate
change mitigation and adaptation, and provided 63% of total “climate finance” in 2016
(CPI, 2017b). Among private sector actors, project developers (which include incumbent
utilities) provided 50% of investments in renewable energy projects (CPI, 2017b; IRENA
and CPI, 2018) in 2016. Balance sheet funding and project debt (or project finance)
are the main instruments through which private sector actors channel “climate finance”
investments CPI (2017b).
Hence, utilities have to maintain a sound financial profile and credit rating to be able
to attract financing in the capital markets to invest in low-carbon projects (ECF, 2011),
helping to successfully deliver the necessary amount of investment to meet the national
and international decarbonisation goals. Lately, however, the electricity sector is undergoing a fundamental transformation and incumbent utilities are facing disruptive challenges (Ruendiger et al., 2014; Brunekreeft et al., 2016) as explained in sub-chapter 2.1.
The lower electricity demand in Europe, and the higher amount of renewable energies
are putting the utilities’ core business, operating margins and balance sheets under increasing pressure, and forcing them to rethink about their conventional business models.
In fact, the electricity system is changing from a centralised, single-actor and top-down
sector to a decentralised system characterised by a multitude of heterogeneous play-
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ers, with important consequences for both the regulatory and governance structures
(Brunekreeft et al., 2016).
A study by BNEF (2012) analysed the UK’s six biggest utilities low-carbon investment
trends in light of their financial situation, concluding that, while the “Big 6” remain key
investors in low-carbon technologies and play a big role in helping the UK meeting its
CO2 abatement targets, their balance sheets are becoming stretched.
Similarly, Caldecott and McDaniels (2014) argue that European utilities, especially
those who have large CCGT (Combined Cycle Gas Turbine) capacity, are under increasing financial pressure. In fact, low electricity demand and depressed wholesale electricity prices as a result of the financial crisis and of the increasing share of renewable
energy generation, and low EU ETS prices are negatively impacting the profitability
of CCGT plants, forcing utilities to prematurely close these plants. Such assets writedowns have a negative impact on the utilities’ balance sheets and firm value, and are
affecting their responses to policies and investment strategies, slowing down their investments. This is not only compromising the ability to meet decarbonisation targets,
but is also increasing the risk of security of supply.
Blyth et al. (2015) also claimed that European utilities are facing decreasing margins,
higher debt levels and deteriorating credit ratings. As such, the authors argue that it
will not only be difficult for utilities to increase investments in renewable energy projects
over the next years, but also to maintain current investment levels, which for the moment
are not sufficient to meet the decarbonisation targets.
Hence, questions are growing whether incumbent utilities’ traditional business model,
which relies on them providing predictable and stable returns to investors, and maintaining investment grade credit ratings to access low-cost financing (Blyth et al., 2015),
will work in the future and how utilities should change this to face the changes that
the energy sector is undergoing (Richter, 2012, 2013), remaining competitive and able to
finance the low-carbon transition. Major European incumbent utilities are responding
to these disruptive challenges and changes in the regulatory environment by dividing
their activities into an “old business”, characterised by conventional and high carbon
electricity production activities, and a “new business”, characterised by renewable energy generation and customer-oriented activities (Brunekreeft et al., 2016).
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3.3.1.2

Third-parties and financial sector actors

Following the liberalisation of European electricity markets, such as the UK, German
and Italian markets, and as a result of the unbundling of generation, transmission and
supply activities, third-parties (or new-entrants) have entered the electricity market. As
incumbent utilities are struggling to maintain and increase spending in renewable energy projects, new entrants, such as independent power producers, and new financing
niches are becoming increasingly important (Bolton and Foxon, 2014). Hall et al. (2016)
talk about the importance of a “civic” energy sector, made of citizens, cooperatives and
municipalities, in fostering the low-carbon transition in certain European countries such
as Germany.
Moreover, financial sector actors are becoming increasingly important to deliver the
necessary funds to successfully achieve climate change mitigation. Institutional investors (among which are pension funds, insurance companies, sovereign wealth funds
and others) only accounted for less than 1% of global renewable energy investments
between 2013 and 2016 (IRENA and CPI, 2018). However, due to the magnitude of the
assets under management of institutional investors - estimated respectively at USD 20.4
trillion for insurance companies and at USD 28 trillion for pension funds (Della Croce
et al., 2011) - and to the long lifetime of their liabilities, experts believe that institutional investors’ investments could well suit the long-lived power generation assets in
the energy sector (Kaminker and Stewart, 2012; Holmes et al., 2012; Blyth et al., 2015).
Moreover, institutional investors are expected to increasingly divest from fossil fuel investments, and to align their portfolios with the climate change mitigation targets of
the Paris Agreement. To this scope several initiatives by the UN and related bodies
have been undertaken, such as the Portfolio Carbon Initiative (CPI)1 by UNEP Finance
Initiative, which seeks to increase the climate performance of financial institutions, and
to lead these actors away from the risks related to carbon-intensive assets, and the Investor Agenda2 , created to scale up the climate change mitigation actions and efforts of
financial actors.
However, more work is needed to provide a better understanding of the role of institutional investors in financing renewable energy projects (IRENA and CPI, 2018), and
the representation of financial sector actors in energy system models is very immature.
Nelson and Pierpont (2013), Kaminker et al. (2013) and the OECD (2015) studied the
1 http://www.unepfi.org/climate-change/portfolio-carbon-initiative/
2 https://theinvestoragenda.org/
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barriers faced by institutional investors in their renewable energy investments, such as
liquidity and risk-return considerations, size of the investments, regulatory and fiduciary restrictions and energy market risks, and also identify measures to tackle those
risks.
What is sure is that financial sector actors are a very heterogeneous group: the
OECD (2015) classified institutional investors based on their investment preferences,
risk propensity and preferred investment channels, and also identify the main factors
which influence institutional investors’ investment decisions, proposing investor-specific
policy measures. Also Hamilton and Justice (2009) and Bürer and Wüstenhagen (2009)
point out how not all financial investors expect the same rate of returns from projects,
and not all of them are willing to invest at the same stage of a project. In fact, different
types of investors are needed at different stages of the innovation chain (which is expensive, long and risky) (Grubb et al., 2014, 2017) to successfully push new technologies
from the invention trough to the diffusion phase on the market. Finally, Mazzucato and
Semieniuk (2017) also highlight how heterogeneous public and private financial sector
actors and their diverse preferences, risk appetites and investment strategies define the
“direction of innovation” for renewable energy technologies.
3.3.1.3

Role of the government

The UK is witnessing a renewed increase of government intervention in the energy
sector (Finon, 2013; Newbery, 2011) necessary to stimulate investments to achieve decarbonisation targets. In fact, after being seen as a model of deregulation and free market
in the 1990s, the UK electricity market witnessed an increased level of government intervention in 2013 with the introduction of the Electricity Market Reform (EMR) (Grubb
and Newbery, 2018). The EMR has introduced a capacity mechanism, under which
competitive auctions take place to incentivise investments in conventional generation
technologies to ensure security of supply, and Contracts for Differences (CfDs), through
which investments in renewable generation plants are subsidises. More details on the
EMR were provided in sub-chapter 2.1.1.
However, even though the EMR has delivered significant benefits to the UK electricity
market, increasing the share of electricity produced through renewables and has been
effective in reducing renewable technologies capital and financing costs, it will require
further improvements (Grubb and Newbery, 2018). Especially, a further and deeper
understanding of the balance between market and private sector and government inter-
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vention will be required in the energy sector to efficiently and successfully achieve the
2050 decarbonisation targets, while guaranteeing a secure and affordable low-carbon
transition (Grubb and Newbery, 2018) and a competitive energy market. Blyth et al.
(2016) also talk about the need to balance interventions in the energy market, while trying to maintain a healthy degree of market liberalisation. They conclude that, especially
in a market characterised by an increasing share of renewables, a delicate and stable
regulatory regime will have to be maintained in order to keep the market power of
companies under control, and subsisidies to renewable should also be maintained.
Similarly, Newbery (2018) argues that a suitable carbon price, which the paper defines
as the break-even carbon price, hence the price at which a renewable technology has
the same cost as the most expensive high-carbon technology, together with long-term
contracts which address the missing markets problem, can effectively help to deliver
the needed investments in the electricity sector. Moreover, policymakers should strive
to mitigate policy risk which according to Blyth and Bunn (2011), together with market
risk and technology risk, is one of the main drivers of carbon price risk and uncertainty,
which can deter low-carbon investments.
In the Cost of Energy Review (Helm, 2017), Helm argues that current energy policy
and market design in the UK are not adequate to respond to the challenges posed
by a growing low-carbon market, which is subject to deep technological change. He
criticises the fact that investment choices in the UK energy market have become “quasirenationalised” (Helm, 2017) because of the EMR. Moreover, he argues that energy costs
are too high, which is a burden for households and consumers, and that could also
compromise and diminish public support for decarbonisation efforts. In order to keep
costs down according to the Helm Review the government should try not to “pick winners” and should avoid a detailed intervention in the energy market, making efforts to
enable a stimulating framework in which private sector actors can generate new ideas
and invest in new products and technologies. This framework should be based on a
harmonisation of carbon prices and energy taxes, on unifying FITs and CfD auctions, on
greater use of auctions and on reviewing the role of the national and of regional system
operators.
Also in Germany there is an ongoing debate about the design of the national electricity market, about the degree of intervention that the government should have in
the electricity market, and about the introduction of capacity payment for security of
supply. Lehmann et al. (2015) argue that introducing capacity payments would not be
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useful, and that it would be better to strengthen the electricity market by introducing
a mix of measures such as wholesale electricity prices differentiated by region, quicker
authorisations for building new generation assets, a stronger emission trading scheme,
and subsidies to feed-in electricity produced from renewables on a demand base. The
authors argue that such measures would lower macro-economic costs compared to having fixed capacity payments.
Hence, understanding the level of involvement and intervention that governments
will need to have in the future in the electricity markets (the current level of government
intervention in the three countries was explained in sub-chapter 1.3.3) is key to successfully address climate change mitigation problems and security of supply concerns, and
will also depend on the type of market players which exist in a given market, as results
from this research show in Chapter 6.

3.3.2

3.3.2.1

Strategic investment decisions: Behavioural economics and agent-based models

Behavioural economics and bounded-rationality

Successful climate change mitigation will depend on policies effectively addressing the
transformation of the energy sector, especially with regards to incentivising substantial
financial investments needed to build the necessary infrastructure to decarbonise the
electricity sector. The IPCC Fifth Assessment Report (IPCC, 2014; Gupta et al., 2014)
is the first IPCC report that dedicates a chapter to finance and investments needed to
tackle climate change, recognising the growing importance of these issues in designing
successful climate policies, which are expected to stimulate a reallocation of investments
in the electricity sector away from fossil fuels to low-emission technologies (Gupta et al.,
2014).
As private sector actors are the main providers of low-carbon finance (as explained
in sub-chapter 3.3.1.1) policies need to be based on a thorough understanding of the
determinants of investment decisions of private actors, otherwise they will fail to deliver
their objectives (Gross et al., 2010). To date, academic literature has mainly focused on
exploring whether quantity-based (such as Renewable Obligation), price-based polices
(such as feed-in tariffs), or the EU ETS have been more successful in stimulating low
carbon investment decisions using conventional economic and financial methods, such
as real-option approaches (Yang et al., 2008; Fuss et al., 2008; Kettunen et al., 2011; Fleten
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et al., 2007; Boomsma et al., 2012), and mainly focusing on “levelised costs”, expected
risks and revenues considerations (Gross et al., 2010), and financial performance and risk
in terms of debt coverage and returns on investment (Muñoz and Bunn, 2013). However,
there is no clear-cut answer to that, but what is sure is that policy environments needs
to be stable and policies need to be “long, loud and legal” (Hamilton, 2009) to influence
renewables investments.
Moreover, investment decisions in the existing literature have been explored using
both the rationale choice paradigm typical of neo-classical economics, and the boundedrationality paradigm. The rational model of decision-making assumes that organisations
and individuals have perfect foresight, know exactly what they are aiming to achieve
and hence take utility-maximising choices. Despite the advantages of assuming such
an approach, it has been observed that in real-world decision-makers don’t always take
maximising choices and have perfect foresight, as they don’t have all necessary information (Mintzberg et al., 1976; Todd and Gigerenzer, 2000), or don’t have the ability of
processing all the available information. As a result of these critiques Simon (1955),
Simon (1956), Kahneman and Tversky (1979) and Tversky and Kahneman (1974) have
focused on the bounded-rationality choice paradigm typical of behavioral economics.
Agents with bounded-rationality take satisficing rather than maximising choices as a
result of their myopic foresight, as explained in sub-chapter 3.2.1, and behavioural economics theory argues that individuals are not fully rational as they rely on heuristics
and perceptions when taking decisions under uncertainty (Kahneman, 2003; Tversky
and Kahneman, 1974). Behavioural economics argues that perceptions are influenced by
past experience, by the social context and by vested interests.
Depite that Grubb et al. (2014) argued that a behavioural economic perspective should
be used as one of the three pillars to produce effective climate change policies, there is a
lack of modelling-based academic studies that explores the influence of bounded rationality, path-dependence and heuristic aspects on actors’ strategic investment decisions in
the energy sector literature. Wustenhagen and Menichetti (2012) emphasise the need for
more academic research focusing on actors’ strategic investment decisions, which is not
only based on risk and return considerations, but also on cognitive aspects, perceptions
and expectations. Moreover, they point out that effective policymaking should take into
account path-dependence of energy investments, which is a result of actors’ bounded
rationality. Furthermore, as renewable energy investors are heterogeneous (Bergek et al.,
2013), to be successful policies should take into consideration the heterogeneity of actors,
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their motivations and strategies, and more research is needed in this direction (Wustenhagen and Menichetti, 2012). Masini and Menichetti (2012) and Masini and Menichetti
(2013) developed a framework, and tested it with econometric analysis, to analyse the
influence of behavioural factors, such as a priori-beliefs, policy preferences and attitude
towards technological risks in driving firms’ renewable energy investment decisions.
3.3.2.2

Agent-based models: characteristics and limitations

Agent-based modeling is a computational social science (Gilbert, 2008; Tesfatsion, 2006,
2001)
ABMs are bottom-up dynamic simulation models, where the main unit of analysis
are agents, who are heterogeneous, autonomous, goal-oriented, and adaptive, and their
interactions within and with an environment.
In an ABM, actors (which are modelled as computational agents) have their own sets
of rules. Their strategies are based on learning from the previous periods, and they react
to the surrounding environments and to other agents’ actions (Axelrod, 1997). Hence,
their behaviours are adaptive. Learning in an ABM can be modeled as “individual”
learning, which means learning from the own past actions and experience, “evolutionary” learning, which means that in a given population agents “die” and better agents
take their place, resulting in an upgrade of the average of the existing population, and
finally “social” learning, which means imitating and learning from the others (Gilbert,
2008)
With ABMs it is possible to model agents which take sub-optimal investment decisions, due to their bounded-rationality and imperfect foresight (Simon, 1953, 1955),
which lead to path-dependent choices, which in turn can lead to increasing returns and
lock-in of existing technologies. Hence, an ABM allows to model important concepts
in evolutionary economics (Nelson and Winter, 1982; Van den Bergh et al., 2006; Safarzyńska and Van den Bergh, 2010; Safarzyńska et al., 2012) and behavioural economics,
which are useful to analyse sustainability transitions.
Also, in an ABM the macro evolution of the system can be modelled as a result of
agents’ micro-economic decisions, adaptive behaviours (Railsback, 2001) and interactions, and not as a result of exogenous targets (Tesfatsion, 2001, 2006), thus addressing
a limitation of current scenario research identified earlier in sub-chapter3.1.2. This is
something which BRAIN-Energy does, as the evolution of the electricity sector is a res-

55

56

literature review

ult of the choices of the market players, and the low-carbon transition of the electricity
sector not necessarily meets the legally binding decarbonisation targets.
Asymmetric competition and imperfect information, two important characteristics of
electricity sectors, can also be more easily modelled within an ABM (Sensfuss et al.,
2007), while it’s difficult to account for such aspects in traditional economic models.
Such aspects, however, are not included in BRAIN-Energy.
Furthermore, ABMs are powerful to model the co-evolution between systems, and Safarzyńska and Van den Bergh (2010) highlight that there are relatively few co-evolutionary
agent-based modelling studies.
For the above mentioned reasons, ABMs, as SDM, and opposed to linear-optimisation
models, even though less technically detailed, are better suited to study complex adaptive systems (Ma and Nakamori, 2009; Pfenninger et al., 2014b) made of autonomous
entities (Grimm et al., 2006), like the energy system, because they can capture the emergent behaviour resulting from the decisions and interactions between agents. As such,
ABMs are valuable to analyse sustainability transitions which are complex, multi-level
and non-linear as emphasised in the socio-technical transition literature.
Finally, ABMs are good tools to inform long-term policy decisions (Lempert et al.,
2009) and, as opposed to game theory, are better suited to study interactions between
agents in complex systems where it’s hard to find equilibria, as game theory assumes
rational agents, who find optimal strategies.
Even though ABMs have the great advantages just described, such models also present
some limitations. The major limitation of ABMs is that such models are complex to validate against empirical data (Tesfatsion, 2006). In the existing literature there are only a
few examples of how validation on ABMs can be carried out (Weidlich and Veit, 2008).
In fact, only a few studies of the ones reviewed by Weidlich and Veit (2008) report information about how their ABMs have been empirically validated. Hence, while standard validation techniques for simulation models should be applied to ABMs, Fagiolo
et al. (2007a) (who introduce a Special Issue dedicated to empirical validation in ABMs),
Richiardi et al. (2006), Fagiolo et al. (2007b) and Marks (2007) have also developed procedures and guidelines to validate ABMs specifically. Fagiolo et al. (2007a) especially
focus on the difficult task modellers face in assessing the relationship between a theory
and empirical research, and in assessing the relationship between a model’s outputs and
real-world observations and systems. However, the guidelines developed by the studies
reviewed above are not explicitly made for ABMs in the energy and electricity sector.
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Therefore, Weidlich and Veit (2008) recognize that the development of standard validation techniques for ABMs in the electricity sector should be made a priority in order to
reduce the number of the methodological approaches and to improve the quality of the
ABM research in this field. Sensfuss et al. (2007) also stress that empirical validation is
a crucial issue for ABMs, so that greater realism can be reached in such models.
Moreover, due to their flexibility, which allows ABMs to model heterogeneous actors
and complex systems, ABMs are however hard to compare between themselves (Fagiolo
et al., 2007b). In fact, as highlighted by Grimm et al. (2006) and by Grimm et al. (2010)
there is no standard protocol to describe ABMs, and this leads to difficulties in comparing and replicating such models. For this reason, and to improve the fact that ABMs are
hard to analyze, understand and communicate (Grimm et al., 1999), Grimm et al. (2006)
and Grimm et al. (2010) proposed a standard protocol, called ODD (Overview, Design
concepts, and Details) to describe and communicate ABMs. This protocol is made of
three main blocks which are: “overview”, “design concepts” and “details”. The first
block, “overview”, comprises purpose, state variables and scale, and process overview
and scheduling. The second block, “design concepts”, comprises design concepts such
as emergence, adaptation, learning and interaction. Finally the third block, “details”,
comprises initialisation, inputs and sub-models. An ODD protocol has been created for
BRAIN-Energy, and can be found in Appendix to Chapter 4 A.1.4.
3.3.2.3

Agent-based modelling studies in the energy sector

Agent-based computational economics is a relatively young research theory, and it is
still an immature method (Heath et al., 2009). In fact, even though the use of ABMs to
study the evolution of the European electricity sector has grown fast over recent years,
due to their flexibility in modelling the complexity of electricity markets (Sensfuss et al.,
2007; Weidlich and Veit, 2008), such models have only been used to a limited degree yet
(De Vries et al., 2015).
Weidlich and Veit (2008) and Sensfuss et al. (2007) provide an overview of existing
ABM studies in the energy sector, divided by methodology used in the models. According to Sensfuss et al. (2007) ABM studies in the electricity sector can be divided
into three main categories: 1) studies focusing on the analysis of market power and
design, 2) studies focusing on modelling agent decisions, and 3) studies which couple
long- and short-term decisions. In contrast, Weidlich and Veit (2008) divided current
ABM studies in the electricity sector by methodology applied in the studies, such as:
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1) ABMs using model-based adaptation algorithms, which study how agents adapt in
the systems they are in (the most prominent work in this area has been done at the
London Business School and comprises studies reviewed in Table 3.1), and 2) ABM simulation studies using genetic algorithms, 3) studies using reinforcement learning , and
4) ABM studies which apply learning classifier systems. As most of the ABM studies
which focus on market power and design (in the classification by Sensfuss et al. (2007)),
and which use adaptation or genetic algorithms, reinforcement learning and learning
classifier systems (in the classification by Weidlich and Veit (2008)) have a short-term
time-frame, and don’t focus on studying the long-term decarbonisation pathways of the
electricity sector, the literature review in this research, instead, distinguishes two groups
of ABM studies focused on the European electricity market, based on the time-frame of
the models, which can be either short-term (studies reviewed in Table 3.1) or long-term
(studies reviewed in Table 3.2 which also highlights the strengths and weaknesses of the
different studies).
Studies in the first group (short-term studies) use ABMs to analyse strategic behaviours in power markets, such as trading and bidding decisions, price formation, and
capacity withholding, and to explore market power and design in wholesale electricity
markets (Bunn and Oliveira, 2001, 2003; Bunn et al., 2010; Bower and Bunn, 2000, 2001).
These studies analyse the market power of generating companies under different trading
arrangements in England and Wales. Also, Blyth et al. (2016) integrate an ABM, which
is used to study pricing behaviour in imperfect electricity markets, within a wider modelling framework which also includes a long-term capacity planning model to study
if carbon and electricity markets can remain liberalised, but at the same time address
emissions reduction policy targets.
The model developed by Bunn and Oliveira (2007) adds to existing ABM studies
focused on strategic short-term behaviours by exploring dynamic trading of power generation assets between market participants, which takes place as an endogenous consequence of the daily functioning and performance of electricity markets. Even though
this study focuses on investment decisions through trading of assets, and provides interesting insights into portfolio management strategies for firms and on the evolution
of the industry structure, it doesn’t explore how this trading of assets can lead to decarbonisation of the electricity sector in the long term.
Another strand of research with a short-term horizon (Bagnall and Smith, 2005) uses
learning classifier systems (which combine reinforcement learning and genetic algorithms)
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References

Description
Studies which analyse the market power of generating companies

Bunn and Oliveira (2001)

under different trading arrangements in England and Wales (Bunn

Bunn and Oliveira (2003)

et al. (2010) in Korea), design in wholesale electricity markets, trading

Bunn and Oliveira (2007)

of power production assets between generators.

Bunn et al. (2010)
Bower and Bunn (2000)
Bower and Bunn (2001)
Model using reinforcement learning and genetic algorithms to analyse
Bagnall and Smith (2005)

successful learning and bidding strategies of generators in the pre
NETA electricity market in the UK. Complex agent architecture, and
agents pursue two goals, which are to avoid losses and to maximise
their profits.
ABM used to study short time price formation and behaviour in

Blyth et al. (2016)

imperfect electricity market as part of a wider modeling lframework
which also includes long-term capacity planning

Table 3.1: Review of existing of short-term ABMs in the energy sector

in the ABMs to analyse successful learning and bidding strategies of generators in the
pre-NETA electricity market in the UK. Studies which use learning classifier systems
have a very complex agent architecture, and agents pursue two goals, which are to
avoid losses and to maximise their profits (Sensfuss et al., 2007).
However, all these ABMs studies don’t integrate environmental and climate policies.
The second group of studies (long-term studies summarised in Table 3.2) refers to
ABMs studying long-term investment decisions and strategic behaviour of agents. In
this group of studies Kwakkel and Yücel (2014) and Yücel and Van Daalen (2012) construct an ABM, called ElectTrans model, of the Dutch electricity system using a sociotechnical perspective and model the operational and long-term strategic investment decisions of electricity generators, which are the main agents. However, as opposed to
Chappin and Dijkema (2008) and Chappin and Dijkema (2009) demand shifts are endogenous in the ElecTrans model, and capacity investments are made based on expected profits by selecting the investment option with the highest return-on-investment.
Moreover, as opposed to Chappin and Dijkema (2009), the ElecTrans model not only
tests the price of carbon on investment decisions, but also the impact of end-users mentality (end-users in ElectrTrans include households, industrial, commercial and agricultural consumers). In fact, ElecTrans runs over a variety of scenarios, which consist of
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three aspects: carbon price trajectory, technological development trajectory, end-users’
mentality.
Similarly, Chappin and Dijkema (2009, 2008); Chappin et al. (2007) develop an agentbased model to study the impact of CO2 emission trading on the short term operational
and long-term investment choices of electricity generating companies, and consequently
on the evolution of the European electricity production system and associated CO2 emissions. The system is also conceptualised as a socio-technical system like in the ElecTrans
model, and the main agents in the model are power generators. Other agents include an
aggregated consumer agent, the government, an electricity spot market, and a market
for trading CO2 emission permits. The investment choices of generating companies are
modelled through multi-criteria analysis, which includes hard (e.g. cost-benefit analysis)
and soft criteria, such as the level of like or dislike for specific technologies. Also Fagiani
et al. (2014) study the interaction of carbon reduction and renewable energy policies in
an agent-based environment.
The ABM initially developed by Chappin et al. (2007); Chappin and Dijkema (2008,
2009) has then been expanded and improved by De Vries et al. (2015) into the Energy
Modelling Laboratory model (EmLab), an ABM used by Richstein et al. (2014) and Richstein et al. (2015) to study electricity generators’ investment decisions as a result of the
EU ETS and of the back-loading decision taken by the European Commission. More recently, Chappin et al. (2017) also use the EMLab model to model investments in power
generation in the European electricity sector under different EU energy and climate
policies, with the aim of showing how ABMs can underpin analysis of energy and climate policies. The EmLab model is a flexible and modular ABM (Chappin et al., 2017;
De Vries et al., 2015) and it is open-source. It’s main aim is to simulate two interconnected electricity markets in typical European countries and to explore the effects of the
strategic investment decisions of the market players (which are all electricity generators)
with bounded-rationality under different policy settings and market structures, with the
goal of understanding how different policies can influence the development of European
electricity markets in the long term. Other agents in the EmLab model also include an
aggregated energy consumer agent, the government, an electricity spot market, and a
market for trading CO2 emission permits. Hence, the EmLab model focuses on studying
the long-term development of the European electricity market. The electricity generators investment algorithm in the EmLab model is based on a net present value (NPV)
calculation, and the investment algorithm also contains an objective function to adjust
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the electricity generators’ investment decisions by their experience and risk aversion (De
Vries et al., 2015).
Khan et al. (2018) further expand the use of the EmLab model, by applying it to study
the need of flexibility options such as demand response practices and electrical energy
storage in an electricity system with a capacity mechanism.
Other prominent ABM studies, which also fall into the second category (Table 3.2),
hence ABMs studying long-term investment decisions and strategic behaviour of agents,
include the PowerACE model (Sensfuss et al., 2008; Sensfuss and Ragwitz, 2008; Bublitz
et al., 2014, 2017), which mainly focuses on the German electricity system, and as the
EmLab model it analyses the effects of electricity generators’ investment choices on the
long-term development of the German electricity market under different policy conditions and instruments. The PowerACE model focuses on the impact of the EU ETS and
of increasing renewable energies on the structure of the market, and all main market
players of the German electricity system are modelled, including incumbent utilities
and consumers.
Furthermore, the ENGAGE model (Gerst et al., 2013) is an ABM which explores the
interactions between international and national climate change policy negotiations and
technological choices at the agent level. Agents, which all have bounded-rationality,
include policy negotiators, consumers and firms, and the interactions between them are
modeled after a Putnam two-level game.
Finally, the CASCADE model (Complex Adaptive Systems, Cognitive Agents and
Distributed Energy) is a long- term dynamic simulation model of UK power sector strategic investments, while short-term market interactions and wholesale electricity bidding are represented with an ABM. The ABM links three sub-models, which are an
electricity market model (where electricity is produced and dispatched), an electricity
demand model (which includes industrial, commercial and domestic prosumer agents)
and and engineering module (which focuses on transmission and distribution of electricity) (Rylatt et al., 2013; Allen et al., 2013; Allen and Varga, 2014).
Like the CASCADE model, also the DEAM (Dynamic Energy Agent Model) model is
a dynamic ABM that integrates consumer agents. This model was developed by Spataru
and Barrett (2015), and it explores energy supply and demand of actors connected to an
electricity network, to study how changes in the demand profile can occur to 2050 under
different energy efficiency measures and supply technologies. The aim is to quantify the
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load imposed on the electricity network in the long-term, and agents include electricity
generators, domestic and non-domestic consumers.
The study by Palmer et al. (2015), instead, focuses mainly on other types of aspects
in electricity markets, such as communication and imitation between agents, and on
how these aspects influence the investment decisions of households in PV plants and
the diffusion of PV systems among households in Italy. In this ABM the investment
decisions of the household agents are influenced by both socio-economic and environmental considerations, more specifically by the payback period of the investments, by
the investments’ environmental benefit, by communication with neighbouring households and by the households’ income. Results showed that after a cut in subsidies to
PV in Italy (as explained in sub-chapter 2.1.3) adoption of PV between households is
slowing down, and that economic profitability is the main criteria influencing adoption
decisions.
At last, Isley et al. (2013) create an evolutionary economic agent-based model to
study how the structure of an industrial sector evolves as a result of firms’ investment decisions under different carbon emission policies. This evolutionary economics model, which models endogenous technological change, addressing a weakness of
energy-environment-economy models (Grubb et al., 2002) is based on work by (Dosi
et al., 2006, 2010). This study also investigates how the co-evolution of markets, technology and political coalitions affects the sustainability of GHG emission policies in the
long-term using a game-theoretical approach.
Table 3.1 and Table 3.2 review and summarise the most prominent ABM studies reviewed above classified based on their short or long time-frame.
BRAIN-Energy can be placed among the models that study the long-run evolution of
the electricity market and strategic decisions of the actors (therefore studies reviewed in
Table 3.2). However, as highlighted by the strengths and weaknesses of the ABM studies
reviewed above which are summarised in Table 3.2, BRAIN-Energy differentiates from
other ABM studies in the energy and electricity sector, because it contains different types
of generators agents (incumbent utilities, independent power producers, new-entrants)
with heterogeneous strategies, financial sector agents such as institutional investors,
“civic” sector investors in renewables, and different governmental agents. Hence, compared to existing ABM studies BRAIN-Energy it is more disaggregated, and has a greater
focus on the heterogeneity of actors, their strategies and behaviours. As highlighted in
Table 3.2 a limited actors heterogeneity, and not including financial sector actors are the

3.3 market players and strategic investment decisions

References

Description

Yücel Van Daalen, C. (2012);

Strengths: demand shifts are endogenous, generators in the Dutch electricity sector are

Kwakkel and Yücel (2014)

differentiated by size of their assets, includes end-users. Weaknesses: doesn’t include

ElectTrans model: ABM of the Dutch electricity system with a socio-technical perspective.

institutional investors, imitation and path-dependency in investment choices are not taken
into account, the government agent doesn’t endogenously adjust policies
Chappin’s power sector model and EmLab model: ABMs which study the impact of CO2
Chappin et al. (2007);

emission trading on the short term operational and long-term investment choices of the

Chappin and Dijkema

electricity generating companies in two interconnected European electricity markets.

(2008, 2009); De Vries et al.

Strengths: detailed power system operation, CO2 trading market. Weaknesses: energy

(2015); Chappin et al.

producers are not differentiated, imitation is not taken into account, institutional investors

(2017); Richstein et al. (2014,

are not present

2015); Fagiani et al. (2014)
Strengths: EMLab model with focus on capacity market, demand response and electrical
Khan et al. (2018)

energy storage. Weaknesses: energy producers are not differentiated, imitation is not taken
into account, institutional investors are not present
CASCADE Model Framework: ABM that focuses on the UK power sector and represents

Rylatt et al. (2013); Allen

multiple electricity generation technologies. Strengths: detailed power system operation,

and Varga (2014); Allen

includes weather data, includes “prosumers” in the domestic, commercial and industrial

et al. (2013)

sectors. Weaknesses: ABM mainly used to study short-term market interactions and
wholesale electricity bidding, limited treatment of bounded-rationality, the government
agent doesn’t endogenously adjust policies
PowerACE model: ABM that simulates the evolution of the German electricity market,

Sensfuss et al. (2008);

modelling short-term trading decisions and long-term investment decision of generators.

Sensfuss and Ragwitz

Strengths: includes consumer agents and includes emission trading. Weaknesses: limited

(2008); Bublitz et al. (2014,

actors heterogeneity, limited treatment of bounded-rationality, the government agent

2017)

doesn’t endogenously adjust policies
ENGAGE model: it models the interactions between international climate policy

Gerst et al. (2013)

negotiators and heterogeneous domestic agents with bounded-rationality after a Putnam
two-level game. Strengths: includes agents such as international climate negotiators, capital
and consumer goods producing firms, consumers. Weaknesses: limited actors
heterogeneity as regards to energy producer firms and other investors in electricity market
DEAM: dynamic ABM which explores energy supply and demand of agents to calculate

Spataru and Barrett (2015)

possible future loads required on the network. Strengths: detailed power sector operations,
models energy demand and investigates changes in load profile. Weaknesses: limited actors
heterogeneity as regards to energy producer firms and other investors in electricity market,
limited treatment of bounded-rationality, no treatment of path-dependency and imitation.
Evolutionary economics ABM that studies how the structure of an industrial sector evolves

Isley et al. (2013)

as a result of firms’ investment decisions under different carbon emission policies.
Strengths: Technological change is endogenous. This study also investigates how the
co-evolution of markets, technology and political coalitions affects the sustainability of
GHG emission policies. Weaknesses: no explicit representation of the electricity sector and
electricity producers
ABM studying the diffusion of solar PV in Italy. Main actors are homeowners. Strengths:

Palmer et al. (2015)

imitation and communication between agents. Weaknesses: only focuses on PV

Table 3.2: Review of existing of long-term ABMs in the energy sector
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main limitations of many of the studies reviewed in Table 3.2. Increasing the diversity of
actors’ types and their heterogeneity within the same types fills a gap in existing literature (Li et al., 2015b). Moreover, BRAIN-Energy focuses on agents’ bounded-rationality,
path-dependency and imitation, which are aspects which are not treated in many of the
ABM studies reviewed in Table 3.2. Finally, in contrast to existing ABM studies, policy
changes in BRAIN-Energy are endogenous, and not pre-determined at the beginning of
the simulation run, as will be explained in Chapter 4 in sub-chapter 4.3. The fact that the
government agent adjusts policies endogenously is a great advantage of BRAIN-Energy
(and a weakness of many of the ABM studies reviewed in Table 3.2), which allows to explore how the strategies of the market players co-evolve with the institutional dimension
in the electricity markets.

4
METHODOLOGY AND MODEL

4.1

model structure and general assumptions

The model developed in this research is called BRAIN-Energy (Bounded Rationality
Agents INvestments model). BRAIN-Energy is an agent-based model (ABM) where
agents have bounded-rationality and take myopic investment decisions based on the
limited and imperfect information that they have. An ABM has been chosen to answer
the research questions outlined in Chapter 1 (sub-chapter 1.2) because, as explained in
more detail in sub-chapter 3.3.2 it is:
• an appropriate tool to model heterogeneous, autonomous, goal-oriented and adaptive agents, which represent the main unit of analysis, together with their different
behaviours and interactions
• an appropriate tool to model agents which take sub-optimal investment decisions due to their bounded-rationality and myopic foresight, which lead to pathdependent investment choices. Hence, with an ABM it’s possible to model the
fact that agents take decisions in an uncertain environment where they don’t have
full information, leading them to take satisficing rather than maximising choices,
based on routines, habits and imitation
• useful to represent the complexity in decision making processes that actors face
in the real world and their diverse investment strategies and preferences, and
to study the evolution of complex, multi-level, path-dependent and non-linear
systems (Ma and Nakamori, 2009; Pfenninger et al., 2014a) such as the low-carbon
transition of the electricity sector as explained in sub-chapter 3.3.2.2
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• useful to study emergent techno-economic patterns in low-carbon investments
which result from heterogeneous micro-economic strategies
BRAIN-Energy, in all the three country case studies versions, is implemented in Netlogo
(Wilensky and Northwestern University, 1999) and is calibrated for all three countries to
2012 as a base year. It proceeds in annual time-steps over 38 years, from 2012 to 2050.
2012 has been chosen as a base year, to be able to compare the outcomes of the scenarios
to a few years of historical data. 2050 has been chosen as the end year, as strategic investment decisions in new generation assets and their effects on the evolution of the power
sector are better studied over a long time-horizon. Also, European, UK, German and
Italian energy and environmental legislation impose decarbonisation targets to 2050 (as
reviewed in sub-chapters 2.1.1 and 2.1.2 and 2.1.3), and that offers a useful comparison
basis for the results of BRAIN-Energy.
BRAIN-Energy is a stylised representation of a real electricity supply system. In fact,
for all the three countries, BRAIN-Energy’s environment is the national electricity sector,
of which BRAIN-Energy provides a stylized representation, in terms of generation technologies, their installed capacity, actors and energy/environmental policies. The yearly
flow of BRAIN-Energy for the UK, Germany and Italy is summarised in Figure 4.1.
Included in BRAIN-Energy’s boundaries are the electricity generation sector (made of
generators and investors of different types), the institutional dimension (characterised
by the government agent and its set of polices in the electricity market), and the financial sector (represented by institutional investors in the German and Italian models).
The German and Italian versions of BRAIN-Energy also include the private household
sector (defined as “civic” sector in Hall et al. (2016)), as households are very important investors in renewable energy plants in these two countries (mainly in solar PV),
which makes their ownership share of PV assets not negligible in these two countries
(Trend:research, 2013; GSE, 2016b).
Exogenous variables in BRAIN-Energy are: electricity demand, fuel prices and CO2
prices (only in the scenarios where the government agents doesn’t adjust the CO2 price,
and in all other scenarios only the “no-increase” trajectory, as explained later in subchapter4.5.2 and in Table 4.11), and assumption about these variables’ future evolution.
Also, generation technologies’ data such as capital costs, their cost reduction assumptions, and fixed and variable operating costs are all exogenous in BRAIN-Energy.
The main outcomes of BRAIN-Energy (detailed in Table 4.1) are: capital investments
(yearly investments by technology, and cumulative investments over the period 2012

4.1 model structure and general assumptions

Exogenous variables

• Electricity demand

Outcomes

• Aggregated and yearly capital investments
(by technology and by agents)

• Fuel costs
• Capital costs of technologies
• Fixed and variable operational and

• Electricity price
• Electricity production (amount and share of
production by technology)

maintenance (O&M) costs of technologies

• Installed capacity (total and split by
• CO2 price (only in the scenarios where the
government agents doesn’t adjust the CO2
price, and in all other scenarios only the
“no-increase trajectory, see Table 4.11)

technology)

• Average and peak supply-demand gaps
• CO2 emissions from the power sector and
carbon intensity of electricity generation

• Generators’ and investors’ market shares
Table 4.1: BRAIN-Energy’s exogenous variables and outcomes

to 2050), timing of investments, yearly electricity production (average yearly and peak
yearly electricity production), electricity price, CO2 emissions from the power sector and
emissions intensity of electricity generation, installed capacity of different technologies,
and finally the structure of the power sector in terms of the evolution of the market
players’ market share (measured as the share of a market player’s yearly electricity
production over the total yearly electricity generation).
BRAIN-Energy’s exogenous drivers and outcomes are summarised in Table 4.1. The
different types of agents and their strategies are explained later in sub-chapter 4.5. Figure 4.1, instead, provides a conceptual illustration of the functioning of BRAIN-Energy.
It illustrates the most important procedures which take place in BRAIN-Energy at each
time-step through time, and the main feedback loops between the different agents and
dimensions. A detailed explanation about BRAIN-Energy’s flow is then provided in
sub-chapter 4.3.
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Figure 4.1: BRAIN-Energy’s flow and feedback loops

4.2 data

BRAIN-Energy is based on evolutionary economics theory and its main building
blocks (Safarzyńska and Van den Bergh, 2010; Nelson and Winter, 1982), which were
reviewed in sub-chapter 3.2.1), because:
• agents have bounded rationality (see sub-chapter 4.5.1)
• diversity is represented through agents’ heterogeneous strategies
• path-dependency influences the investment decisions of market players (see subchapter 4.6.2). This leads to adaptive investment choices
• imitation, hence learning, influences agents’ investment decisions (see sub-chapter
4.6.2). This leads to selection of the best strategies, even though this process is not
perfect due to agents’ bounded-rationality
• co-evolution takes place between the investment choices of the market players and
their outcomes and the surrounding policies and governance structure (see subchapter 4.3)

4.2

data

Detailed information about the input data used to calibrate the UK, German and Italian versions of BRAIN-Energy can be found in the Appendix to Chapter 4 (A.1) as
follows: fuel costs (Table A.4 for the UK and sub-section A.1.2.2 for Germany and Italy),
electricity demand (UK: sub-section A.1.1.1, Germany: sub-section A.1.2.1 and Italy:
sub-section A.1.3.1), CO2 prices (UK: Table A.5, Germany and Italy: Table A.12).

4.2.1 UK

The UK model is calibrated to 2012 using official government statistics (BEIS, 2016b).
Active generation technologies in the UK model are based on the existing generation
fleet at the base year 2012 (BEIS, 2016b) and are detailed in Table 4.2.
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Technology

GW

Gas CCGT

35

Coal

30

Nuclear

9

Onshore wind

6

Offshore wind

3

PV

2

Hydro

4

Biomass

3

Peaking plants (e.g. oil plants)

2

Table 4.2: Generation technologies in UK model at base year 2012 (source BEIS (2016b))

The technical and operational performance of the different technologies is expressed
in terms of variable operational costs (fuel costs), carbon costs, and fixed operations
and maintenance costs (O&M costs) per unit of electricity produced. O&M costs are
based on the fixed operations and maintenance costs components of the levelized cost
of electricity production (LCOE) of each technology (BEIS, 2016c).
Fuel costs of gas and coal are based on historical gas and coal prices found in the BEIS
(2016d) report. Assumptions about fuel costs future evolution reflect the UK’s government view and are based on the BEIS (2016d) “Reference scenario” estimates, because
this scenario is based on central estimates of fossil fuel prices and economic growth
for the UK, which are based on all agreed (hence also “planned” policies) and existing
policies as of BRAIN-Energy’s calibration year. Details can be found in Appendix to
Chapter 4 A.1 in Table A.4.
Each power plant has a load factor (defined as the technical load factor) (Table 4.3),
which represents its average yearly operational availability (BEIS, 2016c), and assumptions about existing power plants’ emission intensity and lifetime are based on CCC
(2015a) and are summarised in Table 4.3.
Existing generation technologies also provide future investment options for electricity
generation in BRAIN-Energy, except for hydro which capacity is assumed to remain constant through the years. Carbon capture and storage (CCS) is not a viable investment option in BRAIN-Energy, as currently efforts to deploy CCS technology are unfortunately
lagging behind expectations, and following the cancellation of the CCS Commercialisation competition in November 2015, the Government doesn’t now have a strategy for
the deployment of CCS (CCC, 2017).

4.2 data

Average load factor

Lifetime

Emission intensity
(gCO2/kWh)

Coal

90%

30 years

907

Gas CCGT

93%

25 years

365

Nuclear

90%

60 years

Onshore wind

32%

24 years

Offshore wind

43%

23 years

PV

11%

25 years

Biomass

84%

25 years

Hydro

40%

35 years

Peaking plants

22%

25 years

Table 4.3: Technical power plant data in UK version of BRAIN-Energy

Each generation technology has an associated capital cost (detailed in Table 4.4) expressed in EUR/kW (which is converted into £/kW in the UK version of BRAIN-Energy).
Data about technologies’ capital costs and their expected evolution to 2050 (Table 4.4) in
BRAIN-Energy is based on data from DIW’s Current and Prospective Costs of Electricity Generation until 2050 report (DIW, 2013). This publication has been chosen as the
data source for the technologies’ capital costs in the UK, German and Italian models,
as its capital cost estimates for the different technologies are based first on an extensive
literature survey and comparison of current capital costs and their future estimates for
the most important conventional and renewable generation technologies, and second on
experts’ opinions.
2010

2015

2020

2025

2030

2035

2040

2045

2050

Gas

400

400

400

400

400

400

400

400

400

Coal

1,800

1,800

1,800

1,800

1,800

1,800

1,800

1,800

1,800

Nuclear

6,000

6,000

6,000

6,000

6,000

6,000

6,000

6,000

6,000

Onshore wind

1,300

1,269

1,240

1,210

1,182

1,154

1,127

1,101

1,075

Offshore wind

3,000

2,868

2,742

2,621

2,506

2,396

2,290

2,189

2,093

PV

1,560

950

750

675

600

555

472

448

425

Biomass

2,500

2,424

2,350

2,278

2,209

2,141

2,076

2,013

1,951

400

400

400

400

400

400

400

400

400

Oil (peaking plants)

Table 4.4: Technologies capital costs in UK, German and Italian versions of BRAIN-Energy in
EUR/kW (source: DIW (2013))
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Carbon costs for conventional generation technologies (gas, coal and peaking plants)
comprise the EU ETS price plus the Carbon Support Price component of the Carbon
Price Floor (CPF) (this policy was explained in sub-chapter 2.1.1), and are based on
historical data found in the BEIS (2016d) report also in the “Reference” scenario as
for fuel prices. The “no-increase” CO2 price trajectory, which is the prevailing CO2
price over which the government agents can increase to a different degree the CO2
price when interim carbon budgets are not met (the different CO2 price trajectories
which the government agents can apply are explained in detail in sub-chapter 4.5.2),
is modeled according to the “Reference ” scenario in the BEIS (2016d) report, as this
scenario is based on central price and growth assumptions, and takes into consideration
existing policies as of the model’s calibration year. The different CO2 price trajectories
are showed in Figure 4.2, and are also explained in Table A.5. Further details can be
found in Appendix to Chapter 4 A.1.

Figure 4.2: CO2 price trajectories in UK version of BRAIN-Energy

Electricity demand (see Figure 4.3) is exogenous in BRAIN-Energy, and is calibrated
until 2016 on historical half-hourly National Grid data. Assumptions about future demand evolution are based on the National Grid’s Future Energy Scenarios 2016 report
(National Grid, 2016). Full data can be found in sub-section A.1.1.1 of the Appendix).
These scenarios have been chosen for the calibration of future electricity demand, in
order to be consistent with historical data, and because of their level of detail and disaggregation until 2050.

4.2 data

Figure 4.3: Electricity demand in UK version of BRAIN-Energy

4.2.2

Germany

The German version of BRAIN-Energy is also calibrated to 2012 as a base year. Existing
capacity as of 2012 has been calibrated using data provided by the Bundesnetzagentur
(Bundesnetzagentur Kraftwerkliste, 20181 ). Active generation technologies in the German version of BRAIN-Energy, and their installed capacity at 2012 are detailed in Table
4.5.
Technology

GW

Gas CCGT

29.5

Lignite

22

Hard coal

25

Nuclear

12

Onshore wind

31

Offshore wind

0.6

PV

33.5

Hydro

14.5

Biomass

6

Peaking plants (e.g. oil plants)

4

Table 4.5: Generation technologies in German model at base year 2012

1 https://www.bundesnetzagentur.de/.../Kraftwerksliste/Kraftwerksliste_2018_1.xlsx?__.
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As it is for the UK model these technologies, except for coal and lignite plants which
are due to be phased out according to European legislations and to plans of the German government2 , also provide future investment options. Nuclear is not a feasible
investment option in the German version of BRAIN-Energy, as in 2011, following the
Fukushima nuclear disaster, the German parliament with the 13th Amendment to the
Atomic Energy Act set fixed dates for the phase-out of existing nuclear power stations.
Technical and operational data for power plants, such as fixed O&M costs for different
technologies are based on data from DIW (2013). Load factors for the different generation technologies in the German model are assumed to be the same as in the UK model
(Table 4.3), and so is the technical lifetime of the power plants. The emission intensity of
conventional power plants in the German version of BRAIN-Energy is detailed in Table
4.6.
tCO2/MWh
Gas

0.73

Hard coal

0.94

Lignite

0.33

Table 4.6: Carbon emissions intensities of fossil fuel technologies based on Prognos (2014)

Historical fuel prices for gas and coal, which constitute the variable costs of the power
plants, have been calibrated using data from the BmWi Energiedaten database3 . The evolution of fuel costs to 2050 is based on assumption made in the Prognos “Entwicklung
der Energiemärkte – Energiereferenzprognose” report (Prognos, 2014) on the “Referenzprognose” and “Trendszenario” (sub-section A.1.2.2 in Appendix to Chapter 4).
As it is for the UK version of the model, capital costs for the different conventional
and renewable generation technologies are based on the DIW’s Current and Prospective
Costs of Electricity Generation until 2050 report (DIW, 2013) (Table 4.4). The same
capital cost assumptions have been used across the three countries case studies to allow
for better comparison between the results, and because it can be assumed that the costs
of the technological components of different generation technologies are the same across
European countries.

2 The German federal government established the “Commission on Growth, Structural Change and Employment” in 2018, which should put together a plan to decommission and phase out existing coal and lignite
plants by December 2018
3 https://www.bmwi.de/Redaktion/DE/Binaer/Energiedaten/energiedaten-gesamt-xls.html

4.2 data

Historical CO2 prices in the German model (in the “no-increase” CO2 price trajectory), which correspond to the value of the EUA certificates in the EU ETS scheme,
are based on data from BMWi Energiedaten database4 (which is based on historical
monthly average data from the EEX Exchange). The evolution of CO2 prices to 2050 (in
the “no-increase” CO2 price trajectory) is modelled according to assumptions found in
the Prognos (2014) report, which assumes a value of EUR 40/Mt CO2 (in real prices) in
2030 in the “Referenzprognose” scenario, and of EUR 76/Mt CO2 (real prices) in 2050
in the “Trendszenario” (see Figure 4.4 and Table A.12 in Appendix to Chapter 4). The
different CO2 price trajectories in the German model are explained in Table 4.11.

Figure 4.4: CO2 price trajectories in German and Italian version of BRAIN-Energy

Historical electricity demand for Germany (Figure 4.5) has been calibrated using halfhourly data from the Open Power System Data Platform5 , and on data from AG Energiebilanz6 . The forecasted evolution of electricity demand is based on the future scenarios’ data in the Prognos (2014) report (Figure 4.5 and for more details see sub-section
A.1.2.1 in Appendix to Chapter 6). This publication has been chosen as the data source
on which to base the future evolution of the electricity demand, because of its importance. In fact, this report was commissioned by the German government to the Prognos

4 https://www.bmwi.de/Redaktion/DE/Binaer/Energiedaten/energiedaten-gesamt-xls.html
5 https://data.open-power-system-data.org
6 https://ag-energiebilanzen.de/10-0-Auswertungstabellen.html
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Institute, and the scenarios in the report are based on actual and incremental policies
needed to achieve the decarbonisation targets set out by the government.

Figure 4.5: Electricity demand in German version of BRAIN-Energy

4.2.3 Italy

Also the Italian version of BRAIN-Energy is calibrated to 2012 as a base year. Based on
data from Terna (2012) active generation technologies and their installed capacity at the
base year are detailed in Table 4.7.
Technology

GW

Gas CCGT

63.8

Coal

8.5

Hydro

22.2

Onshore wind

8.1

PV

16.4

Biomass

3.8

Peaking plants (e.g. oil plants)

9

Table 4.7: Generation technologies in Italian model at base year 2012

4.2 data

No offshore wind plants were in operation in Italy in 2012. In fact the first offshore
wind farm of 30 MW is expected to start operation in the South of Italy in fall 20187 . Data
for active generation technologies and their installed capacities at 2012 was obtained
from “Impianti di generazione 2012” (Terna, 2012) and from GSE (2016a).
Active generation technologies and offshore wind also constitute future investment
options in the Italian model. As in the UK model, hydro is not a feasible investment
option, as there are no plans by the Italian government to expand its hydro capacity
(Ministero dello Sviluppo Economico, 2017).
The different technologies’ technical and operational data, such as fixed O&M costs, is
obtained from the same source as in the German model to make the models comparable.
Also emission intensity of power plants has been assumed to be the same as in the
German model in the Italian model (Table 4.6). In contrast, the operational load factors
of the generation technologies are obtained from RSE Colloquia (2017) (Table 4.8).
Average load factor
Coal

90%

Gas CCGT

93%

Nuclear

90%

Onshore wind

30%

Offshore wind

42%

PV

16%

Biomass

84%

Peaking plants

22%

Table 4.8: Average load factors of generation technologies based on RSE Colloquia (2017)

Capital costs of the generation technologies are the same as in the UK and in Germany,
for the reasons explained above (Table 4.4).
Moreover, historical fuel costs for Italy are based on data from Gestore del Mercato
Electtrico (GME), while their future evolution to 2050 has been assumed to be the same
as in the German model. This has been done because reliable data on future gas prices
in Italy could not be obtained, and because of the rather small differences in historical
prices between the two countries.
Also historical CO2 prices, and assumptions about their future trajectory, are the same
as in the German model and based on the same sources, as Italy also participates in the

7 http://www.qualenergia.it/articoli/20170616-eolico-shore-parte-la-realizzazione-del-primo-parco-italia
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EU ETS scheme, and the carbon price is similarly based on the market value of the EUA
certificates (Figure 4.4 and Table A.12 in Appendix to Chapter 4).
Finally, historical electricity demand in the Italian version of BRAIN-Energy (Figure
4.6) has been calibrated on half-hourly data from Terna and the Gestore del Mercato
Electtrico (GME), while assumptions about electricity demand’s future evolution are
based on “Scenari della domanda electtrica in Italia” (Terna, 2016) and on Terna (2018)
(Figure 4.6 and sub-section A.1.3.1 in Appendix to Chapter 6).

Figure 4.6: Electricity demand in Italian version of BRAIN-Energy

4.3

model flow

Figure 4.1 illustrates BRAIN-Energy’s flow.
Drivers of change in BRAIN-Energy are the different strategies of the market players
(which could all expect the same future fuel price, capital costs of technologies and electricity demand, or all have different expectations about such variables - this is explained
in the scenarios set-up in Chapter 5), and the different strategies of the government
agents (presence or not of subsides to renewables and of a capacity market, and level of
the CO2 price and frequency of carbon budgets). In fact, different expectations about
fuel prices, technology costs, level of future electricity demand and CO2 prices and
subsidies to renewables for new investments shift the preference of the market players
between generation technologies.

4.3 model flow

Moreover, each year existing power plants reach the end of their operating life and
retire. Alternatively, existing power plants considered not profitable enough can also be
shut down before the end of their lifetime by their owners. Hence, early closures because of unprofitability, and closures due to plants reaching the end of their operating
lifetime create supply-demand gaps, which can give rise to opportunities for new investments. These supply-demand gaps also create movements in the level of the wholesale
electricity price, which may drive new investments.
At the beginning of each time-step, or year, a given set of policies is implemented
in BRAIN-Energy. Market players (incumbents and non) take short-term operational
decisions about electricity production from their stock of assets, and bid electricity into
the market (see sub-chapter 4.4). Electricity bids are collected and summed up to the
level of the aggregated electricity demand. If the total electricity produced and fed into
the market by the market players is lower than the yearly electricity demand, the existing
supply-demand gap is calculated. Moreover, the yearly wholesale electricity price is
calculated, which corresponds to the short run marginal cost of the most expensive
power plants producing electricity in that given year (see sub-chapter 4.4). Hence, in
BRAIN-Energy the level of aggregated electricity production and the yearly wholesale
electricity price are influenced by electricity demand, fuel and CO2 costs, and technology
specific O&M costs. Further detail about the technical operations of the power sector,
market players’ bidding strategies and calculation of the short run marginal costs and
electricity prices is provided in sub-chapter 4.4.
After the electricity production and wholesale price calculation steps have been completed, depending on the level of the wholesale electricity price and on the amount of
each generators’ production from its different power plants, the market players’ equity
and cash positions are updated (see sub-chapter 4.5.1). The market players’ financial position will then be one of the factors driving, or constraining, their long-run investment
decisions.
Subsequently, the Government agent assess the outcomes in terms of CO2 emissions
and carbon intensity of electricity generation, and progress in meeting the decarbonisation targets. If the interim carbon budgets are not met, the Government agent can
increase the prevailing CO2 price, according to the level of his environmental commitment and strategy (see sub-chapter 4.5.2 for a detailed explanation).
Moreover, the Regulator agent checks the level of the wholesale electricity price, and
according to its strategy and degree of intervention in the electricity market, it intervenes
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in the market to manage eventual market failures. This means that it manages security
of supply by enforcing capacity auctions (see sub-chapter 4.5.2), if such a mechanism is
foreseen by national energy policies. Hence, policy changes are endogenous in BRAINEnergy and co-evolve with the emergent properties of the electricity sector through the
years.
After the policy and regulatory environment has been updated, market players decide about decommissioning unprofitable power plants, reassess the profitability of their
prior investments, and finally take strategic long-term investment decisions in generation technologies (see sub-chapter 4.6). After a planning- and construction lag of a
certain number of years, depending on the generation technology, new power stations
finally start producing electricity and the stock of existing power stations at each year
is updated. The evolution of the generation mix in BRAIN-Energy is, therefore, an
emergent result of the agents’ investment and decommissioning decisions.
A new time-step, or year, can start at this point, again with market players producing
electricity based on the updated power plant stock and policy and regulatory environment.
One key aspect of BRAIN-Energy is that market players have bounded-rationality,
hence they make investment choices with myopic foresight, not knowing what the other
actors are doing. Therefore, BRAIN-Energy doesn’t produce optimal least-cost future
scenarios like an optimisation or electricity dispatch model, but rather focuses on the
actors’ own choices and interactions with other actors through time. The fact that actors’
investment decisions and interactions are better captured on an annual basis justifies the
annual resolution of BRAIN-Energy.
Figure 4.1 provides a conceptual illustration of the functioning of BRAIN-Energy, how
it iterates in yearly time-steps through time and the main feedback loops between the
different agents and dimensions.
In fact, not only the sequential steps described above are important in BRAIN-Energy’s
flow, but also the feedback loops which are created between the different dimensions.
Important feedback loops can be found around the electricity price, which is created
through the merit order of electricity production as described above, and which in turn
influences the profitability of the market players’ active generation plants, hence their
profitability and ability to commit new investments. Moreover, the electricity price also
influences the market players’ evaluation of future investments, and their decommissioning decisions.

4.4 technical operations of the power system and electricity demand

Another important internal feedback loop is created around government polices and
the level of the CO2 price, which affects the short run marginal costs of the active power
stations, hence the merit order of electricity production and the electricity price, and
finally the decommissioning decisions and new investment decisions of generators and
investors.

4.4

technical operations of the power system and electricity demand

BRAIN-Energy doesn’t aim to be an electricity sector dispatch model, with a high degree
of detail and spatial and temporal resolution. In fact, BRAIN-Energy’s focus is not the
representation of the operational functioning of the power sector, but it still aims to
represent the operational dispatch side as correctly and realistically as possible, as this
serves as a basis for the modelling and understanding of the long-term, strategic side of
the model.
Electricity demand, an exogenous variable in BRAIN-Energy, has been divided into
average yearly day demand and average yearly night demand, to account for diurnal
variations in electricity load. This has been done based on the half-hourly national data
available described in sub-chapters 4.2.1 and 4.2.2 and 4.2.3. Details about the calibration
of the yearly average diurnal and nocturnal electricity demands in the UK, German and
Italian versions of BRAIN-Energy are provided in the Appendix to Chapter 4 A.1.
Also, a yearly peak demand in GW has been defined, which is calculated as the yearly
average day demand multiplied by the peak factor. For all the three countries, the peak
factor (PF) has been calibrated on historical observations of the absolute yearly peak
electricity demand in the UK, Germany and Italy, and is defined as a percentage of the
average yearly day demand. The peak factor (PF) is assumed to be constant through the
years from 2012 to 2050. Details about the level of the peak factor in the UK, Germany
and Italy can be found in Appendix to Chapter 4 in Table A.3.

PeakDemandt = AverageYearlyDayDemandt ×PF
where:
PF is the peak factor

(4.1)

81

82

methodology and model

To account for the intermittency of renewable generation assets, and for their effect on
capacity, on load factors of thermal plants and on the electricity price formation, their
installed capacity has been de-rated by their load-factor. Moreover, as electricity production from renewable sources is intermittent and can’t be controlled, renewable plants in
this model have a declining “contribution to peak”, which means that the marginal contribution of each new renewable generation asset in meeting peak demand is declining
the more renewables are installed in the system. This leads to renewable plants only
contributing 5% of their capacity to peak generation, when over 80% of electricity is
produced from renewable sources (De Vries et al., 2015). These arrangements allow to
account for the intermittency of renewables on a yearly time scale, and allow to keeps
the system into balance, leading to the need of having more conventional generation
assets to offset the intermittent renewables and to provide back-up generation.
At each time-step, market players bid potential electricity production from each of
their power plants p into the market. Each market player’s bidding strategy at time t (bt )
is a function of the short run marginal cost per MWh of electricity produced, and of the
potential available production capacity of each power plant at current year t:

bt = f (SRMC p,t , ep p,t )

(4.2)

where:
SRMC p,t short run marginal cost of power plant p per MWh of electricity produced at
time t
ep p,t potential available production capacity of power plant p in MWh at time t defined
as

ep p,day,t = min( InstCap p × LFp × 365 × 12)( RDday,t, )

(4.3)

ep p,night,t = min( InstCap p × LFp × 365 × 12)( RDnight,t )

(4.4)

where:
InstCap p is the installed capacity in GW of plant p

4.4 technical operations of the power system and electricity demand

LFp is the technical load factor of plant p
RDt is the remaining electricity demand to be satisfied at time t (either remaining
night demand RDday,t or remaining night demand RDnight, )
All the bids from the generators up to the level of the yearly day or night average
electricity demand are collected, and electricity is then dispatched on a merit order
basis. This means that electricity is dispatched in ascending order based on the technologies’ short run marginal costs, where electricity produced from technologies with
the cheapest short run marginal costs are dispatched first. Given the low marginal cost
of renewable power plants, their electricity is dispatched first. Market players bid electricity into the market up to the level which the remaining demand at time t (RDt ),
defined as yearly average day or night electricity demand minus the sum of bids from
electricity producers up to that moment, is equal to zero. This creates the electricity day
(st,day ) and night (st,night ) supply functions at time t, which if no supply-gaps are present,
match the level of yearly average day and night electricity demand.

st,day =

∑ bt Day

st,night =

∑ bt Night

(4.5)

(4.6)

where:
∑ bx,t Day is the sum of day electricity bids from generators
∑ bx,t Night is the sum of night electricity bids from generators
The short run marginal cost of each generation plant p at time t (SRMC p,t ) is based
on its variable operational costs per MWh of electricity produced (which are a function
of fuel and CO2 costs) and fixed operational and maintenance costs. It is assumed that
power plants in this model only use one type of fuel at the time. Ramp-up costs are not
considered. As the generators in the model don’t have any market power, there is no
mark-up on the short run marginal cost.

SRMC p,t =

( p f ,t + pCO2,t ) ×ep p,t + f c p,t
ep p,t

(4.7)
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where:
p f ,t is the price of fuel f at time t for a MWh of electricity
pCO2,t is the CO2 price at time t for a MWh of electricity
ep p,t potential available production of plant p at time t in MWh
f c p,t fixed O&M costs for plant p at time t
The wholesale electricity price at year t (pt ) is equal to the short run marginal cost
of the last and most expensive bid accepted into the market, which is required to meet
electricity demand in that year.
Furthermore, to calculate if yearly peak demand is satisfied, the maximum yearly
potential electricity production for each existing power plant is calculated, de-rated by
the technology’s technical load factor. In case of renewable plants, as explained above,
the load factor used to calculate the contribution of these assets to peak demand is
declining the more renewables installed on the system. The sum of each existing and
active power plant’s maximum potential electricity production leads to the total yearly
maximum potential electricity production (maxst ).

n

maxst =

∑(cap × LFp × 365 × 12)

(4.8)

p

where:
maxst is the maximum potential electricity production in a year to meet peak demand
n is the number of existing plants
At the end of each year, based on the production mix resulting from the merit order,
hence on the share of electricity produced through renewable sources and through conventional sources, total emissions in the power sector (TotCO2t ) at time t and carbon
intensity of electricity generation (CIt ) at time t are calculated.

n

TotCO2t =

∑((s p,day,t + s p,night,t ) × EIp )

(4.9)

x

CIt =
where:

TotCO2t
+ s p,night,t )

∑nx (s p,day,t

(4.10)

4.5 agents: characteristics and strategies

s p,day,t total day electricity production of power plant p at time t
s p,night,t total night electricity production of power plant p at time t
EI p is the emission intensity of plant p
n is number of active power plants at time t

4.5

4.5.1

agents: characteristics and strategies

Power generators and investors in the electricity market

The main actors in this model are heterogeneous electricity generators and investors
in electricity generation assets, which have different characteristics, strategies and goals.
The different types of actors, which also differ by country, are reviewed in detail in Table
4.9, their strategies in Table 4.10, and in sub-chapters 4.5.1.1 and 4.5.1.2 and 4.5.1.3.
All of them exhibit non-optimal behaviours in their micro-economic decisions. In
fact, one of BRAIN-Energy’s aims is to capture the influence of behavioural economic
aspects, such as future expectations and heuristic aspects on the investment decisions
of the market players, of which there is a lack in current literature (Wustenhagen and
Menichetti 2012) as already explained in Chapter 1 and in sub-chapter 3.3.2. Introducing
these realistic aspects into BRAIN-Energy makes it possible to understand how to inform
effective policy making that can stimulate investments in a sustainable way.
Actually, what is different in BRAIN-Energy compared to models in which agents
have strict economic rationality, is the fact that electricity generators and investors have
bounded rationality and take myopic investment decisions in accordance with evolutionary economics theory, not having perfect foresight about the future, and not knowing
what the other market players’ future decisions are. The concept of bounded-rationality
was described in detail in sub-chapters 3.2 and 3.3.
In BRAIN-Energy, each market player evaluates new technologies and investments
based on its own micro-economic perspectives and expectations about future electricity
demand, fuel, CO2 and technology prices. Investment decisions are taken independently by each generator and investor, but at the same time each of them is confronted
with the outcomes of the other players’ decisions.
Moreover, not only net present value and return on investment calculations are important determinants of future investments, but also path-dependent behaviour, individual
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Actors

Description

Incumbent

Main players in the electricity generation business. Their core business is electricity

utilities

generation through conventional generation technologies. Some incumbent utilities
also operate renewable power plants. Moreover, some incumbents only operate and
invest in renewables, to reflect the current trends in the energy markets. Some may
be partially government owned. These are vertically integrated companies that also
own the supply business.

Independent

Private companies, like project developers, which develop, own, operate new

power

generation assets, and eventually then sell these to other generators. Unlike

producers

incumbent utilities, IPPS don’t own distribution assets, are not vertically integrated
hence don’t sell electricity directly to consumers.

Municipal

These utilities can be found only in the German model. These companies are directly

utilities

or indirectly owned by a municipality or city, and operate only in their regions, to

(Stadtwerke)

which they are strategically committed. Some municipal utilities can benefit from
lower interest rates as they borrow from local banks.

New-entrants

New-type of electricity generators. These are companies whose main expertise and
core business is not electricity generation, however they enter into the electricity
generation business attracted by subsidies. For example these could be IT companies
investing in renewable energy projects (like Google Energy)

Institutional

Institutional investors (such as pension funds and insurance companies) are financial

investors

institutions that manage funds on behalf of others. Institutional investors have
substantial assets under management, and their liabilities can be long-term. To
match their liabilities they seek stable, predictable and long-term returns and
cash-flows. Institutional investors investment channels are either through
investments in another companies’ equity or bonds, or through direct investments.

“Civic” sector

“Civic” sector actors (as defined by Hall et al. (2016)), such as households and energy

actors

cooperatives, are very important investors in renewable energy assets in Germany
and in Italy. These actors invest mainly in small scale renewable energy facilities, to
cover self-consumption, and might sell surplus locally.

Table 4.9: Market players in BRAIN-Energy

4.5 agents: characteristics and strategies

learning (such as learning from previous individual experience and investments), evolutionary learning (learning by observing other market players’ unsuccessful strategies
and market players losing market share), and social learning (such as and imitation
of successful strategies of other market players) (Gilbert et al., 2006). The influence of
path-dependency and imitation on investment decisions will be explained in detail in
sub-chapter 4.6.2.
On top of path-dependency and imitation in investment decisions, each market player
has a given “policy”, which is a determined set of rules, strategies and heuristics which
drive their behaviours through time (Gilbert, 2008). The most important strategic parameters of the generators and investors agents are:
• technology preferences: this means that market players only operate or invest into
determined types of technologies in BRAIN-Energy (Table 4.10). The rationale
for that comes from the fact that different electricity generation technologies bear
different types of risks, which can best be managed by different types of owners
which have different capabilities, sizes, risk propensities, etc. (CPI, 2017a; Mazzucato and Semieniuk, 2017). In fact, in the real world it is difficult for example for
solar PV operators, or for wind operators, to suddenly start investing in nuclear
plants, which require a total different expertise and substantially higher financial
investments. Existing literature and research points out that incumbent utilities
prefer to invest in renewable energy projects and technologies which are larger
in scale and complex (CPI, 2016b), as they have a competitive advantage over
competitors on such projects. Moreover, recent trends in the European electricity
market have lead European incumbent utilities to only operate renewable energy
assets or conventional generation plants (Brunekreeft et al., 2016). Municipal utilities, instead, prefer to invest in PV and onshore wind assets, because of the low
financing costs associated with these technologies (CPI, 2016b). Also institutional
investors prefer to invest in PV and onshore wind (CPI, 2016b). The different types
of technologies which market players own, operate and invest in have an impact
on the revenues which market players are able to generate at each time step in
BRAIN-Energy, and hence on the evolution of their market shares. For example,
a market player which only operates conventional generation assets will struggle
when the majority of the electricity is produced through renewable sources, which
reduce electricity prices and the running hours of conventional assets. Moreover,
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high interest rates impact market players which invest in renewable generation
assets, making it harder for such players to recover their investment costs.
• length of the foresight used to evaluate possible investment options: this means
that different types of market players evaluate future investment options over a different number of years in the future. The length of the foresight for the different
types of market players has been calibrated in BRAIN-Energy based on the wider
strategies of the market players (Table 4.10), as accurate data is hard to obtain.
Hence, the length of the foresight of the market players depends on their investment strategies, risk propensity and return expectations and wider behavioural
assumptions. For example incumbent utilities, whose main business is electricity
generation, have a long 15 to 20 years foresight. Municipal utilities in Germany
have an even longer 20 to 25 years foresight, which matches the average lifetime of
the main generation technologies, to reflect the fact that such players are committed to generate electricity for their local communities no matter what happens in
the market surrounding them. More speculative players, such as different types of
new-entrants or independent power producers, have a shorter 10 years foresight.
Details about the length of the foresight of each type of market player are provided
in Table 4.10.
• length of time during which generators and investors are willing to absorb losses
from operating power stations before closing unprofitable plants down: market
players such as incumbent utilities and municipal utilities are willing to absorb
losses for more constitutive years, as electricity generation is their main business,
as opposed to independent power producers (which usually invest, own and then
sell the projects) and new entrants in the market who have a more speculative
behaviour and look for short term returns (CPI, 2016a; Global Capital Finance,
2014). The number of years during which market players are willing to absorb
losses for before they decide to switch off unprofitable plants has been calibrated
in BRAIN-Energy based on the wider strategies of the different market players
found in the literature (Global Capital Finance, 2014; BNEF, 2012; CPI, 2012, 2016a,
2017c) and summarised and referenced in Table 4.10, as accurate data on this
aspect can not be found in the existing literature.
• interest rate that market players pay on their financial loans and the associated expected rate of returns of new investments: interest rates charged to market players

4.5 agents: characteristics and strategies

are based on values found in the literature (H.M. Treasury, 2011; Hermelink and
De Jager, 2015; Global Capital Finance, 2014; Steinbach and Staniaszek, 2015) and
on the financial statements of the major European utilities (Uniper, 2017; E.ON,
2017; Enel, 2017; Scottish Power, 2018; RWE, 2016). These reflect the risk profile
of each type of actor also taking into account the risk profile of the country in
which they operate, and represent a company’s weighted average cost of capital
(WACC). The WACC reflects the cost of a company’s equity and debt liabilities. In
the Italian version of BRAIN-Energy market players have a higher WACC/interest
rate, to acknowledge the fact that Italy has a higher WACC8 compared to Germany and the UK (Diacore, 2015). It is especially the administrative risk linked to
renewable energy projects, together with policy design risk which is perceived as
high in Italy compared to the other two country case studies (Diacore, 2015). The
“Big 4” German incumbent utilities9 have a WACC in the range of 7%-9% before
tax (5%-7% after tax), while municipal utilities have a lower WACC as they are a
less expensive source of capital (CPI, 2016b). Independent power producers, like
project developers, in contrast have a higher WACC than incumbent utilities, because they often focus on the most risky phases of a project (CPI, 2016b; Blyth et al.,
2015). As a result of their interest rates, heterogeneous generators and investors
expect different returns on their investments which match the level of the interest
rate they pay. Moreover, the discount rate r used by the market players in their
investment decisions (as explained in sub-chapter 4.6.1) is equal to the interest rate
they pay on their liabilities. Details about the interest rates for each type of market
player are provided in Table 4.10.
• expectations about renewable technologies capital costs, fuel prices and level of future electricity demand: these reflect the future views of the market players about
the evolution of the electricity market, depending on their expected level of electrification in the transport and heating sectors. For example, in BRAIN-Energy the
incumbent utilities which only operate and invest in conventional electricity generation assets think that gas prices in the future will be lower compared to market
players which only invest in and operate renewable generation assets. Similarly,
market players which only invest in and operate renewable generation assets believe that the capital costs of renewable technologies will decrease more in the
8 WACC for onshore wind projects (Diacore, 2015)
9 E.ON, RWE, Vattenfall and EnBW
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future compared to market players which invest in conventional assets. Chapter 5
explains in detail the different expectations that actors have about future electricity
demand, technology and fuel costs according to the different scenarios in the three
countries.
These behavioural/ strategic parameters are summarised in Table 4.10, while pathdependency and imitation are explained in detail in sub-chapter 4.6.2.
All these aspects and heterogeneity in strategies contribute to create diversity in
BRAIN-Energy, an important concept in evolutionary economics, and give a realistic
representation of how diverse market players actually are in the real world, and of how
this diversity impacts the emergent properties of the system and the evolution of the
low-carbon transition.
This model also contains a stylized profit & loss, balance sheet and cash flow statement calculation for each market player. At each time step, after market players have
taken their operational decisions and dispatched electricity into the market, the profitability of all power plants is assessed, and hence each market player’s x yearly profit
at year t (NetPro f it x,t ) is calculated as:

z

z

p

p

NetPro f it x,t = (∑ prod p,t × pt ) − ∑ totCosts p,t − intcostst

(4.11)

where:
∑zp prod p,t × pt is the sum of all revenues of the power plants of market player x at
time t, defined as actual production of plant p at time t (prod p,t ) times the wholesale
electricity price at time t (pt )
∑zp totCosts p,t is the sum of the total costs of all active plants of market player x at year
t, defined as sum of the variable (fuel and carbon) costs times actual production (prod p,t )
plus the fixed costs of all plants of market player x at time t
intcostst are the interest expenses that market player x pays at year t on its liabilities
z is the number of power plants of market player x
Subsequently, each market player’s x cash position at year t is derived as

Cash x,t = NetPro f it x,t − debtRep x,t − div x,t − CAPEXx,t

(4.12)

4.5 agents: characteristics and strategies

Actors

Strategies in BRAIN-Energy

Incumbent util-

• Aim: production of electricity to meet demand and provision of stable dividends to shareholders
(Blyth et al., 2015; Caldecott and McDaniels, 2014; CPI, 2016b). Once out of the market, no new
incumbents are created in BRAIN-Energy.

ities

• Technology preferences: invest across all technologies (within the pool of their accepted technologies)
• Foresight: 15-20 years. Incumbents are willing and able to absorb losses from unprofitable plants
longer than other generators
• Number of years losses are allowed for before plants are switched off: 7-10 years
• Interest rate and return expectations: 5%-7% (Hermelink and De Jager, 2015; Steinbach and
Staniaszek, 2015; CPI, 2016b)

power produc-

• Aim: profit maximisation and increased market share (CPI, 2016b; Global Capital Finance, 2014).
Opportunistic investment style.

ers

• Technology preferences: gas and nuclear. Renewables: onshore-and offshore wind (CPI, 2016b)

Independent

• Foresight: 10-15 years. IPPs switch off unprofitable plants sooner than incumbents or municipalities
(Global Capital Finance, 2014).
• Number of years losses are allowed for before plants are switched off: 5 years
• Interest rate and return expectations: 8%-10% in Germany and UK, 8-12% in Italy (Diacore, 2015).
IPPs seek higher returns from investments than incumbents, and are willing to undertake riskier
projects (Global Capital Finance, 2014)
Municipal utilities

• Investment choices are driven by financial return expectations, but also by wider environmental
considerations (CPI, 2016b; Hall et al., 2016, 2017)
• Technology preferences: gas and renewable generation technologies (PV, onshore wind and biomass).
Larger municipalities also invest in offshore wind (CPI, 2016b)
• Foresight: 25 years, as supply of energy to their region is their main business
• Number of years losses are allowed for before plants are switched off: 7-10 years
• Interest rate and return expectations: 4% (Hall et al., 2016, 2017)

New-entrants

• Technology preferences: only renewable generation technologies
• Foresight: 10 years, as supply of energy is not their main business, they are just being speculative
• Number of years losses are allowed for before plants are switched off: 5-7 years
• Interest rate and return expectations: 12%, as they seek high returns

Institutional investors

• Technology preferences: Onshore wind and PV. More experienced institutional investors can also
invest in offshore wind. Pension funds seek to invest EUR 100-250 million at once, while insurance
companies look to invest EUR 20-100 million at once (Global Capital Finance, 2014; Blyth et al., 2015;
CPI, 2016b, 2017c)
• Foresight: 20-25 years, as this matches their long-term liabilities (Blyth et al., 2015; CPI, 2016b;
Mazzucato and Semieniuk, 2017)
• Number of years losses are allowed for before plants are switched off: 5-10 years
• Interest rate and return expectations: 5%-10% in Germany and UK and 5-12% in Italy, to reflect the
riskier environment (Global Capital Finance, 2014; Diacore, 2015)

“Civic”
actors

sector

• Technology preferences: households only invest in small scale PV. Energy cooperatives can invest in
PV, small scale biomass and onshore wind (Palmer et al., 2015; GSE, 2016b; Trend:research, 2013; CPI,
2016b).
• Investment decisions based on pay-back period of assets, which can vary from 5 to 15 years
depending on single actors
• Interest rates: reflect market cost of capital and are between 3%-6% (Steinbach and Staniaszek, 2015)

Table 4.10: Overview of market players’ strategies in BRAIN-Energy (for path-dependency and
imitation in investment choices see sub-chapter 4.6.2)
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where:
debtRep x,t is the amount of debt that each agent x has to pay back each year
div x,t is the dividend which each year each market player x pays to its shareholders.
The div x,t is calculated as a percentage of the NetPro f it x,t , if this is positive. The percentage varies by type of market player, and has been calibrated based on the financial
statements of the major European utilities and German municipalities.
CAPEXx,t is capital expenditure on new investments made by agent x at year t
Finally the market players’ equity is updated as total assets, which are the sum of an
agent’s Cash x,t and value of assets (assumed to be the same as sum of all CAPEXx,t in
BRAIN-Energy) minus an agent’s x total debt.
Market players then decide whether to close unprofitable operating power plants,
(this is explained in sub-chapter 4.6.2) and based on their updated financial situation,
and on other aspects which will be reviewed in sub-chapter 4.6, they take strategic
investment decisions regarding capacity expansions. Therefore, the evolution of the
generators’ financial situation and their investment choices determine the development
of their market share through the years.
4.5.1.1

UK

There are three main groups of electricity generators in the UK version of BRAINEnergy: incumbent utilities, independent power producers and new-entrants in the
electricity generation business (explained in Table 4.10).
As BRAIN-Energy is a stylised representation of the UK electricity generation sector,
the “Big 6” utilities are represented by four incumbent generators, which summarise
the main characteristics of the “Big 6”. Two independent power producers represent
generators other than incumbent utilities, and four new entrants represent new-type of
generators in the market at the onset of the simulations, whose main initial business
is not electricity generation. However, more new-entrants can enter in the electricity
generation market subsequently, when investment opportunities arise.
One incumbent generator has all the nuclear installed capacity as of the base year 2012
(as it is for EDF Energy in the UK market), and there is one new-entrant specialised in
nuclear, which represents new investors in the UK market in this technology. Moreover,
to capture the recent evolutions in the power market, such as the fact that E.ON’s and
RWE’s have separated their conventional from their renewables generation businesses,
BRAIN-Energy features one incumbent who only operates renewable power plants.

4.5 agents: characteristics and strategies

As regards to the independent power producers, one invests in both conventional and
renewable technologies, while the other one can only invest into renewables.
No “civic” sector actors have been modelled in the UK version of BRAIN-Energy, as
such actors only own 0.3% of renewable installed capacity in the UK (Hall et al., 2016) as
explained in sub-chapter 1.3, mainly because it is difficult for civil society actors in the
UK to gain access to sufficient sources of finance (Hall et al., 2016). Also, institutional
investors in the UK BRAIN-Energy have not been modelled, because their ownership of
electricity generation assets in the UK market is limited as also explained in sub-chapter
1.3.

4.5.1.2

Germany

In the German version of BRAIN-Energy, the “Big 4” have been stylised as three incumbent generators. Following the same logic as in the UK model, one only owns, operates
and invests in conventional generation plants, one owns, operates and invests both conventional and renewable generation assets, and one only owns, operates and invests in
renewables.
Moreover, only in the German version of BRAIN-Energy also municipal utilities have
been modelled, as these are key actors in the German electricity market. Two municipal
utilities have been modelled in BRAIN-Energy, one which can only operate and invest in
renewables, and one which can operate and invest in both renewables and conventional
generation plants.
Institutional investors in the German electricity sector are very important actors with
an ownership of renewable assets of 30% as of 2012 (Trend:research, 2013), which is
BRAIN-Energy’s calibration year, as explained in sub-chpater 1.3. Three institutional investors have been modeled in the German version of BRAIN-Energy: two only invest in
onshore wind and PV projects (the main generation technologies in which institutional
investors invest in according to CPI (2012) and CPI (2017c)), while one of them also
invests in offshore wind projects, a technology in which bigger and more experienced
institutional investors are also investing in (CPI, 2012).
Similarly, the “civic” sector (which comprises households and energy cooperatives) is
a key player in the German electricity market and owns 33% of total renewable assets
(Trend:research, 2013), as also explained in sub-chapter 1.3. Hence, both households
(household aggregation as explained below) and energy cooperatives have been modelled in the German version of BRAIN-Energy. Initially four household agents and two
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cooperative agents have been modelled in the German model, and more of such actors
can enter in the electricity market when they see opportunities. As the average household investment in PV in Germany is 10kW (CPI, 2012), and as the minimum investment
size in PV in BRAIN-Energy is 10MW a household agent in BRAIN-Energy is assumed
to be an aggregation of 1’000 households. Energy cooperatives in BRAIN-Energy can
be distinguished from household agents as they also invest in small onshore wind and
biomass projects, while households only invest in PV (CPI, 2012).
4.5.1.3

Italy

In the Italian version of BRAIN-Energy four incumbents represent the major Italian
power utilities. One player represents in a stylised way Enel, the major electricity producer in Italy (more details were given in sub-chapter 1.3). This player holds all coal
assets, significant hydro assets and also some onshore wind assets. The second incumbent holds only conventional generation plants, the third incumbent a mix of gas and
renewable plants, and the fourth incumbent only renewable generation assets, following
the same logic applied in the German and UK model.
Institutional investors have also been modeled in the Italian version of BRAIN-Energy,
as in Italy these investors hold the majority of PV assests10 .
Moreover, “civic” sector actors are very important in Italy, and as such are included
in the Italian BRAIN-Energy. In fact, as highlighted by Palmer et al. (2015) the majority
of PV installed capacity in the North of Italy is owned by private individuals (such as
households). Moreover, in 2012 88% of the total number of installed PV plants in Italy
were below 20 kW (Palmer et al., 2015), hence small scale. As in the German version
of BRAIN-Energy, also in the Italian four household agents have been modelled at the
beginning of the simulations, and more of such actors can enter in the electricity market
when they see opportunities. As the average household investment in PV is also 10kW
in Italy (GSE, 2016b), household agents in the Italian model have been calibrated as
in the German model. No energy cooperatives are modelled in the Italian version of
BRAIN-Energy.

10 https://www.linkiesta.it/it/article/2016/02/19/fondi-e-societa-lussemburghesi-ecco-i-signori-delfotovoltaico/29326/
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Trajectory

Description and calibration

“No-increase”

This is the prevailing CO2 price at the onset of all scenarios in BRAIN-Energy. When
the government is not committed to meet decarbonisation targets, it maintains the
CO2 price at this level even if interim carbon budgets are not met.
The “no-increase” trajectory has been calibrated as (see sub-chapter 4.2):
UK:

• Historical: EU ETS + Carbon Price Floor “Reference” scenario in (BEIS, 2016d)
• Future: “Reference” scenario in BEIS (2016d)
Germany and Italy:

• Historical: EU ETS ( BmWi Energiedaten database11 )
• Future: “Referenzprognose” scenario and “Trendszenario” (Prognos, 2014)
This trajectory represents a weak commitment by the government to meet

“Weak”

decarbonisation targets. Under the “weak” trajectory, when interim carbon budgets
are not met, the government increases the CO2 price by 100% over the “no-increase”
trajectory
“Strong”

This trajectory represents a strong commitment by the government to meet
decarbonisation targets. Under the “strong” trajectory, when interim carbon budgets
are not met, the government increases the CO2 price by 200% over the “no-increase”
trajectory

Table 4.11: CO2 price trajectories

4.5.2

Government and policies

There are two governmental agents in this model: the government agent and the electricity market regulator agent.
4.5.2.1

Government agent

The strategy and aim of the government agent in BRAIN-Energy is to make sure that
the legally binding CO2 reduction targets are met by 2050, and that the low-carbon
transition of the electricity sector is on track to meet the interim carbon budgets. The
level of the government activity and its commitment to meet climate change targets is
measured by the degree to which the government agent increases the carbon price over
the prevailing “no-increase” trajectory when the interim carbon budgets are not met.
There are three CO2 price trajectories which the government agent can apply, which are
summarised in Table 4.11.

95

96

methodology and model

Therefore, in practice the government agents in the UK, Germany and Italy check the
carbon budgets (which have a different frequency in the three countries) and if these
are not met they increase the prevailing CO2 price at year t (which is the “no-increase”
trajectory) by either 100% (“weak” trajectory”, which results in a “weak” CO2 price at
year t CO2pricet,weak ), or by 200% (“strong” trajectory, which results in a “strong” CO2
price at year t CO2pricet,strong ).

CO2pricet,weak = CO2pricet × (1 + 100%)

(4.13)

CO2pricet,strong = CO2pricet × (1 + 200%)

(4.14)

The government agents in the three countries increase the prevailing CO2 price in percentage terms, to create an exponential growth profile. This enables them to increase the
current CO2 price always stronger as progress towards the 2050 long-term objectives is
made, and the current CO2 price is not sufficient to achieve the interim objectives. If, in
between carbon budgets CO2 emissions (or carbon intensity) fall below the desired level,
the government agent decreases the CO2 price again to the “no-increase” trajectory.
The frequency of the carbon budgets is five-yearly in the UK. The five-yearly frequency
and the level of the emission intensity of the carbon budgets in the UK are based on the
five-yearly carbon budgets set out by the CCC. The frequency of these carbon budgets
has been established by the 2008 Climate Change Act to achieve the long-term 2050
targets in a cost-effective way as explained in sub-chapter 2.1.1. The CCC (2017) setsout that the carbon intensity of power generation should fall to 200-250 gCO2/kWh
by 2020, to 100 gCO2/kWh by 2030 and to near-zero by 2050. In BRAIN-Energy, to
make carbon budgets consistent with that decided by the CCC, the first carbon budget
has been set out at 2020 (8 years after the start of the simulations) and this represents
CCC’s 3rd carbon budget, which goes from 2017 to 2022, hence is centered around
2020. With the same logic, the second carbon budget in BRAIN-Energy has been set
to 2025, representing the the 4th carbon budget which spans from 2023 to 2027, and
is hence centered around 2025. To each carbon budget a carbon intensity has been
assigned in BRAIN-Energy, which is in line with the values provided by the CCC (CCC,
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2017). Between 2030 and 2050, the desired carbon intensity of power generation has
been modelled to decrease constantly from 100 gCO2/kWh in 2030 (as prescribed by
the CCC) to near-zero in 2050. Full details of the UK carbon budget and the associated
target levels are provided in Table 4.12.
In the German model, the government agent provides five- to ten-yearly carbon budgets between 2020 and 2050 (2020, 2025, 2035, 2045 and long-term 2050 target) which
are based on the share of electricity produced from renewables at given target years, as
set out in the renewable electricity targets in the Renewable Energy Sources Act (EEG
201712 ) and as explained in sub-chapter 2.1.2. Also, a 2020 carbon budget has been
added in the German version of BRAIN-Energy, in accordance with EU targets, to have
at least 20% of electricity produced through renewables by 2020. Moreover, a 2045 target
has been added in the German BRAIN-Energy to have an interim budget between the
2035 and 2050 target. Again, full details about carbon budgets in the German model can
be found in Table 4.13.
In the Italian model, the carbon targets have been set at 2020, 2030, 2040 and 2050.
The Italian law doesn’t set out legally binding national interim objectives, except for
setting a target of 55% share of electricity production from renewables at 2030 in the
Strategia Energetica Nazionale 2017 (Ministero dello Sviluppo Economico, 2017) and
the 2050 long-term goal of producing at least 80% of total electricity through renewables
at 2050. To make the Italian version of BRAIN-Energy consistent with the UK and the
German one, a 2020 interim target has been added in accordance with EU targets, as in
the German model. Moreover, to have a middle reference between 2030 and 2050, a 2040
target has been added in the Italian model and calibrated based on the most prominent
Italian modelling scenarios as summarised in RSE Colloquia (2017). The carbon budgets
in the Italian model are summarised in Table 4.14.
Moreover, the government agents in the three countries subsidise investments into
new low-carbon generation plants in some scenarios (for full scenarios set-up refer to
Chapter 5).
The government agent in the UK version of BRAIN-Energy uses Contracts for Difference (CfDs) as set-out in the Electricity Market Reform (EMR) as explained in subchapter 2.1.1.
The way that the Cfds work in BRAIN-Energy is that low-carbon technologies are
divided into technology pots according to their level of maturity, one for more mature
12 http://www.gesetze-im-internet.de/eeg_2014/EEG_2017.pdf
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Year

Carbon intensity of power generation

2020

250 gCO2/kWh

2025

200 gCO2/kWh

2030

100 gCO2/kWh

2035

50 gCO2/kWh

2040

25 gCO2/kWh

2045

15 gCO2/kWh

2050

near-zero

Table 4.12: Carbon budgets in UK BRAIN-Energy

Year

Share of renewables in electricity production

2020

20%

2025

45%

2035

60%

2045

70%

2050

>= 80%

Table 4.13: Carbon budgets in German BRAIN-Energy

Year

Share of renewables in electricity production

2020

20%

2030

55%

2040

70%

2050

>= 80%

Table 4.14: Carbon budgets in Italian BRAIN-Energy

4.5 agents: characteristics and strategies

low-carbon technologies such as onshore wind and PV, and one for less mature technologies such as offshore wind and biomass (these are considered “Pot 2” technologies
according to BEIS (2016a)). Auctions take place every three years, and winners of the
auctions are paid the difference between an auction’s strike price and the prevailing market price for 15 years, hence providing stability and predictability to investors’ revenues
for 15 years. In BRAIN-Energy the strike price (expressed in MWh) which generators
and investors bid into the market is calculated as the price which allows them to recover
capital expenditures for a given project p (CAPEX p ), interest costs on the loan raised to
finance the project p (r), and O&M, fixed and variable costs associated to the expected
level of electricity generation from project p in a given year t (g p,t ), hence to have an net
present value (NPV) equal to zero.

(
SPx,p,t =

CAPEX p
lp

× (1 + r )) + c p,t
g p,t

(4.15)

where:
SPx,p,t is the strike price required by generator or investor x for plant p at time t
l p is the lifetime of plant p
c p,t is the expected cost of generation of plant p in year t based on fixed, O&M and
variable costs
Once generators and investors have all submitted their bids, projects, which market
players are financially able to construct, are ranked based on their strike price and the
strike price of the the most expensive project sets the auction clearing price, hence the
strike price to be paid to auction winners for 15 years ahead. This process is repeated
every three years in the UK version of BRAIN-Energy, to match the fact that the first
competitive CfD auction took place in January 2015 and the second one in September
2017, two and a half years later (Grubb and Newbery, 2018).
In contrast, in the German and Italian versions of BRAIN-Energy the government
agents use Feed-in-tariffs (FITs), according to the laws in these two countries (as explained in sub-chapter 2.1.2 and 2.1.3). In BRAIN-Energy FITs are modelled as fixed
price which market participants receive on their low-carbon investments for 15 years
ahead. Hence, when generators and investors calculate the expected profitability of future investments (as described in sub-chapter 4.6.1), instead of using the expected elec-

99

100

methodology and model

tricity price they based their calculation on the level of the FITs which the government
agents provide for each technology.
All renewable technologies, regardless of their level of maturity, are eligible for FITs in
the German version of BRAIN-Energy, while in Italy PV is excluded from subsidies from
2014 onward, because subsidies to PV have been withdrawn by the Italian government
as explained in sub-chapter 2.1.3.
FITs values used in the German and Italian models for the different generation technologies can be found in Tables A.13 and A.16 in Appendix to Chapter 4.
4.5.2.2

Regulator agent

The regulator agent’s strategy is to create a competitive and secure market, by keeping
electricity prices under control, and by guaranteeing security of supply by enforcing a
capacity market to meet average and peak yearly electricity demand requirements, and
avoiding demand-supply gaps. The regulator agent only enforces the capacity market in
the UK and in the Italian models, as German law doesn’t foresee such a mechanism (see
sub-chapter 2.1.2). Also, in Italy the capacity market is a newly established tool, which
only started to be operational as of 2018, hence it is not a fully functioning mechanism
yet (see sub-chapter 2.1.3).
In the UK the Capacity Mechanism was introduced by the Electricity Market Reform
(EMR), with the aim of procuring sufficient investments in conventional generation
plants to guarantee a stable and secure supply of electricity to consumers. The conjecture behind the capacity market was that more investments into new and efficient
CCGT plants were needed in the UK market (Grubb and Newbery, 2018). The volumes
to be auctioned are decided by the UK Government based on advise from the National
Grid, and the auctioned capacity is due for delivery four years ahead.
The way the capacity market works in the UK version of BRAIN-Energy is represented
by the fact that the regulator agent, who also has bounded-rationality, forecasts every
year the maximum potential electricity production at t+4 (maxst+4 ) by estimating the
maximum potential electricity production of all active power plants with plant life of at
least or greater than t+4. If the maximum potential electricity production at t+4 (maxst+4 )
is lower than peak demand at year t+4, then the regulator agent sets a capacity auction
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into place at year t with capacity to be delivered at t+4. The capacity to be auctioned
(CAt ) is then:

CAt = PeakDemandt+4 − maxst+4

(4.16)

However, as the regulator agent has bounded-rationality it can not foresee whether between t and t+4 some power plants will be closed or divested because of unprofitability,
and this leads to the fact that the even though a capacity market exists in BRAIN-Energy,
it doesn’t always and necessarily guarantee that no supply-demand gaps arise and that
peak demand is always met.
Alternatively, the regulator agent can enforce a capacity auction if the derated capacity
margin (defined as the amount of excess electricity generation over annual peak demand,
adjusted by the specific availability of each type of plant according to its technology) hits
a certain threshold. This threshold is set at 5% in the UK, and this level has been defined
according to Ofgem’s and National Grid historical values (Ofgem, 2015).
Although capacity mechanisms and their appropriateness in liberalised energy markets have been the object of much discussion in existing energy systems literature, literature on how to model capacity mechanisms is still scarce. In BRAIN-Energy, the
capacity market functions for new capacity investments only and is modelled following
Hach et al. (2015). New and existing market players can participate into capacity auctions. The price that generators and investors in new power stations bid into the market
is the annual payment from which a negative NPV turns to zero (CPp,t ). If the NPV of
a project is already greater than zero, than generators and investors bid zero into the
capacity auction.

CPp,t = max (0; − NPV )

(4.17)

where:
CPp,t is the annual capacity payment for plant p at time t which generators and investors participating into the capacity auction bid into the market
The CPp,t which market participants bid into the market is capped at £75/kW a year
in accordance with regulation in the UK market.
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The way market players calculate the expected NPV of future projects is explained in
sub-chapter 4.6.1.
The regulator agent collects all the bids from the participants into the capacity auction
and puts these in ascending order, which creates the supply function which needs to
match the auctioned capacity. The most expensive bid at the level where the supply
function matches the level of the auctioned capacity sets the auctioned clearing price,
which is paid to all participants in the auction for 15 years.
In the Italian model the capacity market has been modelled with the same logic as
for the UK. However, to reflect the fact that it is not yet a fully functioning instrument
in Italy, the regulator agent in the Italian model only holds capacity auctions every
three years (for delivery four years ahead as in the UK). This means that the regulator
agent in the Italian model only forecasts maximum potential electricity production at
t+4 (maxst+4 ), and compares it with expected peak demand at t+4 every three years.
Moreover, the Italian regulator doesn’t check the derated capacity margin as in the UK
model.

4.5.3 Interactions between agents and the environment

An advantage and distinctive feature of ABMs is the fact that in such models agents
can interact with each other, by passing messages to each other and learning from these
information flows. The messages that agents pass each other can be of various types,
such as direct messages like spoken dialogues or transfer of data, or more indirect
information flows, such as observing other agents behaviours and strategies and their
effects (Gilbert, 2008).
In BRAIN-Energy market players interact with each other by observing each other’s
strategies and by imitating other players’ successful strategies, and by not investing
in generation technologies which other agents closed down due to unprofitability. As
generators and investors have myopic foresight, they deem another market player’s
strategy successful whenever this market player manages to increase its market share
compared to others. Also, whenever a market player loses market share, other market
players don’t replicate its strategy.
Generators and investors interact with the government and the regulator agents every time they take operational decisions about electricity production, as they consider
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Figure 4.7: Interactions and feedback between agents and the environment

government policies such as the CO2 price, and also every time they take investment
decisions, as they again consider CO2 price, participation in contracts for difference or
capacity auctions. Hence, the policy and regulatory setup put in place by the government and regulator agents shapes the existing market structure and forms a background
for the investment decisions of the market players.
On the reverse, the aggregated outcome of the generators’ and investors’ investment
choices impacts the market structure, which the government and the regulator than try
to modify according to their targets and strategies.
Therefore, a co-evolution between the business choices dimension and the institutional and regulatory dimension can be observed.
Finally, the environment shapes the current market structure through the level of
electricity demand, fuel and technology costs, all elements which drive market players’
operational and investment decisions, which then in turn influence government and regulator activities in the subsequent years. The interactions and feedback loops between
the different dimensions are illustrated in Figure 4.7.
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4.6

investments

4.6.1 Economic criteria in investment decisions

Electricity generators and investors in the power market take yearly decisions to decommission unprofitable power plants, reassess the profitability of prior investments and
take decisions about building new power stations. Such strategic decisions are taken by
each market player independently and sequentially one after the other.
Investment choices come after the operational activities of each market player, as they
also depend on the amount of revenues generated by their core business of electricity
production. Each generator and investor finances part of the capital investment costs for
new power stations from own resources (cash generated from operating activities), and
the remaining part through debt taken by banks at a generator’s or investor’s specific
cost (this is the interest rate reviewed in sub-chapter 4.5.1 and in Table 4.10). Generators
and investors are assumed to pay back the loans in fixed annual installments during the
lifetime and depreciation time of the power plant for which construction the loan has
been taken.
Every year, all market players evaluate the potential future profitability of each generation technology in which they are willing and able to invest given their technology preferences (explained in sub-chapter 4.5.1 and in Table 4.10), by calculating its net present
value (NPV) up to a future reference year n years ahead. The value of n depends on
each market player’s foresight (as explained in sub-chapter 4.5.1 and in Table 4.10). As
market player have myopic foresight and don’t have perfect information about the future, their NPV calculations are based on their own micro-economic expectations and
estimations about future electricity demand, fuel and technology prices, and cash-flow
from future potential investment technologies.
Also, before investing each actor makes sure to be able to pay at least 20% of the
investment cost from its own cash, and to be able to raise the remaining amount as debt
if their debt to equity ratio allows it. If these two conditions are not met, generators
and investors will not make any investments in that given year. The debt to equity
ratio represents the amount of total debt a company has compared to its own equity,
hence measures how leveraged a company is, meaning how much debt a company uses
to finance own assets. In BRAIN-Energy incumbent utilities, given their better credit
ratings and the fact that these are more established players in the electricity market can
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Figure 4.8: Investment process

have a higher debt to equity ratio, and municipal utilities an even higher ratio given
their stability and importance for the local communities, while new-entrants can only
have lower ratios. Debt to equity ratios have been calibrated in BRAIN-Energy using
historical financial company data of the major European utilities.
Figure 4.8 shows the electricity producers investment process.
When calculating future cash-flows for each possible generation technology up to the
reference year which lies n years ahead, market players estimate electricity supply and
demand for each year from current year t to reference year n. The future electricity
supply function that each market player estimates is based on the capacity of existing
active power stations at year t + n, minus the capacity of the power stations which are
expected to have reached the end of their life by year t + n. As agents have bounded
rationality, they are not aware of investment committed by other market player which
are under construction and which will enter into operations at year t + n.
Using their own electricity demand forecast (which is exogenous, and which can vary
by market player as explained in sub-chapter 4.5.1 and in Chapter 5), they are then
able to estimate the potential electricity production from each potential new investment
technology based on its short run marginal cost and position in the expected merit order.
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Hence, future expected discounted operating cash flow for each generation technology
p (CFop p ) can be calculated as:

n

CFop p =

(ep p,t × pexp,t ) − ((vc f ,c,p,t × ep p,t ) + f c p,t )
(1 + r ) y
y=t

∑

(4.18)

where:
ep p is the expected production of plant p at year t
pexp,t is the electricity price which each actor expects at time t
vc f ,c,p are the variable costs of plant p as a function of fuel and carbon costs at time t
f c p,t are the fixed costs of plant p at time t
r is the interest rate that market players pay on their liabilities as discussed in subchapter 4.5.1 and in Table 4.10.
The expected electricity price (pexp,t ) differs for each market player and results from
each actor’s expected merit order calculation and short run marginal costs calculations.
The discount factor r used by each generator and investor represents the actors’s
specific hurdle rate, and reflects an actor’s cost of capital and time preference.
Each market player then estimates the project capital cost for each generation technology (CAPEX p,t ) at starting year t based on their own expectations about the future
capital costs of that given technology. Sub-chapter 4.2.1 highlights how technology costs
have been modelled for the UK, for Germany (see 4.2.2) and for Italy (see 4.2.3). When
market players are homogeneous they all have the same expectations about the evolution of technologies’ capital costs (calibrated as explained in 4.2.1 and 4.2.2 and 4.2.3).
However, when they are heterogeneous they can expect technology costs to be up to
25% higher or lower compared to the value used by homogeneous generators. Details
for that are provided in the scenarios set-up in sub-chapter 5.1.2. The same happens
with fuel prices, and again this is explained in Chapter 5 (sub-chpater 5.1.1 and 5.1.2).
The resulting final NPV for each generation plant p is (NPVp ) (which each actor makes
over n years ahead according to their foresight):

NPVp = CFop p − (

CAPEX p,t
× n)
lp

(4.19)
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Only investment opportunities with NPVp ≥ 0 are taken into consideration, and
between those the one with the highest return on investment (ROI p ) above the minimum
expected ROI of each market player is selected. The expected ROI of each actor is equal
to their cost of capital (interest rate r).

ROI p =

CFop p

(

CAPEX p
lp

(4.20)

× n)

Once generators and investors decide to undertake an investment, the capital expense
is paid and there is planning and construction lag before the new plant becomes operational (different generation technologies have a different planning and construction time
which has been calibrated in all three countries based on data in BEIS (2016c) and DIW
(2013).
Institutional investors are assumed to invest directly into projects, and not through
equity or debt of other companies (Blyth et al., 2015; CPI, 2012), and use the same
investment calculations and process explained above.
“Civic” sector actors, instead, use a different process to evaluate future investment
options. In fact, households (which can be found in both the German and the Italian
model) and energy cooperatives (which can only be found in the German model) calculate the economic utility from future investments based on the length of the payback
period, which is given by the year when the NPV of the new investment passes from
being negative to being positive. This is based on Palmer et al. (2015), as this study is
specifically focused on studying the adoption of solar PV between households in Italy.
The NPV (NPVp ) of investment option

p

from current year t to reference year n was

calculated as

n

NPVp =

CFp,y

∑ (1 + r)y − CAPEX p,t

(4.21)

y=t

where:
CAPEX p,t is the initial estimated capital investment for plant p at done at initial year
t
n is the foresight of households or energy coperatives
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CFp,y is the yearly expected cash-flow from plant p which is calculated as

CFp,t = Savt + Revt

(4.22)

where:
Savt are the household/cooperative savings at year t, which are calculated as the
yearly household’s/cooperative’s electricity consumption13 which is expected to be covered by investment option p at year t times the prevailing wholesale electricity price at
year t
Revt are the revenues from the sale of spare electricity expected to be produced by investment option p (which is electricity produced by investment option p in excess of the
amount needed to cover the household’s/cooperative’s consumption) times the wholesale electricity price at time t or FIT payment (if present in scenario and if investment
option p is covered)
Yearly administrative costs and yearly depreciation costs are assumed to be zero in
BRAIN-Energy.
If the payback-period is longer than the desired pay-back period of a household/cooperative actor, than this actor doesn’t invest in investment option p. As explained in
Table 4.10 the payback period of the “civic” sector actors can vary from 5 to 15 years, to
create diversity in investment strategies.

4.6.2

Non-economic criteria in investment decisions: path-dependency and imitation

In BRAIN-Energy, not only NPV and ROI calculations are important determinants of
future investments, but also non-economic criteria, such as path-dependent behaviour
and learning as explained in sub-chapter 4.5.1. Such behaviours are typical of agents
in evolutionary economics. Whenever learning takes place in each of the three abovementioned forms (sub-chapter 4.5.1), it creates a process of increasing returns by repeatedly selecting the same successful strategies (or avoiding the same unsuccessful
ones) and a positive feedback mechanism. This can lead to “lock-in” of certain types of

13 this
is
based
on
data
from
https://www.statista.com/statistics/596333/electricityhousehold-price-germany/
for
Germany
and
on
data
from
ARERA
in
Italy:
https://www.arera.it/it/com_stampa/08/080902.htm
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technologies or policies (Unruh, 2000), making it difficult for the system to change its
structure through time.
4.6.2.1

Path-dependency

As emphasised by Schumpeterian and evolutionary economics, in the real world technological change and economic growth are path-dependent processes (Mercure et al., 2016;
Nelson and Winter, 1982; Safarzyńska et al., 2012; Safarzyńska and Van den Bergh, 2010;
Van den Bergh et al., 2006). Path-dependency (as also explained in sub-chapter 3.2.1)
arises when there are feedback and reinforcing mechanisms stemming from increasing
returns and economies of scale, knowledge accumulation, and learning-by-doing, in
economic systems (Safarzyńska and Van den Bergh, 2010). These mechanisms make
technological development an S-shaped process (Safarzyńska and Van den Bergh, 2010;
Mercure et al., 2016), in which the adoption of a new technology or innovation is likely
to be followed by the adoption of a similar technology (Mercure et al., 2016). Therefore, it is hard to change or reverse a certain path of technological development. Given
that investments in the energy sector have a long life-time (Chappin et al., 2017), pathdependency is a key aspect to take into account when studying strategic investment
decisions in the power sector. Hence, capturing path-dependency in energy models is
key for policy-makers to understand how complex societal transitions, such as the lowcarbon transition of the electricity sector, can unfold in a sustainable way avoiding the
lock-in of conventional generation technologies.
To date, in current literature the treatment of path-dependency is missing in many
energy-economic models (Mercure et al., 2016), which fail to account for path-dependency
and the multiple equilibria this phenomena gives rise to. Agent-based models, which
have been recognised as a suitable modelling technique to model complex adaptive systems (Ringler et al., 2016) and the complex dynamics of electricity markets (Hansen et al.,
2019), are great tools to capture the complexities arising from path-dependency and the
side effects that path-dependency could have on policy making (Chappin et al., 2017;
Hansen et al., 2019). However, as highlighted in sub-chapter 3.3.2.2 the treatment of
path-dependency is one of the main limitations of existing energy and electricity sector
agent-based modelling studies, which BRAIN-Energy aims to address.
In BRAIN-Energy, path-dependency has not been modelled as positive learning curve,
or as increasing returns, because learning from successful past behaviour, strategies and
investments is implicitly reflected in the market players’ profits and growing market
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shares. In fact, when an actor’s investments are successful and generate profits, the
financial situation of this actor improves and so does its ability to invest, and the market
share of this actor grows through time. Hence, learning-by-doing and accumulation
of knowledge in BRAIN-Energy lead to growing market shares and ability to commit
new investments. However, the treatment of path-dependency as increasing returns
and accumulation of experience and knowledge could be improved as explained in subchapters 7.4.3 and 7.4.6.
At present, in BRAIN-Energy, agents’ path-dependent investment choices are represented by the fact that:
• generators’ and investors’ future choices are constrained by the performance of
existing plants and investments, which dictate an agent’s financial constraints
• generators and investors assess their investments, comparing actual with expected
profitability of a new generation asset. If a new generation plant is less profitable than expected, it is flagged as an unprofitable investment, which dissuades
agents to invest in the same technology at the next time-step, leading to experiencebased adjusted investment decisions. Past investments could turn out to be unprofitable, because agents’ calculations of expected profitability of future investments
are based on myopic expectations, which could turn out to be wrong. Moreover,
other agents might have undertaken new investments in the meantime, of which
investors were not aware, which could change the expected profitability of their
new investments. This feature of BRAIN-Energy reflects the fact that in the realworld strategic investment decisions are based on previous experience, and are
hence adaptive (Safarzyńska and Van den Bergh, 2010). Unprofitable investments
are eventually shut down by generators and investors after a certain number of
years, depending on each agent’s strategy and willingness to absorb losses (see
sub-chapter 4.5.1), and lead to a declining market share for the agents who made
those
• The existing plants at the beginning of the simulations of the generators and investors are shut down if they have been unprofitable for a given number of years
in a row. As explained in the point above, the number of years after which unprofitable power plants are closed down depends on each agent’s strategy and
willingness to absorb losses (see sub-chapter 4.5.1 and Table 4.10)
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In practice, in BRAIN-Energy after five years that a new investment has become operational agents start assessing every year the profitability of their new investment over the
previous five years. A plant’s p profit at year t (PFp,t ) is calculated as revenues of plant p
at year t (defines as the product of actual production of plant p at year t prod p,t and the
prevailing wholesale electricity price pt ) minus total costs of plant p at year t (totCosts p,t ),
which comprise variable and fixed production costs and yearly interest charges:
PFp,t = ( prod p,t × pt ) − totCosts p,t

(4.23)
n

If cumulative profits over the last 5 years

∑ PFp,t are lower than the 5-yearly share of

y=t

the new investment’s total capital costs (which means that the profits generated by the
new plant are not able to recover capital and interest and cover operational and interest
costs) then the new investment is flagged as unprofitable.

n

∑ PFp,t <

y=t

CAPEX p
×n
lp

(4.24)

If the number of years during which the new investment is unprofitable in a row is
greater than the number of years market players’ are willing to absorb losses for (Table
4.10), then the new plant is shut down.
Once a new investment has been flagged as unprofitable, generators and investors
don’t invest into the same generation technology up to the point when such technology
becomes profitable again, hence when agents’ yearly assessment of new investment
show that:

n

∑ PFp,t ≥

y=t

CAPEX p
×n
lp

(4.25)

At this point, the generation technology which was unprofitable before and in which a
market player couldn’t invest now becomes a viable investment option again. A market
player decides to invest in a technology which was previously flagged as unprofitable,
if the technology’s NPV calculation (see sub-chapter 4.6.1) is greater than zero, and if
the ROI (see sub-chapter 4.6.1) is equal or greater than the capital cost of each market
player plus a threshold α which differs by type of market player. These thresholds

111

112

methodology and model

have been calibrated as follows in BRAIN-Energy, based on the wider strategies and
behaviours of the market players explained in Table 4.10. Threshold α can be between
1 5 α 5 2. For more aggressive market players, such as new-entrants and independent
power producers (Table 4.10), α = 1. For institutional investors and incumbent utilities
α = 1.5, while for municipal utilities α = 2, because such players take longer than
others to switch off unprofitable plants, given that they are not only motivated by return
considerations in their investment decisions (CPI, 2016b). However, as they are also
driven by political considerations in their investment decisions (CPI, 2016b) they are
more cautious when learning from unsuccessful past experiences, hence the higher value
of α for them.
Instead, for existing power stations at the beginning of the simulation if the plant’s
profit PFp,t is negative for a number of consecutive years greater than the number of
years market players’ are willing to absorb losses for (Table 4.10), than the new plant is
shut down.
4.6.2.2

Imitation

In BRAIN-Energy investment choices are also influenced by other agents’ successful
investments. Imitation is an important driver of selection dynamics in evolutionary
economics (Safarzyńska et al., 2012; Safarzyńska and Van den Bergh, 2010; Nelson and
Winter, 1982). Furthermore, imitation, brought about by peer effects and social interactions has been recognised as a key driver of technology adoption, especially solar PV, by
several studies (Janssen and Jager, 2002; Bollinger and Gillingham, 2012; Graziano and
Gillingham, 2015). Janssen and Jager (2002) found that investment decisions in solar
PV are influenced by compatibility with the social surroundings: “[c]onsumers frequently
feel satisfied when consuming the same as their neighbors (social needs) and often engage in
social comparison and imitation when deciding what to consume” (page 288). Rode and Weber (2016) used an epidemic diffusion model and argued that imitation is a localised
phenomena and is a key driver of PV adoption decisions by German households. Similarly, Welsch and Kühling (2009) argued that the behaviour of the reference group is a
key driver of adoption of solar PV technologies in Germany, while Palmer et al. (2015)
found that the adoption of PV by households in Italy is influenced by communication
with other agents, even though economic factors prevail on the final investment decision.
For the above mentioned reasons imitation has been introduced in BRAIN-Energy.
The way that imitation works in BRAIN-Energy is based on the evolutionary economics
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model of imitation proposed by Nannen and Van den Bergh (2010b). This study has
been chosen as a base to model imitation in BRAIN-Energy, because of its evolutionary
economics background and because of the treatment of agents’ bounded-rationality. Evolutionary economics and bounded-rationality are both key theoretical aspects in BRAINEnergy. In fact, as in Nannen and Van den Bergh (2010b) in BRAIN-Energy agents have
bounded-rationality, and the only information which they have available are the investment strategies of the other agents and their expectations about future technologies
capital costs, fuel costs and electricity prices. Agent a in BRAIN-Energy measures the
outcomes of the investment strategies of the other agents in terms of growth or decline of their market share, hence they believe that there is a link between investment
strategies and development of the market share. Agent a also assess the investment
strategies of the other players’ in terms of early closures due to unprofitability of their
new investment. In BRAIN-Energy household agents (and energy cooperative agents in
the German model) can only imitate other household agents (or other energy cooperative agents). All other agents can imitate each other, except for households and energy
cooperative agents.
If an agent’s x market share (MSx ) is growing compared to the previous year, hence
if MSx,t+1 ≥ MSx,t , agent a chooses to imitate the agent x whose market share grew the
most at year t+1, and who didn’t close down any new power stations at year t+1 due
to unprofitability. Among the new investments of the agent x which agent a decides
to imitate (given his technology preferences), agent a chooses to imitate investments
in the generation technology with the highest expected ROI based on its own myopic
expectations (or the shortest pay-back period for “civic” sector actors) and invests in that
generation technology. This is because agent a doesn’t have perfect information about
which exact power plant or generation technologies caused the imitated agent’s market
share to increase between t and t+1.
As imitation is not a perfect process and errors can take place during the imitation process, imitation can lead to the creation of a number of diverse successful or unsuccessful
investment strategies.
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4.7

verification and validation

One of the main limitations of ABMs, as identified in sub-chapter 3.3.2.2 is that they
are hard to compare between themselves due to their flexibility, which also makes such
models hard to validate. This chapter describes the steps that have been undertaken to
verify and validate BRAIN-Energy.

4.7.1 Verification

Model verification refers to the task of checking and ensuring that a model, hence its
underlying code, does what it has been programmed to do.
The process of correcting bugs and mistakes in BRAIN-Energy’s code has been carried
out ongoingly and in an iterative way throughout the modelling, scenario construction,
experimentation and sensitivity analysis, and interpretation phase.
Two categories of bugs or mistakes have been identified: first, bugs in the syntax of
the code. Such bugs were easy to correct as Netlogo pointed them out, and the level
of such mistakes has been decreasing through time, as more experience was gained
with the coding language. The second category refers to bugs for which, even though
the code was syntactically correct, it did something unintended. Such mistakes were
more difficult to avoid, spot and correct. To limit the chance of having such mistakes
in BRAIN-Energy’s code, and in order to help finding and correcting such bugs, some
of the techniques proposed by Ramanath and Gilbert (2004) and (Gilbert, 2008) were
followed.
Among the proposed techniques, consistency in coding was used, and variables have
always been assigned meaningful and easily recognisable names. Moreover, lots of
output graphs and monitors were added to Netlogo’s interface to display the simulation’s results, both of final outcome variables and of less important variables. Especially
graphs, helped tracking variables’ evolution through time, hence to capture intermediate and end point values. This proved to be extremely helpful in finding mistakes in
the code. Furthermore, simulations were run and observed step by step: this was done
by running functions and procedures one at a time, while switching off all others¸ and
by checking results year by year throughout the simulation horizon. This allowed to
understand how each procedure impacted the value of certain variables and parame-

4.7 verification and validation

ters, hence to understand if the code was doing what it was supposed to do. As a last
technique, “corner testing” (Gilbert, 2008) was used, therefore BRAIN-Energy has been
tested with extreme parameters for key variables. In addition to that, scenarios have
been run using only one as opposed to more agents, or scenarios with no government
and regulator agent at all have been run. By running scenarios iteratively in this way,
and interpreting the different outcomes, a great number of mistakes were found and
subsequently corrected.

4.7.2

Validation

The process of validation is different from the verification process, and is meant to check
if a model is a good model, which means if it represents in a correct way the simulated
phenomenon, and if it does what was set out to be replicated. Marks (2007) defines a
good simulation one which achieves its aims.
Empirical validation, which is the process through which a modeller checks to which
degree a model’s outputs are near to reality (Fagiolo et al., 2007a), is a very important
process especially in ABMs, which in order to be able to challenge neo-classical economic or optimisation models, need to be carefully validated against “real-world”data
(Fagiolo et al., 2007a). This process is key to ensure the success of an ABM.
Sensitivity analysis is valuable validation technique (Gilbert, 2008; Marks, 2007), and is
needed to check the fit between a model and the theory underlying that model (Gilbert,
2008), and to understand how sensitive a model is to the value of certain parameters.
Marks (2007) refer to sensitivity analysis as to “exploration”, which is meant to check
what the limits of certain model’s behaviours are, what ranges of behaviours a model
can produce, and how sensitive outputs are to changes in behaviours of single actors or
to changes in single aspects of actors’ strategies.
To validate BRAIN-Energy an extensive sensitivity analysis was performed. When
constructing BRAIN-Energy it wasn’t always possible to gather empirical data about
many of the variables’ values, especially future values of certain variables (such as CO2
and technologies price) or about variables referring to the strategies of the agents (such
as interest rates paid by investors, length of foresight used to evaluate investment options). Hence sensitivity analysis was the best way to account for uncertainty in BRAIN-
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Energy’s inputs and assumptions. Further details about the sensitivity analysis are given
in sub-chapter 5.3.
Moreover, to improve the description and communication of BRAIN-Energy and it’s
outputs an ODD protocol (Grimm et al., 2006, 2010) was created (the purpose of the
ODD protocol - which stands for “Overview”, “Design concepts” and “Details” - was
explained in sub-chapter 3.3.2.2) was created, and can be found in Appendix to Chapter
4 A.1.4.

5
SCENARIOS

5.1

scenarios development and description

Four core scenarios have been developed along two main axes: strategies of the market players (generators and investors) and strategies of the government (and regulator)
agent. These two axes have been chosen, because BRAIN-Energy aims to capture how
heterogeneous market players (with myopic view and non-optimal behaviours) and their
different strategies impact the evolution of the electricity sectors in the three countries
case studies under different market structures, which are endogenously created or adjusted by the government agent. Hence, these two characteristics (or axes) are the two
most important drivers of change in BRAIN-Energy, rather than changes in exogenous
variables like the level of electricity demand and its future evolution, which is the same
in each scenario.
Figure 5.1 gives an overview of the four core scenarios. The same four core scenarios
are used in the three countries under analysis (UK, Germany and Italy), which have
a different initial technology mix, different energy and environmental policies, different levels of CO2 price, and finally a different number and different type of electricity
generators and investors agents, as laid out in Chapter 2 and sub-chapter 4.5.1 and 4.5.2.
Appendix to Chapter 5 (A.2) provides details about all the core scenarios’ values in
the UK, Germany and Italy.

5.1.1 Scenario 1

Scenario 1 (UK1 for the UK, GER1 for Germany, and IT1 for Italy) represents an “ideal”
world. Here the government agent has a strong environmental ambition and is highly
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Figure 5.1: Core scenarios overview

motivated to decarbonise the country’s power sector, transitioning the electricity sector
to a high share of electricity generated from renewable sources at 2050, while guaranteeing security of supply to its consumers.
5.1.1.1

Strategies of the government and regulator agents

subsidies to renewables

To achieve the 2050 decarbonisation goals the govern-

ment uses subsidies to incentivise investments in low-carbon technologies. These take
the form of Contracts for Difference (CfDs) in the UK model (see explanation in subchapter 2.1.1), and of feed-in tariffs (FITs) in Germany and in Italy (see explanations
in sub-chapters 2.1.2 and 2.1.3). Details about how CfDs and FITs work and to which
technologies these are applied were provided in sub-chapter 4.5.2.

carbon price and carbon budgets

In the four UK core scenarios the fre-

quency of the carbon budgets is five-yearly, five- to ten-yearly in the German core scenarios, and ten-yearly in the Italian model as explained in detail in sub-chapter 4.5.2.
If the carbon budgets are not met, in Scenario 1 the government agents increase the
CO2 price by up to 200% over each country’s “no-increase” CO2 price trajectory, hence

5.1 scenarios development and description

they apply the “strong” CO2 price trajectory (CO2 price trajectories were discussed in
sub-chapter 4.5.2). The “no-increase” CO2 price trajectory in the UK model is based
upon the “Reference” scenario in BEIS (2016d), because as explained in sub-chapter
4.2.1 this scenario is based on central price and growth assumptions, and takes into
consideration existing policies as of BRAIN-Energy’s calibration year. In the German
and Italian models, the future CO2 price in the “no-increase” trajectory is based on data
in the “Referenzprognose” scenario and “Trendszenario” in Prognos (2014), as explained
in more detail in su-chapters 4.2.2 and 4.2.3.
Using a 200% increase over the “no-increase” CO2 price trajectory, hence a “strong”
CO2 price trajectory, allows the CO2 price to reach GBP 300/Mt at 2050 in the UK model,
a value which is in line with the CO2 marginal abatement cost used in optimisation
models in the UK (Fuso Nerini et al., 2017; Ekins et al., 2013), simulation models (Li,
2017), and finally bringing the CO2 price in line with the UK Government’s high CO2
price trajectory (H.M. Treasury, 2012). To be consistent, the same 200% increase can
be used by the government agents in the German and Italian models, which would
bring the CO2 price to EUR 228/Mt at 2050, a value consistent with the one used by
optimisation models focusing on the European energy sector (Solano Rodriguez et al.,
2017; Capros et al., 2014; Knopf et al., 2013).

capacity market

The regulator agent uses a capacity mechanism in Scenario 1 in

the UK model to incentivise investments in conventional generation plants, such as gas
and peaking plants, and in nuclear power stations, by providing stable revenues to the
winners of the capacity auctions. The aim is to manage energy security and limit future
black-outs.
Also in Scenario 1 in the Italian model the regulator agent uses a capacity market,
while such a mechanism is not present in the German version of BRAIN-Energy, as it
doesn’t exist in the German power market (see sub-chapter 2.1.2). An explanation for
the regulatory setting in the three countries regarding the capacity market was provided
in Chapter 2, while details about the functioning of the UK and Italian capacity markets
were provided in sub-chapter 4.5.2.
5.1.1.2

Market players

In Scenario 1 generators and investors have a different starting technology mix, and
differ with respect to the technologies they can invest in. Apart from this they all have
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the same strategies, with regards to foresight, interest rate and associated rate of return of new investments, expectations about future electricity demand, capital costs of
technologies and fuel costs.
As regards to the foresight, in core Scenario 1 (in all three countries) all market players
use the same number of years to evaluate future investment options, hence they have the
same foresight. A foresight of 10 years has been applied to all market players in Scenario
1, to have an average foresight between agents with longer foresights (such as municipal
utilities) and agents with a more speculative shorter foresight (such as new-entrants and
independent power produces), as explained in Table 4.10.
As regards to the interest rate, in core Scenario 1 all market players pay the same
interest rate on their loans, and require the same level of return on their investments.
In Scenario 1, in all the three countries, the interest rate is set at 3.5% for all generators
and investors, which is the social discount rate that the UK Government uses for policy
evaluations (H.M. Treasury, 2011). Also in Germany, the social discount rate is just
below 4% (Hermelink and De Jager, 2015), hence a 3.5% discount rate applies well also
in the German model, and for comparison reasons the same level has been used in the
Italian model too. The expected rate of return on new investments for all market players
is set at 3.5% in accordance with the level of the interest rates in core Scenario 1.
In Scenario 1 all market players have the same myopic expectations about future
electricity demand, technology and fuel costs. Hence, they all believe that electricity
demand will reach the same future level. As in core Scenario 1 the government is highly
committed to reach decarbonisation objectives and subsidies to low-carbon investments
and a “strong” CO2 price trajectory is in place, actors believe that electricity demand will
reach a high level in the future, driven by electrification in sectors such as heating and
transport. Therefore, in Scenario 1 in the UK model the evolution of future electricity
demand is modelled according to the “Two Degrees” Scenario in the National Grid
Future Energy Scenarios (National Grid, 2016), which reaches the highest estimated
level of electricity demand at 2050. Similarly, in the German model the evolution of
future electricity demand has been modeled according to the “Zielszenario” (Prognos,
2014), as this is the only scenario which achieves an 80% reduction in CO2 emissions
at 2050 compared to 1990’s level, as required by German law. In Italy, future electricity
demand is estimated to grow according to the “Scenario di sviluppo” (Terna, 2016),
which reaches the highest level of electricity demand at 2036 and 2050.
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Technology costs forecasts, as explained in sub-chapter 4.2 are based on data from
DIW (2013) in all the three countries, and such values are applied in Scenario 1 in the
UK, Germany and Italy.
Expectations about future fuel costs for coal and gas plants are the same for all market
players in Scenario 1. For the UK these are based on BEIS (2016d) “Reference scenario”
estimates (as explained in sub-chapter 4.2.1), and on (Prognos, 2014) for Germany and
Italy (see sub-chapters 4.2.2 and 4.2.3).
Moreover, in Scenario 1 the investment choices of the market players are not influenced by path-dependency, which means that their investment decisions are not motivated by the success or failure of past investments or existing operating power plants,
hence generators don’t learn from their own actions in the past.
Finally, in Scenario 1 generators and investors don’t imitate other market players’
successful investments, hence they don’t learn from other active actors in the market.
Figure 5.2 on page 122 provides an overview of the set-up of the core scenarios in the
UK, Germany and Italy.
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Figure 5.2: Core scenarios in UK, Germany and Italy

5.1 scenarios development and description

5.1.2

5.1.2.1

Scenario 2

Strategies of the government and regulator agents

In Scenario 2 (UK2 for the UK, GER2 for Germany and IT2 for Italy) the government and
regulator agents have the same strategies as in Scenario 1. This scenario has, therefore,
the same market structure and level of government intervention and environmental
ambition as Scenario 1.
5.1.2.2

Market players

What is different in Scenario 2 from Scenario 1 is that generators and investors are
heterogeneous and flexible. This means that, generators and investors not only operate
different plants and only invest in different selected technologies like in Scenario 1, but
they also have different strategies (which means a different foresight, different interest
rates and return expectations from investments, and different expectations about future
electricity demand, technologies capital costs and fuel costs).
As agents in this model have myopic view and don’t have perfect foresight, in this
scenario they use different forecast horizons to evaluate their investment options. As
explained in sub-chapter 4.5.1 and in Table 4.10, this means that agents evaluate the
profitability of their future investment options over a different number of years in the
future. In fact, incumbent utilities, whose main business is electricity generators, and
who need to provide long-term stable returns to their investors, have a long forecast
horizon of 15 to 20 years. Independent power producers (IPPs), who are project developers, seek shorter term returns, want to recycle capital faster, have higher return
expectations and a shorter forecast horizon of 10 to 15 years. Municipal utilities, whose
main goal is to supply reliable and low-cost electricity, and which also often are motivated by environmental and wider considerations (such as job creation in their regions),
seek lower returns as some have access to low-cost debt, and have a 25 years long forecast horizon (CPI, 2012). Institutional investors, who seek long-term predictable returns
to meet their long-term liabilities, also have a forecast horizon of 20 to 25 years (Global
Capital Finance, 2014). The length of the foresight of the different market players are
summarised in Table 4.10. “Civic” sector actors have different expectations about the
payback period of their investments, which can range between 5 and 15 years.
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Moreover, in core Scenario 2 market players pay different interest rates on the loans
they raise to finance their investments and have different return expectations from future
investments. The level of the interest rates for the different types of market players
is provided in Table 4.10, and interest rates in BRAIN-Energy were calibrated based
on Hermelink and De Jager (2015), Global Capital Finance (2014) and Steinbach and
Staniaszek (2015) and on financial statements of the major European utilities (Uniper,
2017; E.ON, 2017; Enel, 2017; Scottish Power, 2018; RWE, 2016).
Also, generators and investors forecast the evolution of electricity demand differently:
this means that each market player has its own view about the level of electricity demand
in the future, which, depending on the single market players’ views and expectations,
could be up to 15% lower compared to the level used in Scenario 1. This 15 % range
is in line with the uncertainty range between the electricity demand forecast to 2050
of the different National Grid scenarios (National Grid, 2016). As the core scenarios
in the three countries already use the highest level of electricity demand projections
found in the literature, when market players are heterogeneous they can just have lower
expectations compared to the level used in the core scenarios.
The same happens with fuel and technology costs. Market players could forecast fuel
costs in the range of 20% higher or lower compared to the values used in Scenario 1,
which in the UK model are based on the “Reference” scenario in BEIS Updated Energy
& Emissions Projections report (BEIS, 2016d). This range is in line with the uncertainty
range between the BEIS “Reference” and “High prices” or “Low prices” scenarios.
Expectations about future values of the capital costs of renewable technologies could
be 25% higher or lower compared to the value used in Scenario 1, and this range is
in line with estimates from the literature (DIW, 2013), and with the uncertainty range
between “high”, “central” and “low” value of capital costs in the BEIS Electricity Costs
report (BEIS, 2016c).
Moreover, in Scenario 2 market players actively manage their operating power stations,
eventually closing-down unprofitable plants before these reach the end of their lifetime.
Generators and investors also exhibit path-dependent behaviour, which means that
they re-evaluate investments after a certain number of years that new plants started
producing electricity, and don’t repeat investments which have been unsuccessful in the
past. On top of that, market players also imitate successful investments of other actors.
The functioning of path-dependency and imitation was explained in sub-chapter 4.6.2.
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Therefore, actors in Scenario 2 behave like “real world” actors, they are heterogeneous
and have different strategies, behaviours and expectations. Moreover, they learn from
their own past actions and from the other market players surrounding them. In core
Scenario 2 the full potential of using an ABM is exploited.

5.1.3

5.1.3.1

Scenario 3 and Scenario 4

Strategies of the government and regulator agents

Scenario 3 (UK3 for the UK, GER3 for Germany and IT3 for Italy) and Scenario 4 (UK4
for the UK, GER4 for Germany and IT4 for Italy) are more “free market” scenarios
and are characterised by a lower level of government intervention in the power sector.
Meeting the 2050 decarbonisation targets is not the government agent’s main priority,
and in fact the government doesn’t subsidize investments in new renewable generation
plants (hence there are no CfDs and no FITs). Also, the regulator agent is not actively
managing security of supply, hence there is no capacity market in place in any of the
three countries.
Therefore, in Scenarios 3 and 4 the government and regulator agents believe that a
“free market” structure, which relies only on a “strong” CO2 price trajectory will help
delivering the low-carbon transition of the national electricity sector, and that the level of
the electricity price alone will guarantee new investments in conventional power plants,
which will ensure that the lights stay and back-up intermittent renewables.
In core Scenarios 3 and 4 the government agents can also increase the CO2 price up
to 200% above the “no-increase” CO2 price trajectory, which means that they use the
“strong” CO2 price trajectory (see Table 4.11).
Moreover, in core Scenarios 3 and 4 the government agent sets-out carbon budgets
with the same frequency as in core Scenarios 1 and 2, and therefore the government’s
response time in adjusting the CO2 price to correct failure in the level of emissions is
the same as in core Scenarios 1 and 2.
5.1.3.2

Market players

As regards to the investment strategies of generators and investors in the electricity
sector, in Scenario 3 generators and investors are homogeneous and not flexible (no pathdependency and imitation in investment choices), hence they have the same strategies
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and set-up as in Scenario 1. The level of the forecasted electricity demand is the same
as in Scenario 1, and so are technologies and fuel costs, for ease of comparison between
scenarios.
In Scenario 4 (UK4 for the UK, GER4 for Germany and IT4 for Italy) generators and
investors are heterogeneous and flexible, and their strategies have the same set-up as
in Scenario 2. Therefore, Scenario 4 as Scenario 2, explores the full spectrum of agents’
heterogeneity and flexibility.

5.2

environmental success and political feasibility of scenarios

To be sustainable in the long-run the low-carbon transition of the electricity sector should
address the energy policy “trilemma” (explained in sub-chapter 1.2), hence achieve the
long-term decarbonisation challenges and transition the energy sector to a low-carbon
economy, while at the same time guaranteeing a secure and robust supply of electricity
at an affordable price for the consumers.
Scenarios in this research are not produced by an optimisation model, and don’t
produce “perfect” pathways, which reach decarbonisation targets at 2050 at minimum
costs. In contrast, scenarios produced by BRAIN-Energy produce imperfect transition
pathways to 2050, because of the actors’ bounded rationality and non-optimal strategies,
and this makes it more complex to identify successful scenarios. In fact, a scenario could
reach near-zero emissions at 2050, and a share of electricity produced through renewables of at least 80%, but could be expensive and require high aggregated upfront capital
investment costs, high CO2 prices, and hence have high wholesale electricity prices. This
would raise concerns about the affordability and cost-effectiveness of the electricity sector’s low-carbon transition, and thus about this scenario’s political feasibility. Also, a
scenario which manages to meet decarbonisation goals, but leads to supply gaps, as
not enough conventional operating capacity is in place to offset intermittent renewables,
would not be considered politically feasible. Also, scenarios which have a high share of
electricity produced through renewable technologies, and where annual peak demand
is not met, can be considered environmentally successful, but hardly politically feasible, and policies such a demand side management should be adopted, or agreements
with energy intensive clients should be reached to manage and eventually shift electricity demand peaks. Finally, scenarios under which incumbent utilities loose over half
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of their aggregated market share by 2050 would be politically difficult to achieve, as
incumbents would strongly lobby and refuse such scenarios, but would show an electricity system which encourages the entry of new-entrants, promotes competitiveness,
and which achieves a healthy balance of market players with a diversified risk.
Therefore, the performance of the scenarios produced by BRAIN-Energy should be
evaluated against a number of different criteria and metrics, of which Table 5.1 provides
an overview. The same criteria can be applied to evaluate the scenarios in the UK,
Germany and Italy.
The main criteria are the degree to which scenarios achieve the legally-binding decarbonisation goals at 2050, and the degree to which scenarios address the political
complexity of the low-carbon transition.
As regards to the environmental success of the scenarios, in accordance with the
level estimated in the literature (CCC, 2015b, 2017; Pye et al., 2015) emissions from the
power sector should be reduced to almost zero by 2050, the carbon intensity of power
generation should reach a level below 50 gCO2/kWh, and the share of renewables in
total electricity production should be at least 80% (as recommended by the 2008 Climate
Change Act, EEG 2017 and Strategia Energetica Nazionale all reviewed in Chapter 2).
Among the political complexity criteria, there is the level of security of supply that the
scenarios provide, the low-carbon transition’s costs, and hence its cost-effectiveness and
affordability for consumers. As regards to security of supply aspects, the level of electricity demand produced in each scenario should always at least match the yearly average
and peak demands, hence no supply-demand gaps should be present at anytime.
As regards to the electricity price, the yearly electricity price should be equal or below
the amounts reported in Table 5.1, which represent the average yearly electricity price
for industrial consumers from 2005 to 2016 in the three countries, based on Eurostat
data. The electricity price for industrial consumers has been chosen as a benchmark, as
the main actors in this model are industrial electricity generators.
The cost-effectiveness of the low-carbon transition can also be measured in terms of
total capital investments in new generation plants, which indicate how capital intensive
the low-carbon transition of the power sector is. The yearly capital investment levels
needed to successfully decarbonise the power sector estimated by studies using accounting methodologies (reviewed in sub-chapter 2.2) are below 2% of the 2017 GDP of the
UK, Germany and Italy. Hence, to measure the capital intensity of the scenarios pro-

127

128

scenarios

duced by BRAIN-Energy, it can be assumed that whenever yearly capital requirements
are below 2% of a country’s GDP such costs are reasonable and feasible.
Finally, a result of the increasing share and integration of renewables in the power
sector is the rise of third-parties (Brunekreeft et al., 2016), which could be beneficial as
incumbent utilities could not be the best actors to deliver the low-carbon transition of
the electricity sector (Blyth et al., 2015). Therefore, the entrance of new actors in the
electricity sector could be key to achieve the sector’s decarbonisation, and the increased
level of competition should lead to lower electricity prices, better innovation and quality
in the power markets (Eyre and Pollitt, 2016). Hence, a healthy diversification of the
power sector in terms of actors in the scenarios produced by BRAIN-Energy should lead
to sufficient low-carbon investment levels to reach the 2050 decarbonisation targets, and
at the same time guarantee affordable electricity prices and sufficient investments in
conventional generation plants to provide a secure supply of electricity.

5.2 environmental success and political feasibility of scenarios

Table 5.1: Criteria for successful scenarios
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Environmentally successful and politically feasible scenarios in this research should,
hence, be considered these which achieve a satisfying trade-off between environmental concerns, cost-effectiveness, security of supply and power sector’s diversification in
terms of actors, addressing in the best possible way the energy policy “trilemma”. According to the above-mentioned criteria, three levels of “success” for BRAIN-Energy’s
scenarios can be defined, and this is explained in Figure 5.2.
The environmental success and political feasibility of the core scenarios and of the
sensitivity scenarios (discussed in sub-chapter 5.3) and the reasons for this is discussed
in detail in Chapter 6.

5.3

sensitivities

This sub-chapter discusses the sensitivity analysis carried out around key aspects of the
strategies of the governmental agents, and generators and investors agents. The aim of
the sensitivity analysis is to understand:
• What aspects of the government and regulator agents strategies influence the overall success level of the scenarios the most?
• What aspects of the market players’ heterogeneous strategies influence the environmental success and political feasibility, hence the scenarios’ overall success level
the most?
• How are generators and investors strategies best combined with governmental
agents strategies to achieve the best trade-off between the different dimensions of
the energy policy “trilemma”?
Moreover, this sub-chapter explains why such sensitivity scenarios have been chosen.
Figure 5.3 summarises all the core and sensitivity scenarios.
The full results of the sensitivity scenarios can be found in Appendix to Chapter 6,
while the discussion of the most relevant result of the sensitivity scenarios is in Chapter
6.

5.3 sensitivities

GREEN
SCENARIO:
Environmentally
successful and
politically feasible

• Environmental objectives to 2050 are met:
– Near-zero emissions and emission intensity below 50gCO2/kWh at
2050

– At least 80% of electricity produced from renewables
• No supply-gaps
• Cost-effective:
– Few years during which the electricity price is above levels indicated in
Table 5.1

– Yearly capital investment requirements below or equal 2% of country’s
GDP

• Market diversification and new-entrants, incumbents may face decreasing
market shares but at no cost for security of supply or of high electricity prices

AMBER
SCENARIO:
Environmentally
successful, difficult
political feasibility

• Environmental objectives to 2050 are met:
– Near-zero emissions and emission intensity below 50gCO2/kWh at
2050

– At least 80% of electricity produced from renewables
• Supply-gaps are present
• Not cost-effective:
– Prolonged periods during which the wholesale electricity price is above
levels indicated in Table 5.1

– Yearly capital investment requirements above 2% of country’s GDP
• Few new-entrants, incumbent utilities’ aggregated market share declines and
security of supply is at risk, and electricity prices are high

RED SCENARIO:
Environmentally
not successful and

• Environmental objectives to 2050 are not met

not politically

• Supply-gaps are present

feasible

• Not cost-effective:
– Wholesale electricity price is above the levels indicated in Table 5.1 for
the majority of years between 2012 and 2050

– Yearly capital investment requirements above 2% of country’s GDP
• No new-entrants, incumbents remain main players and conventional power
plants the main generation technology, not sufficient low-carbon investments
are delivered

Table 5.2: Success level of scenarios
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Figure 5.3: Summary of scenarios

5.3 sensitivities

5.3.1

Strategies of the government agent

The level of the CO2 price which the government agent uses, and the frequency with
which it checks interim progress in terms of carbon emissions and carbon intensity of
power generation are the most important strategies of the government agent in BRAINEnergy.
The other main strategy is whether the regulator agent enforces a capacity market
or not, but the difference of using or not such an instrument can already be seen by
comparing results of core Scenarios 1 and 2, versus core Scenarios 3 and 4.
Therefore, sensitivity scenarios rely around the level of the CO2 price and of the
frequency of the carbon budgets.
5.3.1.1

Level of the CO2 price

In the four core scenarios in all the three countries, as explained in sub-chapter 5.1 the
government agent increases the level of the CO2 price by 200% over the “no-increase”
CO2 price, if the interim CO2 targets are not achieved, hence uses he “strong” CO2
price trajectory (Table 4.11). This substantial increase in the level of the CO2 price
reflects the government’s strong environmental ambition in core Scenarios 1 and 2, and
the importance of a strong CO2 price signal in the more “free market” core Scenarios 3
and 4.
However, there is uncertainty about the future value of the CO2 price (either of the
EU ETS price alone like in Germany and in Italy, or of the EU ETS plus the Carbon
Price Floor like in the UK), which will depend on European or national strategies and
policies, hence on governments’ commitment and ambition in achieving decarbonisation
targets. Therefore, future assumptions about the level of the carbon price necessary to
successfully decarbonise the power sector are subject to uncertainty.
To capture this uncertainty in BRAIN-Energy, and understand what level of CO2
price is needed to decarbonise the power sector under different institutional and actors’
set-ups, a sensitivity analysis has been performed around the degree over which the government agents in the three countries can increase the CO2 price over the “no-increase”
trajectory. As explained in sub-chapter 3.3.1.3 in Table 4.11 there are three CO2 price
trajectories which the government agents can use:
• “no-increase” CO2 price trajectory
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• “weak” CO2 price trajectory
• “strong” CO2 price trajectory
Sensitivity scenarios with different CO2 price trajectories have been run as follows (as
summarised in Figure 5.3):
• UK1-W, UK2-W, UK3-W and UK4-W, GER1-W, GER2-W, GER3-W and GER4-W,
IT1-W, IT2-W, IT3-W and IT4-W: these sensitivity scenarios have the same set-up
in all the three countries as the four core scenarios (as regards to strategies of the
market players and frequency of the carbon budgets), but the government here
uses a “weak” CO2 price trajectory.
• UK1-NI, UK2-NI, UK3-NI and UK4-NI, GER1-NI, GER2-NI, GER3-NI and GER4NI, IT1-NI, IT2-NI, IT3-NI and IT4-NI: these sensitivity scenarios have the same
set-up in all the three countries as the four core scenarios (as regards to strategies
of the market players and frequency of the carbon budgets), but the government
doesn’t increase the CO2 price at all when the carbon budgets are not met, hence
uses a “no-increase” CO2 price trajectory.
Furthermore, sensitivities on other strategic aspects such as frequency of the carbon
budgets, and all the strategic parameters of the market players strategies have been
tested also under a “weak” or “no-increase” CO2 price trajectory. Full details and the
names of the sensitivity scenario can be found in Figure 5.3.
5.3.1.2

Frequency of the interim carbon budgets

The frequency of the interim carbon budgets (details of each country’s carbon budgets
were provided in Tables 4.12, 4.13 and 4.14) is one of the government agents’ strategies
to incentivise the power sector’s low-carbon transition.
Sensitivity scenarios were run around the frequency of the UK’s carbon budgets, and
instead of five-yearly targets, these were made ten-yearly in the sensitivity scenarios.
Therefore, carbon budgets in the UK version of BRAIN-Energy were set at 2020, 2030
and 2050 (keeping the same target carbon intensities highlighted in Table 4.12). The
resulting sensitivity scenarios are (see also Figure 5.3):
• UK1-10y-S, UK2-10y-S, UK3-10y-S and UK4-10y-S: carbon budgets are ten-yearly
and the government agent uses a “strong” CO2 price trajectory

5.3 sensitivities

• UK1-10y-W, UK2-10y-W, UK3-10y-W and UK4-10y-W: carbon budgets are tenyearly and the government agent uses a “weak” CO2 price trajectory
These sensitivity scenarios were created to understand what difference it makes having
less stringent interim targets to the achievement of the environmental objectives at 2050,
and on the cost-effectiveness of the transition. Moreover, these sensitivity scenarios are
aimed at checking if in a world with heterogeneous actors more frequent carbon budgets
are needed to successfully decarbonise the power system, compared to in a world with
homogeneous actors.
No sensitivity scenarios have been created around the frequency of the carbon budgets
in the German and Italian versions of BRAIN-Energy, as in these two countries carbon
budgets are already ten-yearly.

5.3.2

Strategies of the market players

In core Scenarios 2 (UK2, GER2 and IT2) and core Scenarios 4 (UK4, GER4 and IT4)
market players have heterogeneous strategies, path-dependent behaviour, and imitate
others actors’ successful strategies as explained in sub-chapter 5.1.2.
To understand what the impacts of the different strategies of the market players and
of their non-optimal economic behaviours are on the long-term evolution to 2050 of
the scenarios and on the scenarios’ success level (environmental success and political
feasibility), it is necessary to disaggregate the single aspects of the market players’ heterogeneous strategies. For this reason, the strategies of the market players on which a
sensitivity analysis has been performed are: path-dependency, imitation, length of the
foresight, expectations about technology capital costs, interest rates and associated return expectations of new investments of the market players. These in fact are the main
strategic aspects of the market players, and were explained in Table 4.10. Moreover,
the sensitivity analysis on the market players’ strategic parameters has been performed
under both a “strong” CO2 price trajectory, and also under a “no-increase” CO2 price
trajectory, in order for the market players’ strategies not to be “biased” by a high CO2
price, and hence to isolate the effects of the strategies of the market players from the
impacts created by the “strong” CO2 price.
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The ultimate aim of these sensitivity scenarios is to improve the understanding of the
effects of non-optimal behaviours of actors on the evolution of the power sector in an
energy simulation model, with could help informing sounder energy sector policies.
5.3.2.1

Path-dependency and imitation

The reason why market players in this model have path-dependent behaviour and imitate other agents’ successful strategies has been explained in detail in sub-chapter 4.6.2.
Path-dependency and imitation not only are the main aspects of the market players’ nonoptimal behaviours in BRAIN-Energy, but are also important characteristics of agents
with bounded-rationality which can be observed in real-world.
As in core Scenarios 2 (UK2, GER2 and IT2) and in core Scenarios 4 (UK4, GER4 and
IT4) market players exhibit at the same time path-dependency and imitation in their
investment choices, sensitivity scenarios have been created to explore what the impacts
of only path-dependency or imitation are on the scenarios’ success level under different
government agent’s strategies and institutional structures. Such sensitivity scenarios are
(see also Figure 5.3):
• UK2PD-S and UK4PD-S, GER2PD-S and GER4PD-S, IT2PD-S and IT4PD-S: in
these sensitivity scenarios market players only have path-dependent behaviour
in investment choices (but no imitation) and the government agent uses a “strong”
CO2 price trajectory
• UK2PD-NI and UK4PD-NI, GER2PD-NI and GER4PD-NI, IT2PD-NI and IT4PDNI: in these sensitivity scenarios market players only have path-dependent behaviour in investment choices (but no imitation) and the government agent uses a
“no-increase” CO2 price trajectory.
• UK2I-S and UK4I-S, GER2I-S and GER4I-S, IT2I-S and IT4PI-S: in these sensitivity
scenarios market players imitate other market players (but their investment choices
are not path-dependent) and the government agent uses a “strong” CO2 price
trajectory
• UK2I-NI and UK4I-NI, GER2I-NI and GER4I-NI, IT2I-NI and IT4I-NI: in these sensitivity scenarios market players imitate other market players (but their investment
choices are not path-dependent) and the government agent uses a “no-increase”
CO2 price trajectory

5.3 sensitivities

Therefore, these sensitivities were created to understand what institutional environment
is best suited to correct eventual failures arising from market players’ path-dependency
in investment decisions, or from imitation, and this could be crucial to design policies
which successfully achieve the ambitious 2050 decarbonisation targets.
5.3.2.2

Foresight

Actors and decision-makers in real-world don’t have full information about future technology and fuel costs, electricity demand and electricity prices. Moreover, the further
into the future decisions need to be taken, the greater the uncertainty around key aspects
of the energy system, such as the prevailing policy environment and CO2 prices. Therefore, actual investment decisions taken by actors with limited foresight in the electricity
market might be based on a shorter time horizon than the entire operating life-times of
the power plants they would like to invest in. Also, as information becomes available
through the years, generators and investors may reassess their investment decisions
multiple times. The effects of such aspects (length of the time horizon over which investments are evaluated and number of years after which investment are reassessed) on
the evolution of the energy system have been investigated by a number of studies using
optimisation models (Fuso Nerini et al., 2017; Keppo and Strubegger, 2010).
In BRAIN-Energy, in the core Scenarios 2 and 4, market players have heterogeneous
limited-foresight horizons, which vary according to their individual views, preferences,
and strategies (see Table 4.10). Understanding how the length of the foresight of the
market players impacts the scenarios’ results is important for sound policy-making. In
fact, just assuming that actors have a long-term and perfect foresight may not capture
how key actors in the electricity system actually take decisions.
For the reasons just explained, sensitivity scenarios were run around the length of
the foresight of the market players under different market structures and government
strategies, hence using core Scenarios 1 and 3 as a reference and varying the length of
the foresight of the market players uni-vocally to five years and to twenty years. These
two lengths have been chosen to explore both the impacts of a very short and of a
rather long foresight on the scenarios’ decarbonisation pathways and success level. The
resulting sensitivity scenarios are (see also Figure 5.3):

137

138

scenarios

• UK1-5y-S and UK3-5y-S, GER1-5y-S and GER3-5y-S, IT1-5y-S and IT3-5y-S: in
these sensitivity scenarios all market players have a five years foresight horizon
and the government agent uses a “strong” CO2 price trajectory
• UK1-20y-S and UK3-20y-S, GER1-20y-S and GER3-20y-S, IT1-20y-S and IT3-20yS: in these sensitivity scenarios all market players have a twenty years foresight
horizon and the government agent uses a “strong” CO2 price trajectory
• UK1-5y-NI and UK3-5y-NI GER1-5y-NI and GER3-5y-NI, IT1-5y-NI and IT3-5yNI: in these sensitivity scenarios all market players have a five years foresight
horizon and the government agent uses a “no-increase” CO2 price trajectory, hence
the government agents never adjust the CO2 price even if carbon budgets are not
met
• UK1-20y-NI and UK3-20y-NI, GER1-20y-WNI and GER3-20y-NI, IT1-20y-NI and
IT3-20y-NI: in these sensitivity scenarios all market players have a twenty years
foresight horizon and the government agent uses a “no-increase” CO2 price trajectory, hence the government agents never adjust the CO2 price even if carbon
budgets are not met
5.3.2.3

Interest rates and return expectations

Another aspect of the strategies of the market players which can influence the environmental success ad political feasibility of scenarios is the interest rate that generators and
investors pay to raise money for their investments. As explained in sub-chapter 4.5.1 the
interest rate that actors pay on their liabilities is based on values found in the literature
and represents their weighted average cost of capital (WACC), which reflects the cost of
their equity and debt liabilities. A company’s WACC is influenced by the risks it faces,
which depend on the company’s financial situation, which is in turn influenced by the
regulatory environment.
Interest rates (or cost of financing) influence the sensitivity of market players to upfront capital investment costs, and have a strong influence on overall investments levels
and power system costs, especially in energy systems dominated by a large share of
renewable assets, because these are upfront capital-intensive (May and Neuhoff, 2017).
Moreover, interest and discount rates have been found to play a crucial role especially
when modelling individual decisions on different technology options (Hermelink and
De Jager, 2015).

5.3 sensitivities

However, it is difficult to obtain information about the different companies’ WACC
and return expectations, which depend on the single companies’ investment strategies
which are confidential, and which vary depending on the companies’ markets of operations. Therefore, given the difficulty in obtaining such information, and given the
importance of financing costs on capital investment levels in the electricity sector, this
research performs a sensitivity analysis around the level of the interest rates (and associated return expectations) that generators and investors pay. For this reason, and to
understand how high interest rates and market players’ return expectations impact the
electricity sector’s long-term evolution under different market structures and government strategies, the following sensitivity scenarios have been created:
• UK1-10%IR-S and UK3-10%IR-S, GER1-10%IR-S and GER3-10%IR-S, IT1-10%IR-S
and IT3-10%IR-S: in these sensitivity scenarios all market players pay a 10% interest rate on their liabilities and expect the same rate of return from their investments.
The government agent uses a “strong” CO2 price trajectory.
• UK1-15%IR-S and UK3-15%IR-S, GER1-15%IR-S and GER3-15%IR-S, IT1-15%IR-S
and IT3-15%IR-S: in these sensitivity scenarios all market players pay a 15% interest rate on their liabilities and expect the same rate of return from their investments.
The government agent uses a “strong” CO2 price trajectory.
• UK1-10%IR-NI and UK3-10%IR-NI, GER1-10%IR-NI and GER3-10%IR-SNI, IT110%IR-NI and IT3-10%IR-NI: in these sensitivity scenarios all market players pay
a 10% interest rate on their liabilities and expect the same rate of return from their
investments. The government agent uses a “no-increase” CO2 price trajectory,
hence doesn’t increase the CO2 price when carbon budgets are not met.
• UK1-15%IR-NI and UK3-15%IR-NI, GER1-15%IR-NI and GER3-15%IR-NI, IT1-15%IRNI and IT3-15%IR-NI: in these sensitivity scenarios all market players pay a 15%
interest rate on their liabilities and expect the same rate of return from their investments. The government agent uses a “no-increase” CO2 price trajectory.
The 10% and 15% interest rates values in the sensitivity scenarios were chosen, because
these are in the range of the financial cost of capital which private companies and individuals face (Hermelink and De Jager, 2015; Li, 2017), which could be in the range of 9%
to 17.5% for power generation companies and industry sector companies (Hermelink
and De Jager, 2015). The interest rate doesn’t change for “civic” sector actors in BRAIN
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-Energy (for which it remains around 3% to 6% as explained in Table 4.10) in the above
explained sensitivity scenarios.
5.3.2.4

Technology costs and electricity demand expectations

The last part of the sensitivity analysis focuses on the market players’ expectations about
future technology capital costs. This is because capital costs of technologies are among
the main criteria that generators and investors use when evaluating future investment
options and taking investment decisions.
As agents in BRAIN-Energy have bounded-rationality, and don’t have perfect information about the future values of the capital costs of different generation technologies,
they base these on their own expectations. As Masini and Menichetti (2013) and Masini
and Menichetti (2012) point out the expectations of market players could be based on “a
priori beliefs” and “policy preferences”, such as perceived importance of a policy type
and duration of subsidies.
In BRAIN-Energy market players’ beliefs about the duration of subsidies to lowcarbon technologies, the perceived level of the CO2 price and the frequency of the
carbon budgets, which represent the government’s commitment to meet decarbonisation targets, the perceived level of the electricity demand and technology costs all could
influence their investment decisions.
Hence, to reflect the importance of the expectations of the market players’ about the
future evolution of the capital costs of the different generation technologies on their
investment choices, and given the fact that there is uncertainty about the future evolution
of the capital costs of technologies (BEIS, 2016c; DIW, 2013), a sensitivity analysis was
carried out in BRAIN-Energy around the level of the different generation technologies’
capital costs to 2050.
In the core Scenarios 2 and core Scenarios 4 the market players have heterogeneous
expectations about future capital costs of the different generation technologies as explained in sub-chapter 5.1.2. Such expectations could be in the range of 25% higher or
lower compared to the values used in Scenarios 1 and 3. To further stress the impact
of the technology costs expectations on the market players’ investment decisions under
different strategies of the government agent, the value of the future capital costs of the
different renewable technologies were stressed 50% up and 50% down in the sensitivity
scenarios compared to the values used in core Scenarios 1 and 3 where market players
are homogeneous (the calibration of such values was explained in sub-chapter 5.1.1).
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Values below or above 50% of technology costs estimates used in core Scenarios 1 and 3
are not realistic, and not in line with any estimates found in the literature (DIW, 2013).
Therefore, the resulting sensitivity scenarios are:
• UK1+50%-S and UK3+50%-S, GER1+50%-S and GER3+50%-S, IT1+50%-S and IT3+50%S: in these sensitivity scenarios all market players expect technologies’ capital costs
to be 50% higher compared to the value of future capital costs used in core Scenarios 1 and 3. The government agent uses a “strong” CO2 price trajectory.
• UK1-50%-S and UK3-50%-S, GER1-50%-S and GER3-50%-S, IT1-50%-S and IT350%-S: in these sensitivity scenarios all market players expect technologies’ capital
costs to be 50% lower compared to the value of future capital costs used in core
Scenarios 1 and 3. The government agent uses a “strong” CO2 price trajectory.
• UK1+50%-NI and UK3+50%-NI, GER1+50%-NI and GER3+50%-NI, IT1+50%-NI
and IT3+50%-NI: in these sensitivity scenarios all market players expect technologies’ capital costs to be 50% higher compared to the value of future capital costs
used in core Scenarios 1 and 3. The government agent uses a “no-increase” CO2
price trajectory.
• UK1-50%-NI and UK3-50%-NI, GER1-50%-NI and GER3-50%-NI, IT1-50%-NI and
IT3-50%-NI: in these sensitivity scenarios all market players expect technologies’
capital costs to be 50% lower compared to the value of future capital costs used
in core Scenarios 1 and 3. The government agent uses a “no-increase” CO2 price
trajectory.

6
R E S U LT S

The performance, more specifically the environmental success and political feasibility
of the different scenarios (see 6.1.1, 6.2.1, 6.3.1) is determined by the interplay of the
different strategies of the market players (generators and investors), and of the government agents. Hence, this chapter is divided for each of the three countries into the
analysis of the impacts of the government strategies on the scenarios’ outcomes (see
6.1.2, 6.2.2, 6.3.2), and into the analysis of the impacts of the strategies of the generators and investors on the scenarios’ outcomes (see 6.1.3, 6.2.3, 6.3.3), also highlighting
the model’s emergent properties which the different actors’ strategies lead to, and the
evolution of the market players’ market shares through the years to 2050. Finally the
chapter discusses if lessons can be learned by comparing the different country set-ups
(see 6.4).

6.1

the uk model

6.1.1 Overall findings

All four core scenarios in the UK model (UK1, UK2, UK3 and UK4) are environmentally
successful: they all reach at least an 80% share of electricity produced from renewable
sources at 2050 (Figure 6.1 and Table 6.1), near-zero emissions from the power sector, as
recommended by the CCC (CCC, 2017), and a carbon intensity of electricity generation
of below 25 gCO2/kWh at 2050 (Figure 6.2 and Table 6.1). However, even though all four
UK core scenarios are environmentally successful, they are not all politically feasible,
and not all satisfy the energy policy “trilemma”.
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Figure 6.1: Share of electricity production by technology in UK core scenarios

Figure 6.2: CO2 emissions and emission intensity in UK core scenarios

6.1 the uk model

Only UK1 scenario can be classified as a “Green scenario” according to the scenarios’
success level defined in Table 5.2 in Chapter 5. In fact, this is the only scenario in the
UK model which achieves the legally binding decarbonisation objectives at 2050, and
at the same time addresses the different aspects of the low-carbon transition’s political complexity. UK1 scenario has no supply-demand gaps between 2012 and 2050, the
wholesale electricity price is above £100/MWh only 21% of the time (£100/MWh is the
average yearly electricity price for industrial consumers from 2005 to 2016 in the UK
according to Eurostat data as explained in Table 5.1 and in sub-chapter 5.2). Moreover,
total capital requirements of £307 billion translate into annual capital investments of £8
billion, and are below the country’s 1% of GDP. Finally, incumbent utilities loose 47% of
their aggregated market share to new-entrants, hence this scenario encourages a healthy
competition in the electricity sector, without compromising security of supply, and keeping the electricity price under control. In contrast, UK2, UK3 and UK4 scenarios can all
be classified as “Amber scenarios”. Although they all meet the 2050 environmental objectives, they all present failures of a different kind. The main failure of the these three
scenarios is that they don’t guarantee security of supply, as neither average yearly nor
yearly peak demand are met at times. Also, even though these core scenarios are reasonably expensive in terms of capital investment needs, especially UK3 and UK4 are
expensive in term of electricity price, which is above £100/MWh almost half of the time
(see Table 6.1).
The next chapters discuss in details how these results are achieved, and what aspects
of the actors’ (government and market players) strategies affect the feasibility and environmental performance of the low-carbon transition of the electricity sector in the UK,
and Italy and Germany. The discussion not only focuses on the long-term 2050 results,
but also explores the different pathways of the scenarios, focusing also on 2030 results.
Full results about the evolution of BRAIN-Energy’s outcome variables (explained in
Table 4.1) from 2012 to 2050 for UK core scenarios are provided Appendix to Chapter 6
(A.3), in sub-chapter A.3.1.
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Table 6.1: UK core scenarios main results

6.1 the uk model

6.1.2

Impacts of government agent’s strategies

The instruments which the government agents uses to achieve the decarbonisation goals
at 2050 are CfDs in UK1 and UK2 scenarios and a strong CO2 price (“strong” CO2
price trajectory, which as explained in Table 4.11 means that the government agent can
increase the prevailing CO2 price by up to 200% over the “no-increase” trajectory if
the interim carbon budgets are not met). In these two scenarios the regulator agent
also utilises a capacity mechanism to manage security of electricity supply, hence these
scenarios are characterised by a strong level of government intervention in the electricity market. In scenarios UK3 and UK4 the government agent relies only on a strong
CO2 price (“strong” CO2 price trajectory). Details about the core scenarios set-up were
provided in Chapter 5.
Results of the four UK core scenarios show that when there is a stronger government
intervention the low-carbon transition is faster, more capital intensive, but cheaper in
terms of electricity price. Also, the system is more secure compared to UK3 and UK4
core scenarios with lower government intervention, where the absence of a capacity
market leads to supply-demand gaps, especially when generators are heterogeneous, as
in UK4 scenario.
Total capital investments (Figure 6.3) are 31% higher in UK1 versus UK3 scenario
(which have a different market structure, and both homogeneous generators), and 29%
higher in UK2 versus UK4 scenario (which have a different market structure, and both
heterogeneous generators). They reach £307 billion in UK1 scenario and £348.5 billion in
UK2 scenario. Aggregated investments in new renewable technologies are not substantially affected by the prevailing market structure: these are 11% higher in the UK1 versus
UK3 scenario, and only 6% higher in UK2 versus UK4 scenario. The different market
structure seems to mainly impact gas investments, which are in average 54% higher in
scenarios UK1 and UK2, because of the capacity market, compared to UK3 and UK4
scenarios. Also, investments in new nuclear power stations are only made in UK1 and
UK2 scenarios, thanks to the capacity market. A yearly breakdown of investment levels
for UK core scenarios can be found in Appendix to Chapter 6 in sub-chapter A.3.1.
These investment patterns lead to a more substantial gas and nuclear installed capacity at 2030 and 2050 in UK1 and UK2 scenarios with stronger government intervention,
compared to UK3 and UK4 scenarios with lower government intervention (Figure 6.4
). In UK1 there are 66 GW of installed gas capacity at 2050, and 80.5 GW in UK2. As
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Figure 6.3: Total capital investments in UK core scenarios

renewable production accounts for over 80% of total electricity produced at 2050, this
means that in UK1 most gas plants are stranded assets (stranded assets are power plants
which do not generate a viable economic return for their owner or investors any longer
because of changes in the market structure, and as generators and investors in this
scenario don’t actively manage their plant stock, closing down unprofitable plants, see
sub-chapter 5.1.1, such assets just stay on their owners balance sheets but don’t produce
electricity anymore), while in UK2 scenario, where generators and investors actively
manage their power plants, this means that most gas plants are peaking plants.
In contrast, in UK3 and UK4 core scenarios renewables account for over 80% of total
installed capacity at 2050. Total PV and offshore wind installed capacity are higher
in UK3 and UK4 scenarios compared to UK1 and UK2 scenarios. Therefore, a broad
insight which emerges from the UK model, is that different market structures have
a direct influence on the single generation technologies, mainly gas and nuclear, and
less established renewable technologies such as offshore wind and PV. The prevailing
market structure doesn’t seem to impact onshore wind, the most established renewable
generation in the UK, which produces around 20%-25% of total electricity at 2050 and
reaches in average 32GW of installed capacity in all four core scenarios at 2050. The
evolution of the installed capacity in the UK core scenarios from 2012 to 2050 is provided
in Appendix to Chapter 6 in sub-chapter A.3.1.

6.1 the uk model

Figure 6.4: Installed capacity in UK core scenarios

As regards to the speed of the transition, UK1 and UK2 scenarios, where the government is subsidizing renewable investments, achieve a faster decarbonisation of electricity
supply at 2030 (Table 6.1 Figure 6.1, Figure 6.2, Figure 6.6 ) compared to UK3 and UK4
scenarios. This is another broad insight which emerges from the UK model. In fact,
thanks to the CfDs higher investments in renewables are made before 2030 in UK1 and
UK2 scenarios (Figure 6.5), which achieve a share of electricity produced through renewables above 40% already at 2030. Renewables only account for less than 30% of total
electricity production at 2030 in UK3 and UK4 scenarios (6.6). In UK4 scenario average
yearly capital investment increase sharply after 2030 reaching £9.6 billion a year (Figure
6.5), and thanks to this surge in investments this scenario also achieves the legally binding 2050 decarbonisation objectives. Maximum average yearly investment requirements
to reach decarbonisation targets reach £10 billion in UK2 scenario. Therefore, to successfully decarbonise the UK power sector yearly capital investments in the range of 0.3%
to maximum 0.5% of UK’s GDP1 are needed, which is a feasible amount. This value
is in line with the lowest capital investment requirements of existing studies that reach
decarbonisation targets in the UK as reviewed in sub-chapter 2.2, which range from 0.3%
to 0.9% of UK’s 2017 GDP.
Hence, even scenarios with a higher government intervention are affordable from a
capital investments point of view, and finance doesn’t appear to be a barrier to suc-

1 average GDP for the UK from 2006 to 2017 based on Eurostat data
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Figure 6.5: - Timing of investments in UK core scenarios

cessfully decarbonise the UK electricity sector as long as interest rates and companies’
WACC are at an acceptable level (see discussion in sub-chapter 6.1.3.1).
As regards to electricity prices, the other aspect of the scenarios’ affordability, scenarios with lower government intervention are more expensive in terms of electricity costs,
and provide a less secure electricity supply, which compromises their political feasibility.
The frequent supply-demand gaps in UK3 and UK4 scenarios lead to higher electricity
prices, being this the regulator agent’s only option in case of shortages to incentivise
investments in new generation capacity. As a result, the wholesale electricity price is
above £100/MWh in average 45% of the time in UK3 and UK4 scenarios, impacting
these scenarios affordability (Figure 6.7 ). The yearly evolution of the electricity price
in the UK core scenarios from 2012 to 2050 is provided in Appendix to Chapter 6 in
sub-chapter A.3.1.
Therefore, scenarios with a high level of government intervention, not only meet the
2050 decarbonisation goals, but also experience faster transition pathways to high shares
of renewables generation to 2030. Also, such scenarios require higher aggregated capital
investment costs, and higher yearly investment requirements compared to the equivalent scenarios with a different market structure, but these remain in an affordable range
below 1% of UK’s GDP. Moreover, these extra capital requirements are mainly driven
by larger gas and nuclear investments, because of the capacity market, and are essential
to manage security of supply, especially with heterogeneous agents. As a result, such

6.1 the uk model

Figure 6.6: Share of electricity produced by renewables in UK core scenarios

Figure 6.7: Electricity price and security of supply in UK core scenarios
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scenarios are more affordable in terms of electricity price, and overall more cost-effective
than the equivalent scenarios with lower government intervention.
To conclude, a stronger government intervention is necessary to achieve transition
pathways which can be classified as “Green scenarios” (Table 5.2) with homogeneous
generators, and which address the energy policy “trilemma”. With heterogeneous generators a stronger government intervention is essential, even though not sufficient, to
mitigate supply-gaps and electricity price, hence to make the low carbon-transition more
secure and affordable.
6.1.2.1

Sensitivities on government agent’s strategies

The two main strategies of the government agent are the level of the CO2 price, hence
the degree to which the government agent increases the CO2 price over the “no-increase”
trajectory (an explanation for the different CO2 price trajectories was provided in Table
4.11) when interim targets are not met, and the frequency with which the government
sets and checks interim carbon budgets (see Tables 4.12 and 4.13 and 4.14).
Results from the sensitivity analysis demonstrate that the level of the CO2 price is a
key driver of the scenarios’ environmental success. In fact, if the government relaxes
its “strong” CO2 price trajectory of a £200/tCO2 price increase if carbon budgets are
not met to a “no-increase” CO2 price trajectory (sensitivity scenarios UK1-NI, UK2-NI,
UK3-NI and UK4-NI reviewed in sub-chapter 5.3.1.1), hence doesn’t increase the CO2
price when interim targets are not met, none of the four sensitivity scenarios reaches at
least 80% share of electricity produced through renewables at 2050 (Figure 6.9). This is
because total investments in renewables decline in average 40% in scenarios with strong
government intervention (from UK1 and UK2 to UK1-NI and UK2-NI), and 100% in
UK3 and UK4 with lower government intervention when moving from “strong” CO2
price trajectory to the “no-increase” trajectory (from UK3 to UK3-NI and from UK4 to
UK4-NI) (Figure 6.8).
Gas becomes the main generation technology in all scenarios with a “no-increase”
CO2 price trajectory. Gas investments increase in UK2 and UK4 scenarios under a
“strong” CO2 price trajectory (compared to UK2-NI and UK2-W, and to UK4-NI and
UK4-W) instead of declining, because investment cycles are higher under a strong CO2
price, as this makes gas plants less profitable and more subject to be closed down when
“wrong” investment choices are taken by generators due to myopic foresight.

6.1 the uk model

Figure 6.8: Total renewable and gas investments in UK scenarios under different CO2 prices
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Figure 6.9: Share of electricity produced through renewables in UK under different CO2 price trajectories

6.1 the uk model

Moreover, if the government would use a “weaker” +100% CO2 price trajectory, only
scenarios UK1-W and UK3-W with homogeneous generators would achieve the 2050
decarbonisation objectives (Figure 6.9). Hence, a stronger CO2 price is required with
heterogeneous generators to successfully decarbonise the UK’s electricity sector, especially when no subsidies to renewables are in place (Figure 6.10) as in UK4 scenario.
However, the level of the CO2 price doesn’t significantly impact the speed of the transition, and the share of electricity produced through renewables at 2030 (Figure 6.9).
Figure 6.10 shows actual CO2 prices under the different degrees of government intervention in the UK scenarios. The level of the CO2 price also impacts the security of
supply and affordability dimensions of the scenarios. In fact, using the “no-increase”
trajectory, leads to a cheaper transition in terms of electricity price, which never goes
above £100/MWh, and to a transition with no supply-demand gaps. However, the transition is not environmentally successful. Hence, the level of the CO2 price alone can’t
address the different aspects of the energy policy “trilemma”, and needs to be supported
by other instruments, especially with heterogeneous generators, which is an interesting
insight produced by the UK BRAIN-Energy model.
Having less frequent carbon budgets in the UK model, which means ten-yearly as
opposed to five-yearly, also impacts the achievement of the 2050 decarbonisation targets
(Table 6.2). However, the degree to which the government agent increases the CO2 price
over the “no-increase” trajectory, be it weak (+100%) or strong (+200%), when carbon
budgets are less frequent doesn’t significantly affect the environmental performance of
the scenarios. In fact, as can be seen from Table 6.2, regardless of the CO2 price trajectory
all sensitivity scenarios with ten-yearly carbon budgets are “Red” scenarios according
to the scenarios’ success levels defined in Table 5.2 (except for UK3-10y-S). This is due
to the fact that total investments in renewables are not significantly affected by the level
of the CO2 price with less frequent carbon budgets, as the CO2 price is adjusted less
often (Figure 6.11). Hence, the frequency of the carbon budgets alone is a key driver
of scenarios environmental performance. This is another broad insight produced by the
UK version of BRAIN-Energy: in fact it shows that the government must be responsive,
and that even if it applies a “strong” CO2 price trajectory, if it only does this every ten
years the low-carbon transition struggles. Ten-yearly carbon budgets compromise especially the environmental success of UK4 scenario, with heterogeneous generators and
lower government intervention (Table 6.2). This is because total investments in renewables decline by up to £146 billion in the UK4-10y-W sensitivity scenarios (Figure 6.11)
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Figure 6.10: Actual CO2 price in UK core and sensitivity scenarios

6.1 the uk model

compared to UK4 core scenario, and gas becomes the dominant generation technology
until 2050, turning this into a “Red” scenario. Moreover, in scenarios UK3-10y-W and
UK4-10y-W with lower government intervention and a “weak” CO2 price, less frequent
carbon budgets impact the speed of the decarbonisation to 2030 (see Table 6.2). Only
17% of electricity is produced through renewables in UK3-10y-W compared to 28% in
UK3, and the slow-down of the low-carbon transition is especially marked in UK4-10-W
and UK4-10y-S sensitivity scenarios as opposed to UK4 core scenario (Figure 6.12). The
speed of the transition remains unchanged in scenarios UK1 and UK2 thanks to the
CfDs.
Full results of the sensitivity scenarios around the frequency of the carbon budgets
are in Appendix to Chapter 6 (A.3) in sub-chapter A.3.2.

157

158
results

Table 6.2: Results of sensitivity scenarios with ten-yearly carbon budgets

6.1 the uk model

Figure 6.11: Difference in total renewable investments in UK core versus sensitivity scenarios
with ten-yearly carbon budgets

Therefore, the political dimension of the electricity sector’s low-carbon transition, especially the security of supply dimension, are mainly impacted by the capacity market,
as can be observed by difference between UK1 and UK2, versus UK3 and UK4 core
scenarios.

6.1.3 Impacts of the strategies of the market players

In UK1 and UK3 core scenarios, as explained in sub-chapter 5.1.1 and 5.1.3, generators
and investors have homogeneous strategies and expectations about future electricity demand, technology costs and fuel prices. Moreover, their investment decisions are not
influenced by the path-dependent nature of their expectations and by imitation of other
agents’ successful strategies. In UK2 and UK4 scenarios (explained in sub-chapters
5.1.2 and 5.1.3), generators and investors have heterogeneous strategies and expectations about the evolution of electricity demand, technology and fuel costs, and different
foresights to evaluate possible investment options. Also, they imitate others and their
investment choices are affected by the past, hence they have path-dependent behaviour.
It emerges from the scenarios results that heterogeneous market players, whose investment choices are affected by path-dependency and imitation, lead to a more capital
intensive transition on an aggregated basis (15% more capital intensive). Moreover, sce-
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Figure 6.12: Share of electricity produced through renewables in UK4 core and sensitivity scenario with 10-yearly carbon budgets

narios with heterogeneous actors achieve a lower share of capital investments by 2030,
and in order to achieve the decarbonisation goals at 2050 such scenarios require a higher
carbon price and higher yearly capital investments after 2030, compared to scenarios
with the same market structure and homogeneous generators. Also, market players’
heterogeneity impacts the political dimension of the low-carbon transition, making it
less secure in terms of electricity supply and more expensive in terms of yearly electricity price. The following sub-chapter on sensitivities of the generators and investors
agents’ strategies drills down on what aspects of market player’s heterogeneity leads to
these results.
Heterogeneous market players and their non-optimal economic strategies only make
reaching near-zero emissions at 2050 in average 15% more expensive compared to scenarios with homogeneous generators (Figure 6.3). While cumulative investments in
renewables are substantially unchanged between scenarios with homogeneous and heterogeneous market players, total gas investments are almost 200% higher in UK2 and
UK4, versus UK1 and UK3 scenarios (Figure 6.13).
These substantially larger gas investments are due to investments cycles, an emergent
property of the model and a key outcome of market players’ heterogeneity. These investment cycles are created by generators’ and investors’ bounded-rationality and imper-

6.1 the uk model

Figure 6.13: Share of capital investments by technology and total gas investments in UK core
scenarios

fect foresight. When taking investment decisions and estimating future electricity and
CO2 prices, technology capital costs and electricity demand, generators and investors
agents could over -or underestimate some parameters, because of their imperfect foresight. This would lead them to over- or under-invest in some technologies. Moreover,
path-dependency in investment decisions leads generators and investors to assess the
performance of active power stations a few years after theses commence their operations,
and to eventually close power stations down, if their profitability is lower than expected
(see sub-chapter 4.6.2). This creates supply-demand gaps and higher electricity prices.
As market players’ expectations about future levels of electricity prices are based on past
observations, new investments are committed based on high electricity prices expectations. Gas investments are particularly affected by investment cycles as the high CO2
price makes gas plants unprofitable. Lower CO2 prices lead in fact to lower investment
cycles in gas plants (Figure 6.8 ).
Heterogeneous actors also lead to a lower share of total investments to 2030 (Table
6.1, Figure 6.5). Especially in UK4 scenario, which has lower government intervention,
total investments in renewables by 2030 stand at £39 billion, compared to £111 billion
in UK3, a 64% reduction. As a result, UK4 scenario is the slowest to decarbonise. To
reach the 2050 decarbonisation targets yearly investments in UK2 and UK4 scenarios
increase by over 200% after 2030, compared to yearly capital investments made before
2030, reaching respectively £9.5 billion and £10 billion. Hence, scenarios with heteroge-
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neous market players are characterised by a “back-loading” of investments, and require
yearly average capital expenditures in the range of 0.5% of UK’s GDP after 2030, more
expensive compared to scenarios with homogeneous market players, but still a feasible
amount. However, in UK4 scenario the substantial investments made in renewable technologies after 2030 lead to a fast decarbonisation between 2040 and 2050 in UK4, comprising the security aspect of the electricity sector’s transition. Therefore, there emerges
to be a trade-off between speed of transition after 2030 and security of supply aspects in
scenarios with heterogeneous market players and lower government intervention.
Market players’ heterogeneity, and especially their path-dependent behaviour, which
leads them to close unprofitable power stations before the end of their operating life, and
which leads them to not repeat unsuccessful investments as it prevails over the agents’
imperfect foresight, contributes to frequent supply-demand gaps. This is another broad
insight and emergent property of BRAIN-Energy resulting from heterogeneous actors.
In fact, yearly average electricity demand is not met for twice the time in UK2 and UK4
scenarios, compared to UK1 and UK3. Even more, heterogeneity triples the time during
which yearly peak electricity demand is not satisfied in UK2 and UK4 scenarios, versus
the equivalent scenarios with homogeneous generators. The fact that security of supply
is not always guaranteed in UK2 and UK4 scenarios, leads to higher wholesale electricity
prices in scenarios with heterogeneous market players, which are above the £100/MWh
for half of the time between 2012 and 2050 (Figure 6.7).
Market players’ heterogeneity, path-dependency and imitation in investment choices
also strongly impact the evolution of their market shares (Figure 6.14, Table 6.1). This
could be explained by the fact that newer market actors can pursue more successful
strategies, unless a capacity market helps incumbent utilities maintaining a sound market share. The market players technological choices and the type of technologies they
operate and invest in are also main drivers of the evolution of their market shares. In
UK2 and UK4 scenarios incumbent utilities’ aggregated market share at 2050 is lower
compared to UK1 and UK3 scenarios with homogeneous market players. In UK4 scenario incumbent utilities’ aggregated market share is 60% lower at 2050 compared to
2012. This is because, in UK4 renewable technologies account for 86% of total installed
capacity at 2050 (Figure 6.4), and PV capacity stands at 62GW at 2050, the highest
amount in the four UK core scenarios. Incumbent utilities don’t invest in PV. Hence,
the technological choices of the market players determine the evolution of their market
shares differently according to the prevailing technological structure and evolution of
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Figure 6.14: Change in generators and investors aggregated market share in UK core scenarios

installed capacity in the electricity market. Moreover, in UK4 core scenario gas installed
capacity at 2050 only stands at 22 GW, and there are only 3GW of nuclear power available. Nuclear and gas assets are mainly owned by incumbents in UK3 scenario. Also,
actors’ path-dependency in investment decisions in UK4 scenario affects incumbents
more than other generators or investors, given their larger stock of assets, and makes
them less willing than new-entrants to invest in renewables without CfDs. For all these
reasons, incumbents lose 60% of their aggregated market share by 2050. In contrast, in
UK2 scenario the existing capacity mechanism leads to 80 GW of installed gas power
and 11 GW of nuclear power at 2050. The main incumbent utility sees its market share
reduced to 8% and owns all nuclear assets, but the other incumbent utilities, investing and operating both renewable and conventional generation assets, maintain healthy
market shares and own the majority of gas assets. Hence, the capacity market helps
reducing the loss in incumbent utilities’ market shares.
6.1.3.1

Sensitivities on market players’ strategies

The most important strategies of the market players on which sensitivities have been run
are their path-dependent behaviour, imitation , the length of the foresight used to evaluate possible future investments, the interest rate and associated rate of return expected
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from new investments, and finally expectations about future electricity demand and renewable technology costs. The motivation for such sensitivity scenarios was explained
in sub-chapter 5.3.2 and Figure 5.3 summarises all sensitivity scenarios. The analysis of
the impacts of the sensitivity scenarios is divided into impacts on the scenarios’ environmental performance, impacts on the speed of the low-carbon transition, and impacts
on the scenarios’ security of supply and electricity price. Moreover, impacts on the transition’s aggregated capital investment costs and market shares of the market players
are analysed. Full results of these sensitivity scenarios are in Appendix to Chapter 6
in sub-chapter A.3.2. These comprise both the evolution of the different outcomes (see
Table 4.1) from 2012 to 2050, and tables which summarise the main findings at 2050 and
2030 according to environmental performance, political feasibility and main technology
of the different sensitivity scenarios.
If the government agent applies a “strong” CO2 price trajectory, hence increases the
CO2 price up to 200% over the “no-increase” CO2 price trajectory when interim carbon
budgets are not met, the level of the interest rate (and associated return expectations
from new investments) that generators and investors pay is the main determinant of
environmental success of the scenarios. In fact, the sensitivity scenarios with a 10%
and 15% interest rates are the only two sensitivity scenarios which substantially fail to
achieve at least an 80% share of electricity produced from renewables at 2050 (Figure
6.15), when the government uses a “strong” CO2 price trajectory. With a 15% interest rate the maximum share of electricity produced through renewable sources at 2050
reaches only 57% in UK1-15%-S sensitivity scenario, which has both subsidies to renewables (CfDs) and a “strong” CO2 price trajectory. Without CfDs the share of electricity
produced through renewables falls as low as 21% in UK3-15%-S sensitivity scenario with
a “strong” CO2 price, and falls to just 9% in UK3-15%-NI sensitivity scenario with “noincrease” CO2 price. Gas becomes the main generation technology in these scenarios
(see summary table A.20 and full results in Appendix to Chapter 6 in sub-chapter A.3.2),
which all become “Red” scenarios according to the scenarios success level defined in Table 5.2. This confirms the fact that investments in low-carbon technologies are very
sensitive to interest costs given their upfront capital intensity (May and Neuhoff, 2017),
even with a carbon price that reaches £300/Mt in 2050.
However, if the government would use a “no-increase” CO2 price trajectory all sensitivity scenarios, except the ones where generators’ and investors’ renewables capital
costs expectations are 50% lower compared to the core scenarios (UK1-50%-NI and UK3-
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Figure 6.15: Share of electricity produced from renewables at 2050 in UK core and sensitivity
scenarios under a “strong” CO2 price trajectory

50%-NI), fall short of the 2050 decarbonisation targets (Figure 6.16) and less than 80%
of total electricity is produced through renewable sources at 2050. Changes are particularly accentuated in sensitivity scenarios around UK3 scenario, as opposed to sensitivity
scenarios around UK1 scenario, as UK3 scenario has lower government intervention and
no subsidies to low-carbon investments (CfDs). Increasing the capital costs of renewable
technologies by 50% with no CfDs and with a “no-increase” CO2 price trajectory results
in only 28% of electricity produced through renewable sources at 2050 (UK3+50%-NI).
In UK1 scenario, having market players use a shorter and more myopic five-years foresight (UK1-5y-NI) leads to a higher share of electricity produced through renewables at
2050, compared to generators having a twenty-years foresight (UK1-20y-NI) under a
“no-increase” CO2 price trajectory. This is because, given the CfDs which guarantee stable returns for 15 years, market players decide to invest in renewables also with a very
limited foresight horizon. However, if the government would only use the CO2 price to
motivate investment in renewables and not use CfDs, market players would undertake
more investments in renewables with a twenty-years foresight, as without subsidies it
would take longer to recover the costs from the upfront capital intensive investments.
Hence generators would invest less in renewables with a five-years foresight, and more
in gas plants especially when the government uses a “no-increase” trajectory (see summary results in Table A.19 in Appendix to Chapter 6). This is why under a “no-increase”
CO2 price trajectory UK3-5y-NI sensitivity scenario where market players have a five-

165

166

results

Figure 6.16: Share of electricity produced from renewables at 2050 in UK core and sensitivity
scenarios under a “no-increase” CO2 price trajectory

years foresight reaches a lower share of electricity produced through renewables at 2050
(46% at 2050), compared to the sensitivity scenarios where agents have a twenty-years
foresight (UK3-20y-NI) in which 55% of electricity is produced through renewables at
2050. This shows that alternate government policies can give different directions of
investor responses based on their foresight.
Path-dependency and imitation in investment decisions, two aspects of the agents’
bounded-rational and non-optimal behaviour, also strongly influence the environmental success of the sensitivity scenarios under a “no-increase” CO2 price trajectory, and
lead to different impacts on the sensitivity scenarios environmental success according to
the prevailing market structure (Figure 6.16). This means that without a very strong government steer, market players’ non-optimal strategies are critical, which is a key insight
of BRAIN-Energy.
With lower government intervention (no capacity market and no subsidies to renewables) and under a “no-increase” CO2 price trajectory the path-dependent nature of
the generators’ and investors’ investment decisions leads to only 36% of electricity being produced from renewables at 2050 in UK4PD-NI (this decline is due to both the
“no-increase” CO2 price and path-dependency in investment decisions), compared to
52% in UK4 sensitivity scenario with a “no-increase” CO2 price (UK4-NI). This is because, path-dependency causes total renewable investments to decline by 70% under
UK4 sensitivity scenario with only path-dependent behaviour and “no-increase” CO2
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price (UK4PD-NI) compared to UK4 core scenario (Figure 6.17). Given the low CO2
price, market players who have undertaken investments in renewables might find them
unprofitable under a low CO2 price after reassessing them, eventually closing plants
down and not repeating investments in such generation technologies. Only investments
in the most established technologies such as onshore wind and PV are still made under the UK4 sensitivity scenario with only path-dependent behaviour (UK4PD-NI). In
contrast, thanks to the CfDs, total renewable investments only decline by 33% under
UK2 sensitivity scenario with only path-dependent behaviour (UK2PD-NI), compared
to UK2 core scenario (Figure 6.17).
Moreover, under a “no-increase” CO2 price trajectory total investments in new gas
plants (Figure 6.18) decline by 38% between UK4 core scenario and the sensitivity scenario with only path-dependent behaviour (UK4PD-NI), and account for 25% of total
investments, while they only account for 14% under UK4 core scenario. This contributes
to the low share of electricity produced through renewables in UK4PD-NI sensitivity scenario. In the UK2 sensitivity scenario with only path-dependent behaviour (UK2PD-NI)
gas investments are 72% lower compared to the UK2 core scenario. Hence, the majority
of gas investments is driven by path-dependency, which creates investment cycles, in
scenarios with lower government intervention such as UK4. In contrast, the majority
of investments in new gas plants is driven by imitation in scenario UK2 , where the
government uses a capacity market (Figure 6.18). In fact, if market players would only
imitate others under a “strong” CO2 price (UK2I-S), and path-dependency wouldn’t affect their investment choices, gas investments would be 20% higher compared to UK2
core scenario (Figure 6.18).
The impacts of imitation are best analysed under a “no-increase” CO2 price trajectory,
as otherwise the effect of the CO2 price dominates. In sensitivity scenarios with only imitation (Figure 6.17) total renewable investments decline by 57% in UK4I-NI compared
to UK4 core scenarios, and by 33% in UK2I-NI compared to UK2 core scenario. Especially investments into less established renewable technologies, such as offshore wind
and biomass, decline sharply in UK4I-NI. Hence, imitation is more effective at stimulating investments in renewables when the government agent subsidises investments in
new renewable plants through CfDs as in UK2I-NI.
As regards to the speed of the transition, expectations about renewable technologies
capital costs, length of the foresight and interest rates emerge to be the main drivers
of the scenarios decarbonisation speed to 2030 (Figure 6.19). UK3 scenario, with lower
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Figure 6.17: Differences in aggregated renewables investments between core scenarios and sensitivity scenarios with a "no-increase" CO2 price trajectory

Figure 6.18: Difference in aggregated gas investments between core scenarios and sensitivity
scenarios

6.1 the uk model

government intervention, is more sensitive to changes in the above mentioned variables.
Higher interest rates slow the transition down to 2030, as they make investors and generators more reluctant, or unable, to invest in renewable generation plants. In contrast,
when market players expect renewable technologies capital costs to be 50% lower, the
low-carbon transition to 2030 becomes faster, and in fact in UK3-50%-NI sensitivity scenario already 42% of electricity is produced through renewables at 2030 compared to
only 17% in UK3-NI scenario at 2030.
Interest rates, agents’ foresight, path-dependency and imitation in investment choices
strongly affect future pathways’ security of supply and cost-effectiveness in terms of
yearly electricity price. With strong government intervention (sensitivity scenarios around
UK1 core scenario) higher interest rates don’t affect the security of electricity’s supply
neither under a “strong” nor a “no-increase” CO2 price trajectory, as enough investments into gas and nuclear plants are made thanks to the capacity market (Figure 6.20).
In fact, UK1-10%IR-S and UK1-15%IR-S, and UK1-10%IR-NI and UK1-15%IR-NI don’t
present any supply-gaps and the supply of electricity is robust (see also Table A.20 in Appendix to Chapter 6). However, electricity prices sharply increase (Figure 6.20) in UK110%IR-S and UK1-15%IR-S to keep the system into balance. In contrast, in sensitivity
scenarios around UK3 core scenario with lower government intervention not only electricity prices sharply increase with higher interest rates under a “strong” CO2 price trajectory (UK3-10%IR-S and UK3-15%IR-S), but demand-supply gaps become even more
frequent, with peak requirement not being met for even more than 60% of the time (Figure 6.20). This is because, also investments in conventional generation technologies are
impacted by the high interest rates without a capacity market, even if to a lower extent
compared to investments in renewable technologies.
In UK3 scenario with lower government intervention a twenty-years foresight negatively affects security of supply aspects especially under a “no-increase” CO2 price
trajectory (UK3-20y-NI), as generators’ uncertainty about the future, without certainty
of revenues from government intervention, slows down investments in gas technologies
(Figure 6.21). This leads to yearly peak demand not being met for 34% of the time, and
yearly peak demand not being net for 11% of the time between 2012 and 2050.
Finally, path-dependency in UK4 scenario with both a “strong” (UK4PD-S) and a
“no-increase” CO2 price (UK4PD-NI) substantially increases the pathways’ security of
supply issues compared to UK4 core scenario (Figure 6.22), because of the investment cycles in gas investments explained earlier, which lead to supply gaps. Both yearly average
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Figure 6.19: Speed of the transition to 2030 in UK sensitivity scenarios
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Figure 6.20: Security of supply and electricity price in interest rate UK sensitivity scenarios

Figure 6.21: Security of supply and electricity price in foresight UK sensitivity scenarios
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Figure 6.22: Security of supply and electricity price in path-dependency and imitation UK sensitivity scenarios

and yearly peak demand are affected. Imitation, on the other hand, improves security of
supply aspects compared to UK2 core scenario in UK2 sensitivity scenarios (UK2I-S and
UK2I-NI) because the capacity market in these scenarios leads to higher gas investments
as explained above. In fact, UK2I-S doesn’t present any supply gaps, and with a 78%
share of electricity produced through renewables at 2050 is almost a “Green” scenario
(see Table A.18 in Appendix to Chapter 6). Imitation eliminates supply-gaps also in
UK2I-NI sensitivity scenario with a “no-increase” CO2 price trajectory. Although less
sharply, because of the absence of the capacity market, imitation also improves security
of supply in UK4I-S and UK4I-NI sensitivity scenarios compared to UK4 core scenario.
However, the fact that imitation improves security of supply happens at the expense of
higher electricity prices, both in UK2I-S and UK4I-S scenario. Hence imitation makes
the transition more secure, but less cost-effective (Figure 6.22).
As regards to the other aspect of the low-carbon transitions’ cost-effectiveness, which
is capital intensity, almost all of the sensitivity scenarios do not make the low-carbon
transition substantially more capital-intensive (see summary tables in Appendix to Chapter 6 in sub-chapter A.3.2). The exception is for 58% higher aggregated capital invest-

6.1 the uk model

ments in the sensitivity scenario where market players expect renewable technology
costs to be 50% higher (UK3+50%-S), and market players’ stronger myopic view and
shorter foresight of five years which leads to 13% higher cumulative investments in
UK3 sensitivity scenario under a “strong CO2 price trajectory (UK3-5y-S). This is given
by higher gas investments, as the short imperfect foresight creates investment cycles.
This however translates into yearly capital investment of £6.3 billion, a feasible amount
below 1% of the UK’s GDP.
Finally, changes in the aggregated market shares of the market players (Figure 6.23),
which is an important metric not from an economics point of view, but certainly from a
political one, are more accentuated in sensitivity scenarios compared to core scenarios
when there is lower government intervention, as in UK3 and UK4 scenarios.
Results from the sensitivity analysis show that, under a “strong” CO2 price when expectations about renewable technologies capital costs are high (UK3+50%-S), it’s mainly
incumbent utilities investing in new renewable plants, maintaining a strong aggregated
market share and limiting the entry of new-entrants. 2050 environmental targets are still
met. The fact that incumbent utilities manage to maintain a stronger market share under
these conditions, and to limit the entry of new entrants, is also due to their technological choices. It is, in fact, mainly the incumbent utilities which only operate conventional
generation assets (or whose assets are mainly conventional generation plants) which
manage to increase their market shares, as their investments are not impacted by the
higher costs of renewable assets. On the other hand, new entrants struggle to enter
in the market under high renewable technologies capital costs, as they only invest in
renewables in BRAIN-Energy.
When costs such as interest rates are at the level of 10% or 15% incumbents are the
strongest market players, their aggregated market share at 2050 is only 6% lower compared to 2012 in UK3-10%IR-S and UK3-10%IR-NI, and 12% lower at 2050 compared to
2012 in UK3-15%IR-S. However, in this case incumbent utilities invest in gas plants, as
renewable technologies are too expensive for them too. Hence the achievement of the
2050 decarbonisation objectives is compromised, and not enough new-entrants enter the
market. Also with higher interest rates the technological choices of the market players
strongly impact the evolution of their market shares. Incumbents survive better with
high interest rates, because they only, or mainly, operate and invest in conventional generation assets. Such assets are less capital intensive upfront, hence they are less impacted
by high interest rates compared to renewable technologies.
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Moreover, under a “strong” CO2 price trajectory, when there is uncertainty about
the future and generators and investors have a short, five-years, foresight, it is mainly
incumbent utilities investing in renewables and in gas plants. This is because electricity
is their main business and they are willing to accept losses for longer times. In fact,
incumbents’ aggregated market share is only 12% lower at 2050 compared to 2012 in
UK3-5y-S, compared to 21% in UK3 core scenario. In UK3-5y-S 2050 environmental
objectives are still met, and security of supply aspects are improved compared to UK3
core scenario.
Instead, when the government is using a “no-increase” CO2 price trajectory imitation doesn’t attract new-entrants into the electricity market, incumbents are the main
investors in gas plants, and their market share is only 36% lower at 2050 compared to
2012 in UK4I-NI, as opposed to 60% in UK4 core scenario. Hence, again, the technological choices of the market players play a key role on the evolution of their market
shares. Also path-dependency in investment choices prevents new-entrants investing in
renewables when the government uses a “no-increase” CO2 price trajectory, gas in the
main generation technology at 2050, an incumbents aggregated market share at 2050
is 32% lower compared to 2012 in UK4PD-NI. Also in this case, the better survival of
incumbent utilities is due to their technological choices. As gas is the main generation
technology at 2050 in these sensitivity scenarios, because of the “no-increase” CO2 price,
incumbents which have a larger share of gas plants survive better through the years to
2050.
Finally, also ten- as opposed to five-yearly carbon budgets lead to lower CO2 prices
and to less certainty about high CO2 prices, and given the absence of subsidies, incumbents’ are the dominant market players (sensitivity scenarios UK4-10y-S and UK4-10yW in Figure 6.23). However, they don’t commit enough investments and not enough
new-entrants come into the market to have a secure and environmentally successful
transition, and as such these sensitivity scenarios are “Red” scenarios as can be seen
from Table 6.2).

6.2 the german model

Figure 6.23: Change in the aggregated market share of incumbent utilities in UK sensitivity scenarios

6.2

6.2.1

the german model

Overall findings

In the German model only GER1 and GER2 scenarios with strong government intervention reach at least an 80% share of electricity produced from renewables at 2050 (Table
6.3, Figure 6.24), as set out by Germany’s legally binding climate change mitigation targets reviewed in sub-chapter 2.1.2), and a carbon intensity of electricity generation equal
or below 50 gCO2/kWh (Figure 6.25). Strong government intervention in the German
version of BRAIN-Energy means that the government agent subsidises investment in renewable technologies through FITs, and it increases the CO2 price by up to 200% above
the “no-increase” CO2 price trajectory, when interim decarbonisation targets are not met,
hence as in the UK model it uses the “strong” CO2 price trajectory. However, in the German model the regulator agent doesn’t use a capacity mechanism to manage security of
supply because such a mechanism is not foreseen by the German law as explained in
sub-chapter 2.1.2. The absence of a capacity market in the German version of BRAINEnergy can be seen from the fact that all four German core scenarios not always meet
peak yearly electricity requirements (Table 6.3). Hence, none of the four core scenarios
can be classified as a “Green” scenario according to the success level defined in Table
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Figure 6.24: Share of electricity production by technology in German core scenarios

Figure 6.25: CO2 emissions and emission intensity in German core scenarios

5.2. GER1 and GER2 scenarios are environmentally successful, but don’t address the
political dimension of the low-carbon transition, as they present supply-demand gaps,
hence are “Amber” scenarios. GER3 and GER4 scenarios are “Red” scenarios, as these
fall short of the 2050 environmental objectives and are not secure in terms of security of
supply.
As for the UK core scenarios, also for the German core scenarios results about the
evolution of the main BRAIN-Energy’s output variables can be found in Appendix to
Chapter 6 in sub-chapter A.3.3.

6.2 the german model

Table 6.3: Germany core scenarios main results
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6.2.2 Impacts of government agent’s strategies

Scenarios with stronger government intervention (GER1 and GER2) are the only environmentally successful ones in the German version of BRAIN-Energy and are slightly
more capital intensive compared to GER3 and GER4. This emergent property is the
same as in the UK model.
Moreover, as in the UK model, scenarios with stronger government intervention are
more successful in reducing electricity supply-demand gaps when agents are heterogeneous. However, differently to the UK scenarios, as will be explained further down in
this sub-chapter a stronger government intervention in the German model doesn’t lead
to a faster transition to low-carbon generation to 2030, but is essential to help speeding
the transition up between 2030 and 2050.
As regards to the capital intensity of the electricity sector’s transition in Germany
the difference in total investment costs between scenarios with strong government intervention and scenarios with lower government intervention is negligible. Total capital
investments are only 9% higher in GER1 versus GER3 scenario, both with homogeneous
generators but with a different market structure, and just 7% higher in GER2 versus
GER 4 scenario, both with heterogeneous generators but a with different market structure (Figure 6.26). Aggregated investments in renewables are in average 10% higher in
GER1 and GER2 scenarios, versus GER3 and GER4. Especially investments in new PV
plants are 23% higher in GER1 versus GER3 scenario, thanks to FITs in GER1 scenario.
This leads to 111 GW of installed PV capacity in GER1 scenario at 2050 (Figure 6.27),
and to renewables accounting for 80%-83% of total installed capacity at 2050 in GER1
and GER2 scenarios with FITs, which is above the result of the “Zielszenario” at 2050
in Prognos (2014). At 2030, total renewable installed capacity already accounts for over
60% of total installed capacity in all four core scenarios.
Opposite to the UK model, total gas investments in GER1 and GER2 scenarios are
10% lower compared to GER3 and GER4 scenarios, given the absence of a capacity market. Results from the core scenarios in the German model show, therefore, in contrast to
the UK model, that it is more the generators’ and investors heterogeneity and boundedrationality that leads to differences in investments and installed capacity of single generation technologies, than the prevailing market structure, which is an interesting finding
of BRAIN-Energy. The reason for this is discussed in sub-chapter 6.4.

6.2 the german model

Figure 6.26: Total capital investments in German core scenarios

The yearly level and yearly composition of the capital investments in the German core
scenarios can be found in Appendix to Chapter 6 in sub-chapter A.3.3.
Given the small difference in aggregated investments in renewable and conventional
technologies between the German core scenarios with different market structures, the
reason why not all four German core scenarios reach at least an 80% share of electricity
produced through renewables at 2050 is also linked to the timing of the investments.
In all four core scenarios renewables produce around 50% of total electricity at 2030.
Hence, unlike CfDs do in the UK scenarios, FITs don’t affect the speed of the transition
to 2030, which is substantially the same in all four core scenarios in Germany (Figure
6.29). However, a stronger government intervention in the form of FITs helps speeding
up investments after 2030, especially into less established renewables technologies. In
fact, only 14% of total offshore wind investments are made from 2045 onward in GER1
scenario, compared to 38% in GER3 scenario (Figure 6.30). This is too late to satisfy
the legally binding 2050 decarbonisation targets, and this scenario falls short of the
long-term environmental objectives. This delay in offshore wind investments happens
because generators and investors with homogeneous expectations about future offshore
wind capital costs wait until offshore wind investments become economically viable,
which is later in time without FITs. FITs help speeding up the transition after 2030 also
with heterogeneous generators in core scenario GER2. This can be seen from the faster
decarbonisation speed of scenario GER2 compared to GER4 (Figure 27).

179

180

results

Figure 6.27: Installed capacity in German core scenarios

Yearly average capital investments after 2030 in GER3 scenario with lower government
intervention are only EUR 6.2 billion, equal to 0.2% of Germany’s GDP, compared to
EUR 7.6 billion in GER1, 20% lower. Before 2030, GER1 and GER2 scenarios, where
a stronger government intervention helps achieving at least an 80% share of electricity
produced through renewables at 2050, require yearly average capital expenditures of
maximum EUR 14.5 billion (Figure 6.28), equivalent to 0.5% of the country’s GDP, a
feasible amount. This is also below the yearly capital costs estimated to be needed to
decarbonise the German electricity sector in current scenario literature reviewed in subchapter 2.2. Hence, it emerges from the German model that FITs are mainly useful to
sustain rapid low-carbon investments after 2030.
Although all four core scenarios in the German model are feasible from a capital investments point of view, stronger government intervention leads to cheaper electricity
prices with homogeneous generators (Figure 6.31). This is because GER3 scenario requires a higher CO2 price to incentivise investments in renewables, as opposed to GER1
scenario with FITs. The higher CO2 price in GER3 scenario is reflected into the yearly
electricity price. However, there is no difference in electricity supply-gaps between GER1
and GER3 scenarios, given the absence of a capacity market in GER1 scenario. With heterogeneous generators the stronger government intervention in GER2 scenario leads to
a more secure electricity supply as regards yearly average electricity demand compared
to GER4 scenario, as new investments are quicker to be committed when shortages arise,
thanks to the FITs. This, yet, leads to a higher share of electricity produced through re-
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Figure 6.28: Timing of investments in German core scenarios

Figure 6.29: Share of electricity produced by renewables in German core scenarios
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Figure 6.30: Timing and level (in EUR) of offshore wind investments in German core scenarios

Figure 6.31: Electricity price and security of supply in German core scenarios

newables in GER2, compared to GER4 scenario, and a higher electricity price is needed
to manage shortages in peak electricity supply. In fact, in GER2 scenario the electricity
price is above EUR 88/MWh for 47% of the time between 2012 and 2050, making this
scenario not cost-effective under this point of view (Figure 6.31).
A stronger government intervention, in the form of FITs only without a capacity market, is therefore essential to reach the 2050 decarbonisation targets, by speeding the
transition up after 2030 with both homogeneous and heterogeneous generators.

6.2 the german model

6.2.2.1

Sensitivities on government agent’s strategies

In the German model results are less sensitive to the CO2 price increase compared to
the UK model, because of the less frequent carbon budgets (Figure 6.32 ). This means
that the German government agent revises, and eventually increases, CO2 price less frequently compared to the UK model. This again shows that frequent carbon budgets are
a key instrument to achieve a successful low-carbon transition. Therefore, the degree to
which the government agent increases the CO2 price over the “no-increase” trajectory
when interim targets are not met is less impactful. Nevertheless, as in the UK model,
especially with heterogeneous market players a strong CO2 price is essential to increase
the share of electricity produced through renewables. In fact, a “no-increase” CO2 price
with heterogeneous market players is not sufficient even with FITs (GER2 scenario) to
have at least 80% of total electricity produced through renewables at 2050 (Figure 6.32).
However, even though essential to increase the share of electricity produced through renewables at 2050, a high CO2 price (which reaches EUR 226/Mt at 2050) if is not enough
to achieve an environmentally successful transition in core scenarios GER3 and GER4
without FITs, with both homogeneous and heterogeneous generators (Figure 6.32).
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Figure 6.32: Share of electricity produced through renewables in Germany under different CO2 price trajectories

6.2 the german model

In the German model no sensitivities around the frequency of the interim carbon
budgets have been run, as the frequency between most carbon budgets is already set at
ten years in the German version of BRAIN-Energy. Having even less frequent budgets
would leave no power to the government agent to increase the CO2 price throughout
the years.

6.2.3

Impacts of the strategies of the market players

In GER2 and GER4 scenarios generators and investors agents are heterogeneous, have
different expectations about the evolution of electricity demand and technologies’ capital
costs, given by their different strategies and beliefs (see explanations in sub-chapter 5.1.2
and 5.1.3). Moreover, their investment and divestment decisions are influenced by their
path-dependent behaviour and by imitation of other players’ successful strategies.
It emerges from the results of the four German model’s core scenarios that heterogeneous market players with path-dependent behaviour and imitation lead to a more
capital intensive transition on an aggregated basis. This, and the fact that market players’ heterogeneity impacts the political dimension of the low-carbon transition, making
it less secure in terms of electricity supply and more expensive in term of yearly electricity price, are the same outcomes as in the UK model which were discussed earlier in
sub-chapter 6.1.3.
The electricity sector’s low-carbon transition is in average 55% more expensive from a
capital investments point of view in GER2 and GER4 scenarios with heterogeneous generators, compared to GER1 and GER3 scenarios (Figure 6.26). This is a more significant
increase compared to the UK model, where total capital requirements are in average only
15% higher between scenarios with heterogeneous and homogeneous generators. The
low-carbon transition is more expensive in German scenarios with heterogeneous generators (this is an important policy point especially in the German context characterised
by a great diversity in type of market players), because total investments in renewables
increase by an average 45% in GER2 and GER4 scenarios, compared to GER1 and GER3
scenarios. Especially investments in expensive renewable technologies, such as offshore
wind, are 160% higher in scenarios with heterogeneous generators, compared to scenarios with homogeneous generators. The only renewable technology which receives lower
cumulative investments in scenarios with heterogeneous generators is PV.

185

186

results

Figure 6.33: Share of capital investments by technology and total gas investments in German
core scenarios

Moreover, as in the UK model also in the German model investment cycles in gas technologies arise from generators’ and investors’ path-dependency and bounded-rationality.
Similarly to the UK model, these investment cycles lead to an average 150% higher cumulative gas investments in GER2 and GER4 scenarios with heterogeneous generators,
compared to GER1 and GER3 scenarios (Figure 6.33). Hence, yearly capital requirements
are up to EUR 14.6 billion in GER2 scenario and EUR 13.3 billion in GER4 scenario with
heterogeneous generators, and are in average 54% higher compared to GER1 and GER3
scenarios (Figure 6.28).
However, despite the fact that as explained above heterogeneous market players make
the low-carbon transition in average 55% more expensive on an aggregated basis between 2012 and 2050 in the German model, the share of total investments committed
by 2030 in German scenarios with heterogeneous generators is only slightly lower compared to scenarios with homogeneous generators (Figure 6.28). Hence, generators’ and
investors’ heterogeneous strategies, and path-dependency and imitation in investment
decisions don’t affect the speed of the transition to 2030 (Figure 6.29), as they do in
contrast in the UK model. However, because of the higher investments in offshore wind
after 2030, GER2 and GER4 scenarios are faster to decarbonise than GER1 and GER3 scenarios after 2030. Therefore, as in the UK model investments in the German model when
generators are heterogeneous are “back-weighted” and heterogeneity mainly increases
the amount of investments after 2030.

6.2 the german model

As a result of the investment patterns described above, GER2 and GER4 scenarios have
more than double of the offshore wind installed capacity at 2050, and more substantial
onshore wind capacity with respect to GER1 and GER3 scenarios. However, they only
have 10 GW of PV capacity (Figure 6.27).
The path-dependent nature of the behaviour of the market players in investment
choices, similarly to the UK model, leads to a more volatile and less robust electricity supply in the German core scenarios (Figure 6.31). This is due to the fact that market
players can decide to shut down unprofitable power stations before the end of their
operating lifetime, and can decide not to repeat unprofitable investments. This leads
to more frequent supply-demand gaps in scenarios with heterogeneous market players,
compared to scenarios with equivalent market structure but with homogeneous agents
(GER1 vs. GER2, and GER3 vs. GER4). Especially peak demand is not satisfied for 39%
of the time in German core scenarios GER2 and GER4 with heterogeneous market players, three times more than in scenarios with homogeneous market players (Figure 6.31).
Given these very frequent periods of unbalanced and not sufficient electricity supply,
electricity prices are higher in scenarios with heterogeneous market players, compared
to scenarios with homogeneous market players, also in the German model.
As regards to the evolution of the generators and investors aggregated market shares
between 2012 and 2050, agents’ heterogeneity in GER2 and GER4 scenarios leads incumbent utilities to loose almost double the market share compared to scenarios with
equivalent market structure, but homogeneous generators (Figure 6.34 ). This is a consistent finding with the UK model. In fact, incumbent utilities’ aggregated market share
is 63% lower at 2050 compared to 2012 in GER4 core scenario, while only 31% lower at
2050 compared to 2012 in GER3 core scenario. In GER2 core scenario incumbent utilities loose 60% of their aggregated market share by 2050, while they only loose 39% in
GER1 core scenario. This is due to the fact that different, and perhaps more favourable
expectations about renewable technologies capital costs, electricity and fuel costs, and
different foresight and return expectations of other types of generators and investors
lead those to deliver more substantial investments in new generation assets. Especially
actors such as municipal utilities (Stadtwerke, the strategies of which were explained in
Table 4.10), which are not only driven by environmental considerations, gain up to 53%
of their initial aggregated market share at 2050 in GER2 scenario (Figure 6.34). Municipal utilities are the main market players in scenarios with heterogeneous generators at
2050, followed by institutional investors. Also, there is no capacity market in the German
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Figure 6.34: Change in market players’ aggregated market share in German core scenarios

core scenarios, which as in the UK version of BRAIN-Energy helps incumbent utilities
mitigating the loss in their aggregated market share between 2012 and 2050. In contrast,
the market structure doesn’t significantly affect the evolution of the incumbent utilities
aggregated market share to 2050 in Germany (as can be seen by comparing GER1 versus
GER3 core scenarios, and GER2 versus GER4 core scenarios in Figure 6.34), again highlighting the strong sensitivity of the German model to the actors’ heterogeneity, rather
than to the prevailing market structure.
Hence, in summary even in the German model heterogeneous generators and investors, their bounded-rationality, and path-dependency and imitation in investment
choices strongly affect the low-carbon transition’s political dimension, compromising
the transitions security and cost-effectiveness, and the achievement of the energy policy
“trilemma”. Moreover, even though heterogeneity doesn’t affect the speed of the transition to 2030 and doesn’t require a higher CO2 price, as it is in the UK model, it makes
the transition more expensive from a capital investments point of view, without leading
to environmentally successful scenarios unless FITs are in place. Such findings highlight
the importance of using an ABM to incorporate such aspects in energy systems models.

6.2 the german model

6.2.3.1

Sensitivities on market players’ strategies

Also in the German model sensitivities have been run on the most important aspects of
the strategies of the market players, namely path-dependency and imitation in investment decisions, the length of the foresight used to evaluate possible future investments,
the interest rate and associated rate of return expected from new investments, and finally
expectations about future technology capital costs of renewable generation technologies
(see Figure 5.3 and sub-chapter 5.3.2). The full results of the sensitivity scenarios can
be found in Appendix to Chapter 6 (both summary tables and evolution of the most
important BRAIN-Energy’s outputs from 2012 to 2050) in sub-chapter A.3.4.
Imitation and path-dependency have a strong impact on the sensitivity scenarios environmental performance, both under a “strong” and a “no-increase” CO2 price trajectory.
Imitation surprisingly decreases the sensitivity scenarios’ environmental success: the
share of electricity produced through renewables at 2050 is as low as 42% in GER2 scenario with only imitation (GER2I-NI), and 45% in GER4 scenario with only imitation
and a “no-increase” CO2 price (GER4I-NI) (Figure 6.35). This is because, imitation is
highly effective at increasing investments in new PV plants (Figure 6.36), which increase
by in average 228% in GER2 and GER4 scenario with only imitation and a “strong” CO2
price trajectory (GER2I-S and GER4I-S), and by in average 145% in GER2 and GER4
scenario with only imitation and a “no-increase” CO2 price trajectory (GER2I-NI and
GER4I-NI) compared to GER2 and GER4 core scenarios. However, due to these massive
investments in PV, total investments in all other renewable technologies decline (especially in offshore wind) and this leads to an overall lower share of electricity produced
through renewables at 2050. This is due to the fact that, despite the strong increase in
PV investments which leads to 85 GW of installed PV capacity in GER2I-S and 80 GW
in GER4I-S at 2050 (compared to 10 GW in GER2 and GER4), offshore wind installed
capacity at 2050 is reduced to 27 GW in GER2I-S (compared to 50 GW in GER2) and to
16 GW in GER4I-S (compared to 42 GW in GER4) and onshore wind installed capacity
is reduced at 2050 is reduced to 40 GW in GER2I-S (compared to 62 GW in GER2) and
to 28 GW in GER4I-S (compared to 51 GW in GER4). Hence, as offshore wind and
onshore wind have a higher load factor than PV, the higher PV installed capacity in
GER2I-S and GER4I-S doesn’t compensate for PV’s lower load factor, and this leads to
a reduction in electricity produced through renewable sources. Therefore, results highlight that concentrating investments mainly into one renewable energy technology is not
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Figure 6.35: Share of electricity produced from renewables at 2050 in German sensitivity scenarios under a “no-increase” CO2 price trajectory

a successful strategy to reach the 2050 CO2 emissions reduction targets, and also that
having substantial investments in onshore wind and offshore wind helps to achieve the
2050 decarbonisation targets.
It’s mainly institutional investors who are led by imitation to invest substantially in
new PV plants. The aggregated market share of these actors increases up to 63% in sensitivity scenarios with only imitation from 2012 to 2050 (Figure 6.37). Imitation doesn’t,
however, affect the speed of the low-carbon transition to 2030, as the share of electricity
produced through renewables at 2030 remains stably around 50% in both GER4I-S and
GER4I-NI core scenarios, and it also stands at 50% in GER4 core scenario (further details can be seen in Table A.22 in Appendix to Chapter 6). Also, imitation in the German
model doesn’t affect gas investments (as it did in contrast in the UK model) given the
absence of a capacity mechanism.
On the other hand, path-dependency and actors’ myopic foresight, as in the UK model,
lead to investment cycles in gas technologies, and to the bulk of gas investments. While
institutional investors only enter the market driven by imitation, municipal utilities are
the market leaders when agents only use path-dependency in investment decisions, and
they invest in renewables even if returns are lower than expected, given the importance
of wider environmental considerations on their investment choices (Figure 6.37). This
leads to high investments in onshore-and offshore wind plants in sensitivity scenarios with only path-dependent behaviour (GER2PD-NI and GER4PD-NI), which reach a
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Figure 6.36: Change in renewable investments in German sensitivity scenarios with only imitation

higher share of electricity produced through renewables at 2050 compared to the sensitivity scenarios with “no-increase” CO2 price (GER2-NI and GER4-NI) (Figure 6.35).
Hence, path-dependency and imitation have a different impact on the generators’ and
investors’ market shares and composition of investors (Figure 6.37).
As regards to the foresight, changing generators’ and investors’ foresight from a
shorter and more myopic foresight of five years to a twenty-years foresight leads to
a higher share of electricity produced through renewables at 2050 (Figure 6.35). The
share of electricity produced through renewables at 2050 increases up to 91% in GER320y-S (full results can be found in Table A.23 in Appendix to Chapter 6) and up to 90% in
GER3-20y-NI sensitivity scenarios (Figure 6.35), compared to 68% in GER3 core scenario
and to 65% in GER3-NI scenario with a “no-increase” trajectory. This is because, generators’ and investors’ tend to invest more in renewable technologies when their forecast
horizon is longer, which allows them to recover the costs of the capital intensive upfront investments. In fact, cumulative investments in renewables increase by up to 48%
to EUR 442 billion in GER1-20y-NI sensitivity scenario with a twenty-years foresight
and “no-increase” CO2 price, and by 45% to EUR 381 billion in GER3-20y-NI sensitivity
scenario with a twenty-years foresight and “no-increase” CO2 price, compared to GER1NI and GER3-NI sensitivity scenarios with a “no-increase” CO2 price (Figure 6.38). A
twenty-years foresight also speeds the transition up to 2030, with renewables already
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Figure 6.37: Market players’ aggregated market shares in German core and sensitivity scenario
with path-dependency and imitation and a “no-increase” CO2 price

accounting for over 60% of total electricity production when also FITs are in place in
GER1-20y-NI (Figure 6.39).
Expectations about renewable technologies capital costs have the same effect as in the
UK model on the sensitivity scenarios’ environmental performance and speed of transition (Figure 6.39). This means that higher expectations about renewable technologies
capital costs slow the low-carbon transition down, while lower expectations speed the
low-carbon transition up by 2030 especially in GER1-50%-NI as can be seen in Figure
6.39. Moreover, expectations about renewable technologies capital costs also strongly
affect the evolution of the incumbent utilities’ aggregated market share. In fact, when
market players’ expectations about future renewable technologies capital costs are 50%
lower compared to the core scenario, incumbent utilities loose more of their aggregated
market share at 2050 (53% in GER1-50%-S and 52% in GER1-50%NI), compared to 39%
in GER1 core scenario regardless of the level of the CO2 price (full details can be found
in Table A.25 in Appendix to Chapter 6). This is because lower expectations about
renewable technologies’ capital costs attract more new-entrants into the market with
both a “strong” and a “no-increase” CO2 price trajectory. Hence, again as explained in
the UK model results chapter, the evolution of the market shares is strongly linked to
the actors’ technological choices. With lower renewable energy capital costs, incumbents
struggle as they mainly operate conventional generation plants, which are pushed down
the merit order by the high amount of renewable sources, which flourish given the lower
capital costs. However, when market players’ expectations about future renewable tech-
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Figure 6.38: Total investments in renewable technologies in German sensitivity scenarios with
twenty-years foresight

nologies capital costs are 50% higher compared to the core scenario, incumbents only
lose 22% of their aggregated market share by 2050 in GER3+50%-NI sensitivity scenario
(which has no FITs and a “no-increase” CO2 price trajectory), compared to 31% in GER3
core scenario, and incumbent utilities are the main investors and operators in the electricity market at 2050. This is a similar finding to the UK model, and happens because
incumbents invest more in conventional assets, hence this result is given by their technological choices. This also prevents sufficient low-carbon investments to being committed
in the electricity market in scenario GER3+50%-NI, and decarbonisation targets at 2050
are not met leading GER3+50%-NI to be a “Red” scenario (Table A.25 in Appendix to
Chapter 6). In the German model, expectations about renewable technologies capital
costs seem to be the main factor affecting the market share of the incumbent utilities in
the sensitivity scenarios.
Finally, higher interest rates lead to a share of electricity produced through renewables
at 2050 below 80% in all sensitivity scenarios (see Table A.24 in Appendix Chapter 6).
In fact, as can be seen from Table A.24 all sensitivity scenarios are “Red” scenarios.
However, the impacts of higher interest rates on the sensitivity scenarios’ environmental
performance is less sharp in the German model, compared to the UK model, as agents
such as municipal utilities are also motivated by environmental considerations in their
investment decisions, hence they decide to invest into low-carbon technologies even
if interest rates are high and make projects more capital intensive. In fact, municipal

193

194

results

Figure 6.39: Speed of transition in German sensitivity scenarios

6.3 the italian model

utilities are the main market players with high interest rates, and incumbent utilities’
aggregated market shares decline more substantially in the sensitivity scenarios around
the level of the interest rate compared to the German core scenarios (see Table A.24 in
Appendix to Chapter ). Hence, in contrast to the UK model (and Italian model as will
be explained later in sub-chapter 6.3.3) higher interest rates in the German model affect
the aggregated market share of incumbent utilities in favour of municipal utilities.
As regards to security of supply aspects, higher interest rates generally lead to an even
less stable and less robust supply of electricity across all German sensitivity scenarios
(see Table A.24 in Appendix to Chapter 6) compared to the German core scenarios,
which already struggle to meet peak demand as can be seen in Table 6.3.
In contrast, having all market players using a twenty-years foresight improves security
of supply aspects across all German sensitivity scenarios, and especially in GER1-20y-S
(which has FITs and a “strong” CO2 price trajectory) where no supply-gaps are present,
making it a “Green” scenario (see Table A.23 in Appendix to Chapter 6). Hence, having
market players with a longer foresight horizon helps improving the security of supply
aspect of the low-carbon transition, because given the longer foresight market players
can better manage their plants which helps reducing supply-gaps. Moreover, also imitation helps mitigating supply-gaps in the German sensitivity scenarios, as happened in
the UK sensitivity scenarios.
Full results about the impacts of the market players’ strategies on the security of
supply of the low-carbon transition can be found in Tables A.22, A.24, A.23 and A.25 in
Appendix to Chapter 6.

6.3

6.3.1

the italian model

Overall findings

Only IT1 core scenario reaches a share of electricity produced through renewables above
80% at 2050 (Table 6.4, Figure 6.40), and a carbon intensity below 50 gCO2/kWh (Figure 6.41). Hence, from an environmental point of view, this is the only successful core
scenario produced by the Italian model. IT3 core scenario, with homogeneous market
players and a lower government intervention, with a 76% share of electricity produced
through renewable source at 2050, just falls short of the long-term decarbonisation tar-
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gets. IT2 and IT4 core scenarios, where market players are heterogeneous, are not environmentally successful. However, none of the four Italian core scenarios guarantees
a secure supply of electricity and the coverage of yearly electricity demand at all times.
Therefore, IT1 scenario is classified as “Amber” scenario according to the scenarios’
success level defined in Table 5.2, as it meets environmental objectives, but doesn’t address the political dimension of the low-carbon transition. The other three scenarios
are all “Red” scenarios, as they don’t address neither the environmental nor the political dimensions of the low-carbon transition, hence they don’t satisfy the energy policy
“trilemma”. As for the UK and German models, full results on the core scenarios for the
Italian model can be found in Appendix to Chapter 6 in sub-chapter A.3.5.

6.3 the italian model

Table 6.4: Italian core scenarios main results
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Figure 6.40: Share of electricity production by technology in Italian core scenarios

6.3.2 Impacts of government agent’s strategies

IT1 and IT2 scenarios with stronger government intervention (which in the Italian model
means FITs, a capacity market starting in 2018, as explained in sub-chapter 2.1.3, and a
“strong” CO2 price trajectory, as can be seen in Figure 5.2) are more capital intensive than
the equivalent scenarios with lower government intervention (which have no FITs and no
capacity market, but have a “strong” CO2 price trajectory), which is a consistent finding
of BRAIN-Energy also in the UK and in Germany. Moreover, as in the German scenarios,
in Italy core scenarios with stronger government intervention perform better from an
environmental point of view, and reach a higher share of electricity produced through
renewables at 2050, compared to the equivalent core scenarios with lower government
intervention.
Total capital investments are 30% higher in IT1 (EUR 257 billion) versus IT3 scenario
(EUR 181.8 billion), and 18% higher in IT2 versus IT4 scenario. This difference is mainly
due to the FITs, which lead to on average 24% higher total renewable investments in
scenarios with stronger government intervention, compared to scenarios with lower government intervention (Figure 6.42). FITs mainly lead to higher investments in onshore
wind and biomass. Onshore wind investments reach EUR 108 billion in IT1 scenario,
and are 65% higher compared to IT3 scenario. Already at 2030, renewables account for
58% of total installed capacity in IT1 scenario, with 25.3 GW of installed onshore wind
capacity and 40.6 GW of PV capacity. PV investments are not effected by FITs, as these
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Figure 6.41: CO2 emissions and emission intensity in Italian core scenarios

Figure 6.42: Total capital investments in Italian core scenarios

were phased out in 2013 for PV technologies (this was explained in sub-chapter 2.1.3).
In fact, IT3 scenario, with no FITs, receives the highest PV investments (as given the absence of FITs on the other renewable technologies generators and investors focus on PV)
and PV reaches 47 GW installed capacity at 2030 and 122 GW in 2050 in this scenario.
Moreover, because of the capacity market starting in 2018, cumulative gas investment
reach EUR 31 billion in IT1 scenario, compared to EUR 18 billion in IT3, a 42% increase.
Full details about the evolution of the installed capacity from 2012 to 2015 in the Italian
core scenarios can be found in in Appendix to Chapter 6 in sub-chapter A.3.5.
As in the German core scenarios, however, a stronger government intervention doesn’t
lead to a faster low-carbon transition to 2030, as in both IT1 and IT3 scenarios 52%-53%
of total electricity is produced through renewables at 2050 (Figure 6.45). FITs however
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Figure 6.43: Installed capacity in Italian core scenarios

play a key role in speeding up investments and the decarbonisation pathways between
2030 and 2050, especially with heterogeneous generators (IT2 and IT4 scenarios), as in
the German model. In fact, after 2030 yearly capital investments increase up to 52% to
EUR 6.5 billion, compared to annual investments by 2030 in IT2 scenario with FITs. In
contrast, annual investments only increase 23% after 2030, compared to before 2030, in
IT4 scenario without FITs (Figure 6.44). Hence, in scenarios without FITs the transition
to renewables generation is slower after 2030, and especially IT4 scenario lags behind
IT2 scenario after 2030.
Average annual capital investments are up to EUR 7.8 billion in IT1 scenario after 2030,
equal to 0.5% of Italy’s 2017 GDP (Figure 6.44). This is the highest capital requirement
among the four core scenario, but is still well below 1% of Italy’s 2017 GDP, and in line
with yearly capital requirements estimated by the most prominent scenario studies focusing on the Italian electricity sector reviewed in sub-chapter 2.2. Even though feasible,
such investment amounts in the four Italian core scenarios are however not sufficient to
meet the long-term decarbonisation objectives.
Finally, the newly established capacity market in the Italian model doesn’t help guaranteeing that yearly peak electricity requirements are always satisfied, and in fact in IT2
scenario peak electricity requirements are not met for 12 years. The capacity market in
IT2 scenario only helps to keep electricity prices lower compared to IT4 scenario. This
results from the fact that the capacity auctions in Italy have been modelled to only take
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Figure 6.44: Timing of investments in Italian core scenarios

Figure 6.45: Share of electricity produced by renewables in Italian core scenarios
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Figure 6.46: Electricity price and security of supply in Italian core scenarios

place every three years (as explained in sub-chapter 3.3.1.3) to reflect the fact that the
capacity market is still a new instrument in Italy. Although peak demand is not met for
8 years in IT4 scenario, given the absence of the capacity market the electricity price is
above EUR 100/MWh for 55% of the time between 2012 and 2050 (Figure 6.46), while
only 50% of the time in IT2 scenario.
6.3.2.1

Sensitivities on government agent’s strategies

Sensitivity scenarios in the Italian model show that the CO2 price is not a major driver
of scenarios’ environmental performance with homogeneous agents, and neither with
heterogeneous agents unless FITs are in place (Figure 6.47). This is because of the low
frequency of the interim carbon budgets (in common with the German model), which
means that the government agent is not able to adjust the CO2 price often enough to
incentivise more substantial investments into renewables. However, when the CO2 price
is assisted by the presence of FITs and market players are heterogeneous, as in GER2
scenario, a +100% or +200% increase in CO2 price over the “no-increase” CO2 price
trajectory (hence a “weak” or a “strong” CO2 price trajectory) make a strong difference
in terms of increasing the share of electricity produced through renewables at 2050
(Figure 6.47).
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Figure 6.47: Share of electricity produced through renewables in Italy under different CO2 price trajectories
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6.3.3 Impacts of the strategies of the market players

Heterogeneous market players in IT2 and IT4 core scenarios make the low-carbon transition more expensive in terms of electricity prices, less secure and slower to 2030 as
in the UK model. However, in the Italian model heterogeneous agents don’t make the
low-carbon transition more capital intensive as they do in the UK and in Germany. In
fact, cumulative capital investments are 20% lower in IT2 versus IT1 core scenario, and
they remain substantially unchanged in IT4 versus IT3 core scenario. This is because
total investments in renewable technologies are 26% lower in IT2 compared to IT1 core
scenario. Total onshore wind investments decline by 52% and total investments in PV
decline by 60% (Figure 6.42). However, investments in offshore wind are committed in
IT2 scenario, while no investments were made in this generation technology in IT1 scenario. Total renewable investments are 18% lower in IT4 compared to IT3 scenario, a less
sharp decline compared to IT2 versus IT1 scenarios given the absence of FITs. Aggregated PV investments are 60% lower in IT4 compared to IT3 scenario, while investments
in offshore wind increase by 324%. Therefore, generators’ and investors’ heterogeneity
leads to a clear shift away from PV as a dominant renewable technology, and encourages
investments in offshore wind. Investments in renewables decline so sharply in scenarios with heterogeneous agents because the higher return expectations of some agents
(when they have heterogeneous expectations), which reflect the riskier investment environment in Italy compared to the other two markets (Global Capital Finance, 2014),
hinder investments in onshore wind and PV. In the Italian version of BRAIN-Energy
the riskier investment environment is represented by the fact that market players have
higher WACC (hence higher interest rates) and higher return expectations from new
investments (see also explanation in Table 4.10).
As in the German and UK models, agents’ bounded-rationality and imperfect foresight lead to investment cycles in gas investments. This is one of BRAIN-Energy’s emergent properties and a consistent finding across the three countries. Investment cycles
lead total gas investments to be 21% higher in IT2 versus IT1 core scenario (Figure 6.48).
The absence of a capacity market in IT4 core scenario, which leads to less stable returns
for gas plants compared to scenario IT2, leads to 95% higher total gas investments in
IT4 versus IT3 scenario.
As heterogeneity leads to lower aggregated capital investments, it also leads to lower
yearly average capital requirements: these are as low as EUR 3.9 billion between 2012
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Figure 6.48: Share of capital investments by technology and total gas investments in Italian core
scenarios

and 2030, and EUR 4.9 billion between 2030 and 2050 (of which only EUR 3.9 billion in
renewables) in IT4 scenario. Given these low investment amounts, IT2 and IT4 scenarios
fall short of the 2050 decarbonisation objectives.
Moreover, heterogeneity, path-dependency and imitation in investment choices lead
to a lower share of total investments by 2030 (Figure 6.44), and to a significantly lower
share of electricity produced by renewables at 2030, hence substantially reducing the
speed of the low-carbon transition pathways (Figure 6.45). This is the same as in the UK
model.
As regards to the political dimension of the transition, although yearly average demand is always met in the four core Italian scenarios, market players’ path-dependent
behaviour and the fact that they close unprofitable plants before the end of their operating lifetime leads to a more volatile electricity supply and to more frequent supply-gaps
in yearly peak electricity demand in IT2 and IT4 core scenarios, compared to IT1 and
IT3 core scenarios with homogeneous market players (Figure 6.46). Furthermore, to
manage these supply failures, electricity prices are more expensive in IT2 and IT4 core
scenarios, compared to scenarios with the same market structure but with homogeneous
market players (IT1 and IT3 core scenarios). In IT4 scenario electricity prices are over
EUR 100/MWh over 50% of the time between 2012 and 2050 (Figure 6.46).
Finally, as in the UK and German models, generators’ and investor’s heterogeneity
and their different technological choices lead to a lower aggregated market share for incumbent utilities (Figure 6.49). This is because, diversity of expectations about electricity
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Figure 6.49: Change in generators and investors aggregated market share in Italian core scenarios

prices, technology and fuel costs, different foresight horizon, interest rates and return
expectations, and different technological choices might lead other type of investors to be
more willing to invest in new generation assets, as they expect higher returns. Moreover,
also the prevailing market structure sharply affects incumbent utilities market share in
the Italian model. In fact, while in IT1 and IT2 scenarios FITs drive new-type of investors
into the market, especially institutional investors (whose market share increases by up
to 38% in IT2 core scenario by 2050), in IT3 and IT4 scenarios without FITs incumbent
utilities remain the market leaders, and also manage to increase their aggregated market
share (Figure 6.49) through the years to 2050. This confirms how both market structure
and agents heterogeneity, especially their heterogeneous technological choices, have a
strong impact on the scenarios performance and on the market shares of the market
players in Italy, confirming the need for a stronger government intervention to diversify the system and allow new players and investors to enter the market to deliver the
necessary funds to decarbonise the national electricity sector.
6.3.3.1

Sensitivities on market players’ strategies

Imitation and path-dependency in investment decisions, expectations about renewable
technology capital costs, interest rates and associated return expectations all strongly
influence the Italian scenarios environmental performance, speed of the transition and
evolution of incumbent utilities market share (Figure 6.50). As for the UK and Germany,
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Figure 6.50: Share of electricity produced from renewables at 2050 in Italian sensitivity scenarios
under a “no-increase” CO2 price trajectory

full results (table summaries and graphs showing the evolution of the main outputs
from 2012 to 2050) of the sensitivity scenarios can be found in Appendix to Chapter 6 in
sub-chapter A.3.6
Under a “no-increase” CO2 price trajectory, imitation increases the share of electricity
produced through renewables in both IT2I-NI and IT4I-NI, which reaches the level of
65% and 61% respectively, compared to 38% in IT2-NI and 40% in IT4-NI (Figure 6.50).
Moreover, imitation also speeds the low-carbon transition up to 2030, leading to 43% of
electricity produced through renewables at 2030 in IT2I-NI and IT4I-NI, compared to
33% in IT2-NI and 35% in IT4-NI (Figure 6.52). Especially investments in PV are driven
by imitation as can be seen from Figure 6.51, which increase by up to 166% under a
“strong” CO2 price trajectory from IT2 to IT2I-S, and by 96% under a “strong” CO2
price trajectory from IT4 to IT4I-S. Also when the government uses a “no-increase” CO2
price trajectory PV investments increase significantly in sensitivity scenarios with only
imitation (Figure 6.51).
In contrast, path-dependency reduces total renewable investments both under a “strong”
and under a “no-increase” CO2 price trajectory. In fact, total investments in renewables
decline by up to 38% in IT4PD-NI compared to IT4 (Figure 6.51). Offshore wind investments suffer the most, as none are committed under IT4PD-NI sensitivity scenario
where generators and investors only have path-dependent behaviour and there is a “noincrease” CO2 price, and no investments in offshore wind are made also when there is
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Figure 6.51: Change in investments in Italian sensitivity scenarios with only path-dependency
and imitation

a “strong” CO2 price trajectory in IT4PD-S. Results from the Italian sensitivity scenarios
also show that gas investments are mainly driven by path-dependency, as they don’t
decline in sensitivity scenarios with only path-dependent behaviour (Figure 6.51), while
they decline sharper when agents only imitate others and especially in IT4I-S because
no capacity market is present in this scenario.
Furthermore, as in the German and UK models, higher expectations about renewable
technology costs slow down the low-carbon transition of the Italian electricity sector to
2030 (Figure 6.52) both under a “strong” and a “no-increase” CO2 price trajectory, and
lead to a lower share of electricity produced through renewables at 2050 and to “Red”
scenarios both under a “strong” and a “no-increase” CO2 price trajectory (see Table
A.29). In contrast, lower expectations about renewable technology costs speed the transition up to 2030, and increase the scenarios’ environmental success at 2050, leading to
IT3-50%-S and IT3-50%-NI sensitivity scenarios to produce over 90% of total electricity
through renewables at 2050 (while only 76% of electricity was produced through renewables in IT3 core scenario at 2050). Full results for these sensitivity scenarios around the
level of the expectations of renewable technologies capital costs are provided in Table
A.29 in Appendix to Chapter 6.
Higher interest rates and return expectations lower the share of electricity produced
through renewables at 2050 (Figure 6.50). In fact, all sensitivity scenarios with either a
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Figure 6.52: Speed of the transition to 2030 in Italian sensitivity scenarios
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10% or a 15% interest rates are “Red” scenarios and produce less than 80% of electricity
through renewables at 2050, both under a “strong” and a “no-increase” CO2 price trajectory (see full results in Table A.28 in Appendix to Chapter 6). The decline in electricity
produced through renewables is more marked in scenarios with lower government intervention, and in fact the share of electricity produced through renewables at 2050 is
especially low in IT3-15%IR-NI sensitivity scenario, where it only reaches 41% (Table
A.28 in Appendix to Chapter 6). Hence, results from the Italian sensitivity scenarios
showed again how the low-carbon transition is sensitive to changes in interest rates,
and how higher interest rates affect investments in upfront capital intensive renewable
technologies.
Higher interest rate expectations also decrease the speed of the low-carbon transition (Figure 6.52), and sharply increase electricity prices and supply-gaps in the Italian
sensitivity scenarios (Table A.28 in Appendix to Chapter 6).
Moreover, with higher interest rates incumbent utilities become the main investors in
the electricity market, and high rates limit the entrance of new-market players (Figure
6.53). This is a consistent finding with the UK model, and is again the result of the technological choices of the market players. In fact, while in IT1 core scenarios incumbent
utilities were losing 25% of their aggregated market share by 2050, in IT1-10%IR-NI sensitivity scenario their aggregated market share at 2050 is 4% higher compared to 2012,
and it is 25% higher in IT1-15%IR-NI sensitivity scenario. This is because incumbents in
the Italian model mainly (or exclusively) operate or invest in conventional generation assets, which are less impacted by high interest rates. Moreover, there are less renewables
in the system under such high interest rates conditions, given their capital intensity and
sensitivity to high interest rates, and this increases the running hours of conventional
generation plants, benefiting the market shares of incumbent utilities. In IT1-15%IR-NI
sensitivity scenario interest rates are too high, even if FITs are in place, to drive newentrants or institutional investors into the market. However, this leads to insufficient
investments in both gas and low-carbon technologies, leading to politically unfeasible
and not environmentally successful future pathways.

6.4 comparison of results between countries
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Figure 6.53: Change in incumbent utilities aggregated market share in Italian sensitivity scenarios under a “no-increase” CO2 price

6.4

comparison of results between countries

Results from the three countries case studies highlight common and consistent emergent
properties arising from BRAIN-Energy. The main ones are:
• agents’ heterogeneity and path-dependency in investment choices make it harder
to achieve the 2050 decarbonisation targets. In fact, heterogeneity and path-dependency
can slow down the speed of the low-carbon transition to 2030, especially when
government intervention is lower. Moreover, scenarios with heterogeneous and
path-dependent actors require either a surge in yearly capital investments after
2030, with FITs/CfDs to speed up the transition after 2030, and finally a higher
CO2 price and more frequent carbon budgets. Hence, a stronger government intervention in the form of subsidies to renewables (CfDs or FITs), a strong CO2
price and frequent (five-yearly) interim carbon budgets help to increase the share
of electricity produced through renewables by 2050 especially when generators
and investors are heterogeneous and when their investment choices are influenced
by path-dependency and imitation. The consistency of the results across the three
countries shows that overlooking agent’s heterogeneity and path-dependency in
energy models could lead to inform policies which don’t efficiently mitigate climate change, as they fail to address real-world uncertainties arising from actors’
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heterogeneity and path-dependency. Hence, an ABM offers a distinctive advantage.
• agents’ heterogeneity leads to a less secure and more expensive transition in terms
of electricity prices in all the three countries, hence it compromises the pathways’
political feasibility. This is also a key insight which an ABM is able to capture,
hence it’s a greater argument for using an ABM to study the energy sector’s lowcarbon transition. A stronger government intervention, such as a well-functioning
capacity market, helps mitigating demand-supply gaps which arise from agents
heterogeneity and bounded-rationality.
• generators’ and investors’ bounded-rationality and myopic foresight lead to investment cycles in gas technologies. This is a key elements of actors’ heterogeneity and
is a consistent finding of BRAIN-Energy across the three countries. Investment cycles in gas can be mitigated by a well-functioning capacity market and by lower
CO2 prices. An ABM is a great tool to capture these investment cycles, which
could be overlooked by models which don’t take into account agents’ heterogeneity, bounded-rationality and myopic foresight.
• agents’ heterogeneity leads to greater entrance of new generators and investors in
the electricity market, hence to a greater diversification in terms of actors and to
incumbent utilities losing a more substantial part of their aggregated market share.
The evolution of the generators’ market shares, which an ABM is able to capture,
is an important metrics from a political point of view, and as shown by the results
of the core and sensitivity scenarios it is strongly affected by the technological
choices of the market players. Scenarios in the three countries also consistently
showed how incumbent utilities (or municipal utilities in the German case) are
hard to shift and remain the main investors when technology costs or interest rates
are high (given their propensity to operate and invest in conventional generation
assets), or carbon budgets less frequent, however not investing enough to meet the
energy policy “trilemma”.
• strategies of the market players are critical and make it more difficult to achieve
the legally binding CO2 emissions reduction targets, lead to higher capital costs
and to higher electricity prices, to more frequent supply-gaps and to greater diversity in market players the lower the level of the government intervention is. This
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constitutes a further critical argument for incorporating agents’ heterogeneity and
non-optimal strategies in energy system models, which an ABM is able to do.
• scenarios with stronger government intervention are more capital intensive in
terms of capital investment requirements. The stronger the level of government
intervention (as in the UK and Italy, compared to Germany) the more capital intensive scenarios with stronger government intervention are in contrast to scenarios
with lower government intervention. In fact, scenarios with stronger government
intervention are in average 30% more expensive in the UK, and 24% more expensive in Italy compared to scenarios with lower intervention, while only 8% more
expensive in average in Germany.
However, there are also considerable differences between results in the three countries.
These also respond logically to the key differences between the three countries, which
are:
• Stronger government intervention in the UK, characterised by both a well-functioning
capacity market, CfDs, a stronger CO2 price which comprises both the EU ETS
price plus the CPF (carbon price floor), and 5-yearly carbon budgets
• Lower government intervention in the Italian and German electricity markets: no
capacity market in Germany, and a new and not well-functioning capacity market
in Italy. Also, the CO2 price in these two countries is the EU ETS price, without an
extra add-on as in the UK, and carbon budgets are less frequent (10-yearly).
• Greater actors’ heterogeneity in Germany and Italy, as municipal utilities, institutional investors and the “civic” sector (cooperatives and households) are present
in the electricity markets.
The main differences in the results from BRAIN-Energy in the countries are that:
• only in the UK model all four core scenarios are environmentally successful, and
only the UK model is able to produce a “Green” scenario, which satisfies all the
aspect of the energy policy “trilemma” (see Table 5.2)
• In the German model, only scenarios with strong government intervention reach
the 2050 decarbonisation objectives, but they all fail to always guarantee a secure
supply of electricity
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• In the Italian model, only IT1 scenario with strong government intervention and
homogeneous agents is environmentally successful, but also fails under the security of supply point of view
• the speed of the transition is different under the three countries’ set-ups
• only in Italian core scenarios incumbent utilities gain market share through the
years to 2050 when government intervention is lower
These differences are given by:
• Policies and institutional set-up: these comprise 1) presence or not of a capacity
market (this can be new and not well-functioning yet, or well-established), 2) FITs
and CfDs and type and number of renewable technologies which these cover, 3)
carbon budgets and their frequency
• Market players: type of generators and investors, and nature of their investment
strategies
6.4.0.1

Policies and institutional set-up

The capacity market is the main driver of scenarios’ security of supply. This is why
the only “Green” scenario is produced by the UK model, as only in the UK the capacity market is fully functioning and well-established, as opposed to Italy where this is
new and doesn’t capture market failures well enough yet. Also, the well-functioning
capacity market in the UK model helps keeping electricity prices under control with heterogeneous generators, hence improving the affordability of the low-carbon transition.
This is why with strong government intervention and heterogeneous generators UK2
scenario is the most affordable and cost-effective in terms of electricity prices, compared
to GER2 and IT2 scenarios (Figure 6.54).
As regards to subsidies to renewables (FITs and CfDs), FITs in Italy don’t cover PV
investments, and this affects the environmental success of IT2 scenario with strong government intervention. Moreover, the prevailing subsidies to renewables in the three
countries, together with the frequency of the carbon budgets, and the agents’ heterogeneity affect the speed of the transition (Figure 6.55 ). In fact, in the UK model the
combination of CfDs, five-yearly carbon budgets and lower agents’ heterogeneity lead
the prevailing market structure to be the main drivers of the scenarios’ decarbonisation speed. In contrast, in the Italian model, agent’s greater heterogeneity, their higher
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Figure 6.54: % of time electricity price above national average

return expectations given the riskier investment environment, the fact that FITs don’t
cover PV and the lower frequency of the carbon budgets, lead agents’ heterogeneity to
be the main driver of the scenarios’ decarbonisation speed. In the German model, the
strength of the FITs which cover all renewable technologies, and the more relaxed return
expectations of heterogeneous agents lead all four scenarios to have the same speed of
decarbonisation to 2030.
As regards to carbon budgets and their frequency, the sensitivity analysis around the
frequency of the carbon budgets showed how critical five-yearly budgets are to speed up
the transition to 2030 and to make it successful to 2050, especially with heterogeneous
generators and in the absence of FITs or CfDs. Moreover, more frequent carbon budgets
make the level of the CO2 price which the government agent more effective at motivating low-carbon investments. Hence, in the Italian and German model, where carbon
budgets are less frequent, the level of the CO2 price is less effective, and scenarios with
lower government intervention and/ or heterogeneous market players do not reach the
2050 decarbonisation goals.
6.4.0.2

Market players

The strategies of the generators and investors agents also strongly impact the scenarios’
outcomes, and the level and composition of the investments in new technologies. Hence,
heterogeneous strategies are critical and central to this research, and are the reason why
an ABM has been used.
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Figure 6.55: Share of electricity produced through renewables in “core” scenarios

In fact, while in the UK model it’s more the prevailing market structure than the
strategies of the government agent which drives higher aggregated investments, in the
German model it is more the heterogeneous investment strategies of generators and
investors. In the Italian model, both the level of government intervention and agents’
heterogeneous strategies strongly impact the results.
This is primarily because the UK model represents an electricity system where agents
are less heterogeneous, and the sector is dominated by large incumbent utilities as explained in sub-chapter 1.3.2. Moreover, the government heavily intervenes in the functioning of the market through CfDs and a capacity market, as explained in sub-chapter
2.1.1.
In contrast, market players’ greater diversity in the German model, respect to the
UK one, affects the results more than the prevailing market structure. In fact, in the
German model, which reflects in a stylised way the actual landscape of the generators
and investors in the German electricity sector (see sub-chapter 1.3.2), more types of
market players have been modelled, including institutional investors, municipal utilities
and households. These agents all have different investment strategies and criteria, as
explained in Chapter in Table 4.10, and are not only motivated by economic criteria in
their investment decisions, but also by wider environmental considerations, like municipal utilities. This is also why, as it emerges from the sensitivity analysis, interest
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rates have a less dramatic impact on the scenarios environmental performance, speed of
transition, security of supply and electricity prices in German scenarios (see sub-chapter
6.2.3).
In the Italian model, the level of the government intervention plays a major role, especially when it comes to incentivise investments in renewables other than PV. In fact, total
investments in renewables other than PV are up to 24% higher in scenarios with higher
intervention compared to those with lower intervention. However, also market players’
heterogeneity strongly affects the results, reducing total investments in renewables by
up to 26%. As in the German model, generators and investors are very heterogeneous in
the Italian model, but there aren’t any generators which, as the municipal utilities in the
German model, are also motivated by wider environmental considerations in their investment decisions. Moreover, in the Italian model most of the conventional generation
plants are concentrated in the hands of one single incumbent utility. Given the riskier
investment climate in Italy, generators and investors seek higher returns, which impacts
their low-carbon investments, and that’s why Italian core scenarios with heterogeneous
agents’ easily fall short of the 2050 environmental goals. Moreover, as shown by the
sensitivity scenarios, because of the higher return expectations path-dependency affects
the scenarios environmental performance in the Italian model more than in the other
countries.
Moreover, the Italian model also shows how, in an electricity market where incumbent utilities are still very strong in conventional generation, the absence of subsidies
to renewables and of frequent interim carbon budgets, especially with homogeneous
strategies leads incumbent utilities to flourish and remain market leaders. In fact, Italian
core scenarios with lower government intervention are the only ones where incumbent
utilities manage to increase their aggregated market share from 2012 to 2050.
Finally, with regards to single generation technologies, in Italy and Germany the main
generation technology at 2050 is PV in scenarios with homogeneous generators. Scenarios with heterogeneous agents in Italy, for the reasons explained above, have the lowest share or renewables installed capacity amongst all the core scenarios, hence fail to
achieve the legally binding decarbonisation targets (Figure 6.56). “Herd” investment behaviour, driven by imitation, is strongest in the German and Italian models, due to the
greater diversity of the generators and investors strategies, and its especially effective at
increasing investments in PV.
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Figure 6.56: Installed capacity at 2050 in UK, German and Italian core scenarios

6.5

comparison of technologies capital costs in brain-energy with actual 2015 data

Capital costs of generation technologies calibrated in BRAIN-Energy for 2015 (DIW
(2013)) were compared against historical 2015 capital cost data for renewable energy
technologies in Table 6.5 (as the capital costs for conventional generation plants such as
CCGT plants are not supposed to change through the years to 2050 (DIW, 2013). Also
BEIS (2016c) estimates that the capital costs (construction costs) for conventional generation technologies will remain constant regardless of the commissioning year of the
projects (be it 2018, 2020 or 2025). Further sources used to obtain actual 2015 cost data
were IRENA (2017) and IRENA (2016).
Table 6.5 (based on data from IRENA (IRENA, 2018b)) shows that the 2015 estimates
used in BRAIN-Energy (DIW, 2013) are in line with actual 2015 cost data for onshore
wind (global weighted average data from IRENA). Global weighted average technology
costs in 2015 for solar PV are 61% higher than the 2015 estimates used in BRAIN-Energy,
due to lower actual cost reductions than the one estimated by DIW (2013). However, 2015
country specific data (Table 6.5) is more closely aligned with 2015 estimates in BRAINEnergy, especially for Germany (2015 data is only 12% higher than 2015 estimates) and
for Italy (2015 data is only 13% higher than 2015 estimates). For the UK there is a greater
discrepancy (IRENA country data for the UK is 31% higher than the estimates used in
BRAIN-Energy for 2015), and actual 2015 capital costs are actually 48% higher than 2015
estimates used in BRAIN-Energy if compared with solar cost PV data from feed in tariffs
in 2015 from BEIS (BEIS (2018c)) which stood at £/kW 1,2652 . The biggest difference,
2 https://www.gov.uk/government/statistics/solar-pv-cost-data
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however, is for offshore wind projects. Global weighted average offshore wind costs
in 2015 were 50% higher than the 2015 estimates used in BRAIN-Energy, indicating a
slower cost reduction than expected by the literature. Country specific data could not
be obtained.
In terms of final results, the fact that capital costs of PV projects were lower in BRAINEnergy than actual costs in 2015 could mean that the development of PV technologies in
the UK has been overestimated by BRAIN-Energy’s results. However, as shown in Figure 6.3 and in Figure 6.4 most PV investments in the UK core scenarios take place from
2030 on, hence the higher 2015 actual cost doesn’t significantly impact the results for
the UK model. Moreover, most offshore wind investments are also committed after 2030
in the UK model, especially in scenarios with heterogeneous market players (Figure 6.3
and Figure 6.4). Hence, the higher actual 2015 technology capital costs for offshore wind
don’t actually significantly impact results in the UK model. Also in the German model a
significant amount of offshore wind investments takes place after 2030, especially in scenarios with lower government intervention and no FITs (Figure 6.30). In Italy, the higher
than expected offshore wind capital costs in 2015 would have almost no impact on the
core and sensitivity scenarios’ results, as basically all offshore wind investments take
place after 2030 (Figure 6.42 and Figure 6.43) in the Italian model. Therefore, assuming
that capital costs for PV technologies in the UK and for offshore wind will experience
faster cost reductions after 2020, BRAIN-Energy’s results will not have overestimated
the growth of these renewable technologies.
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Table 6.5: Comparison of 2015 data in BRAIN-Energy (source: DIW (2013)) with actual 2015 data
(source: IRENA (2018b))

7
CONCLUSIONS

This final chapter presents the main findings and conclusions of this research. It also
highlights how these findings contribute to existing knowledge and literature in the
energy sector, and it derives policy recommendations based on the results. This chapter concludes by discussing this project’s main limitations, and makes suggestions for
possible future research work.

7.1

restatement of the research problem

This research aimed to address current limitations in energy system modelling, where
investment choices and their impacts on long-term energy scenarios are mainly studied through bottom-up linear cost-optimisation models. Such models assume perfectly
rational and homogeneous agents, but this doesn’t represent reality. In fact, in real
world actors are heterogeneous, have bounded-rationality, do not always have adequate
foresight, and take satisfying rather than maximising choices, which are not only influenced by costs and prices. These over-simplifications could limit and distort investment
flows in low-carbon technologies, leading to unintended consequences and perverse incentives that could cause the lock-in of existing high-carbon technologies (Unruh, 2000)
and prevent the achievement of the climate change mitigation targets. Therefore, a better
representation of actors’ heterogeneity, bounded-rationality, path-dependent and adaptive behaviours is needed in energy system models to understand the impacts that such
factors have on the low-carbon transition of the electricity sector, on the future pathways timings, investment requirements and technological structure, and to understand
the type of actors needed to deliver the necessary investments as explained in Chapter
1.
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BRAIN-Energy (Bounded Rationality Agents INvestments) aims to overcome the abovementioned limitations and simplifications by modelling heterogeneous investors in the
energy sectors, and by focusing on their diverse behaviours, strategies and interactions
to understand the determinants of their investment decisions in power generation assets, and their effects on the electricity sector’s future decarbonisation pathways. To
effectively address these challenges, three research questions were posed at the beginning of the project, and are re-stated here:
1. Under which market design and institutional setting are generators and investors
in the electricity sector incentivised to invest more in new power generation assets?
2. To what extent do the non-optimal strategies and heterogeneity of the market players influence future investments and the electricity sector’s low-carbon pathways?
3. What type of market players are needed to successfully achieve the CO2 emissions
reduction targets and to have a politically feasible transition, and which are the
main and most important market players at 2050 in environmentally successful
and politically feasible scenarios?

7.2

main findings

This sub-chapter is organised by research question, and the main findings are drawn
from results across the three countries.

7.2.1 Favourable market designs and policy conditions for successful low-carbon transitions

Research question 1 aims to explore which market designs, hence which policies and
combinations of policies are more effective at stimulating higher capital investments in
the electricity sectors in the UK, Germany and Italy. Hence this research questions explores the strategies of the government agents in BRAIN-Energy, and which impacts
these have on the electricity sector’s low-carbon transition pathways in the three analysed countries, for which results were provided in 6.1.2 and 6.2.2 and 6.3.2. As explained
in sub-chapter 1.2 by higher investments in the electricity sector, this project refers to
both higher low-carbon investments to bridge the financing-gap required to successfully
decarbonise the electricity sector and mitigate climate change, and sufficient investments
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in conventional generation technologies to provide back-up to intermittent renewables
and guarantee a stable supply of electricity.
The main findings from BRAIN-Energy are:
1. Conducive conditions for an effective allocation of investments between lowcarbon and conventional generation technologies are not determined by the
strategies of the government agents alone, but rather by the interplay of the level
and type of government intervention, the strategies of the market players, and
the country characteristics (in terms of existing policies, type of market players,
starting technology mix and future feasible electricity production technologies).
Different combinations of these three dimensions can lead to more or less aggregated investments between 2012 and 2050. Hence, when studying the drivers of
investment decisions of key players in the electricity sector, it is key to use an
integrated approach which allows to represent different institutional settings in
combination with market players’ heterogeneous strategies, bounded-rationality
and myopic foresight. This confirms the fact that the low-carbon transition of the
electricity sector is a socio-technical transition (Geels, 2002 Geels, 2005), which results from the “coevolution of economic, technological, cultural and institutional
developments” (Rotmans and Loorbach, 2009). Hence, BRAIN-Energy’s findings
highlight the importance and advantages of using an ABM to study investment
decisions and their impacts on the long-run evolution and decarbonisation of the
electricity sector.
2. The level and the type of government intervention in the electricity sector are
key drivers of the aggregated investment level, of its composition and timing,
which in turn determine the scenarios environmental performance and political
feasibility.
• CfDs and FITs help stimulating higher investments in renewable technologies in all the three countries, and impact the timing of the investments.
CfDs/FITs are more effective at stimulating aggregated investments in renewables with homogeneous market players. Aggregated renewable investments
are 11% higher in UK1 versus UK3 scenario, 11% higher in GER1 versus GER3
scenario and 28% higher in IT1 versus IT3 scenario (Table 7.1). As regards to
the timing of the investments (Table 7.1), CfDs in the UK model are effective to speed up investments to 2030 especially with heterogeneous market

223

224

conclusions

Table 7.1: Overview of selected results for UK, Germany and Italy (note that green indicates scenarios which achieve at least an 80% share of electricity produced through renewables
at 2050, while red indicates scenarios where at 2050 less than 50% of electricity is produced through renewables. For more a more detailed description about the scenarios
se-up refer to Table 5.2)

players (UK2 scenario receives 76% higher investment in renewables between
2012 and 2030 compared to UK4 scenario) (Table 7.1 and Figure 6.6). FITs, in
contrast, are very effective at speeding up renewable investments after 2030 in
both Germany and Italy especially when market players are heterogeneous.
In fact, in Germany GER2 scenario with heterogeneous market players decarbonises faster than GER4 with heterogeneous market players after 2030
(Figure 6.29). The same happens in Italy by comparing the growth in electricity generated by renewables after 2030 in IT2 versus IT4 scenario (Figure
6.45 and Table 7.1). Therefore, CfDs and FITs are needed especially with
heterogeneous market players to facilitate the low-carbon transition. In fact,
in Germany only scenarios with FITs reach the 2050 decarbonisation targets
(Table 6.3 and Table 7.1), but in the Italian model FITs are effective to reach
an 80% share of electricity produced through renewables at 2050 only with
homogeneous market players (Table 6.4 and Table 7.1).
• The capacity market is the main instrument to incentivise investments in
new gas plants in the UK market. In fact, UK1 and UK2 scenarios (where
a capacity market is in place) have a lower share of renewables installed capacity at 2050 compared to UK3 and UK4 scenarios (Figure 2.2), but this is
sufficient to guarantee a successful achievement of the 2050 decarbonisation
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targets. Moreover, the capacity market helps mitigating investment cycles
in gas plants given by the agents’ bounded-rationality and myopic foresight.
Hence, a capacity market helps to create an allocation of investments between
low-carbon and conventional generation technologies which is efficient for
both climate-change mitigation and to deliver a secure supply of electricity.
3. The CO2 price, and the level by which the government increases the CO2 price
over the “no-increase” CO2 price trajectory is very effective at determining a
switch between gas and low-carbon investments, hence to produce environmentally successful pathways, if combined with frequent (five-yearly) carbon budgets, especially when market players are heterogeneous. This means that, in
addition to technology specific supports highlighted in the point above, a flexible and frequently updatable CO2 pricing is necessary to facilitate the low-carbon
transition especially with heterogeneous market players. In fact, in the UK model
(the only one which has five-yearly carbon budgets, see Tables 4.12 and 4.13 and
4.14) in UK4 scenario (where agents are heterogeneous and there are no CfDs in
place) cumulative investments in renewables decline by 90% when moving from a
“strong” to a “no-increase” CO2 price trajectory, and by 54% when moving from
a “strong” to a “weak” CO2 price trajectory (Figure 7.1). The sensitivity analysis
showed that when carbon budgets are ten-yearly aggregated renewable investments only decline by 8% between sensitivity scenario UK4-10y-W with a “strong”
CO2 price and sensitivity scenario UK4-10y-W with a “weak” CO2 price. This
shows how five- as opposed to ten-yearly carbon budgets make the carbon price
more effective at stimulating investments into renewable technologies. In contrast, in the German model (where carbon budgets are mostly ten-yearly) in GER4
scenario cumulative investments in renewables decline by only 3% when moving
from a “strong” to a “no-increase” CO2 price trajectory (Figure 7.1). In Italy, in
IT4 scenario (where budgets are also ten-yearly) cumulative investments in renewables decline by 27% when moving from a “strong” to a “no-increase” CO2 price
trajectory (Figure 7.1). Results from the three countries, therefore, show that if the
government is responsive and frequently updates the carbon price by setting frequent (five-yearly) carbon budgets, it successfully increases the share of electricity
produced through renewables at 2050 especially with heterogeneous market players. In contrast, if the government only reviews the carbon price every ten years

225

226

conclusions

Figure 7.1: Difference in cumulative renewable investments between core scenarios (with heterogeneous market players and lower government intervention) and sensitivity scenarios
(with “weak” and “no-increase” CO2 prices and ten-yearly carbon budgets)

(as in the German and Italian models, and in the UK sensitivity scenarios with
ten-yearly carbon budgets) it is harder to reach at least an 80% share of electricity produced through renewables at 2050 especially with heterogeneous market
players.
4. Different market designs and government strategies have a direct influence on
investments in the single generation technologies, also according to the prevailing market structure. In fact, in the UK the prevailing market structure mainly
affects investments in gas and nuclear, and less established renewable technologies
such as offshore wind and PV. In contrast, in Italy and Germany the main generation technology at 2050 is PV in scenarios with homogeneous generators, and wind
(onshore- and offshore wind) with heterogeneous market players in Germany.
Hence, as an overall conclusion on the government strategies and market designs, if
the government manages to get incentives and policies consistently right it gives rise to
virtuous cycles which facilitate a successful low-carbon transition. This happens more
easily with homogeneous generators. However, as in reality market players are heterogeneous and have bounded-rationality results showed that the government should use
a stronger policy-mix comprising a strong CO2 price, which is frequently updatable
through carbon budgets, subsidies to renewables (CfDs or FITs) and a capacity market
to facilitate the low-carbon transition.
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7.2.2

Decision-making in firms: heterogeneity and non-optimal strategies

Research question 2 aims to explore how the bounded-rationality, non-optimal strategies
(myopic foresight, path-dependency and imitation) and heterogeneity of the market
players (Table 4.10) influence future investments and the electricity sector’s low-carbon
pathways, for which results were discussed in sub-chapter 6.1.3 and 6.2.3 and 6.3.3. The
main findings are:
1. Especially when government intervention is lower, the heterogeneous strategies
of the market players are critical and make it harder to achieve climate targets,
lead to more frequent supply-gaps and to higher electricity prices. This emerges
from both the core and the sensitivity scenarios in all the three countries.
2. Market players’ heterogeneous and non-optimal strategies in investment decisions impact the environmental performance of the scenarios, by affecting either:
• aggregated and yearly investment levels (in high- and low-carbon technologies): aggregated capital investments between 2012 and 2050 are in average
15% higher in UK scenarios with heterogeneous market players compared to
scenarios with homogeneous market players (Figure 6.3). Heterogeneity leads
to in average 55% higher aggregated investments between 2012 and 2050 in
Germany (Figure 6.26), while it leads total investments to decline by in average 13% in Italy (Figure 6.42), because of the higher return expectations
that heterogeneous actors have given the riskier investment environment in
Italy (as explained in sub-section 6.3.3 and 6.4). While in the UK scenarios renewable investments remain substantially unchanged between scenarios with
homogeneous and heterogeneous, the difference in aggregated investment requirements is driven by higher gas cycles given by actors’ myopic foresight.
In contrast, in Germany aggregated renewable investments are in average
45% higher when agents are heterogeneous (which means that heterogeneity
impacts the level of renewable investments more strongly than the prevailing
market structure as explained in point 2) which answers research question 1,
highlighting the strong impact that heterogeneous market players have in a
decentralised electricity market, with lower government intervention, like the
German one). In Italy, aggregated renewable investments are in average 22%
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lower in scenarios with heterogeneous market players compared to scenarios
with homogeneous market players. A full explanation for these sharp differences between the three countries was provided in sub-chapter 6.4. In detail,
the environmental performance of the scenarios is affected by:
– Imitation, which strongly increases investments in PV technologies especially in Germany and in Italy by creating self-reinforcing feedback
(particularly when FITs/CfDs are in place). Imitation also leads to higher
gas investment when a capacity market is in place, as in the UK model.
– Path-dependency in investment decisions, especially in the UK and Italian markets causes renewable investments to decline. Mainly investments
in less established renewable technologies, such as offshore wind, are affected, particularly when the government uses a “no-increase” CO2 price
trajectory. Path-dependency also creates strong investment cycles in gas
plants, especially when no capacity market is in place. Therefore, especially when no subsidies for renewables are in place and under lower
CO2 prices, path-dependency hinders the scenarios’ environmental success, by leading to more gas and less renewables investments as in the
UK model. Hence, path-dependency and imitation have a diverse impact on gas investments, according to the market structure and whether
CfDs/FIT and/ or a capacity market are in place. These results confirm
that the low-carbon transition of the energy sector is constrained by pathdependency of institutions and business choices (Hall et al. 2016), and
that technological change is path-dependent as emphasised by evolutionary economics approaches (Van den Bergh et al., 2006; Foxon, 2011).
– Higher technology costs expectations and higher interest rates negatively
affect aggregated investments levels in renewable technologies, leading
to gas being the main generation technologies, and hence compromising
the successful achievement of the 2050 decarbonisation goals. The impact of higher capital costs of renewable technologies is less pronounced
in Germany, where the greater heterogeneity of actors includes actors
with more relaxed investment strategies, not only focused on risk-return
expectations.
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– A longer foresight benefits renewable investments in the UK model in
scenarios where government intervention is lower (“no-increase” CO2
price trajectory and no CfDs), and that increases the share of electricity
produced by renewables at 2050. In contrast, with higher government
intervention and CfDs, investors would invest in renewable even with a
shorter and more myopic five-years foresight. Hence, results from the
UK model showed how the length of the foresight of market players can
give different directions to their investment decisions based on different
prevailing government policies.
• the time-path of the investments and the speed of the low-carbon transition. Not only the market design impacts the timing of the investments (as
explained in point 2) which answers research question 1), but also agents’
heterogeneity and non-optimal strategies. In the UK model in UK3 scenario
(with homogeneous market players and lower government intervention) 58%
of total investments (and 56% of total renewable investments) are made by
2030, while in UK4 scenario (with heterogeneous market player and lower
government intervention) only 22% of total investments (and only 19% of total renewable investments) are made by 2030 (see Table 7.1 and Table 6.1).
This means that in UK4 scenario aggregated renewable investments made after 2030 increase by up to 252% compared to investments made by 2030 (while
they decline by 28% in UK3 scenario) in order to meet the 2050 decarbonisation targets (see Figure 6.5 and Table 7.1). In Italy, 45% of total investments
are committed by 2030 in IT1 scenario (homogeneous actors), compared to
only 37% in IT2 scenario (heterogeneous actors) (Table 6.4). Hence, 52%
of electricity is produced through renewables at 2030 in IT1 scenario, compared to only 32% in IT2. Total renewable investments after 2030 increase
by 106% in IT2 scenario compared to investments before 2030, while they
only increase by 35% in IT1 (Table 7.1). Also in the German model, scenarios GER2 and GER4 with heterogeneous market players receive substantially
higher offshore wind investments after 2030 (Figure 6.28) compared to before
2030. Therefore, scenarios with heterogeneous actors feature a surge in investments after 2030 in all the three countries, and show a back-loading as
opposed to front-loading of investments. Yearly capital requirements with
heterogeneous market players are, however, never higher than 0.5% of the
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country’s GDP in UK, Germany and Italy. Therefore, although more expensive the low-carbon transition remains affordable from a capital investments
point of view with heterogeneous market players. The aspects of the market
players’ non-optimal strategies which slow the low-carbon transition down
are higher interest rates and higher expectations about renewable technologies capital costs, while lower expectations about renewables capital costs
and imitation, especially in a decentralised system as the Italian one, help
speed up the low-carbon transition.
3. Actors’ heterogeneity and non-optimal strategies affect the political dimension
of the low-carbon transition, making it less secure in terms of electricity supply and more expensive in terms of electricity prices. In fact, heterogeneity and
non-optimal strategies can lead to up to 26% more time during which yearly peak
electricity demand is not met, up to 8% more time during which average yearly
electricity demand is not met, and up to 37% higher electricity prices compared
to scenarios with homogeneous actors (Figure 7.2). Moreover, actors’ heterogeneity and non-optimal strategies slow down the low-carbon transition to 2030 as
explained above, which can lead to a faster decarbonisation after 2040 to meet the
2050 targets. This can compromise the security aspect of the electricity sector’s
transition after 2030. Therefore a trade-off emerges between speed of transition
after 2030 and security of supply aspects in scenarios with heterogeneous generators and lower government intervention. The aspects of the market players’ nonoptimal strategies which affect the security of supply dimension of the low-carbon
transition are path-dependency, high interest rates and return expectations, and
the length of the foresight. Imitation only, on the other hand, can help reducing
supply-gaps as shown by UK sensitivity scenarios, but that comes at the expense
of higher electricity prices.
4. Investment cycles, which mainly happen around gas technologies, and take
place in all the three countries are a key element of actors’ heterogeneity resulting from myopic foresight, which can lead investors to make uneconomic
investments, or to over-or under invest. These investment cycles can lead to unnecessary investments being committed, hence to higher capital costs of the lowcarbon transition, and to supply-gaps, as uneconomic investments are successively
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closed down by investors, turning into stranded assets. Hence, investment cycles
can affect both the political and the cost dimension of the transition.
5. Market players’ heterogeneity and non-optimal strategies affect the decarbonisation pathways differently according to the prevailing market structure and
to the type of existing market players. In Italy, where generators and investors
seek higher returns from their investments because of the riskier investment environment, actors’ non-optimal strategies prevent a successful achievement of the
2050 decarbonisation targets. On the other hand, the presence of market players
such as municipal utilities, which require lower returns, and are also motivated by
wider environmental considerations in their investment decisions make it easier to
successfully decarbonise the electricity sector.

Figure 7.2: Security of supply and electricity prices in UK, Germany and Italy

Therefore, results show how actors’ heterogeneity and non-optimal micro-economic
strategies, and their interactions can create barriers to climate change mitigation efforts
as they substantially affect the scenarios environmental performance and political dimension. As heterogeneity and non-optimal behaviours are key drivers of change in the
energy sector (because of their significant impact on the low-carbon transition’s speed,
overall environmental success, investment levels and security of supply and affordability concerns as explained above), and as in a country like Germany, where actors’ heterogeneity is great, market players’ heterogeneity and non-optimal behaviours have an
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even stronger influence on overall investment levels and scenarios environmental performance than the prevailing market structure (as explained in sub-chapter 6.4), such
aspects should not be overlooked in energy system models. Assuming perfectly rational
and utility-maximising market players in energy system models could, in fact, lead to
poor and ineffective policy design for energy transitions. Hence, the above mentioned
findings on research question 2 strengthen the importance of improving actors’ representation in energy system models to inform effective policies, highlighting the importance
of using research tools such as ABMs.

7.2.3 Type of market players needed for a successful low-carbon transition and strongest players
at 2050

Research question 3 aims to understand which type of market players (the different
types of market players in the electricity sectors of the three country case studies and
their strategies are explained in sub-chapter 4.5.1 in Tables 4.9 and 4.10) help delivering
substantial low-carbon investment to enable a successful low-carbon transition, while
having a secure supply of electricity. This last question also explores which players
manage to “survive” through the low-carbon transition thanks to their strategies, by
increasing their aggregated market share through the years and becoming the main
players of the electricity markets in 2050 as previously explained in sub-chapter 1.2.
Findings for this research question were discussed in sub-chapters 6.1.3 and 6.2.3 and
6.3.3 and when discussing the sensitivity scenarios on the market players’ strategies.
Exploring the evolution of incumbent utilities market shares and the diversification of
the electricity sector in terms of market players is an importance metric from a political
point of view. Results showed that there is no clear-cut answer to what type of market
players are best suited to provide the necessary low-carbon investments and to what
type of market players are strongest at 2050, because this depends on the interplay of
the level of the government intervention, strategies of the actors (also in terms of their
technological choices) and prevailing country structure in the electricity market.
The main findings are:
1. Heterogeneous strategies in all three countries affected the aggregated market share of the incumbent utilities. However, incumbent utilities tend to remain the main market players until 2050 in a high cost environment (high in-
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terest rates and high expectations about future renewables capital costs) especially with lower government intervention (no CfDs or FITs, and “no-increase”
CO2 price trajectory, or less frequent carbon budgets) given their technological
choices and preference for conventional generation assets. Hence, from the results it seems that incumbents are the hardest players to shift. High interest rates
lead incumbent utilities to strengthen their aggregated market share between 2012
and 2050 in the UK and Italian markets, limiting the entrance of new-entrants or
institutional investors. This means that with high (10%) interest rates incumbent
utilities in the UK maintain an aggregated market share of around 68%, and of
around 90% in Italy, where virtually no space is left for institutional investors and
new-entrants, which given the high interest rates or high technology costs are not
attracted into the market. When incumbent utilities maintain such a strong market share through to 2050 and not sufficient market diversification is achieved,
the achievement of the 2050 climate change mitigation targets is compromised,
as not enough investments in renewables are committed.
2. The aggregated market share of the incumbent utilities is strengthened through
the years when market players exhibit path-dependency in their investment decisions and CO2 prices are lower (“no-increase” trajectory), as path-dependency
in investment decisions prevents new-entrants entering into the electricity market and investing in renewables and favors market players with mainly conventional generation assets. Hence the technological choices of the market players
are key, and together with path-dependency affect the evolution of the market
players’ market shares differently according to the prevailing policy, CO2 and
wider cost environment. In the UK market (Figure 6.23), with lower government
intervention and a “no-increase” CO2 price trajectory, path-dependency leads to
gas being the main generation technology at 2050, to a failure in meeting the 2050
decarbonisation targets and to frequent supply-gaps. This is because incumbent
utilities are not able to deliver the necessary low-carbon investments to successfully decarbonise the electricity sector. In the German market, path-dependency
strengthens the aggregated market share of municipal utilities, which reach an almost 90% market share when FITs are in place (Figure 6.37). This guarantees a
successful achievement of the climate change mitigation targets, given their access
to lower cost capital and environmental motivations in investment decisions.
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3. Institutional investors strongly benefit from imitation in their investment strategies in more decentralised electricity markets like Germany and Italy, particularly when FITs are in place. These actors’ aggregate market share can reach up
to 63% in Germany and up to 40% in Italy in sensitivity scenarios with only imitation (see Figure 6.37). Therefore, path-dependency and imitation have a different
impact on the composition of investors, especially in Germany.
4. Municipal utilities are the main market players at 2050 with heterogeneous actors in the German core scenarios, which given their “relaxed” risk-return considerations in investment decisions contribute to successfully meeting the 2050
decarbonisation targets especially when CfDs are in place.
5. In a more risky country environment, such as Italy, incumbent utilities survive
better and even grow their aggregated market share. In such cases a stronger government intervention is needed to help diversify the electricity market by allowing
and incentivising entry of third-parties, which could help delivering the necessary low-carbon investments, and could help breaking the lock-in of conventional
generation technologies by incumbent utilities.
In summary, from the results emerges that a healthy diversification of the electricity sector in terms of types of market players is key to achieve and environmentally successful
and politically feasible low-carbon transition of the electricity sector. Whenever incumbent utilities remain market leaders, with an aggregated market share over 70%, the
2050 CO2 mitigation targets are not achieved and gas becomes the dominant generation
technology, as in the Italian core scenarios for example (see Table 6.4). In contrast, other
scenario results also showed how incumbent utilities can lose 60% of their aggregated
market share by 2050, reducing it to only about 10% at 2050. In these cases the 2050
decarbonisation targets will be achieved, but with supply-gaps and expensive electricity prices (as in UK4 core scenario, see Table 6.1). However, results from the German
model showed how an electricity system dominated by municipal utilities is successful
in achieving the 2050 decarbonisation targets, and also addresses some of the supplygaps. Finally, increasing the presence of institutional investors in the electricity sector
can help achieving the 2050 decarbonisation objectives.
Hence, this analysis shows that it would be important for policy-makers to consider
the non-optimal strategies of actors, such as path-dependency and imitation, to inform
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policies which can lead to an “efficient” and effective diversification of the electricity
sector.

7.2.4

Final remarks on results

The results and conclusions summarised in the above sub-chapters are robust and can
be generalised as they are consistent across the three country case studies, or across the
same type of core or sensitivity scenarios in the three countries, or because their differences respond logically to the key differences between the three countries (as explained
in sub-chapter 6.4.
However, there are also some limitations in terms of results. These are due to the fact
that results are strongly linked to the strategies of the market players and on how these
are set up. Hence, these must be very carefully calibrated, and sensitivity analysis is
helpful. For example, the evolution of the market shares of the market players is closely
aligned to their technological choices, and to the prevailing cost environment in terms
of CO2 price, interest rates and capital costs of technologies. Furthermore, results could
be improved by addressing BRAIN-Energy’s limitations described in the following subchapters.

7.3

contributions to existing knowledge and policy recommendations

BRAIN-Energy’s main contribution to existing knowledge is the introduction of a new
research tool based on agents’ heterogeneity, their interactions and complex dynamics
which improves the representation of actors and their diverse micro-economic and nonoptimal strategies in energy models. Several studies have identified the need for such
an approach (Mercure et al., 2016, Holtz et al., 2015). Hence, BRAIN-Energy constitutes
a more realistic modelling approach, which takes into account the effects of investor
imitation, path-dependency and bounded-rationality on the long-run evolution of the
electricity sectors in three major European countries. By exploring and understanding
the effects of such aspects on investment decisions BRAIN-Energy aims to address uncertainties in climate change policy-making, related to the complex interaction of climate
change, economic development and energy systems (IPCC, 2014), and to improve the
relevance of energy economic models for policy design and assessment. BRAIN-Energy
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could, hence, be used to inform sustainable policies for the energy sector by enhancing
the understanding of governments and stakeholders on how to best steer a sustainable
societal transition (Holtz et al., 2015, Rotmans and Loorbach, 2009) which will not only
require technological change, but also a change in institutions and business practices
and strategies.
Moreover, this research contributes to existing ABM studies in the electricity sector
by adding more heterogeneity into the agents and their strategies and by adding financial sector agents into an energy sector ABM, which has not been done yet in academic
literature. However, taking into account the role that the financial sector (particularly
institutional investors) could play in achieving the national and international decarbonisation objectives and the objectives of the Paris Agreement is key as recognised by
several studies 4(Blyth et al., 2015; OECD, 2015), and initiatives such as the Portfolio
Climate Initiative (CPI) by UNEP Finance Initiative. Hence, this research is contributing
to the scientific literature on investment and finance addressing climate change, which,
as recognised by the IPCC, is limited at this time (IPCC, 2014; Gupta et al., 2014).
Insights from this modelling exercise are directly relevant for current energy/climate
policy making. Some key policy recommendation which could be derived from BRAINEnergy’s results on how to produce “Green” scenarios, which are both low-carbon and
secure (according to the scenarios’ success level defined in Table 5.2), are:
1. Create an efficient low-carbon investment framework by having a mix of instruments such as a strong CO2 price signal, frequent carbon budgets and subsidies to
investments in renewable technologies to overcome barriers posed by market players’ heterogeneous and non-optimal strategies. Moreover, a capacity market is key
to mitigate the supply-gaps which could arise from actors’ bounded-rationality
and to keep electricity prices under control, hence leading to a more affordable
low-carbon transition.
2. Imitation has a strong impact on the environmental performance and political
feasibility of the decarbonisation pathways. Strengthening imitation among key
players and investors in electricity generation assets would help diminish supplygaps and make the low-carbon transition politically feasible. Also, strengthening
imitation would have a strong impact on PV investments in markets with a decentralised electricity sector.
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3. To address the uncertainties and barriers that investor path-dependency poses to
a successful achievement of the decarbonisation targets, a strong CO2 price signal
and frequent carbon budgets, CfDs or FITs, low interest rates and technology costs,
a longer forecast horizon and a capacity market are needed.
4. As results showed that there are different feasible decarbonisation routes, policymakers should try to encourage those scenarios with an early decarbonisation,
especially with heterogeneous market players, to avoid a too fast decarbonisation
after 2030, which could compromise the scenarios’ robustness of supply.
5. While nuclear helps to meet the decarbonisation targets and to limit supply-gaps
(as shown by results of UK core scenarios), in the absence of nuclear a mix of
renewable technologies is key to effectively meet the decarbonisation targets, as
scenarios which have too much PV installed capacity and not enough on-and offshore wind fail to successfully reach the CO2 mitigation targets.
6. As testified by the results in this research, policy makers should consider integrated approaches/ modelling tools to inform policies in the energy sector. Such
approaches/tools should integrate the technological and economic dimension of
the energy system’s transition, as well as social and behavioural drivers of change
(Grubb et al., 2014). They should also acknowledge the complexity which arises
from the market players’ heterogeneity and the self-reinforcing mechanisms which
are created between the various dimensions involved in the low-carbon transition.
This way policy-maker would have a more realistic understanding of the impact
of sustainability policies in the energy sector, and of the required mix of policies.

7.4

limitations and further work

Although this research presented important findings, it also presents some limitations.
This section summaries the main limitations of this research, which could be addressed
in future work to improve the results, and/or to gain additional insights.
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7.4.1 Load curve and operational side of the model

The time-resolution of BRAIN-Energy (in all the three country versions) has been set
to one year. This has been done because investors strategic investment decisions are
best analysed on a yearly basis, and studying strategic investment decisions is the main
aim of BRAIN-Energy. However, the electricity spot market clearing process, which
represents the operational side of BRAIN-Energy, would best be represented under a
shorter-time frame.
The electricity demand function in this model is exogenous. For each of the three
countries, electricity demand has been divided into day and night average demand, to
account for diurnal variations in electricity demand. Moreover, a yearly peak demand
in GW has been defined (based on historical observations in the three countries under
analysis) to make sure that the system is able to meet absolute peaks in electricity demand, even when a high share of renewables are installed. However, to be more precise
and improve the short-term clearing of the electricity market, a detailed yearly step-wise
load curve with different segments could be constructed, and at each yearly time-step
the electricity markets could be cleared for each section of the load-duration function.
This has been already done in other ABMs (Richstein et al., 2014, 2015; Chappin and Dijkema, 2009; De Vries et al., 2015; Chappin et al., 2017). This could potentially improve
the functioning of BRAIN-Energy’s electricity market clearing part, which serves as a
basis for investors strategic investment decisions. Using a step-wise load-duration curve
could also improve the understanding of the implications that an electricity system with
a high share of renewables has on the quantity of time that a certain amount of load
needs to be provided by conventional plants, and hence improve the functioning of the
capacity market (when present). In fact, to be secure and efficient an electricity system
based on a high share of renewables - such as the ones projected for example by the
UK core scenarios (UK1, UK2, UK3, UK4) - would require an efficient mix of back-up
options for peak and residual loads (Grubb et al., 2016).

7.4.2 Better representation of private sector actors and communication between agents

Currently private sector actors in BRAIN-Energy are represented by households and
cooperatives in Germany, and only households in Italy. The difference between these
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actors in BRAIN-Energy is currently given by the fact that while cooperatives can invest
in solar PV and small scale onshore wind and biomass projects in Germany, households
can only invest in solar PV both in Italy and in Germany. Furthermore, currently heterogeneity in investment strategies of private sector actors is only given by different lengths
of pay-back period expectations and by different income level of the actors. However,
wider drivers of investment decisions in renewable technologies could be included in the
model such as house ownership, environmental attitudes and beliefs and social context.
Such factors have been proved to be main drivers or barriers to households renewable
investment decisions (Ameli and Brandt, 2015). Including such aspect in BRAIN-Energy
would result in a better and more realistic depiction of private actors investment strategies and in greater heterogeneity of strategies as it is in real-world. Moreover, environmental benefits calculation in private actors investment decisions could be introduced in
BRAIN-Energy, by calculating the amount of CO2 emissions saved (Palmer et al., 2015)
Finally, communication between agents could be improved to refine the imitation
mechanism in BRAIN-Energy. Communication is in fact a key driver of the diffusion
process of technologies, and especially of solar PV (Jager, 2006). At the moment imitation is modelled based on the evolutionary economics model of imitation proposed by
Nannen and Van den Bergh (2010a) as explained in sub-chapter 4.6.2. However, instead
of only having agents observing if investments of other agents are successful, as it at
present in BRAIN-Energy, networks of agents could be created to improve the influence
of communication on the technology adoption decisions, for example by creating links
between “adopter” and “non-adopter” agents (Palmer et al., 2015).

7.4.3

Dynamic and endogenous interest rate

In BRAIN-Energy the interest rate/WACC, which investors of different types pay for
the liabilities they raise, are at the time being fixed and exogenously determined based
on existing literature, and sensitivity analysis has been performed around their level.
However, given the implications that financing costs have on total system costs especially on systems characterised by a high share of renewables (May and Neuhoff, 2017;
Newbery, 2018; Diacore, 2015), and on the evolution of future transition pathways and
achievement of decarbonisation targets (as proved by results of this research), it would
be interesting to model interest rates which evolve endogenously in BRAIN-Energy as a
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result of the actors’ financial situation, which in turns depends on their operational and
investment activities. This would allow to improve the representation of the co-evolution
between the financing, regulatory and policy, business choices and technological dimensions, which is important to study how transitions can be made financially sustainable.
Moreover, at present in BRAIN-Energy market players’ WACCs are fixed and not
differentiated by type of project or technology. However, it would be interesting to
introduce in BRAIN-Energy the fact that as market players learn and improve their
skills on a certain type of project or technology, their WACC on that type of project or
technology decreases through time as the investment is perceived as less risky.

7.4.4 Expand financial sector actors and policies to be tested

Given the growing importance of financial sector actors in achieving climate change mitigation targets, it would be interesting and useful to expand the representation of such
actors in BRAIN-Energy, which at the time being only comprises institutional investors.
However, financial sector actors could be expanded to include for example other private
sector financial actors, such as commercial banks, and public sector financial sector actors such as state banks (Campiglio et al., 2018; Mazzucato and Semieniuk, 2017). This
would allow to study how different type of actors could contribute to the low-carbon
transition of the electricity sector, contributing to the still limited research and understanding of the role of financial sector actors in mitigating climate change.
Moreover, new types of financial regulations could be tested out in BRAIN-Energy
(such as for example a Green Supporting Factor or Brown Penalty as proposed by the
EU) , with the aim of improving the understanding of how financial regulations can be
adjusted to include risks related to climate-change (Campiglio et al., 2018).

7.4.5 Linking BRAIN-Energy to other models

Finally, as a last suggested further extension to BRAIN-Energy, it would be useful to
link it to wider energy system models. Several studies have advised about the potential
benefits of using different approaches (Grubb et al., 2014) and linking different types of
models in the energy system with the aim of developing a more integrated approach to
studying the energy sector low-carbon transition (Trutnevyte et al., 2014) by generating
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a broader spectrum of insights. Also ABMs have already been used as part of integrated
modelling frameworks to study capacity planning and investment decisions under deep
decarbonisation (Blyth et al., 2016), showing the need for such a diversified approach.

7.4.6

Expand the treatment of path-dependency

At present in BRAIN-Energy path-dependency is modelled as agents learning from negative experiences in the past, and not repeating unsuccessful past investments. However,
the treatment of path-dependency in BRAIN-Energy could be expanded to reflect the
fact that agents also learn from successful experiences, behaviours and investments in
the past. In fact, as described in evolutionary economics and existing literature, positive
feedback mechanisms arising from successful behaviours in the past lead to reinforcement mechanisms and increasing returns (Safarzyńska and Van den Bergh, 2010). These
increasing returns can lead to lock-in of an existing status-quo, such as a prevailing technological structure, and to path-dependency: this means that once a particular technology becomes dominant, because of successful past experiences and positive feedback,
following investments will most likely be in the same type of technology potentially
threatening the achievement of climate change mitigation objectives (Safarzyńska and
Van den Bergh, 2010; Unruh, 2000; Carrillo-Hermosilla, 2006). In BRAIN-Energy, the
fact that agents learn from successful past behaviours could be modelled for example
by improving the WACC on successful past investments into certain technologies as
explained in sub-chapter 7.4.3, or by improving the capital costs learning curve for the
most profitable and successful technologies.

7.5

thesis conclusions

By developing and building BRAIN-Energy, and applying it to national case studies, this
thesis has showed how critical it is to take agent’s heterogeneity and their non-optimal
behaviours, which deviate from strict economic rationality, into account in energy models given their impacts on different key aspects of future decarbonisation pathways, such
as achievement of the decarbonisation targets, robustness of supply and cost effectiveness. Results also showed that actors’ heterogeneity and non-optimal behaviours are
even stronger drivers of change than policies and institutional settings in electricity sys-
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tems characterised by a high degree of heterogeneity in type of market players such
as the German electricity market as explained in sub-chapter 7.2.2. Moreover, thesis
findings also highlighted how actors’ myopic foresight, path-dependent behaviour and
imitation have a different impact on electricity sector’s decarbonisation pathways depending on the prevailing institutional structure and policy environment, and on the
evolution and composition of the actor’s landscape in the electricity sector.
This thesis contributed to existing knowledge by improving the representation of actors and their diverse micro-economic and non-optimal strategies in energy models,
adding heterogeneity into agents and their strategies compared to existing ABMs in
the energy and electricity sector, and integrating some financial sector actors in ABMs
which is something novel in energy ABMs. Therefore, this cutting-edge approach could
contribute to inform effective policies based on a deep understanding of the behaviour
and investment preferences of real-world actors. Such polices could help to effectively
increase low-carbon investments towards the level required to ensure climate-effective
capital allocation. Hence, insights generated by this thesis could help addressing crucial
UK and international policy issues, and be of relevance and value for governments, as
well as benefit industries in the energy sector.
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a.1.1

a.1.1.1

Input data for UK model

Electricity demand

Total

Day

Night

2012

308,977

175,566

133,411

2013

305,495

173,509

131,986

2014

290,484

165,105

125,379

2015

282,183

159,189

122,994

Table A.1: Historical electricity demand in UK model in GWh (re-elaboration from National Grid
half-hourly data)
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2016

328.1

2017

328.6

2018

329.0

2019

328.5

2020

327.8

2021

328.8

2022

330.7

2023

332.6

2024

335.8

2025

339.1

2026

342.8

2027

346.8

2028

350.2

2029

353.5

2030

357.8

2031

359.7

2032

361.2

2033

359.9

2034

358.4

2035

356.3

2036

357.1

2037

358.3

2038

359.6

2039

362.4

2040

365.7

2041

366.7

2042

368.3

2043

374.5

2044

382.7

2045

387.0

2046

390.5

2047

391.3

2048

391.7

2049

400.0

2050

406.0

Table A.2: Electricity demand projections in UK model in TWh - “Two Degree” scenario in National Grid (2016)

% of yearly average day demand
UK

125%

Germany

130%

Italy

150%

Table A.3: Peak factor in UK, German and Italian models
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a.1.1.2

Fuel prices

Table A.4: Historical and projected gas prices in UK model (based on “Reference” scenario in
BEIS (2016d))
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a.1.1.3

CO2 prices

Table A.5: Historical and future CO2 prices based on “Reference” scenario in BEIS (2016d)

a.1.2

a.1.2.1

German model

Electricity demand

Total

Day

Night

2012

592.80

328.01

264.79

2013

601.80

331.72

270.08

2014

592.00

325.84

266.16

2015

610.00

334.58

275.42

2016

612.00

336.66

275.34

Table A.6: Historical electricity demand in German model in TWh (source: Open Power System
Data Platform https://data.open-power-system-data.org and AG Energiebilanz)
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2020

577

2025

564

2030

559

2040

546

2050

554

Table A.7: Electricity demand projections in German model in TWh (source: Prognos (2014))

a.1.2.2

Fuel prices

EUR/TJ

EUR/MWh

2012

8,067

29.0

2013

7,656

27.6

2014

6,538

23.5

2015

5,618

20.2

2016

4,275

15.4

Table A.8: Historical gas prices in German model (source: BmWi Energiedaten database)

EUR/TJ
2020

30

2025

31

2030

31

2040

33

2050

33

Table A.9: Projected gas prices in German model (source: Prognos (2014))

EUR/t SKE

EUR/MWh

2012

93.02

37.0

2013

79.9

31.8

2014

73.55

29.3

2015

72.74

29.0

2016

67.07

26.7

Table A.10: Historical hard coal prices in German model (source: BmWi Energiedaten database)
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USD/t

EUR/t

EUR/MWh

2012

111

79.9

31.8

2013

115

82.7

32.9

2014

117

84.2

33.5

2015

122

87.8

34.9

2016

123

88.5

35.2

Table A.11: Projected hard coal prices in German model (source:

Lignite plants are also operational in Germany. Lignite has a very small energy content
pro tonne, hence it’s digged very close to where it’s used, and it is not shipped, and
hence there is no market for it (hence no market price). But extraction costs are relevant. Variable extraction costs are 0.4EUR/GJ which equals to 1.44 EUR/MWh (source:
Prognos (2014)).
a.1.2.3

CO2 prices

Table A.12: Historical CO2 prices in German and Italian model (source: BmWi Energiedaten
database) and projected prices (source: Prognos (2014))

a.1.2.4

FITs values

Table A.13: FITs values in German model (see EEG 2017 document)
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a.1.3

a.1.3.1

Italian model

Electricity demand

Total

Day

Night

2012

328

180.4

147.6

2013

318

174.9

143.1

2014

311

171.05

139.9

2015

317

174.35

142.65

2016

311

171.05

139.95

Table A.14: Historical electricity demand in Italian model in TWh (source: GME)

Table A.15: Electricity demand projections in Italian model in TWh (source: Terna (2016, 2018))
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a.1.3.2

FITs values

EUR/MWh
Onshore wind

127

Offshore wind

165

Biomass

122

PV

109

Table A.16: FITs values in Italian model (see Legislative Decree 6 July 2012 and Fifth Conto
Energia)

a.1.4

ODD protocol

To improve the description and communication of BRAIN-Energy and it’s outputs an
ODD protocol (Grimm et al., 2006, 2010) was created (the purpose of the ODD protocol
was explained in sub-chapter 3.3.2.2), as mentioned in sub-chapter 4.7.2. This ODD Protocol for BRAIN-Energy was created also with the aim of ensuring and double-checking
that all main aspects of an ABM have been thought about and explained carefully.
1. Overview
a) Purpose: BRAIN-Energy (Bounded Rationality Agents INvestments) analyses the strategic investment decisions in power generation assets of different
market players with bounded-rationality, and the effects of their sub-optimal,
myopic and path-dependent choices and their interactions on the long-run
evolution of the electricity sector to 2050. Case studies are the UK, the German and the Italian electricity markets. The research questions which BRAINEnergy seeks to address can be found in sub-chapter 1.2.
b) Entities, state variables and scales: BRAIN-Energy’s entities are 1) market
players of different types, 2) the government and the regulator agent. A
detailed explanation about the different types of agents, and of their state
variables (which are the entities’ properties, attributes and strategies) was
provided in sub-chapters 4.5.1 and 4.5.2.
c) Process overview and scheduling: this relates to the process which change
the state variables of the entities in a model. In BRAIN-Energy the market
players are taking operational choices about producing and dispatching electricity from their power plants, they assess the profitability of existing plants
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and eventually take divestment decisions, and subsequently take investment
decisions in new power plants. The government agents checks the CO2 emissions, and eventually modifies the CO2 price and subsidises investments in
renewable generation technologies. The regulator agent manages security
of supply and eventually enforces a capacity market. Full details about the
agents strategies and processes were provided in sub-chapters 4.5.1 and 4.5.2.
As regards to the scheduling in BRAIN-Energy, which is the order in which
the processes are executed in the model, this is summarised in Figure 4.1.
2. Design concepts: this section of the ODD Protocol aims to describe important
characteristics of ABMs. A few of such characteristics are:
a) Basic principles: these relate to general concepts, theories and modelling approaches used in the model design. In BRAIN-Energy the undelying general
concepts and theories are based on evolutionary economics, as explained in
detail in sub-chapter 4.1.
b) Emergence: emergence refers to a model’s important results and outputs.
BRAIN-Energy’s outputs were summarised in Table 4.1, and are mainly the
results of the adaptive behaviours of the agents and of their interactions.
c) Adaptation: market players in BRAIN-Energy have adaptive behaviour because, as explained in sub-chapter 4.6.2 their investment choices are constrained by their financial situation (which depends on the profitability and
success of past investments) and new investment choices are influenced by
the success of past investments. If certain investments were not profitable
enough, market players don’t invest in the same generation technology. Also,
their investment decisions are influenced by imitation of other agents’ successful strategies, hence are adaptive in the sense that agents learn from past
actions of other agents.
d) Interaction: the ways in which market players interact with each other, with
the government and regulator agents and with the environment were explained in detail in sub-chapter 4.5.3.
3. Details:
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a) Initialization: a detailed explanation about how BRAIN-Energy was set up
at the beginning of the simulation in each of the three countries was provided
in sub-chapters 4.2 and 4.5.1.
b) Input data: input data used in BRAIN-Energy in each of the three countries
was described in sub-chapter 4.2 and in the Appendix to Chapter 4 A.1.
c) Submodels: submodels in the ODD Protocol refer to the major processes
in a model. In BRAIN-Energy these are 1) technical functioning of the power
sector (described in sub-chapter 4.4), 2) government activity (described in subchapter 4.5.2), 3) market players investment decisions, both with economic
criteria (sub-chapter 4.6.1) and with non-economic criteria (sub-chapter 4.6.2).
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Table A.17: Core scenarios set-up

255

256

appendix

a.3

appendix to chapter 6

Figure A.1 explains what the single graphs which compose Figure A.2 to Figure A.114
represent. The first graph in each figure represents “Electricity production”, the second “Electricity price”, the third “Installed capacity”, the fourth “Electricity production
from technologies”, the fifth “Share of electricity produced by technology”, the sixth “
Emissions, carbon intensity and CO2 price”, the seventh “ Yearly capital investments by
technology” and the last “ Market players market shares”.
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Figure A.1: Legend
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a.3.1

UK model core scenarios

Figure A.2: UK1 full results
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Figure A.3: UK2 core scenario
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Figure A.4: UK3 core scenario
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Figure A.5: UK4 core scenario

a.3.2

a.3.2.1

UK model sensitivity scenarios

Results tables
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Table A.18: Path-dependency and imitation in UK model
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Table A.19: Foresight in UK model
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Table A.20: Interest rate in UK model
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Table A.21: Renewable technologies capital costs in UK model
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a.3.2.2

Results graphs

a.3.2.3

Sensitivities on frequency of carbon budgets

Figure A.6: Results to UK1-10y-S sensitivity scenario
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Figure A.7: Results to UK2-10y-S sensitivity scenario
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Figure A.8: Results to UK2-10y-S sensitivity scenario
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Figure A.9: Results to UK2-10y-W sensitivity scenario
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Figure A.10: Results to UK3-10y-S sensitivity scenario
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Figure A.11: Results to UK3-10y-W sensitivity scenario

271

272

appendix

Figure A.12: Results to UK4-10y-S sensitivity scenario
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Figure A.13: Results to UK4-10y-W sensitivity scenario
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a.3.2.4

Sensitivities on path-dependency and imitation

Figure A.14: Results to UK2I-S sensitivity scenario
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Figure A.15: Results to UK2I-NI sensitivity scenario
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Figure A.16: Results to UK2PD-S sensitivity scenario
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Figure A.17: Results to UK2PD-NI sensitivity scenario
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Figure A.18: Results to UK4I-S sensitivity scenario
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Figure A.19: Results to UK4I-NI sensitivity scenario
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Figure A.20: Results to UK4PD-S sensitivity scenario
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Figure A.21: Results to UK4PD-NI sensitivity scenario
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a.3.2.5

Sensitivities on foresight

Figure A.22: Results to UK1-5y-S sensitivity scenario
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Figure A.23: Results to UK1-5y-NI sensitivity scenario
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Figure A.24: Results to UK1-20y-S sensitivity scenario
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Figure A.25: Results to UK1-20y-NI sensitivity scenario
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Figure A.26: Results to UK3-5y-S sensitivity scenario
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Figure A.27: Results to UK3-5y-NI sensitivity scenario
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Figure A.28: Results to UK3-20y-S sensitivity scenario
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Figure A.29: Results to UK3-20y-NI sensitivity scenario
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a.3.2.6

Sensitivities on interest rate

Figure A.30: Results to UK1-10%IR-S sensitivity scenario
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Figure A.31: Results to UK1-15%IR-S sensitivity scenario
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Figure A.32: Results to UK3-10%IR-S sensitivity scenario
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Figure A.33: Results to UK3-15%IR-S sensitivity scenario
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Figure A.34: Results to UK1-10%IR-NI sensitivity scenario
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Figure A.35: Results to UK1-15%IR-NI sensitivity scenario
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Figure A.36: Results to UK3-10%IR-NI sensitivity scenario
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Figure A.37: Results to UK3-15%IR-NI sensitivity scenario
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a.3.2.7

Sensitivities on capital costs of renewable technologies

Figure A.38: Results to UK1-50%-S sensitivity scenario
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Figure A.39: Results to UK1+50%-S sensitivity scenario
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Safarzyńska, K., Frenken, K., and Van den Bergh, J. (2012). Evolutionary theorizing
and modeling of sustainability transitions. Research Policy, 41(6):1011–1024. (Cited on
pages 43, 45, 55, 109, and 112.)
Safarzynska, K. and Van den Bergh, J. (2011). Industry evolution, rational agents and the
transition to sustainable electricity production. Energy Policy, 39(10):6440–6452. (Cited
on page 45.)
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