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Sammanfattning 
I takt med att fler intermittenta förnyelsebara energikällor tillför el i dagens energisystem, blir också 
balanskraftens roll i dessa system allt viktigare. Vidare så har en ökning av andelen intermittenta 
förnyelsebara energikällor även effekten att de bidrar till lägre men också mer volatila elpriser. Därmed är 
även investeringar i balanskraft kopplade till stora risker med avseende på förväntade vinster, vilket gör 
att en god representation av elpriser är central vid investeringsbeslut. Vi föreslår en stokastisk 
flerfaktormodell för att simulera den långsiktiga dynamiken i elpriser som bas för värdering av 
generatortillgångar. Mer specifikt används modellen till att utvärdera effekten av elprisers dynamik på 
investeringsbeslut med avseende på balanskraft, där ett kraftvärmeverk studeras i detalj. 

Eftersom huvudmålet med ramverket är att skapa en långsiktig representation av elpriser så att deras 
fördelningsmässiga karakteristika bevaras, vilket i litteraturen citeras som regression mot medelvärde, 
säsongsvariationer, hög volatilitet och spikar, så utvärderas modellen i termer av årlig prisvaraktighet som 
beskriver fördelningen av elpriser över tid. Kärnan i ramverket utgår från Pilipovic-modellen av 
råvarupriser, men där vi utvecklar antaganden i ett flerfaktorramverk genom att lägga till en länkfunktion 
till tillgång- och efterfrågan på el samt utomhustemperatur. Vid användande av modellen som ett sätt att 
representera framtida priser, fås en maximal över- och underprediktion av prisvaraktighet om 9 procent, 
ett resultat som är bättre än det som ges av enklare modellering såsom säsongsprofiler eller enkla 
medelvärdesestimat som inte tar hänsyn till elprisernas fulla karakteristika. 

Till sist visar vi med modellens olika komponenter att variationer i elpriser, och därmed antaganden som 
används i långsiktig modellering, har stor betydelse med avseende på investeringsbeslut i balanskraft. 
Det realiserade värdet av flexibiliteten att producera el för ett kraftvärmeverk beräknas, vilket ger en 
värdering nära faktiska realiserade värden baserade på historiska priser och som enklare modeller inte 
kan konkurrera med. Slutligen visar detta också att inkluderandet av icke-konstant volatilitet och 
spikkarakteristika i investeringsbeslut ger ett högre förväntat värde av tillgångar som kan producera 
balanskraft, såsom kraftvärmeverk. 

 

 

 

Nyckelord: Energiinvesteringar, investeringsvärdering, förnyelsebar elproduktion, elprismodellering, lång 
sikt, kraftvärme, KVV, balanskraft, intermittent förnyelsebar energimodellering, Pilipovic-modellen, 
flerfaktormodell, sinusregression, Ornstein-Uhlenbeck-skattning, prisvaraktighet, prediktion, Nord Pool, 
Sverige, elmarknad, framtidens energisystem, utfasning av kärnkraft, energipolitik.  
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Abstract 
Introducing more intermittent renewable energy sources in the energy system makes the role of balancing 
power more important. Furthermore, an increased infeed from intermittent renewable energy sources also 
has the effect of creating lower and more volatile electricity prices. Hence, investing in balancing power is 
prone to high risks with respect to expected profits, which is why a good representation of electricity 
prices is vital in order to motivate future investments. We propose a stochastic multi-factor model to be 
used for simulating the long-run dynamics of electricity prices as input to investment valuation of power 
generation assets. In particular, the proposed model is used to assess the impact of electricity price 
dynamics on investment decisions with respect to balancing power generation, where a combined heat 
and power plant is studied in detail.  
 
Since the main goal of the framework is to create a long-term representation of electricity prices so that 
the distributional characteristics of electricity prices are maintained, commonly cited as seasonality, mean 
reversion and spikes, the model is evaluated in terms of yearly duration which describes the distribution 
of electricity prices over time. The core aspects of the framework are derived from the mean-reverting 
Pilipovic model of commodity prices, but where we extend the assumptions in a multi-factor framework by 
adding a functional link to the supply- and demand for power as well as outdoor temperature. On 
average, using the proposed model as a way to represent future prices yields a maximum 9 percent over- 
and underprediction of duration respectively, a result far better than those obtained by simpler models 
such as a seasonal profile or mean estimates which do not incorporate the full characteristics of electricity 
prices. 
 
Using the different aspects of the model, we show that variations of electricity prices have a large impact 
on the investment decision with respect to balancing power. The realized value of the flexibility to produce 
electricity in a combined heat and power plant is calculated, which yields a valuation close to historical 
realized values. Compared with simpler models, this is a significant improvement. Finally, we show that 
by including characteristics such as non-constant volatility and spiky behavior in investment decisions, the 
expected value of balancing power generators, such as combined heat and power plants, increases. 
 
 
 
Key-words: Energy investment, investment valuation, renewable energy production, electricity price 
modeling, long-term, combined heat and power, CHP, balancing power, intermittent renewable energy 
modeling, Pilipovic model, multi-factor model, sinusoidal regression, Ornstein-Uhlenbeck estimation, 
electricity price duration prediction, Nord Pool, Sweden electricity market, future energy systems, phasing 
out nuclear power, energy policy. 
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Chapter 1

Introduction

This chapter introduces the key issue in modern energy systems of ensuring healthy
investment rates in balancing power sources, which in turn help to sustain system
balance when more volatile energy sources increase.

1.1 Background
Electricity is one of the most important commodities in modern societies. It is traded
as any other commodity on local power exchanges throughout deregulated markets.
In addition, it is used and bought as an input for private consumption as well as for
industrial production. Thus, most societies depend on not only electricity, but also
electricity prices and variations thereof, which in turn are determined by the current
supply- and demand for power. The Nordic market for producing and transmitting
electricity was deregulated in the mid 1990’s with the purpose of creating conditions
for market competition and to decrease the final price of electricity to consumers
(Swedish Government, 1994). Indeed, similar actions have been enforced internation-
ally, where the tendency has been to move from monopolistic market states toward
competitive states (Simonsen, 2005; Kovacevic et al., 2013).

Deregulation has spurred the development of a free market with more actors using
different energy sources to produce electricity, where renewable energy sources have
seen a significant increase over the past decade. This can be attributed to techno-
logical development as well as to government initiatives, following deregulation, to
become less dependent on non-renewable energy. Energy production is a recurring
topic in the public debate and the issue of climate change has forced governments
to act in this question. Sweden, for example, has a short-term goal of reaching 50
percent renewable energy by 2020, Denmark has set out a goal of reaching a fossil-
free energy system by 2050, and Germany intends to fill 80 percent of the electricity
demand with renewable energy in 2050 (Lund et al., 2013).

While renewable energy sources are key contributors to the goal of reaching a fossil-
free energy system, a large portion of renewable energy sources are also intermittent
energy production, which refers to power sources that depend on factors outside the
control of the producer. Since intermittent energy production sources are inherently

1
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stochastic as they derive from nature, they contribute to greater uncertainty in elec-
tricity markets and can produce unexpected variations in electricity prices. Long
term effects of renewable energy sources and intermittent energy production has not
been studied extensively whereas the short run effects are well documented where
lower average prices have been confirmed (Edenhofer et al., 2013; Kovacevic et al.,
2013; Hirth, 2013). Since prices are set by the marginal plants cost of production,
the rationale can be explained as a shift of the supply curve to the right as renewable
energy sources with low marginal costs are added to the production mix, which has
the effect that prices are lowered on average, ceteris paribus (Cludius et al., 2014;
Würzburg et al., 2013)1. This phenomenon is exemplified in Figure 1.1 where the
electricity price in the largest price region in Sweden, SE3, shows a downward trend
whereas the infeed from wind power follows a strong upward trend over the past five
years.
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Figure 1.1: Developments of SE3 spot prices and wind power infeed over the past five
years, 2011-2016. The chart shows moving past year averages. Wind has increased while
the spot prices have decreased. Source: Svenska Kraftnät (2016) and authors computations.

Furthermore, on extreme occasions, negative spot prices can even occur (Ko-
vacevic et al., 2013) and there is evidence of increased volatility as well as higher
probabilities of price spikes in the short run, mainly caused by the increase of wind-
and photovoltaic power (Brännlund et al., 2012; Ketterer, 2014; Milstein and Tishler,
2015). Hence, the effects of increased renewable energy sources and intermittent en-
ergy production are twofold. Firstly, an increase in power supply has an overarching
negative effect on electricity prices. Secondly, the volatile nature of foremost wind
power makes room for situations where the supply suddenly increases, or decreases,
drastically which in turn affects the current spot price of electricity. The effect is
thus reduced average prices but increased volatility (Ketterer, 2014; Würzburg et al.,
2013).

These effects, a lower system price with higher volatility and price spikes, give rise
to a new set of conditions in the market which affects other sources of energy, and

1Note: See Figure 2.1 in Chapter 2 for a complete description of this phenomenon called the
merit order effect.
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calls for an increased need for balancing power 2 to combat these effects. Paradoxically,
these effects also affect investment decisions with respect to balancing power in the
sense that they become more difficult to justify, even though such investments are
crucial to ensure fully functioning electricity grids for the future (H. Lund, Werner et
al., 2014). Lower average prices implies a decreased incentive for investment in plants
that derive revenues from the electric power market. Hence, lower willingness to invest
poses key issues concerning how the stability of future of energy systems through
investments in balancing power, both in theory and in practice, can be assured.

1.2 Problem Formulation
Lower and more volatile electricity prices can change or postpone investments in
new power production capacity, both renewable and non-renewable (Ketterer, 2014;
Hirth, 2013). There is evidence of a “missing money problem” in the industry, i.e.
lack of investment, where intermittent renewable energy sources such as wind- and
photovoltaic power exacerbates conditions through two channels (Edenhofer et al.,
2013). First, an increased price volatility motivates a significant risk premium for
investments, more so than for traditional markets. Second, lower average prices make
investments or re-investments in new production plants look less attractive. Addi-
tionally, lower average prices might also make current facilities non-feasible to run,
thus inducing earlier-than-planned closures of older plants (Edenhofer et al., 2013).

In other words, in energy systems with a high degree of intermittent renewable
energy sources, traditional plants that produce base-load power at costs higher than
the marginal cost of production are pushed out of the system. Plants such as combined
heat and power plants3 are increasingly likely to be phased out of the energy system
(Sorknæs et al., 2015). Traditionally, combined heat and power plants are used for
base-power generation, which becomes less economically feasible when intermittent
renewable energy sources feed the grid with electricity at lower marginal costs; when
base-power with lower marginal cost than combined heat and power plants is feeded
into the grid, the natural effect is that combined heat and power production is pushed
out (Sorknæs et al., 2015).

However, since combined heat and power plants are flexible with respect to their
production of electricity vs. heat, they can play an important role by participating
in electricity balancing tasks (Sorknæs et al., 2015). Such functions are increasingly
important as intermittent renewable energy sources increase, thus contributing to

2Note: Balancing power is power that is generated to balance short term (daily) fluctuations
in power supply and demand. Acting as a balancing power producer thus requires the operational
ability to quickly level the capacity of a power generator in order to respond to market changes.
Generally, balancing power generators have higher marginal cost of production.

3Note: Combined heat and power plants can generate both electricity and heat (hot water). The
power source can come from gas, oil, bio-fuel (or nuclear). Oftentimes a combined heat and power
plant can use a variety of fuel types. Generally, flexibility in operation is valued such as flexibility
in terms of the ratio between producing electricity or heat, as well as in the level of electricity and
heat produced. A flexible combined heat and power plant can thus operate as a balancing power
source.
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solving the major challenge for contemporary electricity grids, identified as the integ-
ration of fluctuating and intermittent renewable production (H. Lund, Werner et al.,
2014). Further, moving from base-load- toward balancing production can potentially
increase the economic feasibility of combined heat and power plants when renewable
energy sources reach higher levels of penetration due to the higher probability of price
spikes and regimes with higher prices (Sorknæs et al., 2015).

While the economic feasibility of combined heat and power plants could increase
if such plants move from a state of base-power production toward balancing power
production, when intermittent renewable energy sources are increasingly used, it is
uncertain how much economic potential such strategies yield. Clearly, sudden extreme
values in electricity prices can potentially benefit combined heat and power plants as
balancing power sources. However, such periods of higher prices and, especially,
large price spikes are inherently stochastic in the short-run. This, combined with the
contribution to unpredictability from an increase of intermittent renewable energy
sources, marks the difficulty of motivating investment into such strategies if prices are
modeled in ways that do not incorporate the full set of electricity price characteristics.
Since power investments often span longer horizons, investment models also need
to account for long-run behavior of electricity prices and volatility, which often is
not the case. Basing models on simple dynamics where the full characteristics of
electricity prices are not entirely incorporated have the potential to create bias against
investment when it is needed the most. This is particularly true when intermittent
renewable energy sources are increasing, thus further pushing down average electricity
prices and in turn the potential rate of return on investment in balancing power
sources such as combined heat and power plants, which are more likely to be pushed
out of the system.

Hence, to provide a clearer perspective on industry investment in combined heat
and power plants that could act as balancing power sources, a better knowledge of
electricity price dynamics in the long-term, and its implications on energy invest-
ments, is needed. The problem being considered in this thesis is how electricity price
dynamics can be modeled and simulated to create a representation of electricity prices
for the purpose of investment. In particular, the core issue is the economic impact
of electricity price dynamics on investment valuation of balancing power generators,
which requires long-term modeling of electricity prices. On a broader level, an in-
creased balancing capacity helps to tackle one of the main challenges which modern
energy systems face, which is to integrate fluctuating and intermittent renewable en-
ergy production. Furthermore, since many firms are unwilling to invest and re-invest
when volatility increases in combination with lower average electricity prices, a better
understanding of market variations in the long-run has the potential to help energy
producing firms increase shareholder value through an increased investment rate.
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1.3 Purpose and Research Questions
Since current levels of electricity prices, on average, have the potential to produce a
bias against investment into combined heat and power production plants as sources
of intermittent balancing production, there is a risk of such plants entering a stag-
nated state where they are neither used for base-power generation nor as a balancing
function to the system. However, a refined understanding of long-run electricity price
dynamics and the interaction of these plants as intermittent balancing producers
could challenge this scenario.

Consequently, the purpose of this study is to investigate and model the dynamics
of electricity prices in the market for electricity and assess the economic impact on
investment in balancing power generation when such dynamics are incorporated into
the investment decision. Such understanding can potentially lead to better investment
decisions with respect to combined heat and power plants, explained as a key to
future stability of electricity grids as intermittent renewable energy sources increase
(H. Lund, Werner et al., 2014), and ultimately impact policy-making with respect
to intermittent renewable energy sources and balancing power production in general.
Thus, the goal of this study is to derive a combined model to be used for assessing
the long run variations of electricity prices and their economic impact on balancing
power investments, in particular the economic impact on combined heat and power
investment in the Nordic grid. Consequently, two research questions (RQ 1 and RQ
2) in this study follow from the purpose:

• RQ 1: What explains the dynamics of electricity prices in the short- and long
run respectively, and how can these dynamics be modeled over investment ho-
rizons?

• RQ 2: How does electricity price dynamics affect the expected economic impact
on investments in electricity generation for combined heat and power plants?

1.4 Expected Contribution
We intend to show that long-term modeling of electricity prices need to incorporate
stochastic characteristics. Furthermore, we intend to introduce a general framework
for assessing the long-run variations in electricity prices and their effect on invest-
ment in balancing power as renewable energy sources increase. We do not aim for a
revolutionary predictive process of future electricity prices but, rather, a somewhat
novel framework for assessing the assumptions made in the modeling process and
their effects on investment in balancing power.

The academic contribution is foremost connected to long-term electricity price
modeling where our study builds further on the workings of Pilipovic (1997) when
it comes to modeling commodity prices, where we introduce a link function to a set
of underlying variables. In terms of simulating underlying variables, the study shows
another application of Wagner (2012) when it comes to simulating renewable energy
sources using Ornstein-Uhlenbeck processes and contributes thus with further applic-
ation of these techniques. Secondary the study confirms and develops the discourse
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regarding the role of combined heat and power plants as balancing power sources (H.
Lund and A.N. Andersen, 2005; Liu et al., 2011; Lund et al., 2013; Levihn, 2014;
Connolly and Mathiesen, 2014; H. Lund, Werner et al., 2014; Sorknæs et al., 2015;
R. Lund and Mathiesen, 2015).

The practical contribution of the study is that of long-term electricity price mod-
eling which represent the true distribution of electricity prices such that the modeled
prices can be used in investment valuation. Hence, the expected practical application
of our study relates to investment decisions regarding balancing power generators and
combined heat and power plants in particular.

1.5 Disposition
• Chapter 1 introduces the key issue in modern energy systems of ensuring healthy

investment rates in balancing power sources, which in turn help to sustain
system balance when more volatile energy sources increase.

• Chapter 2 gives a brief overview of the Nordic market for electricity and its
characteristics. The chapter can be skipped by those who know the market and
are familiar with basic concepts in energy system economics.

• Chapter 3 gives an overview of recent developments and possible future scenarios
of modern energy systems. Additionally, an overview of the current literature on
electricity price dynamics and the methods used to forecast prices over shorter-
and longer horizons is presented.

• Chapter 4 introduces the main theoretical components of the model to be used in
simulating future electricity prices and in assessing the impact of price dynamics
on the investment decision in balancing power.

• Chapter 5 presents the method used to create a future representation of electri-
city price dynamics and the subsequent assessment of the impact on investment
value of a combined heat and power plant.

• Chapter 6 describes what data that is used in the study, how it is processed
and some analysis of the data, i.e. historical patterns, price characteristics and
trends in the data.

• Chapter 7 presents the primary findings where general results are first intro-
duced.Then, the in-sample results from the deviation parameter estimation are
presented followed by simulations of underlying variables that ultimately yields
the future price representation to be used to assess investment impact. Finally,
a backtest of the framework model is presented.

• Chapter 8 discusses the results presented in Chapter 7 in relation to our initial
research questions. We also view the results in light of the literature reviewed
in Chapter 3 and discuss general implications of our results and what criticism
that could be held against the study.

• Chapter 9 concludes and suggests specific topics for further research.



Chapter 2

The Nordic Market for Electricity

This chapter gives a brief overview of the Nordic market for electricity and its charac-
teristics. The chapter can be skipped by those who know the market and are familiar
with basic concepts in energy system economics.

2.1 Nord Pool
Following the deregulation of Nordic electricity production in the early 1990’s, Sweden
and later Finland, Denmark, Estonia and Lithuania, integrated with Norwegian pro-
duction to create a common grid and a shared Nordic market platform, Nord Pool,
for trading electricity. Thus, high-voltage grids now connect the Nordic countries
so that electricity can be freely transmitted and traded throughout the region with
now over 20 countries trading in the market. The trading is done on a day-ahead
spot basis that reflects the day-ahead supply and demand situation (Brännlund et al.,
2012; NordPool, 2014). Spot prices of electricity, Elspot, are determined by bids on
the delivery of day-ahead power demand over one-hour increments, a process which
is settled at 12 p.m. the day before electricity delivery.

Furthermore, the electricity grid is characterized by technical constraints which
require that the frequency of the alternating current transmitted in the system must
be kept at 50 Hz (NordPool, 2014). This frequency is dependent on the amount of
power supplied, in relation to consumed, in the system. Overproduction is equivalent
to a frequency higher than the balance at 50 Hz. To ensure that balance remains
around the target frequency, each country in the Nordic cooperation has its own
organization, a transmission system operator, that has the responsibility to maintain
such balance1. Since the day-ahead planned supply and demand can differ from
actual production and consumption, the transmission system operator might need to
provide intra-day regulating power to ensure the right frequency in the system. This
is done by allowing an intra-day market for regulating power, where offers for either
up- or down-regulating power are given to producers and consumers of electricity.
Whenever the system is under risk of delivering more power than consumed, the
transmission system operator will pay for that consumption to be guaranteed and

1Note: The transmission system operator in Sweden is Svenska Kraftnät.
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vice versa. Indeed, due to the importance of balance in the grid, the regulating
market prices can rise quickly if large imbalances occur and are in general higher
than spot prices (NordPool, 2014).

2.2 Characteristics of Supply and Demand
The deregulation of the electricity market has spurred the development of a free mar-
ket with more actors using different energy sources to produce electricity. In Sweden,
the development of different energy sources can be viewed in Figure 2.2. Techniques
for extracting energy from the different energy sources vary heavily, thus making the
marginal cost for production to be different for the different energy sources. An ex-
ample could be a wind power plant which only relies on wind flows at low- to zero
marginal cost whereas a flexible heat power plant could rely on costly fuels such as
gas and diesel. In general, if the cheaper base-load electricity supply is depleted, the
more expensive peak-load supply will need to cover the demand, thus increasing the
price for higher demand levels which creates a merit order effect in cost of produc-
tion (Bhattacharyya, 2011; Brännlund et al., 2012). Additionally, these differences
in marginal cost of production makes the supply curve to follow a sharp step-like
pattern with potential exponential growth as demand shifts and plants with higher
marginal cost begins to supply, as illustrated in Figure 2.1.

Quantity

P
ri
c
e

SupplyDemand

Figure 2.1: An illustration of the relationship between supply and demand for electric
power. The grey area is an illustration that represent the base load power such as hydro- or
nuclear power. Electricity producers with higher marginal costs are located further up the
supply curve. The demand curve shifts as demand varies over time, which in turn leads to
higher prices. The dashed supply curve shows the effect of energy sources with low marginal
costs added to the supply stack (early in merit order). The illustration is known as the “merit
order effect”. Source: Authors modification of illustration by Brännlund et al. (2012).
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However, the possibility of having a variety of electricity sources is a relatively
recent phenomenon. Historically, hydro power has been the dominant source (and
still is) of energy in Sweden but due to technical developments, more energy sources
has become viable and Swedish production is now characterized by several different
sources, as displayed in Figure 2.2 which also includes district heating2.
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Figure 2.2: Yearly infeed (GWh) from the different energy sources in Sweden form 1974
to 2015. An increase in total energy production is notable throughout the complete time
series. The first commercial nuclear power plant in Sweden was Ågesta Nuclear Plant where
operations began in 1962 with district heating as the main focus, after that a drastic change
in nuclear power infeed can be seen between 1974 and 1987. The infeed from hydro power
has been almost constant since 1974 and wind power infeed was non-existing until 1997
from when it has followed a steady increase. The increase in wind power infeed is further
displayed in Figure 1.1 in Chapter 1. Source: Data from SCB (Statistics Sweden)

2Note: District heating is a system for delivering and distributing heat (hot water) to buildings
in a community. The heat comes from a centralized boiler which minimizes the need for having
localized boilers in single buildings, thus reducing the total cost for heating. District heating boilers
commonly use a variety of fuel types such as fossil fuel and biomass but also waste heat from
industries is used in the centralized boilers. Heat is to a great extent also generated from other
power generators such as nuclear power plants or plants specifically developed for the possibility of
producing a mixture of heat an power, hence the term combined heat and power plants. District
heating is the most common form of heating in Sweden and today more than half of all buildings and
premises and over 90% of all apartment blocks are heated by district heating (The Swedish District
Heating Association, 2016). In Stockholm, the district heating production network consists of more
than 40 plants where some are clustered in single locations.
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The different energy sources are commonly divided between renewable (e.g. hydro,
wind, solar, biomass) and non-renewable (e.g. fossil-fuels, nuclear). Following the
deregulation and through initiatives by the government to become less dependent on
non-renewable energy, a significant increase of wind power as an energy source can be
seen during the last decade, illustrated in Figure 1.1 in Chapter 1. At the same time,
average electricity prices has decreased, as illustrated in Figure 2.3, a development
that could be explained as a cause of increased wind power infeed. Figure 2.3 shows
a duration curve, which is a widely used measure within energy economics and shows
the percentage time over one year for what level the electricity price level has been
at. Hence, if electricity prices were constant over one year, the duration curve would
be a straight line. In reality however, electricity prices fluctuate which causes the
duration curve to tilt in both ends, as seen in the figure.
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Figure 2.3: The duration curve illustrates the electricity price level during one year, which
has shifted over the past years in the Nordic market. Comparing the year 2011 (black) with
year 2015 (blue), electricity spot prices are systematically lower in 2015 than during 2011.
However, we also see that the time in extreme price levels has increased. Source: Nord Pool
and authors computations.



Chapter 3

Literature Review

This chapter gives an overview of recent developments and possible future scenarios
of modern energy systems. Additionally, an overview of the current literature on
electricity price dynamics and the methods used to forecast prices over shorter- and
longer horizons is presented.

3.1 Future Energy Systems and Investments in Bal-
ancing Power

In order to assess the impact of price variations over longer horizons where investment
decisions are made, a solid knowledge of contemporary energy markets and their fu-
ture possible states is needed. Energy is constantly a present issue in the world and
The European Commission lists the following priority areas: supply security, integ-
rated energy market, energy efficiency, climate action, and research and innovation
(European Commision, 2016). The major challenges lie in the transition towards a
greater dependence on renewable energy while maintaining the security of electricity
supply (European Commision, 2016). The public debate is often ardent on theses
issues where the most recent development in Sweden regards decreasing profits for
baseload power such as hydro- and nuclear power in relation to securing future supply
of electricity (Abrahamsson and Hall, 2016; Strömdahl, 2016; Ericsson et al., 2016;
Axelsson, 2016; Baylan and Nordin, 2016).

Effects of Renewable Energy Sources

Renewable energy sources are steadily increasing; in 2013 21.6% of the world’s elec-
tricity production was generated by renewables where hydro power constituted 75.5%
of the renewable sources (European Commision, 2015). While the installed capacity
of hydro power actually shrank with 3.8% in the European region between 2008 and
2013 (World Energy Council, 2016), solar and wind power have both seen a dramatic
rise during the past decade. Between 2005 and 2013, electricity produced by solar
power in the European Union increased from 0 to 85.3 TWh (82 GW installed capa-
city) and between 1996 and 2013, electricity produced by wind power has increased

11
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from 0 to 235.0 TWh (118 GW installed capacity) (European Commision, 2015). In
Sweden, wind power installations increased by 10% in 2015 to a level of 6025 MW in
total installed capacity (Global Wind Energy Council, 2016) which can be compared
to the total installed capacity in Sweden of 39 549 MW in 2014 (Svensk Energi, 2015).
The same year, China installed approximately five times more wind power capacity
than Sweden, leaving them with a total of 145GW of installed capacity, a number
which corresponds to around one third of the world’s total installed wind power ca-
pacity (Global Wind Energy Council, 2016). Thus, China is well on its way toward
a potential wind power extraction estimated to 24.7 PWh, seven times more than its
present consumption (McElroy et al., 2009).

The increase in renewable energy sources also introduces a well documented merit
order effect. Since wind and solar power have low to zero marginal costs, an increase
in such power infeed shifts the whole supply curve to the right, ceteris paribus, and
pushes energy sources with higher marginal out of production, while the demand is
still the same. These effects have been widely documented in the literature, with
examples from Italy where, between 2005 and 2013, an increase of 1 GWh of hourly
average on a daily production basis from wind and solar power had a reduction effect
on prices averaging around 2.3 EUR/MWh and 4.2 EUR/MWh respectively (Clò et
al., 2015). Another example is from Germany where the same effect was measured
to reduce spot market prices by 6 EUR/MWh in 2010 and rising to 10 EUR/MWh
in 2012 and estimated to reach 14-16 EUR/MWh in 2016 (Cludius et al., 2014). In
Spain, wind power was in 2012 documented to decrease spot prices between 7.42- to
10.94 EUR/MWh (Azofra et al., 2014).

Furthermore, since renewable energy sources are inherently intermittent, they
increase the need for flexible production in the system. However, the willingness
to invest in flexible plants such as combined heat and power plants may not be as
obvious considering the uncertainties of future revenues when electricity prices are
increasingly volatile. This is a general issue in the electricity market, both when it
comes to traditional power generation and renewable energy sources (Ketterer, 2014).
In addition, the feasibility of combined heat and power plants is not only determined
by electricity prices but also by revenues from district heating (Sorknæs et al., 2015;
R. Lund and Mathiesen, 2015).

Expected Increased Need for Balancing Power Generation Plants
in Future Energy Systems

Viewing the development of renewable energy sources from the point of climate ac-
tion, an increase in renewable energy sources can only be seen as positive. However,
taking other areas, such as supply security and an integrated energy market into ac-
count, an increase in renewable energy sources quickly becomes more complex. The
literature is extensive on these issues and points foremost to the following different
factors affecting the development of electricity prices: (1) increased market integ-
ration increases stability, (2) increased installed capacity (mainly renewable energy
sources) lowers average prices and (3) increased amount of renewable energy sources
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increases market volatility.
Bask and Widerberg (2009) uses a quantitative approach and suggest that in-

creased stability and decreased volatility in the Nordic power market should be an
important aspect of any attempt to model electricity prices and Hellström et al. (2012)
argues for an increased ability to handle external shocks as a result of market integ-
ration in the Nordics. Ketterer (2014) brings evidence from Germany where a goal,
set in 2011, of phasing out nuclear power has brought an enormous development of
both solar- and wind power which has caused changes to the electricity system, with
the end effect of decreased electricity prices on average coupled with higher volatil-
ity. The study further suggests market regulations on intraday trading and a greater
variety of trading products to foster a more efficient integration of renewable energy
sources. In the U.S, solar power is steadily increasing where the installed solar power
capacity has increased from a level of 1.2 GW in 2008 to an estimated 20 GW in
2016 (U.S. Department of Energy, 2016), and has been documented to generate both
higher and more frequent price spikes (Milstein and Tishler, 2015).

Increased volatility as a consequence of increased renewable energy sources can be
traced to its intermittent nature and makes the balancing act of supply and demand
problematic as the intermittency brings supply shocks of electricity which the system
must be able to absorb. A need for other flexible power sources in the system is thus
evident (Puga, 2010; Liu et al., 2011; Münster et al., 2012; Lund et al., 2013; Narbel,
2014; Sorknæs et al., 2015).

Increased flexibility, or the possibility to level the capacity, can be obtained in
different ways and is heavily dependent on the energy system conditions that exists
in the market under study. Puga (2010) studies the Southwest Power Pool in the
U.S. and suggests that re-engineered old natural-gas-fired combined-cycle gas turbine
plants can deliver up to 50% faster up- and down-ramping1 times which would in-
crease the possibility to react to uncertainties. In a study on the Chinese market,
Liu et al. (2011) explores the optimum amount of wind power to be in the range of
16-35% from a technical point of view, limiting a critical excess electricity production.
In order to incorporate these levels of wind, three suggestions are made to ensure grid
stability. (1) Introducing hydro power and large combined heat and power plants, in
order to ensure grid stability (also supported by Chang et al. (2013)). (2) Alternat-
ively, large scale heat pumps combined with heat storage devices are integrated to
satisfy the district heat demand when combined heat and power plants are engaged in
securing grid stability. (3) Electric vehicles can increase electricity utilization during
off-peak hours (also supported by Dallinger et al. (2013)). In a study on the Danish
market, Münster et al. (2012) finds that expansions of district heating systems to a
level of about 56% of heat consumption would add flexibility by making use of heat
from existing power sources and the possibility of adjusting between power and heat
production. Expansions primary in areas where large scale heat pumps and electric
heaters are combined with increased heat storage. Wind power in combination with
combined heat and power plants that are used for balance has successfully been doc-

1Note: Ramping is the start up for a generator to start, thus fast up- and down-ramping is a
measure of flexibility in generators.
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umented, where the motivation of their use is also based on supplementary income
from district heating (H. Lund and A.N. Andersen, 2005; Liu et al., 2011; Lund
et al., 2013; Levihn, 2014; Connolly and Mathiesen, 2014; H. Lund, Werner et al.,
2014; Sorknæs et al., 2015; R. Lund and Mathiesen, 2015). Finally, nuclear power is
suggested as a possible hedge strategy to combat volatility (Mari, 2014).

Clearly, literature suggests that contemporary energy systems are currently under
rapid transformation where the role of incumbent energy sources, e.g. hydro power,
combined heat and power and other traditional baseload power, need to be redefined
as a consequence of an increased amount of installed renewable energy sources. These
changes causes uncertainties in the investment climate as well, unfolding ambiguity
of the future of the energy system. This issue implies a need for increased long-term
knowledge of the variations in electricity prices so that investment in balancing power
generation plants is alleviated, an area relatively unexplored in the literature.

3.2 Electricity Price Modeling
Apart from the need to value power investments, the deregulation of markets has in-
creased the importance of modeling and forecasting prices as a strategy for electricity
producers (Amjady and Daraeepour, 2009). This often proves to be problematic due
to the non-stationary, non-linear and time-varying volatility structure that electricity
prices exhibit (Lisi and Nan, 2014). In addition, as the uncertainties of power systems
are increasingly surfaced in the literature, the field has realized the need for model-
ing such uncertainty (Aien et al., 2016). Other than estimation error, uncertainties
present themselves as unexpected variations in transmission capacity, power genera-
tion availability, load requirements, unplanned outages, market rules, fuel prices, and
weather disruptions to name a few. In the short-term, uncertainties in the energy
system and, especially, sudden unexpected shifts in such variables can in turn cause
severe jumps in electricity prices (Hellström et al., 2012). Due to the presence of
strong uncertainties arising in energy systems and in electricity pricing, a first con-
cern when reviewing modeling techniques as input to investment valuation is whether
electricity prices are predictable at all.

The Predictability of Electricity Prices

While sudden jumps in electricity prices might be difficult to predict, both short-
and long-term, many attempts to forecast prices have enlightened the discourse over
the past decade. Usually, the short-term behavior over one hour to one month is
fairly predictable, where the strong anti-persistent properties of spot prices combined
with seasonality suggest that the dynamics of the market can be predicted (Uritskaya
and Uritsky, 2015). Indeed, due to the possible gains that benefit electricity pro-
ducers when better predictions are achieved, there is a wide interest in shiort-term
electricity price forecasting throughout the literature. An interesting aspect found
in the discourse is that a multivariate context through the use of computer intens-
ive methods such as Monte Carlo methods is often seen in energy systems modeling
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(Aien et al., 2016), whereas electricity price modeling is mostly limited to the uni-
variate and autoregressive context. Here, time series models are very common. In
other words, energy systems are more often treated as a dynamic system, whereas
electricity prices, while they are determined by the dynamics of such a system, are
more commonly treated as independent stochastic processes exhibiting predictable
characteristics.

Recognized Characteristics

As in many other commodity markets, electricity prices are determined by the supply
of producers and demand from consumers. However, due to the non-storability of
electricity, prices behave rather differently than in other markets. In the literature,
the characteristics of electricity prices are often summarized as 1) mean-reversion, 2)
high price volatility and spikes, and 3) seasonal behavior (Escribano et al., 2011; Goto
and Karolyi, 2004; Simonsen, 2005; Gross et al., 2013). Usually, these characteristics
can be derived from the complex interplay between supply and demand in the market
for electricity.

First, mean-reversion of electricity prices can primarily be attributed to the long-
term marginal cost of production for power producers. Although producers cannot
directly pass on costs to consumers (Weron, Simonsen et al., 2004), the marginal
cost of power generation is consistently explained as the marginal driver of electricity
prices (Gross et al., 2013). Since producers are unwilling to produce power for prices
lower than their marginal cost and since demand is inelastic, the long-term price of
electricity can, then, be explained theoretically as the equilibrium price determined
by the long-term marginal cost of production (Gross et al., 2013). However, the real
long-term effects are inconclusive. While demand might be inelastic in the short-term,
the mid- to long-term price sensitivity might be higher than expected, as discussed by
Spees and Lave (2007). The authors show, contrary to expectations, that customers
respond to higher prices if they believe they will continue, and respond by higher in-
vestment in efficiency measures to reduce power consumption. This could potentially
affect the widely recognized mean-reverting behavior, but such effects have not yet
been fully documented in the literature.

Second, high price volatility and large price spikes are common in electricity mar-
kets (Weron, Simonsen et al., 2004; Alvarado and Rajaraman, 2000; Escribano et al.,
2011). Prices in the electricity market is dependent on many underlying factors that
affect supply and demand. Temperature, macroeconomic factors, business activity,
transmission network availability, wind, sunshine, and rainfall are all variables that
explain variations in the supply-demand equilibrium and thus electricity prices (Gross
et al., 2013). However, these underlying drivers often show stochastic behavior that
is hard to predict. Thus, the electricity market can often see sharp spikes in prices,
primarily explained as a first-hand effect of the non-storability of electricity combined
with the low elasticity of demand, and the system response to unexpected variations
in the underlying variables (Goto and Karolyi, 2004). Moreover, price spikes have
been found to be most likely to occur at higher demand levels whereas a relatively
lower price sensitivity at low demand levels is present (Weron, Simonsen et al., 2004).
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Third, due to the dependency on underlying factors, electricity prices are com-
monly treated as having seasonal components. Short-term time-dependent seasonal-
ity, such as intraday- and weekly patterns can be attributed to cyclicality of demand,
such as individuals demanding more heat power during the morning hours or the
lack of demand during weekends for firms (Escribano et al., 2011). The seasonality
is often described as an effect of inelastic demand, where the daily patterns present
themselves as peak-hour behavior during the first 7 hours of the day, when business
activity is the highest, and off-peak hours during the last 4 hours of the day when
business operations usually have down-time (Gross et al., 2013). Weekly patterns
merely reflect the working- vs. week-end days, where lower prices are seen during
week-ends (Gross et al., 2013). Furthermore, long-term patterns can be derived from
the seasonality of underlying factors such as temperature, hydrological measures, rain-
fall, and sun patterns, which all show seasonal behavior. Thus, seasonality of factors,
both determining supply and demand, also affects the seasonality in electricity prices,
as commonly discussed in the literature.

All the aforementioned characteristics suggest a basis for electricity price modeling
which effectively should take these pronounced characteristics as inputs for future
prediction. The next two sections review the success in past attempts to predict
prices over shorter- and longer terms.

Short-term Models

Many short-term models can be derived from the broader time series literature often
used for modeling financial- and economic phenomena. In such cases, autoregress-
ive models as well as models accounting for conditional heteroskedasticity are often
used where model performance is commonly measured by Mean Absolute Percentage
Errors (MAPE)2. Some of these include Autoregressive Integrated Moving Average
(ARIMA) (Zareipour et al., 2006; Garcıa-Martos et al., 2007; Conejo, Contreras et al.,
2005), Generalized Autoregressive Conditional Heteroskedasticity (GARCH) (Garcia
et al., 2005; Ketterer, 2014), Dynamic Regressions (DR) and Transfer Functions (TF)
(Zareipour et al., 2006; Garcıa-Martos et al., 2007). These models often perform well
on a short-term basis, where univariate ARIMA and Wavelet ARIMA models have
shown some of the best out-of-sample weekly MAPE at 9.96- and 8.11 percent re-
spectively (Conejo, Plazas et al., 2005). However, results vary heavily across markets
and periods under study, as can be seen in the overview in Table 3.1. Additionally,
introducing exogenous variables such as load usually improves models (Weron and
Misiorek, 2008). Here, models with wind and load as exogenous variables have been
reported to produce MAPE:s around 5 percent out-of-sample in the Nordic market
(Kristiansen, 2012). Similarly, regressions using inflow and reservoir levels have re-
ported good improvement too, where MAPE:s of 5 to 8 percent have been reported
(Kristiansen, 2014). Due to the vast amount of research done in the area on short-term

2Note: Mean Absolute Percentage Error (MAPE) is defined as the absolute value of the difference
between forecasted- and true price divided by the true price in a period. Hence, it is a percentage;
it is the “error” of prediction. The MAPE is, then, the average percentage error over all forecasted
values over a period.
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models, we provide the reader with a brief overview of some of the best performing
models along with short explanations. This is found in Table 3.1.

Authors Model Market Period Explanatory MAPE / Result
Garcıa-Martos
et al. (2011)

Seasonal Dynamic Factor
Analysis with Homoskedastic
Disturbances SeaDFA,
GARCH-SeaDFA [M, S]

Spain 1998-2008 Price- and volatility
lags

Day-ahead weekly
MAPE, 6.65%.
Year-ahead MAPE,
16.15%

Amjady and
Daraeepour
(2009)

Iterative neural network [M, S] New York,
Spain

2002 Price lags, load 4.95%, weekly MAPE

Conejo, Plazas
et al. (2005)

ARIMA, Wavelet ARIMA [U, S] Spain 2002 Price lags ARIMA: Weekly
MAPE avg. 9.96%.
Wavelet ARIMA:
Weekly MAPE 8.11%

Garcia et al.
(2005)

GARCH, ARIMA [U, S] California,
Spain

Jan 2000 - Dec
2000 / Sep 1999
- Nov 2000

Price lags,
GARCH-vol

GARCH: 9.82/9.55,
ARIMA: 11.88/10.79

Higgs and
Worthington
(2008)

Basic stochastic, mean-reverting,
Markov Chain regime-switching
[U, S]

Australia Jan 1999 - Dec
2004

Dummy for seasonal
patterns (daily,
monthly), price lags

RMSE: 0.57 / 0.54 /
0.42

Kristiansen
(2012)

Autoregressive [M, S] Nord Pool 2007-2011 Price lags, wind, load,
dummies

In-sample MAPE:
8-11%. Out-of-sample
MAPE: 5%.

Kristiansen
(2014)

Autoregressive [M, S] Nord Pool 1999-2011 Price lag, inflow,
hydro reservoir level

5-8%

Dev and Martin
(2014)

Neural Networks, Extreme Value
distributions [U, S]

Australia 1998-2013 Price lags 10-20% week-ahead
MAPE.

Ziel et al. (2015) Periodic VAR-TARCH [M, S] European Power
Exchange

Sep 2010 - May
2014

Lags, wind, solar,
load, dummy
variables

MAE of 3.2 to 7.19
for 1h to 672 h fwd.

Conejo,
Contreras et al.
(2005)

Dynamic regression, transfer
function, ARIMA, neural
networks, wavelets [U, S]

US (PJM) 2002 Lags MAE of around 10%
for best model on 24
h fwd

Garcıa-Martos
et al. (2007)

ARIMA [U, S] Spain 1998-2003 Lags 5-18% daily.

Zareipour et al.
(2006)

ARIMA, Dynamic Regression,
Transfer Function [U, S]

US 2004 Lags 16-17% for ARIMA,
TF and DR

Garcıa-Martos
et al. (2013)

ARMA, VARMA, Multivariate
GARCH [U, M, S]

Spain Mar 2009 - Dec
2010

Fuels, Co2, Electricity
prices. Joint model.

MAPE 1-15d ahead:
7.3% (U), 8.7% (MU)

Nowotarski
et al. (2013)

Review of methods: sinusoidal,
wavelets [U, L]

Nord Pool,
Australia,
Europe, US

Jan 2000 - Nov
2008

Range of models Best MAPE 1-7 days
ahead: 16.43%;
275-365 days ahead:
33.70%.

Note: U = Univariate, M = Multivariate, S = Short term, L = Long term

Table 3.1: Overview of some of the best performing models, in terms of Mean Absolute
Percentage Error (MAPE) and Root Mean Squared Error (RMSE), found in the literature on
short-term electricity price modeling. In general, models use lagged prices as independent
variables (autoregressions) which tend to perform well on daily- to weekly horizons and
where MAPE:s below 10 % can be considered “very good”. There is an insufficient amount
of studies on long-term performance to draw any conclusions.
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Long-term Models

While electricity price models for the short-term are relatively well documented, mod-
els for longer horizons are not as frequently discussed. This could be attributed to the
inherent difficulty in forecasting over longer terms (Garcıa-Martos et al., 2011). How-
ever, some patterns that can be observed in the short run could also be extrapolated
to longer terms, where the most plausible trait is seasonality. Strozzi et al. (2008)
analyzed Nordic spot price data using quantified Recurrence Plots, which suggests
that there is evidence of enough structure in electricity price data so that seasonal
components can be discerned, as Uritskaya and Uritsky (2015) also concludes. This
can be, as earlier discussed, attributed to the seasonal fluctuations in demand as well
as predictable seasonal variations in supply of foremost renewable energy. Further,
such behavior has been modeled on annual scales through sinusoidal fits, wavelets or
piecewise constant functions (Weron, Simonsen et al., 2004).

Indeed, long-term seasonal behavior have been studied where seasonal dummy
variables, fitted sine curves, and wavelets have been applied to both raw- and filtered
electricity prices on a range of international markets, the Nordics included (No-
wotarski et al., 2013). Best-performing univariate models on an intermediate horizon
(one month to one year) are wavelet-based with an exponential decay to the median
price level (Nowotarski et al., 2013). In terms of MAPE, linear decay models tend to
yield better results, where 30.04 percent have been reported (Nowotarski et al., 2013).
It should be noted, however, that these results were obtained through replacing price
spikes with the mean of deseasonalized prices.

Furthermore, Lisi and Nan (2014) argue that since procedures are applied dif-
ferently and in non-homogeneous contexts with respect to data, a fair comparison is
hard to achieve. In particular, the industry has not found a standard model of electri-
city prices more than the recognized fact that prices have a deterministic component
along with a part exhibiting stochastic behavior (Nowotarski et al., 2013). However,
Lisi and Nan (2014) analyzed the performance of several models, mostly nonpara-
metric, that are commonly used in the literature to estimate the long-term periodic
component of electricity prices. The results indicate that the techniques based on
smoothing splines and trimmed means are competitive models, in addition to the
Hodrick-Prescott filter and local linear regression. As a general remark, Lisi and Nan
(2014) support that low-degree (below an order of 4) polynomial- or linear regression
is unsuitable for estimation of periodic components for longer horizons, in line with
the results from Weron and Misiorek (2008) which, albeit short-term, showed that
semiparametric models generally lead to better point forecasts than other models.

Simulation of Electricity Infeed Sources

An occurring theme in the literature is simulation of underlying variables which sub-
sequently can be used when modeling electricity prices.

Demand, also referred to as electricity load or consumption in the literature,
present a variety of modeling techniques in the discourse, ranging from statistical
approaches such as regression (Almeshaiei and Soltan, 2011; Weron, 2007; F.M. An-
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dersen et al., 2013) to artificial intelligence based techniques like neural networks
(Ertugrul, 2016; Rana and Koprinska, 2015; Al-Saba and El-Amin, 1999) or fuzzy lo-
gics approaches (Torrini et al., 2016). The range of applications is also diverse which
explains the variations in modeling techniques and as Almeshaiei and Soltan (2011)
stresses, a model ideal for one market may perform poorly elsewhere and hence the
need for modeling techniques that are adapted for each application. The diversity of
applications is further striking where “long-term” can mean anything from 72 hour
forecasts, e.g. Barbounis et al. (2006) who predicts wind speed using neural networks,
to 30 years as in the case for Al-Saba and El-Amin (1999) who compares artificial
neural network models with time series models when forecasting demand. In the case
of Al-Saba and El-Amin (1999), the artificial neural networks model proves superior
but the forecast is however only yearly. Yearly forecast is the case for most methods
when it comes to long term forecasting where many are based on social and economical
factors such as population growth and GDP (Torrini et al., 2016) or electricity con-
sumption intensity (Suhono and Sarjiya, 2015). When it comes to using hourly data,
F.M. Andersen et al. (2013) forecasted demand load in Denmark by creating a mean
profile using weighted aggregated data such as areas, workdays and non-workdays,
and seasonal variations in industries. The results are used for discussing minimum
and maximum loads, however no extreme value behavior is captured as mentioned by
F.M. Andersen et al. (2013).

In Sweden, electricity demand is highly seasonal, likewise with temperature which
is an advantage when it comes to modeling. Some variables are however of a more
stochastic nature such as wind power infeed which depends on the amount of wind.
Wind speed has successfully been modeled as a Weibull distribution by Carta et al.
(2009) among others. However, the conversion rate between wind speed and power
generation is not linear and should thus be accounted for in any modeling situation
(Wagner, 2012). Further, Wagner (2012) models residual demand3 as a function of
infeed from wind and solar power, which both are modeled as Ornstein-Uhlenbeck
processes with the advantage of mean reversion and noise. Total system load is also
modeled by an Ornstein-Uhlenbeck process with a sine-function modeling the seasonal
mean in the process (Wagner, 2012). Fianlly, it can be concluded that modeling and
simulating demand and electricity infeed sources requires considerations so that the
outcome matches the need in the market under study.

3.3 Power Generation Investments
Several approaches for valuing power generation exists, where flexible power genera-
tion plants such as combined heat and power plants individually show potential for
valuation by the real option of flexible production with respect to heat and power. In
addition, real options theory has been identified as a means to enhance the value of
power generation and renewable energy projects which act under great uncertainty
(Ceseña et al., 2013). A real option is defined as the right without obligation to post-

3Note: Wagner (2012) uses the relation Residual demand = Total demand − Infeed from
renewables
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pone, abandon or modify a project due to project uncertainty (Dixit and Pindyck,
1994). It relates to the financial option, such as the European call, which allows the
holder the right without obligation to purchase an underlying asset at a predeter-
mined price in the future (Hull, 2006). Thus, the application of existing financial
options theory is a viable approach to derive value of real options and power gener-
ation projects, where methods using partial differential equations, trees, and Monte
Carlo simulations are commonly employed techniques (Ceseña et al., 2013).

To properly model the value of investment in power generation, the underlying
price process as well as the operational constraint and/or the underlying input fuels
used for generating power need to be modeled (Hlouskova et al., 2003). In fact,
power generation units derive profit from the so called spark spread, simply defined
as the difference between the price of electricity and the cost of the fuel used to
generate a unit of electricity (Routledge et al., 2001). It reflects the optionality in
the decision to produce electricity when revenue exceed marginal cost, such as fuel,
for the producer (Routledge et al., 2001). Furthermore, the spark spread is the main
cross-commodity transaction in electricity markets4 (Deng et al., 1999). Hence, there
is rationale behind valuing power assets using their ability to choose what and when
to produce power (Deng et al., 1999). Finally, a key take-away from this approach is
the importance of the assumptions behind the underlying price processes of electricity
and fuels, which are commonly modeled using mean-reverting processes such as the
Ornstein-Uhlenbeck (Deng et al., 1999), or models such as the Pilipovic (1997) model.

3.4 Summary of Literary Review
Energy systems around the world undergo heavy transformations as a cause of tech-
nical developments and increased awareness of climate changes. Increased dependency
on renewable energy sources poses challenges for energy systems as the electricity pro-
duction from renewable energy sources is much more stochastic, e.g. wind speeds vary
a lot. This makes the balancing act of supply and demand of electricity much more
problematic. One way of decreasing imbalances is to use flexible power generators,
such as combined heat and power plants, that can adjust their production rates much
more freely. Furthermore, an increased amount of renewable energy sources also
has the impact of lower and more volatile electricity prices. This makes the invest-
ment climate in energy production difficult and increases the need to understand and
model the dynamics of electricity prices. Electricity prices have been modeled in a
variety of ways where the focus primary has been on short term modeling techniques
based. Less research has been done on modeling electricity pries for longer periods of
time. Collectively, the documented characteristics of electricity prices suggests that
a valuation framework need to incorporate prices that exhibit strong mean revert-
ing behavior, spikes and seasonality, and should be based on the ability of balancing
power generation assets to choose when, and what type of power, to produce.

4For example, the European spark spread call option on fuel G at a fixed strike KH (the heat
rate) gives the holder of the option the right but not the obligation to receive one unit of electricity
at the price of KHG at a future time T (Deng et al., 1999). Similarly, put options are issued.



Chapter 4

Theoretical Framework

In this chapter we introduce the main theoretical components of the model to be used
in simulating future electricity prices and in assessing the impact of price dynamics
on the investment decision in balancing power.

4.1 Overview of the Theoretical Framework
The theoretical framework is drawn on the rationale and modeling assumptions of Pili-
povic (1997) and (Wagner, 2012). However, an extended assumption is made such
that the electricity price process is dependent on underlying factors in a direct func-
tional form. This assumption is primarily motivated by the fundamental relationship
between the electricity price, the supply stack configuration, and demand for elec-
tricity. Furthermore, the components of the framework are based on the recognized
characteristics of electricity prices, summarized in Chapter 3 as 1) mean-reversion, 2)
high volatility and spikes, and 3) seasonality. Literature suggests that these charac-
teristics are grounded in the fundamental relationship between price, demand and the
configuration of the supply stack. Consequently, the relationship with the underly-
ing factors is preserved, where these are modeled individually as stochastic processes
and estimated as such. Note that the full specification of the empirical framework is
presented in Chapter 5.2 whereas the theory behind the framework is stated here.

4.2 The Pilipovic Model
The Pilipovic model1 (Pilipovic, 1997) is a well established model in commodity
markets where short-term deviations are explicitly modeled as deviations from the
long-run mean of the price process (Paraschiv, 2013). The model addresses some
of the key issues that one-factor models do not, albeit multi-factor models such as
Pilipovic (1997) do not lead to closed-form option prices (Hikspoors and Jaimungal,
2007).

1Note: For a derivation of the model and solution to the SDE in (4.1) with constant mean µ,
see the Appendix, Section 11.7.
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The specification follows for the spot price Xt where the incremental change dXt is
modeled as

dXt = γ(Lt −Xt)dt+ σXtdB
(1)
t , (4.1)

where γ is the short-run mean-reversion parameter, σ the volatility of the price
process in percent, and B(i)

t ∈ R are independent Wiener processes such that B(i)
t ∼

N(0, t) and dB
(i)
t ∼ N(0, dt). γ and σ are real constants. The equation for the

long-run mean Lt is

dLt = µLLtdt+ σLLtdB
(2)
t (4.2)

where µL and σL is the mean and volatility of the long-run mean which both are
constants. The long-term mean Lt is a Geometric Brownian Motion with closed-form
solution2 (Oksendal, 2013)

Lt = L0e
(µL− 1

2
σ2
L)t+σLB

(2)
t (4.4)

where L0 is the initial value of the long-term mean. The Pilipovic (1997) model
is commonly employed in commodity markets, including electricity price modeling
(Paraschiv, 2013). The core strength of the model is the ability to separately model
the short-run deviations from the long-term mean, which Pilipovic (1997) introduced
in a two-factor framework as expressed above in (4.1) and (4.2). There are other ex-
tensions such as the three-factor approach as introduced by Hikspoors and Jaimungal
(2007) which includes a jump component in addition to drift of the long-term mean
and short-term volatility. While these models tend to explain the characteristics of
electricity prices well in terms of distribution, which is the primary concern for de-
termining option value, they are unable to predict prices with respect to changing
dynamics of the supply stack.

Due to the inability of the Pilipovic (1997) model to exhibit the fundamental re-
lationship with the supply stack, we propose a key modification in how the mean is

2Proof: If we re-write Equation (4.2) as dLt/Lt = µLdt+ σLdB
(2)
t we have that∫ t

0

dLt
Lt

= µLt+ σLB
(2)
t (4.3)

where B(2)
0 = 0 (Oksendal, 2013). Then, in order to evaluate the integral on the left hand side in

(4.3) we apply the Itô formula on the function g(t, x) = log(x), x > 0. This yields

d(log(Lt)) =
1

Lt
· dLt +

1

2
(− 1

L2
t

)(dLt)
2 =

dLt
Lt
− 1

2
σ2
Ldt

where we used that dB(2)
t · dB

(2)
t = dt such that (dLt)

2 = σ2
Ldt. Thus,

dLt
Lt

= d(log(Lt)) +
1

2
σ2
Ldt.

Then, we conclude by (4.3) that log(Lt/L0) = (µL − σ2
L/2)t+ σLB

(2)
t . Equivalently,

Lt = L0e
(µL−

σ2L
2 )t+σLB

(2)
t .
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modeled. Instead of a constant mean, we add a short-term time-varying deviation
parameter as a multiplier on the long-term mean. This adds the fundamental rela-
tionship to the supply stack, which is identified as a key assumption in long-term
modeling in the literature. The assumption made is that

dXt = (θtLt −Xt)dt+ σXtdB
(1)
t , (4.5)

where θt is modeled as a function of the set of underlying factors S(1)
t , ..., S

(n)
t such

that θt = θ(S
(1)
t , ..., S

(n)
t ). This functional link to the supply stack can, for example,

be estimated using Ordinary Least Squares (OLS). The estimation procedures which
will be considered are detailed in the next section.

4.3 Estimation and Regression Analysis

General Linear Model

Linear regression is a widely used tool in statistics for exploring correlations between
variables. In the Classical Linear Regression the following five basic assumptions are
made (Kennedy, 2008; Stock et al., 2007):

1. The dependent variable, Y , can be formulated as a linear combination of one or
more (multiple linear regression) independent variables X, plus an error term ε
such that

Y = Xβ + ε (4.6)

where X is an n× (k + 1) matrix and β is a (k + 1)× 1 vector and ε is a n× 1
vector.

Violations of this assumption include wrong regressors, i.e. using non relevant
independent variables, nonlinearity i.e. nonlinear relationships between depend-
ent and independent variables or changing parameters i.e. if β-parameters are
non-constant throughout the data collection period.

Nonlinearity is a common issue where relationships between dependent and
independent variables for example can be exponential. Remedies for this is
commonly to use transformations of either the dependent variable or some or
all of the independent variables, such as log-transformations.

2. The expected value of the error term is zero, E[ε] = 0. Hence, on average, the
model predicts values, Ȳ , that are correct but that the predicted values fall
equally above and below the true values of the dependent variable, Y .

Violation of this assumption renders the Ordinary Least Squares (OLS) estimate
(explained below) of the intercept to be biased.3

3Note: For an unbiased estimator, the difference, between the estimators expected value and
the true value of the parameter being estimated, is zero.
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3. The error terms are uncorrelated and have uniform variance, E[εεT ] = σ2I.

Violations of this assumption are either heteroskedasticity, i.e. the variance of
the error terms are not constant, or autocorrelated errors, i.e. if the error terms
are correlated. This in turn has the effect that the standard errors are unreliable
in their use for inference (Stock et al., 2007), something which can be tackled
by Newey and West (1986), see Section 4.3.

4. The independent variables are assumed to be fixed when performing repeated
sampling. In other words, the assumption is that the dependent variable and
the independent variables are independent and identically distributed random
variables.

Violations of this assumption are commonly error in variables, i.e. errors in
measurements of the independent variables, autoregression, i.e. lag in depend-
ent variables such that the independent variables does not match the right
dependent variable, or simultaneous equation estimation, i.e. if the depend-
ent variable in itself is determined by interactions from several relationships
simultaneously.

5. The number of observations are more than the number of independent variables
and the independent variables does not show any exact linear relationships.

Violations of this assumption are often related to multicollinearity i.e. when
some of the independent variables are linearly related. Multicollinearity is com-
monly divided between perfect- and imperfect multicollinearity where imperfect
multicollinearity refers to cases of high correlation between independent vari-
ables. Perfect multicollinearity renders the OLS estimation impossible but is
seldom a problem. Imperfect multicollinearity however is more frequent in ap-
plication but does not pose any problem for the OLS estimation. However,
imperfect multicollinearity has the effect of making the estimation of at least
one of the independent variable coefficients imprecise, i.e. estimated with large
variance (Stock et al., 2007) such that hypothesis testing for individual re-
gressors is not as feasible. Multicollinearity does not effect the R2 measure and
when the final regression model is used for prediction rather than parameter in-
terpretation multicollinearity is not as big a concern (Kennedy, 2008). Further,
Kennedy (2008) presents the rule of thumb; “Don’t worry about multicollinear-
ity if the t statistics are all greater than 2”. Where the t statistic is calculated
as

t =
β̂

SE(β̂)
, (4.7)

where SE(β̂) is the standard error of the coefficients β̂, which under the null
hypothesis that the covariates are not explanatory, i.e. that βi = 0, is compared
with the t distribution. For a confidence level of 95%, the null hypothesis is
rejected for t values > 1.96 or < −1.96, for large samples.
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Further, the regression coefficients, β, are typically estimated through the Ordin-
ary Least Squares, OLS, method, such that the sum of the squares, ε̂T ε̂ = |ε̂|2, of the
residuals, ε̂ = Y −Xβ̂ are minimized. The OLS estimate of β is4

β̂ = (XTX)−1XTY (4.8)

and drawing from equation (4.6), the final model becomes

Ŷ = Xβ̂. (4.9)

Newey-West HAC Standard Errors

If the error term ε in a regression model is autocorrelated we have that the regular OLS
standard errors are unreliable in their use for inference (Stock et al., 2007). To address
potential issues of heteroskedasticity and autocorrelation in the residuals obtained
from regression, Newey and West (1986) proposed a post-estimation correction of
the standard errors of OLS-obtained coefficients which yields a heteroskedasticity-
and autocorrelation consistent (HAC) estimate of the variance of β̂i. This method
is beneficial as it does not require a change in modeling or any transformation of
data, which could affect the fundamental relationship between the dependent and the
independent variables. In the case of a single regressor, i.e. consider Yt = β0+β1X

(1)
t +

εt, the Newey and West (1986) HAC standard errors are obtained by multiplying the
variance of OLS-obtained coefficient β̂1 with a weighted correction f̂

σ̂NW (β̂1) =
√
σ̂2
β̂1
· f̂ , f̂ = 1 + 2

M∑
i=1

(
M − i
M

)
ρ̂i (4.10)

where ρ̂i is the i:th sample autocorrelation5 of vt = (X
(1)
t −µ1)εt, µ1 is the mean of

the independent variable, εt the error terms from the OLS regression, T the number of
data points such that t ∈ (1, 2, ..., T ), andM a truncation parameter. The truncation
parameter needs to be selected, where Stock et al. (2007) suggests M = 0.75T 1/3

rounded to an integer as a default choice.
4Proof: The OLS estimate of β is derived by minimizing the sum of squared errors,

∑
ε̂2i in the

equation ε̂ = Y −Xβ̂ such that

ε̂T ε̂ =(Y −Xβ̂)T (Y −Xβ̂)

=Y TY − Y T (Xβ̂)− (Xβ̂)TY + (Xβ̂)T (Xβ̂)

=Y TY − (Xβ̂)TY − (Xβ̂)TY + (Xβ̂)T (Xβ̂)

=Y TY − 2(Xβ̂)TY + (Xβ̂)T (Xβ̂)

=Y TY − 2β̂TXTY + β̂TXTXβ̂.

Then, the first order derivate is taken with respect to β̂. Setting δ
δβ̂

(ε̂T ε̂) = 0 we get δ
δβ̂

(ε̂T ε̂) =

−2XT y + 2XTXβ̂ which with simple manipulations is rewritten as β̂ = (XTX)−1XTY .
5Note: The i:th sample correlation ρ̂i is given by ρ̂i =

∑T
t=i+1 v̂tv̂t−i/

∑T
t=1 v̂t

2, where v̂t =
(Xt − µ̂X)ε̂t.
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4.4 Simulation, Stochastic Processes and the Supply
Stack

Simulation of the supply stack embarks from the residual demand framework by
Wagner (2012) where demand is simulated by sinusoidal functions, and renewable
energy infeed as a combination of sinusoidal functions and the Ornstein-Uhlenbeck
process. Below, the relevant theory tied to this framework is accounted for.

Simulating Seasonal Mean Using Sinusoidal Functions

A sinusoidal regression is used whenever the dependent variable follows a sine pattern
as is commonly the case with seasonal variables. The model deviates from the classical
linear regression model in Equation (4.6) in the following way:

Y = c+ αsin(ωT + φ) + ε (4.11)

where c is a constant, α is the amplitude of the sine wave, T is a time vector, ω
is the frequency and φ is the phase. The advantage of this model is that it can be
written as a linear combination6:

Acos(ωt− φ) = C1cos(ωt) + C2sin(ωt), A ≥ 0 (4.12)

where A =
√
C2

1 + C2
2 . Thus, the linear combination enables the possibility of

performing a classic linear regression on the transformed data. Further, the advantage
of the linear combination is also that the need for estimating the phase, φ, disappears
as the combination of sines and cosines in itself enables Yi to shift horizontally. Hence,
a sinusoidal regression to obtain a non-constant mean µt = µ(t) takes the form

µt = β0 +
n∑
i=1

αicos

(
2π

pi
t

)
+

n∑
i=1

βisin

(
2π

pi
t

)
(4.13)

where the frequency ω thus is fixed for predetermined periods, pi, so that ωi = 2π
pi

over which a sine-/cosine wave is fitted, t = (1, 2, ..., T ) is the chosen time increment
and n the number of periods to estimate sinusoidal functions over.

Simulating Factors using the Ornstein-Uhlenbeck Process

Consider a stochastic process Xt and let Bt be a Wiener process. Then, the Ornstein-
Uhlenbeck process is the solution to the following stochastic differential equation:

dXt = θ(µ−Xt)dt+ σdBt (4.14)
6Proof: Equation (4.12) is derived using cos(λ1−λ2) = cos(λ1)cos(λ2) + sin(λ1)sin(λ2) so that

Acos(ωt − φ) = Acos(φ)cos(ωt) + Asin(φ)sin(ωt) = C1cos(ωt) + C2sin(ωt) where C1 = Acos(φ)
and C2 = Asin(φ) which by the use of the trigonometric identity sin2(φ) + cos2(φ) = 1 results in
A =

√
C2

1 + C2
2 .
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where θ is the rate of mean-reversion, µ is the long-term mean of the process and σ
the constant volatility of the process. In this setting, Xt has the closed-form solution7

Xt = X0e
−θt + µ(1− e−θt) + e−θt

∫ t

0

σeθudBu. (4.15)

where X0 is the initial value. Furthermore, the parameter θ can be estimated
by OLS when the incremental time step is discretized as dt ≈ ∆t. The format for
discretizing the mean-reverting Ornstein-Uhlenbeck process is by the stationary first-
order autoregressive process (Dixit and Pindyck, 1994). In simulation and estimation,
then, the autoregression derived from the exact updating formula, valid for large ∆t,
is formed (Dixit and Pindyck, 1994; Gillespie, 1996)

Xt+∆t = (1− e−θ∆t)µ+ e−θ∆tXt + σ

√
1− e−2θ∆t

2θ
η = ϕ0 + ϕ1Xt + ε (4.16)

where η ∈ N(0, 1). Choosing ∆t = 1 gives that the mean-reversion parameter can
be estimated by fitting the parameters in the above equation such that θ̂ = −log(ϕ̂1)
is obtained. In addition, the volatility estimate σ̂ is obtained by calculating the
standard deviation, sd(·), of the error terms ε after the regression is estimated such
that

σ̂ = sd

Xt+1 − ϕ̂0 + ϕ̂1Xt√
1−e−2θ̂

2θ̂

 = sd(ε̂)

√
2θ̂

1− e−2θ̂
. (4.17)

Then, if the mean is a non-constant function of time such that µ = µ(t), as in a
seasonal specification, the autoregression is instead formed with the fitted seasonal
mean estimate µ̂(t). In other words, Xt+∆t = ϕ0µ̂(t) + ϕ1Xt + ε is formed. The
seasonal mean is estimated as in (4.13).

7Proof : If we consider the change of variable Yt = Xt − µ we have that

dYt = dXt = −θYtdt+ σdBt

whereby we introduce the integrating factor e−θt and form another change of variable Zt = Yte
θt.

Then, we obtain

dZt = θeθtYtdt+ eθtdYt = θeθtYtdt+ eθt(−θYtdt+ σdBt) = eθtσdBt.

Integrating over the interval from s to t we get

Zt = Zs + σ

∫ t

s

eθudBu.

Then, we obtain Xt by reversing the two change of variables

Xt = Yt + µ = Xse
−θ(t−s) + µ(1− e−θ(t−s)) + σe−θt

∫ t

s

eθudBu

which equals (4.15) if we set s = 0.
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4.5 Kolmogorov-Smirnov Test and the Duration Curve
The Kolmogorov-Smirnov (KS) test is a nonparametric test for determining the sim-
ilarity of univariate continuous probability distributions. The test quantifies the dis-
tance between two distributions, which can be either empirical- or theoretical cumu-
lative distribution functions. In the univariate case we start by defining the empirical
distribution of a random sample {X1, ..., Xn} with common unknown distribution
function F (x) = P (X < x). Then, the distribution can be approximated by the
fraction Fn,X(x) as

Fn,X(x) =
1

n

n∑
i=1

I{Xi ≤ x}, (4.18)

see Hult et al. (2012), where Xi are i.i.d. observations from X with a common
unknown distribution, and I{Xi ≤ x} an indicator variable that takes the value 1
if Xi ≤ x and 0 otherwise. Then, the KS statistic (Massey Jr, 1951) is defined as
the maximum absolute deviation between a theoretical- and empirical distribution,
F0,X(x) and Fn,X(x), written as

KS0,X = max |Fn,X(x)− F0,X(x)|, (4.19)

where F0,X(x) is the theoretical Cumulative Distribution function of the random
variable X: the null hypothesis (Massey Jr, 1951). F0,X(x) can be the distribution
function of a standard normal or another empirical distribution such that F0,X(x) =
Fn,Y (y) where Y is another random variable. The null hypothesis is rejected when
KS0,X is greater than a specific threshold t(α) and α is the confidence level (Massey
Jr, 1951). Furthermore, rejection can be in favor of some alternative hypothesis: 1)
two-sided such that the alternative is that the true distribution is either above or
below the hypothesized, 2) one-sided with the alternative that the true distribution is
above the hypothesized, or 3) one-sided with the alternative that the true distribution
is below the hypothesized null distribution.

Relation to Price Duration

Duration of prices over the year is a terminology commonly used in the discourse
on energy economics. Duration can be defined as the percentage time of a year a
certain level of prices tend to be, and is similar to the distribution function of a
random variable X. In fact, since yearly duration of accumulated prices is simply
the descending order of prices plotted against the accumulated percentage of a year,
it is equivalent to the cumulative distribution function (CDF) of prices. Empirically,
the probability of variable X is below a certain price level can be interpreted as the
percent of total time in which the variable is below the same price level. So cumulative
probability equals cumulative time; the duration of prices equals the CDF of prices.
This is illustrated in Figure 4.1 below.
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Figure 4.1: Illustration of relation between the Kolmogrov-Smirnov test in a cumulative
distribution function plot (left graph) and the price duration plot (right graph). The black
line represents empirical data whereas the red line displays the theoretical distribution. The
blue arrow displays the largest difference in amplitude between the theoretical distribution
and the empirical data, the KS statistic. The interpretation of the arrow is as the maximum
deviation in cumulative probability as well as the maximum difference in price duration.
Source: Authors illustration.

Since the two are equal, we can further derive that the KS test is equivalent
to testing the difference in yearly duration of accumulated price levels. Hence, two
propositions are made about the maximum deviation D, interpreted as the maximum
difference in price duration between two price series. Consider two price series where
X is the modeled values and Y the true values, then:

• Remark 1: If the CDF of X lies above that of Y , the duration curve of X lies
to the left of Y and vice versa.

• Remark 2: If D is the durational difference and KSX,Y the Kolmogorov-
Smirnov statistic, testing the null hypothesis that DX,Y = 0 is equivalent to
testing KSX,Y = 0.

This implies that the three null hypotheses for the maximum difference also can
be employed for the maximum durational difference D on the basis of the KS test.



Chapter 5

Method

This chapter presents the method used to create a future representation of electricity
price dynamics and the subsequent assessment of the impact on investment value of
a combined heat and power plant.

5.1 Overview of Method
In light of the purpose of this study, “to investigate and model the dynamics of electri-
city prices in the market for electricity and assess the economic impact on investment
in balancing power generation when such dynamics are incorporated into the invest-
ment decision”, a first step is to create a model that can be used for predicting future
electricity prices, based on future changing supply stack. Hence, this chapter proposes
a methodology for analysis along with a set-up of the final model. Hypotheses are
set-up for enhanced understanding of price dynamics using the proposed model and
regarding investment impact. Finally a description of how the model can be used in
a valuation case at a simplified combined heat and power plant in Sweden and the
effect on investment potential is presented. An overview of the method follows in
Figure 5.1.

Historic data

Model es-
timation Model

Factor es-
timation

Factor
simulation

Simulated
prices

Investment
evaluation

Figure 5.1: Overview of the method used in this study. Source: Authors illustration.
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5.2 Empirical Framework
Literature suggests that a proper long-term model needs to incorporate real short-
term characteristics of electricity prices. Time series models such as ARIMA and
GARCH are indeed viable alternatives over shorter terms, but lack explanatory power
over longer terms where broader trends such as intermittent power generation and
policy largely determine the future states of the market. Therefore, to simulate prices
realistically over longer horizons, a framework which incorporates both short-term
behavior and long-term mean reversion of electricity prices, and at the same time
fundamental relationships with the supply stack, needs to be in place. We consider
an extension of the Pilipovic (1997) model in a multi-factor framework to take a
changing supply stack into account.

Multi-factor Model of Electricity Prices

To incorporate all characteristics of electricity prices, a multi-factor discrete-time
version of the Pilipovic model (Pilipovic, 1997) with non-constant long-term mean
deviation on a functional form is applied to electricity prices. The functional form is
motivated by the fundamental relationship between electricity prices and the supply
stack, a key trait identified in long-term modeling.

The electricity prices process Pt at time t follows a modification of the general
Pilipovic (1997) form of commodity prices. A key difference is the deviation parameter
θt, which explains the deviation, as a multiplier, from the long term mean Lt. The
model of the price process is specified below, followed by all other factors.

Model 5.1 (Price process). The incremental change in the price process Pt can be
explained as a stochastic differential of the following form

dPt = (θtLt − Pt)dt+ σPtdBt (5.1)

where σ is the volatility of the price process as a percentage, Lt the long-term mean
and θt the deviation parameter.

Here, dB(i)
t are independent Wiener processes such that dB(i)

t N(0, dt). As in
Pilipovic (1997) the long-run mean can be modeled in a similar manner, but we
deviate from the model by using a linear progression of the mean.

Model 5.2 (Long term mean). The long term mean Lt is modeled as

Lt = L0e
µLt (5.2)

where µL is the long run growth of the mean. L0 is chosen as the historical average
electricity price, i.e. the estimate of E[Pt] over the estimation period.

Initially, the assumption is that µL = 0 for historical comparison. Further, θt is
estimated on a functional form on a set of underlying factors which are the supply
stack variables S(1)

t , ..., S
(n)
t , temperature level Tt, as well as the current demand level

Dt at each point in time. The components of the supply stack are given as percentages
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of total supply of the underlying infeed variables X(1)
t , ..., X

(n)
t , which can be modeled

separately (see Section 5.2 on factor modeling). The specific transformation and
explanation of data is presented in the next chapter.

Furthermore, the deviation parameter θt is the price multiplier of the long-term
average Lt at time t. The motivation is due to the fundamental relationship between
the marginal cost of power supply, demand for power, and the resulting price level. In
addition, it describes both short- and long-term deviations from the mean, depending
on the supply stack. For example, if we expect an increased level of wind infeed which
might have a negative relationship to price such that θt < 1 the model will generate
prices Pt that are, on average, lower than the long-term average Lt. The expected
price multiplier θt at time t can be formed as θt = Pt/Lt where Lt = L0 is constant
over the estimation period over which t is defined, and then fitted as a function of the
underlying factors using OLS. I.e. we fit a model such that θt = θ̂(S

(1)
t , ..., S

(n)
t , Dt, Tt)

using a least square estimate.

Model 5.3 (Deviation parameter). Two specifications of the deviation parameter θt
are considered, one regression model and one benchmark model based on the seasonal
variations as measured by a seasonal multiplier for the average hourly sH , day-of-
the-week sD, and monthly sM multipliers over the global long term average L0 in the
period they are estimated. The specifications follow

(1) θt = sPH(t)sPD(t)sPM(t)

(2) log(θt) =
n∑
i=1

βiS
(i)
t + βDDt + βTTt

(5.3)

where βi are coefficients on each of the n power supply variables S(i)
t as a percentage

of the total supply, βD the coefficient on demand, and βT the coefficient on temperature
level.

All coefficients are estimated using OLS. Note that we apply a log-transformation
on θt. This is due to the non-linear relationship between prices and supply, which
is approximated as exponentially increasing as can be seen in Figure 2.1. Since the
expected price multiplier is 1, we do not include an intercept in the regression such
that β0 = 0 (i.e. e0 = 1 should hold). The seasonal multiplier s(i)

B on a global average
E[X

(i)
t ] is defined as the expectation of a variable X(i)

t conditioned on t ∈ B, where
B is a subset of the range of definition for t, divided by the global average E[X

(i)
t ]

such that

s
(i)
B =

E[X
(i)
t |t ∈ B]

E[X
(i)
t ]

. (5.4)

E.g. B can be a subset of a time series defined as a day of the week, specific hour
of the day, or month of the year. Finally, the last component of the price model is
given by the volatility of the price process.

Model 5.4 (Volatility). The long-term level of volatility σ is measured by the average
hourly realized volatility. This is estimated by taking the average realized volatility over
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a day d where Pi is the electricity spot price at hour i of the day, and calculating the
simple average over N days

σ̂d =

√√√√ 1

24

24∑
i=1

(
Pi − Pi−1

Pi−1

)2

, σ̂ =
1

N

N∑
d=1

σ̂d. (5.5)

Although variations are explained by the deviation parameter, the volatility σ further
introduces volatility on a global level so that the long run characteristics are preserved.

Finally, since electricity price data is discrete, the model needs to be discretized
for simulation purposes. This will be done by approximating dPt with the difference
Pt+1 − Pt at each point in time t, where dt ≈ ∆t is simply approximated by the
smallest time increment price data is available (hourly for Nord Pool, hence ∆t = 1).
Thus, each period is updated using the formula Pt+1 = Pt + dPt.

Fundamental Factor Modeling

Modeling electricity prices Pt as dependent on underlying variables X(1)
t , ..., X

(n)
t re-

quires also simulations of underlying factors in the future. This is done through
the deviation parameter which becomes a function of the infeed variables such that
θt = θ(S

(1)
t , ..., S

(n)
t , Dt, Tt). The advantage of this methodology is the possibility to

observe effects of changes in the system, such as increased infeed from renewable
energy sources; the fundamental relationship between prices, supply, and demand is
preserved.

The simulations are done independently where most of the key variables are vari-
ations of the Ornstein-Uhlenbeck process where the increments dX(i)

t are discretized
as hourly changes when using the exact updating formula of the process. The “long-
term mean” µ(i) is considered as a “next-hour mean” µ(i)

t which itself is modeled by
another equation specified for each underlying variable as a function of time. This
technique is similar to the residual demand framework introduced by Wagner (2012).
In this application, µ(i)

t is estimated before the whole Ornstein-Uhlenbeck equation
is estimated. An overview of the simulation techniques of the underlying factors is
displayed in Table 5.1.

Variable Mean modeling Noise modeling
Demand Sinusoidal regression Ornstein-Uhlenbeck process
Temperature Sinusoidal regression Ornstein-Uhlenbeck process
Solar power Sinusoidal regression bounded below by 0
Nuclear power Average profile
Wind power Expected value and time dependent increase Ornstein-Uhlenbeck process
Hydro power Sinusoidal regression Ornstein-Uhlenbeck process
Heat- and other power Sinusoidal regression Ornstein-Uhlenbeck process

Table 5.1: Overview of techniques used for simulation of underlying variables. Almost all
variables are highly seasonal and are modeled using sinusoidal relations. Nuclear power is
modeled using weighted averages over different periods. Wind is modeled as an Ornstein-
Uhlenbeck process which also is used to add noise to most of the variables.
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Factor 5.1 (Demand). Demand X(1)
t is modeled using an Ornstein-Uhlenbeck process

where the mean, µ(1)
t , is modeled by a sine function using different periods representing

yearly, weekly and daily variations.

dX
(1)
t = α1(µ

(1)
t −X

(1)
t )dt+ σ1dB

(1)
t (5.6)

µ
(1)
t = β

(1)
0 +

4∑
i=1

β
(1)
i cos(2πt/pi) +

4∑
i=1

β
(1)
i sin(2πt/pi) (5.7)

where pi = {8760, 168, 24, 12}, t = (1, 2, ..., T ) where T is the length of the simulated
series and σ1 the standard deviation of historical demand. α1 is the mean-reversion
coefficient.

The variables cos(2πt/pi) etc. are all transformations of time using different periods,
hence avoiding the need of estimating the frequency, ω, in Equation (4.11). For de-
mand, the chosen periods pi represent the yearly, weekly, and daily seasonal patterns.
µ

(1)
t is estimated as in Equation (4.13).

Factor 5.2 (Temperature). Temperature X(2)
t is modeled using an Ornstein-Uhlenbeck

process where the mean, µ(2)
t is modeled by a sine function using different periods rep-

resenting yearly and daily variations.

dX
(2)
t = α2(µ

(2)
t −X

(2)
t )dt+ σ2dB

(2)
t (5.8)

µ
(2)
t = β

(2)
0 +

2∑
i=1

β
(2)
i cos(2πt/pi) +

2∑
i=1

β
(2)
i sin(2πt/pi) (5.9)

where pi = {8760, 24}, t = (1, 2, ..., T ) where T is the length of the simulated series and
σ2 the standard deviation of historical temperature levels. α2 is the mean-reversion
coefficient.

For temperature, the chosen periods pi represent the yearly and daily seasonal fluc-
tuations of temperature where daily peaks can be seen as well as higher temperature
during summer. µ(2)

t is estimated as in Equation (4.13).

Factor 5.3 (Solar power). Solar power infeed X(3)
t is modeled by a sine function using

different periods representing yearly and daily variations.

X
(3)
t = max

[
0,

(
k · t

365 · 24
+ 1

)(
β

(3)
0 +

2∑
i=1

β
(3)
i cos(2πt/pi) +

2∑
i=1

β
(3)
i sin(2πt/pi)

)]
(5.10)

where pi = {8760, 24}, t = (1, 2, ..., T ) where T is the length of the simulated series,
σ3 the standard deviation of historical solar power infeed, k is the yearly increase of
installed solar power capacity1.

1Note: E.g. k = 1 represents a 100% yearly increase in installed solar power capacity as k·t
365·24 +1

is the daily percentage increase of infeed.
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Periods pi for solar power infeed fluctuations represent the yearly and daily seasonal
patterns. µ(3)

t is estimated as in Equation (4.13).
Nuclear power infeed is assumed to follow some seasonal patterns. However, the

infeed is clearly different from other seasonal variables as it varies in a stepwise manner
and the simulation is thus required to follow the same patterns. Nuclear power
infeed is therefore simulated using a seasonal multiplier for the hourly-, daily- and
monthly average times a global average, as in the case for the profile benchmark
deviation parameter. Sudden short positive or negative spikes are not included in
this simulation. A separate analysis of spikes in nuclear power infeed follows in the
Appendix in Section 11.5 and is suggested as possible enhancement of the model.

Factor 5.4 (Nuclear power). Nuclear power infeed X
(4)
t is modeled as a seasonal

average

X
(4)
t = s

(4)
H (t)s

(4)
D (t)s

(4)
M (t)E[X(4)] (5.11)

where E[X(4)] is estimated by the average2 historical nuclear power infeed.

The seasonal multipliers s(4)
H (t), s

(4)
D (t) and s(4)

M (t) are estimated as in Equation (5.4).

Factor 5.5 (Wind power). Wind power infeed X(5)
t is modeled using an Ornstein-

Uhlenbeck process where the mean, µ(5)
t is modeled by the expected value.

dX
(5)
t = α5(µ

(5)
t −X

(5)
t )dt+ σ5dB

(5)
t (5.12)

µ
(5)
t = E[X(5)]ect (5.13)

where c is a constant representing a daily linear increase in installed wind power
capacity, obtained by yearly expected increase in wind power capacity. σ5 is the stand-
ard deviation of historical wind infeed. α5 is the mean-reversion coefficient. E[X(5)]
is estimated as the average historical infeed.

Factor 5.6 (Hydro power). Hydro power infeed X(6)
t is modeled using an Ornstein-

Uhlenbeck process where the mean, µ(6)
t , is modeled by a sine function using different

periods representing yearly, weekly and daily variations.

dX
(6)
t = α6(µ

(6)
t −X

(6)
t )dt+ σ6dB

(6)
t (5.14)

µ
(6)
t = β

(6)
0 +

4∑
i=1

β
(6)
i cos(2πt/pi) +

4∑
i=1

β
(6)
i sin(2πt/pi) (5.15)

where pi = {8760, 168, 24, 12}, t = (1, 2, ..., T ) where T is the length of the simulated
series and σ6 the standard deviation of historical hydro power infeed. α6 is the mean-
reversion coefficient.

2Note: The average is estimated by E[X(i)] ≈ 1
n

∑n
t=1X

(i)
t where n is the length of the historical

series
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The seasonal basis for hydro power infeed, the periods pi, represent the yearly, weekly,
and daily seasonal patterns. µ(6)

t is estimated as in Equation (4.13).

Factor 5.7 (Heat- and other power). Power infeed from heat-, gas- and diesel generat-
ors, X(7)

t , is modeled collectively as an Ornstein-Uhlenbeck process with non-constant
mean as

dX
(7)
t = α7(µ

(7)
t −X

(7)
t )dt+ σ7dB

(7)
t (5.16)

µ
(7)
t = β

(7)
0 +

4∑
i=1

β
(7)
i cos(2πt/pi) +

4∑
i=1

β
(7)
i sin(2πt/pi) (5.17)

where pi = {8760, 168, 24, 12}, t = (1, 2, ..., T ) where T is the length of the simulated
series and σ7 the standard deviation of historic infeed. α7 is the mean-reversion
coefficient.

The periods pi for heat and other power infeed represent the yearly, weekly, and daily
seasonal patterns that can be observed in the data. µ(7)

t is estimated as in Equation
(4.13).

Model Calibration

The model is calibrated through component-wise parameter estimation on historic
data. This involves both estimation of the deviation parameter regression coefficients
βi, on the fundamental factors as well as the factor coefficients αi and β

(i)
j individually.

Estimation of the deviation parameter θt is done by OLS (for a description, see Section
4.3). OLS is also used to fit parameters β(j)

i of the sinusoidal regressions in modeling
the mean in the Ornstein-Uhlenbeck process as well as the mean-reversion parameter
αj in the factor modeling. Each Ornstein-Uhlenbeck process is fitted separately where
the volatility is estimated as the standard deviation of the residuals from fitting the
autoregressive model Zt = ϕ1µt + ϕ2Zt−1 with the mean forced to zero since this is
assumed to be explained in the non-constant mean µt. For a detailed explanation,
see Section 4.3.

5.3 Model Validation
To evaluate our model of electricity prices, a set of measures is employed. Primarily,
the mean absolute percentage error (MAPE) will be considered as it is commonly used
as a measure in the literature on electricity price modeling. Then, the distributional
assumptions will be evaluated using the Kolmogorov-Smirnov (KS) (Massey Jr, 1951;
Robert and Casella, 2009) test which is extended to test the more industry-recognized
term: duration of prices throughout a given year.
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Mean Absolute Percentage Error

Mean Absolute Percentage Error (MAPE) and Mean Absolute Error (MAE) are two
frequently found measures of prediction accuracy in the literature on electricity price
modeling, defined as

MAE =
1

n

n∑
i=1

|Xi − X̂i|, (5.18)

MAPE =
1

n

n∑
i=1

|Xi − X̂i|
Xi

, (5.19)

where Xi are actual- and X̂i predicted values in period i. This will be used to
test if the predicted values are, on average, good enough predictors of actual values,
where MAPE levels below 10% generally are considered good (see Table 3.1).

Duration Test using the Kolmogorov-Smirnov Statistic

Recall that the Kolmogorov-Smirnov (KS) test quantifies the distance between two
distributions, which can be either empirical- or theoretical cumulative distribution
functions. Since we are interested in testing equality of one price series Y with
another set of price values X, we are interested in comparing two random samples
{X1, ..., Xn} with {Y1, ..., Yn} and their empirical distributions Fn,X(x) with Fn,Y (y)
respectively. Hence, the quantity we are interested in testing is

DX,Y = max |Fn,Y (y)− Fn,X(x)|, (5.20)

which can be interpreted as the maximum difference in duration between the two
price series. Three separate tests are considered regarding the alternative to the null
hypothesis that the two distributions are equal. If D+

X,Y and D−
X,Y is the maximum

difference above and below respectively, the null hypothesis H0 in the three tests with
the corresponding alternative hypotheses (A1, A2, A3) is formulated as

• H0: The duration of Y is equal to the duration of X, i.e. (1) DX,Y = 0, (2)
D+
X,Y = 0, (3) D−

X,Y = 0 respectively.

• A1: the duration of Y is to the right or left of X such that D+
X,Y > 0 or

D−
X,Y > 0. (Two-sided)

• A2: the duration of Y is to the left of X such that D+
X,Y > 0. (One-sided)

• A3: the duration of Y is to the right of X such that D−
X,Y > 0. (One-sided)
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5.4 Evaluating Investment Impact using the Model
In this section we present a simplified way of evaluating the flexibility of producing
electricity for a combined heat and power plant. We call this simplification a simplified
proxy evaluation. The proxy is inspired from a real case in a combined heat and
power plant in Stockholm, Sweden. The simplification is derived from the relation
Profit = Revenues− Cost. Specific assumptions for the proxy are the following3:

1. The past 24-hour average outdoor temperature in Stockholm is below zero.
2. The past 24-hour average price of electricity is above 400 SEK/MWh.
3. The plant has the capacity to produce 220 MW electric power (and 350 MW

heat power).
4. Switching between producing electricity or heat can be done instantaneously.
5. The plant has a fixed starting cost for producing electricity of 200 000 SEK.
6. The cost for producing one MWh electricity is 220 SEK4.
7. The revenue is set by the current spot price for electricity Pt.
8. An additional income of 12 SEK/MWh is gained every hour of electricity pro-

duction.

This evaluation method can also be described in terms of a spark spread, i.e. the
flexibility to produce power vs. heat where the spread is defined by the price of fuel
used in the power generation5. Following the assumptions made above, the profit vt
of a combined heat and power plant at time t is defined as

3Note: The simplified proxy case is based on a combined heat and power plant in the central
Stockholm District Heating system where the joint venture between AB Fortum Värme and Stock-
holms Stad owns 80 percent of the heat delivery market in the system. All values are and obtained
from Fortum Värme AB. In this system, super critical steam generators of the Benson type are
common and is the inspirational source for the simplified proxy. The Benson generator can operate
using flexible fuels such as oil and bio-oil which is one of the main advantages of the generator.
Another advantage is the capability to rapidly level the capacity with short start up times (6-48
hours, (Fortum, 2016)) (Lundqvist et al., 2003; Siemens, 2003; Siemens, 2001).

4Note: In this cost, the alternative cost of producing heat is considered.
5Note: The spark spread was originally coined with respect to the spread between electricity-

and natural gas prices (Routledge et al., 2001). As such, the spread reflects the potential profit of
a power generation unit in operation. In this case, real options theory can be used to capture the
value of having the option to produce. Consider a power generation unit which uses natural gas to
produce electricity. Then, define electricity spot price at time t as StE , price of natural gas as S

t
G, and

the efficiency of the plant in generating electricity from the fuel as KH , termed the heat rate. The
spark spread is then defined as St = STE −KHS

T
G. Since the spread is a constant option for a power

generation unit, it can be viewed as a real option where the producer most likely produces only
when StE > KHS

t
G. Thus, the decision to produce or not, and the value from such a decision, can

be defined in terms of a European (spark spread) call option (Deng et al., 1999) C1 with maturity T
and payoff C1(STE , S

T
G,KH) = max(STE −KHS

T
G, 0). Valuation using options theory is out of scope

for this study and is considered as a potential extension.
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vt =

Pt − 220 + 12 if
1

24

t∑
i=t−24

Ti < 0 and
1

24

t∑
i=t−24

Pi > 400

0 otherwise

(5.21)

where Ti is the outdoor temperature in hour i and Pt is the electricity spot price.
The total value, V , over a time period t = (0, ..., n), where n is the length of the
simulated series, is thus

V =

(
n∑
t=0

vt

)
− S · 200000 (5.22)

where S is the total number of starts. Further, since vt in Equation (5.22) is a
random process, a robust measure of the expected value of the flexibility, E[V ] can be
obtained by using N -numbers of repeated simulations of vt when calculating V and
taking the average. This is done by simulating N price paths P (i) = (P

(i)
1 , ..., P

(i)
t )

where i ∈ (1, ...N). Then, for each path profits v(i)
t and a realized value Vi are

obtained. Hence, estimating the expected value E[V ] of the flexibility can be done by
employing the convergence result according to the Law of Large Numbers6 (Robert
and Casella, 2009) in a Monte Carlo approach, formulated as

E[V ] =
1

N

N∑
i=1

Vi. (5.26)

Hence, using this technique, a valuation of a simplified combined heat and power
plant can be done. However, the oversimplification this method provides in relation
to the much more complex reality should be noted. In reality, a combined heat and
power plant works in a system of many different power generators, all operating at
different conditions which in turn affects the operations of the combined heat and
power plant under study. The assumption that the plant can shift between producing
electricity or heat instantaneously is of course a great simplification which in reality

6Note: The Law of Large Numbers states that if X1, X2..., Xn are independent, identically
distributed random variables with finite expectation µ. Then we can set

Sn = X1 +X2 + ...+Xn, n ≥ 1 (5.23)

and then it holds that
Sn
n

P−→ µ, as n P−→∞. (5.24)

Hence

E

[
X1 + ...+Xn

n

]
=

1

n
E[X1 + ...+Xn] =

1

n
(E[X1] + ...E[Xn]) =

1

n
nµ = µ (5.25)

and we can thus get a close approximation, µ̂, of µ by using a large amount of simulations (Gut,
2009). The Monte Carlo approach is plausible in this case since one can, by continuously counting
the average for each iteration, get a picture of the convergence towards µ.
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can vary between 6-48 hours (Fortum, 2016) depending on the current load. The
effect of this assumption may however not be as problematic as it might sound, as it,
compared with a real case, is likely to overestimate the profit in the beginning of an
electricity producing period but also is likely to underestimate the profit in the end
of an electricity producing period, both biases are caused by the time to up-start and
close the production.

5.5 Backtest Methodology
A common issue encountered when creating a model based on empirical observations
is that the model “knows” the data too well, i.e. the model will work better for the
data used to construct the model than for any other data, hence the degree of fit
of the model will not be representative (Jones, 1987). Cross-validation solves this
issue by leaving out some of the data from the model estimation. The data left
out is later used for testing the accuracy of the model by evaluating the residual
between the estimated prediction and the empirical data. Commonly, the data left
out of the model estimation should be chosen randomly. However, in time-series
data this approach is not feasible due to the seasonality in the data and instead data
from a chosen time period is left out. This procedure typically results in, as in this
study, estimating a model based on data that spans up until time t where after cross
validation is performed using data after time t.

The set-up of the backtest is done simply by dividing our sample into two parts:
the first being the estimation period and the second where the model is used to obtain
both simulated electricity prices and a subsequent estimated value of the simplified
power plant explained in Section 5.4. Since data is abundant (described in the next
chapter), we divide the sample into two parts of equal length where the first consti-
tutes the calibration part. The backesting methodology is summarized as follows, 1
and 2 refers to the two periods:

• 1a: Estimate the parameters in the deviation parameter regression using data
from sub-period 1.

• 1b: Estimate the parameters in the specifications of all underlying variables
using data from sub-period 1.

• 2a: Use the estimated parameters to simulate all underlying variables and sub-
sequently prices over the sub-period 2.

• 2b: Calculate the realized value of the flexibility over the period 2.
• 2c: Reiterate 2a-b N times and compare with prices obtained by the profile

benchmark and real price data from period 2.
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5.6 Hypotheses
To clarify the expected outcome and what we intend to test using the described
method, four hypotheses are formulated. The first two constitutes hypotheses about
the distributional fit for the modeled prices. These are stated below where the sub-
scripts m and b indicate modeled and benchmark prices respectively. Subscript h
indicate historical prices.

• Hypothesis 1 (H1): The empirical distribution of the modeled prices Fn,m(y)
equals the historical empirical distribution of prices Fn,h(x); H1

0 : Dm,h = 0.
• Hypothesis 2 (H2): The selected model has a duration curve between the

historical price duration and that modeled by a seasonal mean; H2
0 : (D+

m,h =

0) ∩ (D+
b,m = 0).

The test of H1 is constructed such that Dm,h, D
+
m,h, D

−
m,h are formed so that the

alternatives A1, A2, A3 also can be applied. This way, we will gain information about
whether the modeled duration is to the right or left of actual price duration. The
test of H2 is constructed such that H2

0 is rejected if we both reject the null hypothesis
that the maximum duration difference to the left between modeled- and real prices
is zero (i.e. D+

m,h = 0 is rejected for the alternative D+
m,h > 0) and reject the null

hypothesis that the maximum duration difference to the right between modeled- and
benchmark prices is zero (i.e. D+

b,m = 0 is rejected for the alternative D+
b,m > 0).

Furthermore, two hypotheses regarding the expected economic impact of using
the model are formed.

• Hypothesis 3 (H3): The expected yearly economic value is the same when
using modeled- and historical prices respectively. H3

0 : E[V m
year] = E[V h

year]

• Hypothesis 4 (H4): The model yields the same percentage of yearly running
hours, Tyear, as historical prices. H4

0 : E[Tmyear] = E[T hyear]

Since the expectations in Hypothesis 3 and 4 are approximated by the average in a
large number of simulations under the assumption that both the obtained expected
yearly economic value and the percentage running hours have normal distributions,
these two hypotheses can be tested using standard two-sided t-tests.
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Data

In this chapter, we describe what data that is used in the study, how it is processed
and some analysis of the data, i.e. historical patterns, price characteristics and trends
in the data.

6.1 Data and Pre-processing
The data sources for this study are electricity spot price series provided by Nord Pool
(2016), electricity infeed production from Svenska Kraftnät (2016) and temperature
data is retrieved from SMHI (2016). For each variable, hourly data will be used in
the period from 2011-01-01 00 until 2015-12-31 23 with a total of 43799 data points.
An overview is displayed in Table 6.1. The variable temperature is measured in
Stockholm, Sweden. All other variables represent the total power infeed and power
demand in Sweden. An overview of the data is displayed in Table 6.1 where skewness
and kurtosis indicates the distribution of the data1. Histogram of the distribution of
all the variables in Table 6.1 is found in the Appendix.

Furthermore, the dependent variable SE3 will be de-meaned by a division of the
global mean and then the log-value will be used in the modeling. The transformation
of each observation yields the dependent variable yi

yi = log

(
Pi

1
n

∑n
j=1 Pj

)
, θi = eyi (6.1)

where Pi are observed prices in SE3 and n the total sample size. The independent
variables, except temperature and demand, the infeed of power, has been transformed
to %-share of total supply. If xk(i) are observations of power infeed variable X(k) such

1Note: Skewness and kurtosis are measures of shape in relaton to the normal distribution.
Skewness measures the width of the distribution, indicating in the data has long tails. Skewness
value equal to 0 means that the data is perfectly symmetrical and if the skewness is less than -
1 or greater than 1, the distribution is highly skewed. Kurtosis measures the peakedness of the
distribution, indicating if the data has a flat or peaked distribution. The normal distribution has
kurtosis equal to zero and negative or positive kurtosis indicates a flat or peaked distribution.

42



CHAPTER 6. DATA 43

as wind, the infeed variable as a share of total supply of a total m infeed variables
becomes

s
(k)
i =

x
(k)
i∑m

j=1 x
(j)
i

(6.2)

where we choose to include only m− 1 infeed variables in the regression to avoid
perfect multicollineraty2. This transformation is done as a means to reduce correlation
between supply variables and demand. If supply variables are included in their level,
they will naturally have a high correlation with demand and across variables which
in turn implies unnecessary multicollinearity that might affect coefficient estimates
(Stock et al., 2007).

Variables Min value Max value Mean Mean (%)a Median Std Skewness Kurtosis
SE3 price (SEK) 0 2257.6 309.2 295 128.2 1.426 9.875
Demand (MW) 8197 26072 15200 89.99% 14900 3294.6 -0.387 -0.431
Temperature (◦C) -18.2 31.3 7.8 8.2 7.8 -0.011 -0.538
Solar power infeedc (MW) 0 30 1 0.00% 0 3 4.636 24.991
Nuclear power infeed (MW) 2963 9162 6853 41.29% 6942 1400 -0.349 -0.71
Wind power infeed (MW) 15 4967 1184 7.00% 958 871 1.244 1.415
Hydro power infeed (MW) 1583 13694 7957 46.55% 8145 2487 -0.23 -0.76
Gas and diesel (MW) 0 324 8 0.05% 6 13 4.95 48.56
Heat and other (MW) 109 3642 906 5.08% 809 604 0.576 -0.715
Unspecb (MW) 0 39 1 0.00% 1 1 12.926 283.456
Notes: a Mean %-share of supply. bNot used in modeling c Excluded from regression to avoid perfect multicollinearity.

Table 6.1: Overview of data. Hourly data between 2011-01-01 until 2015-12-31, 43799
data points. The variables “Gas and diesel” and “Heat and other” are modeled collectively
as described in Section 5.2. Source: Nord Pool, SMHI and Svenska Kraftnät.

In Figure 6.1 to 6.9 below, all variables are displayed in graphs and explained.
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Figure 6.1: The depend-
ent variable in the study;
electricity hourly spot prices
between 2011-2015 in the SE3
region, in Sweden. Seasonal
characteristics are visible as
well as a downward trend in
average prices. Also strong
mean reverting characterist-
ics can be seen and spikes.
Source: Nord Pool.

2Note: If all variables are given as percentages of their total sum, the sum of all regressors will
be 1 so that the final regressor will be a perfect linear combination of the others.
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Figure 6.2: Outdoor air
temperature measured in
Stockholm, Sweden. The
SMHI measure station is
“Stockholm A”, climate num-
ber: 98230, WMO-number:
2-484, Position (lat;lon):
59.3421;18.0577, height: 44m.
Strong seasonal characterist-
ics. Source: SMHI.
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Figure 6.3: Electricity power
demand in Sweden. Seasonal
characteristics are visible with
higher demand during winter
times and lower demand dur-
ing summer times. Source:
Svenska Kraftnät.
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Figure 6.4: Summation of
electricity infeed from all hy-
dro power plants in Sweden.
Seasonal characteristics are
visible. Source: Svenska
Kraftnät.
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Figure 6.5: Summation of
all electricity infeed by nuc-
lear power plants in Sweden.
Some seasonal characteristics
are visible as well as sudden
level shifts. Source: Svenska
Kraftnät.
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Figure 6.6: Summation of
all electricity infeed by wind
power stations in Sweden.
High volatility is visible as
well as an upward trend in the
amount of wind power infeed.
Source: Svenska Kraftnät.

0
5
0
0

1
0
0
0

1
5
0
0

2
0
0
0

2
5
0
0

3
0
0
0

3
5
0
0

Years

H
e
a
t 

(M
W

)

2011 2012 2013 2014 2015

Figure 6.7: Summation of
all electricity infeed by heat
power, e.g. combined heat
and power plants, in Sweden.
Strong seasonal behavior is
visible as well as a downward
trend in maximum yearly in-
feed. Source: Svenska Kraft-
nät.
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Figure 6.8: Summation of
all electricity infeed from gas
powered stations. General low
levels with spikes. Source:
Svenska Kraftnät.
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Figure 6.9: Summation
of all electricity infeed from
solar power plants in Sweden.
Strong seasonal behavior is
visible as well as a strong up-
ward trend in average infeed.
Source: Svenska Kraftnät.



Chapter 7

Results

This chapter presents the primary findings where general results are first introduced.
Then, the in-sample results from the deviation parameter estimation are presented
followed by simulations of underlying variables that ultimately yields the future price
representation to be used to assess investment impact. Finally, a backtest of the
complete framework is presented.

7.1 General Results
As described in the literature, mean reversion, seasonality and spikes are the main
characteristics of electricity prices. This is evident in the price data used in this
study as well. Over the past years average prices have decreased, but nevertheless
have remained volatile with spiky behavior. Additionally, the general trend that
can be discerned is that prices tend to not only revert to a general mean, but do
so in a systematic manner. On a yearly basis, lower average prices are most likely
to be found during the summer months, from May to August, whereas higher av-
erage prices are most likely to be found in September through January. This could
primarily be attributed to cyclical demand and temperature, which the presented
model captures through these two underlying factors. The premium on prices dur-
ing September through January can be as high as 30 percent, on average, whereas
the summer months usually revert to 80-90 percent of the long-term average at 309
SEK, estimated over the years 2011 to 2016 (see Figure 7.1 for an overview of these
general patterns). In addition, correlations also indicate that this seasonal effect
could partially be explained by the seasonality of temperature throughout the year,
where higher temperatures are seen in summer and lower during winter in Sweden, as
there is evidence of a negative correlation (-0.27) between temperature and prices. In
simulations, the model captures this effect so that prices are generally lower during
summer and higher during winter, where higher volatility is also seen as historical
patterns show. Furthermore, this effect could be attributed to the generally lower
demand levels during summer months when heat demand is lower and temperatures
are higher, which the suggested model also captures.
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SE3 spot price Demand Temp Heat Wind Sun Hydro Nuclear
SE3 spot price 1.000 0.441 -0.266 0.475 -0.324 -0.155 0.099 0.211
Demand 0.441 1.000 -0.719 0.810 0.125 -0.098 0.668 0.504
Temp -0.266 -0.719 1.000 -0.874 -0.174 0.312 -0.242 -0.563
Heat 0.475 0.810 -0.874 1.000 0.091 -0.234 0.286 0.607
Wind -0.324 0.125 -0.174 0.091 1.000 0.028 -0.096 0.102
Sun -0.155 -0.098 0.312 -0.234 0.028 1.000 0.115 -0.221
Hydro 0.099 0.668 -0.242 0.286 -0.096 0.115 1.000 -0.026
Nuclear 0.211 0.504 -0.563 0.607 0.102 -0.221 -0.026 1.000

Table 7.1: Correlation between variables over the estimation period 2011-01-01 00 - 2015-
12-31 23. Electricity prices in the SE3 region, shows negative correlation with intermittent
renewable energy sources, -0.324 with wind and -0.155 with sun. Temperature shows negative
correlation with prices, -0.266. Strong correlation between Heat power, Demand, and prices:
0.475 and 0.441 with prices respectively.
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Figure 7.1: The “profile” of price premium over the global average. The average of a
specific hour of the day, day of the week, and month of the year is divided by the total
average over the estimation period which yields sPH(t) (upper chart), sPD(t) (middle), and
sPM (t) (lower). 1 implies in level with the global average. Source: authors calculations.
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However, on a daily basis the temperature is far exceeded by the seasonality attrib-
uted to demand variations, which show clear evidence of correlation with electricity
prices (0.44). This correlation is captured by the model, although the effect from de-
mand variations is slightly overestimated. On a daily basis, both prices and demand
peaks during the morning hours, from 7.00 to 10.00, and during the evening around
18.00 hours. Weekly seasonality is primarily shown as a difference between working-
and week-end days. Working days, Monday through Friday, tend to have both higher
price levels as well as higher levels of demand. Week-end days show the opposite,
where prices are, on average, lower in combination with lower demand. The seasonal
variations on a hourly-, weekly-, and monthly basis is shown in Figure 7.1.

Furthermore, as commonly described in the literature, high price volatility has
been confirmed to correlate with higher levels of wind and solar power (Puga, 2010;
Liu et al., 2011; Münster et al., 2012; Lund et al., 2013; Narbel, 2014; Sorknæs et
al., 2015) evoking the interest in comparing the number of spikes with high levels of
different supply levels. In Sweden, there are also discussions on phasing out nuclear
power and in general replacing non-renewable infeed with renewable energy sources
(Abrahamsson and Hall, 2016; Strömdahl, 2016; Sköldberg et al., 2016). The presen-
ted model indicates that replacing nuclear power infeed with wind power is related
to a more extreme duration curve, where both the time in higher price ranges (and
extreme price spikes) and in lower is increased. Finally, a general result is that the
model shows that time-varying volatility can be obtained through the fundamental
relationship between prices and the underlying variables where, for example, higher
volatility is coupled with lower temperatures, higher demand and heat power as a
larger percentage of total supply.

Profile Benchmark

Recall that the first specification of θt was derived from seasonal variations in terms
of a multiplier (hourly, weekly, monthly) on a global mean. This is obtained by
multiplying the hourly-, weekly-, and monthly premiums on the global average over
the period, e.g. multiplying sPH(t), sPD(t), and sPM(t), which is shown in Figure 7.1. By
doing this for all hours throughout the historical series, the profile is obtained as shown
below in Figure 7.2. This is used as a simple benchmark model of electricity prices to
be compared with more complex specifications obtained by the model assumptions.
Indeed, the benchmark does not incorporate any other characteristics than mean
reversion; non-constant volatility and periods with more spikes are absent in the
benchmark model, which the suggested framework seeks to address.
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Figure 7.2: A profile generated from the hourly- sPH(t), weekly- sPD(t), and monthly sPM (t)
premium over the historical global average. At each point in time, the global average is
multiplied by the hourly-, weekly-, and monthly premium over the global average which
yields the blue curve in the figure. Period: 2011-2016. Source: Nord Pool and authors
calculations.

7.2 Model Estimation
Results indicate that the model produces superior results in terms of Mean Absolute
Percentage Error (MAPE) and predicted duration as measured by a Kolmogorov-
Smirnov (KS) test. However, the below presented results are in-sample using actual
values of the underlying variables to predict prices. This implies that the fitted model
is expected to produce better results than simple mean estimates as the the simpler
models cannot explain short-term deviations from mean levels. A summary of the
results for the implemented multi-factor model compared to the benchmark is shown
in Table 7.2 below.

MAE MAPE D̂m,h D̂−
m,h D̂+

m,h

Model 66.46 29.57 0.10 0.10 0.07
Profile 89.10 41.80 0.16 0.12 0.16
Mean 91.28 47.18 0.57 0.43 0.57

Table 7.2: Comparison of Results; multi-factor model with deviation parameter as a func-
tion of the supply stack, demand and temperature; profile benchmark; simple in-sample
mean. The suggested model produces best overall results. Note: in-sample calculations, the
model uses known data on the underlying variables. The estimated realized hourly volatility
is 1.3 percent. D̂k,h, D̂−

k,h, and D̂+
k,h for model k is the estimated maximum difference in

duration over-all, to the left-, and to the right of historical prices respectively.

The historical MAPE estimate of the model is 29.57 percent over the period (in-
cluding all extremes), whereas the in-sample estimated seasonal profile yields a MAPE
of 41.80 percent. Clearly, this is an improvement of the seasonal benchmark model
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as well as the simple in-sample mean which yields a MAPE of 47.18 percent. The
interpretation of this result is that, on average, the accuracy of the model when using
known data is around 30 percent. Although this result is relatively better than the
profile benchmark and the simple mean estimate, it is clearly not a result that would
suffice as hour-to-hour predictions of electricity prices. For example, using a naive
assumption of the past hour price as a forecast of the next-hour price would yield an
approximate MAPE of 4 percent. Neither could it be used as an hour-to-hour pre-
diction tool as it would require perfect information of day-ahead power production,
demand and temperature levels. In addition, the fact that prices are set day-ahead in
the Nordic market could also explain the relatively bad performance of the model in
relation to short-term models in the discourse which show results around 10 percent
MAPE. The day-ahead setting of prices implies that the day-ahead situation of power
infeed, temperature, and demand needs to be predicted, which introduces a potential
source of error in our model. Thus, the MAPE result should be interpreted as the
long-term average accuracy of the obtained model where, on average, the model is
able to derive prices using the fundamental relationship with 30 percent error.

Moreover, the OLS-obtained coefficients β̂i on all underlying variables all reject
the null hypothesis that they equal zero in the long-term mean multiplier regression
on log(θt). Hence, we reject the null hypothesis that all variables are insignificant
at the 1 percent level, i.e. we reject that all β̂i = 0. However, we interpret the
coefficients with caution as there is possible multicollinearity among regressors, as seen
in the correlations in Table 7.1, which in turn could affect the validity of coefficient
estimates among the individual regressors. What can be said is that most coefficients
yield relationships that are expected; wind as a percentage of the supply stack has a
negative coefficient (-4.55) which implies that, on average, higher levels of wind infeed
yields prices below the long-term average. Further, higher demand levels are predicted
to give higher prices. However, the coefficient on temperature is positive. Although it
is small, 0.03, a positive coefficient implies that higher temperatures are predicted to
yield higher prices. This is counter-intuitive as lower temperature should imply higher
heat demand and therefore higher levels of infeed from plants with higher marginal
cost. However, within the model the explanation could be that higher temperatures
yield lower total demand and thus produces lower prices; the relationship to total
demand is stronger than with heat power supply as a percentage of total supply.
Clearly, this is an example of the potential multicollinearity among regressors in the
model. Fortunately, the multicollinearity does not affect the predictive power of the
model (for an explanation, see Section 4.3 on regression analysis or e.g. Stock et al.
(2007)). A regression summary is found below in Table 7.3.
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Dependent variable: log(θt)

β̂i (σ̂βi)

Hydro −2.37∗∗∗ (0.16)
Wind −4.55∗∗∗ (0.22)
Nuclear −1.15∗∗∗ (0.07)
Heat and Other 5.58∗∗∗ (0.44)
Demand 0.0001∗∗∗ (0.0000)
Temperature 0.03∗∗∗ (0.002)

Observations: 43,799. Adjusted R2: 0.449
Newey and West (1986) HAC Standard Errors

Significance levels: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Table 7.3: Long-term mean multiplier regression results. The specification follows: log(θt)
= β1Hydro+β2Wind + β3Nuclear+β4Heat and Other + β5Demand + β6Temperature. Solar
power infeed is removed from the regression to avoid perfect multicollinearity. The t statistic
for all coefficients are ≤ −10 or ≥ 10 implying no problem of multicollinearity.

7.3 Simulation
To make representative scenarios of the electricity prices in the future, the funda-
mental factors are modeled and used as inputs to the model of the electricity price.
For all seasonally dependent variables, sinusoidal fits are estimated as well as the
mean-reversion coefficient in the variables modeled by the Onrstein-Uhlenbeck pro-
cess. Since these estimations produce a large amount of results, interested readers are
pointed to Section 11.4 in the Appendix where a detailed description of these results
is presented. All variables are estimated independently.

Simulation of Underlying Variables

Generally, the individual models of the seasonal variables have a good historical fit,
especially demand and temperature, whereas the fit of solar power infeed is worse.
For both demand and temperature, the residuals between actual and simulated values
show near normality and indicates that the variance in the actual values is explained in
the simulated values. Furthermore, the stochastic behavior of the underlying factors
is modeled using Ornstein-Uhlenbeck processes (for demand, wind, heat and temper-
ature). Here, the estimated mean is modeled either as a constant or as a function
on time, depending on the seasonality of the factors where demand, temperature and
solar power infeed are modeled using time-varying means. The specific estimates of
the mean-reversion coefficients are found in the Appendix, Section 11.4. Simulation
results can be seen in Figure 7.3 below where historic and simulated power infeed as
a cumulative percentage of total supply is shown.
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(a) Historic distribution of electricity infeed.
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(b) Simulated distribution of electricity in-
feed. 4 year simulation.

Figure 7.3: Historic and simulated infeed levels displayed as cumulative %-share of total
supply, quarterly average. No dramatic changes in infeed distributions during the last five
years except an increase in wind power. The simulated distribution of infeed sources show
similar patterns as the historic infeed. Solar power infeed is small in comparison to other
infeed sources and is thus not visible. Source: Svenska Kraftnät and authors calculations.

Future Price Representation

Using the simulated data on the underlying variables, the estimated price model is
used to obtain a simulated future price representation1. To be able to compare the
results from the model, simulations are done over a period of same length as the model
is fitted. However, simulations are independent of the historic prices; all underlying
variables are simulated whereas only the fitted price model parameters are tied to
historical data. This implies that exact predictions are impossible to obtain whereas
only distributional fit can be expected, which is the purpose of this study altogether.
Thus, similarity in price levels and local volatility are expected from such prediction,
which the model clearly incorporates as seen in Figure 7.4 where the in-sample fitted
model used on simulated data is compared to in-sample generated profile benchmark.
A full out-of-sample backtest is presented in Section 7.5.

1Note: Recall that the multi-factor model assumes that the price increments follow the equation
dPt = (θtLt − Pt)dt + σPtdBt. Hence, using the estimated parameters in the long-term multiplier
regression, the estimated realized volatility σ̂, the estimated long-term average L̂0, and ∆t = 1

we obtain dPt ≈ (L̂0e
∑n
i=1 β̂iS

(i)
t +β̂DDt+β̂TTt − Pt) + σ̂PtdBt where dBt ∈ N(0, 1) and Si, D, T are

simulated values. Then, future price paths are obtained using Pt+1 = Pt + dPt.
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Figure 7.4: Sample simulated data over the estimation period using the model. Upper chart
shows 2011-2013 and the bottom 2013-2016. Source: Nord Pool and authors calculations.

Clearly, due to the independence of simulated- and historical prices, MAE and
MAPE are expected to be higher for simulated prices rather than in-sample estimated
or in-sample profile generated. Thus, MAE and MAPE are not the best measures
of long-term fit, only over shorter terms and in model fitting. Here, the simulated
prices yield a MAPE of 47.78 percent, slightly higher than that generated by a simple
mean expectation, which yields 47.18 percent MAPE. The in-sample calculated profile
yields 41.73 percent MAPE. This is summarized in Table 7.4.
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Model MAE MAPE D̂k,h D̂−
k,h D̂+

k,h

Fitted 106.75 47.78 0.07 0.05 0.07
Profile 89.06 41.73 0.16 0.12 0.16
Mean 91.28 47.18 0.57 0.43 0.57
Note: k denotes price model in row k in the table.

Table 7.4: Simulation, comparison performance. Multi-factor model with deviation para-
meter as a function of the supply stack, demand and temperature; profile benchmark; simple
in-sample mean. The suggested model produces best results in terms of distribution. D̂k,h,
D̂−
k,h, and D̂

+
k,h for model k is the estimated maximum difference in duration over-all, to the

left-, and to the right of historical prices respectively.

Predicted Duration

The duration test results show that the different models have clear differences in
distributional assumptions. The suggested model has a predicted duration closer
to historical duration of prices than the benchmark and the simple mean. This is
expected as the simple mean only yields one price over the entire duration of the year
whereas the benchmark model filters out extreme values and has close to constant
volatility. Reading from the results, Table 7.4, the maximum difference in distribution
D̂m,h (the KS statistic) for the model is 0.07 whereas the profile benchmark D̂b,h yields
0.16 and the mean yields D̂mean,h = 0.57. For the model, this difference is primarily
attributed to an over-prediction of duration of 7 percent; the maximum difference
in duration for modeled- to the right of historical prices, D̂+

m,h, is 0.07. The largest
difference to the left D̂−

m,h is 0.05, or 5 percent under-prediction of duration. By
inspection of the duration plot in Figure 7.5 (a) it can be seen that the largest over-
prediction, D̂+

m,h, at 7 percent is in the lower price range, around 200 SEK/MWh and
below the average price, where the modeled duration is to the right (also visually
above) historical duration. Compared to the profile benchmark, which yields an over-
and under-prediction of 16- and 12 percent respectively, this is significantly better as
the crossing lies above the average price at 309 SEK/MWh, apart from individually
both being higher. Thus, the expected distribution interval is tightened when using
the model, as seen in Figure 7.5 (a).

Since the null hypothesis of equality in distribution to actual prices is rejected
for all models and since the KS test is very strict, a conditional Kolmogorov-Smirnov
(KS) test of the maximum difference in duration is conducted on a subspace of the full
sample, shown in Figure 7.5 (b). The subspace is defined in terms of the benchmark,
where prices above 350 SEK/MWh are considered. Hence, values that correspond
to prices higher than 350 SEK/MWh as predicted by the profile benchmark are con-
sidered, and a new duration curve is created. This can also be motivated by a more
detailed analysis of when a combined heat and power plant of the type explained in
Section 5.4 is expected to run, which is mostly at higher prices.
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(a) Simulated duration plot, comparison in full
period 2011-2016.
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(b) Conditional duration plot, profile-predicted
prices above 350 SEK/MWh.

Figure 7.5: Comparison of model-predicted price duration vs. historical price duration in
the years 2011-2016. Source: Nord Pool and authors calculations.

Results indicate that, when the electricity price is above 350 SEK/MWh, the null hy-
pothesis of the model being strictly better in terms of duration prediction cannot be
rejected. KS tests of historical prices against the modeled cannot reject that modeled
duration is below historical duration, and at the same time above the duration pre-
dicted by the profile benchmark. This is drawn from the KS test that the difference of
modeled duration above historical duration, D̂+

m,h, and profile duration, D̂+
b,m, cannot

be rejected as zero with p-values of 0.848 and 1.000 respectively. This also implies
that for higher price ranges, the model cannot be rejected as being an improvement
of the benchmark as it cannot be rejected to be somewhere between the profile and
actual distribution, as seen in Figure 7.5 (b). The result from the conditional KS test
is found below in Table 7.5.

Interval D̂+
m,h D̂−

m,h D̂+
b,m D̂−

b,m

>350 0.004 (p=0.848) 0.222 (p=0.000) 0.000 (p=1.000) 0.567 (p=0.000)
<350 0.083 (p=0.000) 0.018 (p=0.000) 0.207 (p=0.000) 0.012 (p=0.000)

Table 7.5: Conditional duration intervals and Kolmogorov-Smirnov (KS) test results of
the model in relation to benchmark. In the interval >350 SEK/MWh the conditional KS
test indicates that the null hypothesis that the modeled duration is between historical- and
benchmark price duration cannot be rejected, i.e. that (D̂+

m,h = 0) ∩ (D̂+
b,m = 0) cannot

be rejected. Note that D̂−
k,h and D̂+

k,h for model k is the estimated maximum difference in
duration to the left- and to the right of historical prices h respectively.
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Scenario: Replacing Nuclear- with Wind Power

Nuclear power is replaced such that wind power has an average infeed of current
wind levels and nuclear infeed together, which amounts to 8150 MW per hour in
2015. Indeed, this scenario requires wind power levels to be 5-6 times current levels
of infeed. This implies that wind as a percentage of the supply stack is higher, and
makes the total variation of power supply more volatile. This effect is also passed on
to prices where the duration curve is shifted downward in the bottom price range,
whereas prices are shifted upward in the upper range. Higher levels of wind power
infeed has the effect of producing more extreme prices; a larger amount of wind power
infeed widens the price distribution and duration throughout the year. Combined
with replacing nuclear power infeed, this effect is magnified as the volatility of nuclear
power infeed is smaller historically and thus more stable in terms of duration. Stability
is replaced with volatility. The model-predicted effect is seen below in Figure 7.6.

0
5

0
0

1
0

0
0

1
5

0
0

2
0

0
0

S
E

K
/M

W
h

Real
Profile
Model

% of Year
0 20 40 60 80 100

(a) Simulated duration plot, comparison in full
period 2011-2016.
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(b) Simulated duration plot, wind power replaces
nuclear power at an 8150 MW average hourly in-
feed.

Figure 7.6: Higher levels of wind power infeed replacing nuclear power infeed implies a
shift in the duration curve with more extreme price scenarios, both in terms of spikes and
time in lower price ranges. Source: Nord Pool and authors calculations.

7.4 Investment Impact
The simulated prices from the model is used to compare the expected value of the
flexibility of producing electricity in a combined heat and power plant to historical-
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and benchmark prices. It is assumed that a simplified combined heat and power
plant with 220 MW electricity production capacity produces when a 24-hour moving
average of electricity prices are above 400 SEK/MWh and when the 24-hour moving
average outdoor temperature in Stockholm is below 0 degrees Celsius. The full set
of assumptions are explained in Section 5.4. By looking at the value of the ability to
produce electricity over the estimation period, 43799 hours, the total expected yearly
economic value in SEK, yearly time in electricity production in hours, and the time
of electricity production as a percentage of total time is calculated. This is done over
2500 iterations where the average values are obtained, to yield more robustness in the
results. Furthermore, the numbers are based in future monetary terms and have not
been discounted.

Results indicate that the expected value of the flexibility is increased greatly
by using the model as opposed to the benchmark profile, where the expected value
obtained in a year is estimated at 38,102,596.82 SEK and 276,888.52 SEK for the
model and benchmark respectively. Clearly, the model values the flexibility much
closer to the true value over the estimation period, which is 32,340,026.08 SEK per
year on average. Furthermore, the total running time of the plant is increased when
using simulated data from the model. The time in producing electricity totals at
763.25 hours per year on average over the estimation period, or 8.71 percent of total
time, for the model. The historical true value totals at 445.01 hours of production
year on average, or 5.08 percent of the total time. Thus, the model produces a
clear improvement in how much the plant is expected to run; the benchmark yields
only 18.80 hours of production which is equivalent to 0.21 percent of the total time.
Furthermore, t-tests reject the null hypothesis of equality in both value and time as
historical values; the expected yearly value is around 20 percent higher whereas the
expected running hours are overestimated by 343 hours.

In addition, when considering higher amounts of wind power infeed that replace
nuclear power infeed, the effect of the shifted duration curve in 7.6 (b) has a positive
effect on both investment value and total running hours of the fictive plant. While
lower prices are more prevalent, higher prices are more common too, which has a
positive impact on the ability to produce electricity. The total effect is an increase
to 48,580,085.98 SEK in yearly average expected value of the flexibility. The running
hours also increases due to the more extreme distribution; total yearly time increases
to 885.41 hours, or 10.10 percent of the total time. Hence, this result indicates that
the value of the combined heat and power plant increases as wind power replace
nuclear power infeed. A summary is found in Table 7.6 below.

Series Exp. Yearly Value E[Vyear] Exp. Time E[Tyear] Time in %
Historical 32,340,026.080 445.010 5.080
Profile 276,888.520 18.800 0.215
Model 39,057,392.300 788,051 8.996
Model (Scenario) 48,580,085.980 885.410 10.102

Table 7.6: Valuation summary for 220 MW electric power capacity in a combined heat
and power plant. Expected economic value in SEK in yearly terms, E[Vyear], is shown along
with the yearly time in electricity production, E[Tyear], and time in percent of total time.
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Figure 7.7: Monte Carlo calculations of the average yearly economic value and produc-
tion time in percent. Production is assumed up and running when the average price and
temperature over the past 24 hours is above 400 SEK/MWh and below 0 degrees Celsius
respectively. In each iteration, all underlying variables are simulated so that a price path
can be obtained. Then, for each path the realized economic value over the period is calcu-
lated as well as the realized amount of hours in production. The expected economic impact
and expected amount of hours in production is finally obtained by taking the average over
all simulated price paths. The figures to the left show the expected economic impact and
running hours in % as the number of iterations increase which show stability after 2000
iterations. The figures to the right show the distribution of the calculated values; both
distributions are approximately Gaussian. Source: Authors calculations.
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7.5 Backtest
To cross-validate the framework we conduct a backtest where the full period of 43799
points of data is divided into two periods. The first period spans the interval 1-21900
and the second the hours 21901 to 43799. Then, the complete model is fitted over the
first half of the period which yields parameter estimates for the deviation parameter,
realized volatility, and for all underlying variables. Subsequently, the fitted model
from the first half is used to simulate prices over the second period. The process
depends on what long-term mean is chosen in the second interval, where we chose
300 SEK/MWh as a before-the-fact prediction and not the historical mean of the
first period which is estimated as 365 SEK/MWh. Thus, the assumption is that some
knowledge about future yearly average prices is needed; the average price over the
backtesting period was 265 SEK/MWh and it is assumed that knowledge of lower
average prices was partially available. Realized prices over the backtesting period is
shown in Figure 7.8.
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Figure 7.8: Comparison of simulated prices to historical and benchmark-predicted over
the backtesting period 2013-2016 (2.5 years). The model is fitted on data from the period
2011-2013 (2.5 years). Source: Nord Pool and authors calculations.

Model MAE MAPE D̂k,h D̂−
k,h D̂+

k,h

Fitted 119.43 53.68 0.09 0.07 0.09
Profile 98.19 39.27 0.13 0.11 0.13
Mean 90.06 41.53 0.52 0.52 0.48
Note: k denotes price model in the k:th row

Table 7.7: Backtest Performance 2014-2016 using the model with parameters fitted over
the period 2011-2013. D̂k,h, D̂−

k,h, and D̂
+
k,h for model k is the estimated maximum difference

in duration over-all, to the left-, and to the right of historical prices respectively.

The model yields a MAPE of 53.68 percent over the backtesting interval whereas the
profile gives a lower MAPE at 39.27 percent, as shown in Table 7.7. More interesting
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is the predicted duration, which is greatly enhanced by using the model as compared
to the profile. Reading from the results, Table 7.7, the maximum difference in distri-
bution D̂m,h (the KS statistic) for the model is 0.09 whereas the profile benchmark
yields D̂b,h = 0.13 and D̂mean,h = 0.52 using the mean as a prediction. For the model,
this difference is primarily attributed to an over-prediction of duration of 9 percent;
the maximum difference in duration for modeled- to the right of historical prices,
D̂+
m,h, is 0.09. The largest difference to the left D̂−

m,h is 0.07, or 7 percent under-
prediction of duration. By inspection of the duration plot in Figure 7.9 (a) it can be
seen that the largest over-prediction, D̂+

m,h, at 9 percent is in the lower price range,
around 200 SEK/MWh and below the average price at 265 SEK/MWh, where the
modeled duration is to the right (which also is visually above) historical duration.
Hence, this result is consistent with the prediction over the full sample. Compared
to the profile benchmark, which yields an over- and under-prediction of 13- and 11
percent respectively, this is significantly better as the crossing lies above the average
price at 265 SEK/MWh in the period, apart from individually both being higher than
what is predicted by the model. As in the case of estimation of the model over the
full sample, the expected distribution interval is tightened when using the model, as
seen in Figure 7.9 (a).
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(a) Duration plot, backtesting period 2013-2016
(2.5 years).
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(b) Conditional duration plot, profile-predicted
prices above 375 SEK/MWh.

Figure 7.9: Predicted duration over the backtesting period 2013-2016 (2.5 years). Using the
model implies a realistic prediction of duration over the backtest interval and in particular
for electricity prices above 375 SEK/MWh. Source: Nord Pool and authors calculations.

Results indicate that the null hypothesis of the model being strictly better in terms
of duration prediction cannot be rejected. KS test of historical prices against the
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modeled cannot reject that modeled duration is below historical duration, and at the
same time above the duration predicted by the profile benchmark. This is drawn
from the KS test that the difference of modeled duration above historical duration,
and profile duration respectively, cannot be rejected as zero with p-values of 0.917
and 1.000 respectively. In other words, we cannot reject that (D̂+

m,h = 0)∩ (D̂+
b,m = 0)

over the backtesting interval. Hence, we cannot reject that the model is consistently
better at predicting duration for prices above 375 SEK/MWh, as seen in Figure 7.9
(b). The result from the conditional KS test is found below in Table 7.8.

Interval D̂+
m,h D̂−

m,h D̂+
b,m D̂−

b,m

>375 0.003 (p=0.917) 0.106 (p=0.000) 0.000 (p=1.000) 0.289 (p=0.000)
<375 0.144 (p=0.000) 0.114 (p=0.000) 0.221 (p=0.000) 0.008 (p=0.389)

Table 7.8: Conditional duration intervals and Kolmogorov-Smirnov (KS) test results of
the model in relation to benchmark. In the interval >375 SEK/MWh the conditional KS
test indicates that the null hypothesis that the modeled duration is between historical- and
benchmark price duration cannot be rejected, i.e. that (D̂+

m,h = 0) ∩ (D̂+
b,m = 0) cannot

be rejected. Note that D̂−
k,h and D̂+

k,h for model k is the estimated maximum difference in
duration to the left- and to the right of historical prices h respectively.

By looking at the expected economic value of the flexibility over the backtesting
period, results indicate that it is greatly increased by using the model as opposed
to the benchmark profile. The expected yearly economic value obtained in a year
is estimated at 30,158,996.44 SEK and 0.00 SEK for the model and benchmark re-
spectively. The average yearly time in producing electricity totals at 642.06 hours
over the estimation period, or 7.33 percent of total time, for the model. However,
the historical average yearly time in production over the backtesting period is only
75 hours per year, or 0.86 percent of the time. Thus, although the model produces a
clear improvement in terms of duration prediction, the result on investment impact
is mixed. A summary is found in Table 7.9 below.

Series Exp. Yearly Value E[Vyear] Exp. Time E[Tyear] Time in %
Historical 3,540,256.940 75.200 0.859
Profile 0.000 0.000 0.000
Model 30,158,996.440 642.060 7.330

Table 7.9: Valuation summary for 220 MW electric power capacity in a combined heat
and power plant. Expected economic value in SEK in yearly terms, E[Vyear], is shown along
with the yearly time in electricity production, E[Tyear], and time in percent of total time.
Mean used for prediction: 300 SEK/MWh.
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Figure 7.10: Monte Carlo calculations of the average yearly economic value and produc-
tion time in percent. Production is assumed up and running when the average price and
temperature over the past 24 hours is above 400 SEK/MWh and below 0 degrees Celsius
respectively. In each iteration, all underlying variables are simulated so that a price path
can be obtained. Then, for each path the realized economic value over the period is calcu-
lated as well as the realized amount of hours in production. The expected economic impact
and expected amount of hours in production is finally obtained by taking the average over
all simulated price paths. The figures to the left show the expected economic impact and
running hours in % as the number of iterations increase which show stability after 2000
iterations. The figures to the right show the distribution of the calculated values; both
distributions are approximately Gaussian. Source: Authors calculations.
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7.6 Summary
This chapter introduced the main results of the study as a means to answer RQ
1: “What explains the dynamics of electricity prices in the short- and long run re-
spectively, and how can these dynamics be modeled over investment horizons?” and
RQ 2: “How does electricity price dynamics affect the expected economic impact on
investments in electricity generation for combined heat and power plants?”. Collect-
ively, the results provide a basis for testing the initial hypotheses tied to these two
questions. The hypotheses are re-stated below.

• Hypothesis 1 (H1): The empirical distribution of the modeled prices Fm
n,Y (y)

equals the historical empirical distribution of prices Fn,X(x); H1
0 : Dm,h = 0.

• Hypothesis 2 (H2): The selected model has a duration curve between the
historical price duration and that modeled by a seasonal mean; H2

0 : (D+
m,h =

0) ∩ (D+
b,m = 0).

• Hypothesis 3 (H3): The expected yearly economic value is the same when
using modeled- and historical prices respectively. H3

0 : E[V f
m] = E[V f

h ]

• Hypothesis 4 (H4): The model yields the same percentage of running hours,
T r, as historical prices. H4

0 : E[T rm] = E[T rh ]

First, the conditional KS tests showed that the historical and simulated price
duration is between actual prices and the benchmark seasonal model; the hypothesis
that the model is between cannot be rejected. Hypothesis 2 cannot be rejected.
However, the empirical distribution of modeled prices is rejected as equal to the
empirical distribution of historical prices; Hypothesis 1 is rejected. Second, the tests
of investment impact showed that both Hypothesis 3 and 4 are rejected. The expected
yearly economic value is not the same when using modeled- and historical prices
respectively; the model produces higher valuation than historical prices. The same
can be said for the percentage of running hours; the model does not yield the exact
same estimates. However, the results indicate that the model is an improvement
of simpler assumptions such as the presented benchmark; including volatility when
modeling electricity prices as input to investment valuation enhances the value of
producing electricity in a combined heat and power plant.

Finally, the concluding result is that the model is better at predicting yearly dur-
ation than the seasonal benchmark model. The suggested multi-factor framework has
a maximum difference in predicted from true duration of 9 percent overprediction and
7 percent underprediction, which is a great improvement in relation to the benchmark
which yields 13- and 11 percent respectively. In addition, in higher price intervals
the model is strictly an improvement over the benchmark which affects the predicted
realized value of the flexibility of electricity production. In the case of a combined
heat and power plant, this effect is estimated as 39 MSEK and ultimately yields a
valuation of the flexibility to produce electricity only 20 percent off from realized
valuation using historical prices.



Chapter 8

Discussion

In this chapter we discuss the results presented in Chapter 7 in relation to our initial
research questions. We also view the results in light of the literature reviewed in
Chapter 3 and discuss general implications of our results and what criticism that
could be held against the study.

8.1 Purpose and Research Questions
The purpose of this thesis was to “to investigate and model the dynamics of electricity
prices in the market for electricity and assess the economic impact on investment in
balancing power generation when such dynamics are incorporated into the investment
decision”. This purpose was formed into two concrete research questions regarding
price dynamics and investment in flexible electricity power generation:

• RQ 1: What explains the dynamics of electricity prices in the short- and long
run respectively, and how can these dynamics be modeled over investment ho-
rizons?

• RQ 2: How does electricity price dynamics affect the expected economic impact
on investments in electricity generation for combined heat and power plants?

For each research question, individual hypotheses were derived. Ultimately, by
testing these hypotheses in an empirical framework, answers to the aforementioned
questions were obtained. Such answers were provided in terms of the results earlier
stated, and are discussed in the next two sections.

8.2 Long-term Price Model
In the quest of answering RQ 1: “What explains the dynamics of electricity prices
in the short- and long run respectively, and how can these dynamics be modeled over
investment horizons?”, a framework for mapping such dynamics was derived. Results
show that the dynamics can be explained in terms of long-term characteristics and
modeled through the components of the supply stack in Sweden.

64
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Apart from the clear evidence of global characteristics the suggested model is able
to produce such as mean reversion coupled with seasonality, non-constant volatility,
and spikes, as commonly cited as important characteristics of prices in the literature
(Gross et al., 2013; Weron, Simonsen et al., 2004; Goto and Karolyi, 2004), the model
also produces a better historical mean absolute percentage error (MAPE) score than
the benchmark model. Indeed, the fundamental relationship seem to fit well with
the actual dynamics of electricity prices. However, when prices are simulated, the
MAPE deteriorates in relation to the profile benchmark but clearly, this is a trivial
relationship as the profile is an in-sample estimate of prices which should theoretically
be closer to the actual historical prices. Furthermore, when high-volatility behavior
is simulated which incorporates spike dynamics, the probability of a spike occurring
at the same hour in a given year is very low.

Clearly, the purpose of this study was not to predict spikes in future simulation,
but to create a representation that allows them to occur within similar intervals, such
as more frequently when temperatures are lower and demand higher, which the model
captures. Due to this stated purpose of the study, the future price representation as
measured by the duration in time of prices at different levels over a given year, is more
important. Equivalently, the focus was on the predicted distribution of prices where
both the local- and global distribution need to be in place. Local dynamics such as
intra-day cyclicality are evidently incorporated in the model through the seasonality
of demand and temperature, components that are confirmed in the literature (Gross
et al., 2013; Weron, Simonsen et al., 2004; Goto and Karolyi, 2004). The profile
comparison shows very similar characteristics. Literature also suggest that the sea-
sonality of demand is possibly due to the strict hours of Swedish working day, which
usually starts between 7 and 9 and ends at 16 to 18 hours depending on industry.

Indeed, it is hard to discern whether the seasonality effect, especially the morning
peak, comes from a higher demand for heat power as Escribano et al. (2011) discusses.
The price correlation with heat power production is only around 0.48, which could
vary and produce intra-day effects, but the hourly variations throughout the day is
fairly small which juxtaposes these two effects and speaks for a scenario where the
higher demand is likely to come from other sources than heat demand alone in the
morning hours. Possible explanations of the intra-day peaks for the Swedish scenario
could be higher industry demand for power such as starting heavy machinery and
private power consumption other than heat, such as coffee brewing and other activities
that are concentrated during the morning hours.

In addition, yearly patterns which play a large role in the Nordic region due
to temperature variations, can easily be discerned in the simulated prices. In the
simulations, summer months have lower average prices, which coincide with lower
expected demand and higher temperatures in the model. However, the model cannot
incorporate the seemingly non-constant variance of heat power production response
to temperature deviations. If comparing actual heat power production, the volatility
also increases during the winter monts and vice versa during summer months, which
indicates the response to higher heat demand when temperature is higher. This
relationship is not incorporated, which possibly affects the modeling of prices such
that the modeled volatility is more constant than what is expected, although it varies.
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In addition, this seemingly has the effect of creating less price spikes and spikes of
lower magnitude compared to historical data. Hence, better modeling of the response
from heat power producers could possibly improve future models.

Finally, by looking at electricity prices in the SE3 region over the past years,
the tendency of lower average prices can clearly be discerned and can be partially
attributed to the increase in intermittent renewable energy sources (Lund et al.,
2013). The correlation between wind power infeed and the price in SE3 is -0.32 which
suggests the negative relationship. This is confirmed by the model as the estimated
coefficient for wind as a percentage share of the supply stack is negative. Indeed,
the simulated scenario where wind power replaces nuclear power also indicates this:
higher level of intermittent renewable energy sources implies lower prices but more
volatility, as literature suggests (Lund et al., 2013; Milstein and Tishler, 2015; Cludius
et al., 2014; Azofra et al., 2014; Ketterer, 2014)

8.3 Investment Impact
In the quest of answering RQ 2: “How does electricity price dynamics affect the
expected economic impact on investments in electricity generation for combined heat
and power plants?”, a simplified proxy valuation of a combined heat and power plant
was conducted. Results show unequivocally that the value of a flexible generator is
increased as a larger set of electricity price characteristics are included. The absolute
monetary value of flexible generation is higher when price dynamics such as high-
volatility and spikes are included.

As initially expected, incorporating the full set of electricity price characteristics
also enhances the value of flexible production with respect to heat- and electric power.
Simple benchmark models of prices cannot produce the full set of characteristics and
thus not the high-volatility and spiky behavior which acts in favor of balancing power
generation, as shown in the valuation proxy results. The flexible generation, as a real
option between producing heat- vs. electric power, benefits from volatility just as
standard financial option theory would predict, which is a plausible answer to why
the realized value increases when the full distributional characteristics of prices are
taken into account.

The backtest indicated that the suggested model is superior in terms of predicting
the forward duration curve relative to a model which does not incorporate high-
volatility and spiky behavior. This is also the most plausible reason for why the
expected realized value of the flexibility, as well as the expected running time, is
closer to the true realized values over the backtest period. The results from the
backtest also indicate that if simple models such as the profile benchmark are used,
a negative investment bias is likely to occur; in the backtest, the profile indicated a
significantly lower realized value and running hours than the true and modeled prices.
The proposed model indicates that there is a greater value in the flexibility to produce
electricity than the benchmark, both in terms of economic value and running hours.

Clearly, this knowledge is valuable for market participants which are facing the
decision to invest in flexible power generation plants, especially given the past years
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trends of lower average prices. Indeed, there is a great need of investment in elec-
tricity power plants that can provide balancing tasks to the system (Lund et al.,
2013). Departing from such investment can have a negative impact on the system
as a whole in the future. In particular, it would prove inefficient for not only the
individual investment managers if projects are declined re-investment due to negative
bias from too simple modeling techniques, but also for the future energy system and
all stakeholders affected by it.

Finally, we conclude that this result can aid participants make investment de-
cisions that provide balancing tasks, or re-define the evaluation of such plants so that
it incorporates the full characteristics of electricity prices as suggested in the proposed
model. The broader implications of this result is presented in the next section.

8.4 General Discussion
In relation to our overall purpose to “investigate and model the dynamics of electricity
prices and assess the economic impact on investment in flexible power generation
when such dynamics are incorporated into the investment decision” we discuss in this
section general results and implications of our study. In a broader context we also
reconnect to the priority areas set out by he European Commission and discuss our
results in terms of the following issues: supply security, climate action and research
and innovation (European Commision, 2016). When suitable, we also elaborate on
ideas for further research.

The Role of Balancing Power

The energy system is in constant change where aspects such as technological devel-
opments, political decisions and public opinions are strong forces in shaping the the
future of energy systems. Greater awareness about electricity production effects on
climate and global warming has spurred a development in renewable energy sources
where foremost installed wind power capacity has seen dramatic increases globally
during the last years. However, the intermittent nature of renewable energy sources
poses challenges for the energy balance in terms of a fluctuating supply of electricity
which has to equal the current demand, i.e. maintaining the power balance. Fur-
ther, low marginal cost of production, which is central for many renewable energy
sources, in connection with subsidies such as (green) energy certificates have negative
impact on electricity prices. The implication of increased renewable energy sources is
thus twofold; a redefinition of balancing power and lower and more volatile electricity
prices (Puga, 2010; Lund et al., 2013). Put differently, the integration of intermittent
renewable energy sources is declared as one of the core issues modern- and future
energy systems need to face (Lund et al., 2013; Clò et al., 2015; Cludius et al., 2014;
Azofra et al., 2014).

Finding solutions to the aforementioned issues is complex and need to be handled
delicately. A solution which has caught a lot of attention in the literature is flexible
power sources such as combined heat and power plants (Puga, 2010; Liu et al., 2011;
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Münster et al., 2012; Lund et al., 2013; Narbel, 2014; Sorknæs et al., 2015). However,
at the same time, the merit order effect favors electricity production of low marginal
costs such as wind power and makes the investment climate harsh for any other actor
in the industry and especially so for traditional base load power producers whom with
discomfort experience decreasing profits (Abrahamsson and Hall, 2016; Strömdahl,
2016; Ericsson et al., 2016). The debate regarding nuclear power has always been
toxic and the latest opinions holds an urge from industry to secure the supply of
electricity to ensure production (Mattmarulf and Holmin, 2016; Baylan and Nordin,
2016). The importance of the energy balance is evident but sometimes overshadowed
by numerous interests.

Just as the current discourse suggests, our results point in the direction of lower
average prices and higher volatility as a cause of increased installed capacity of wind
power (see Section 7.3). Relating this development to investments in combined heat
and power plats, low prices might seem offputting at first sight. However, valuing
the flexibility of combined heat and power plants, the judgement might alter as the
flexibility enables a producer to hedge his production strategy, i.e. produce electricity
during times of high prices and otherwise produce heat. This is exactly what we
propose in Section 7.4 where a simplified valuation of this flexibility is performed with
promising results for a combined heat and power plant whose value is enhanced when
incorporating a more realistic model of electricity prices. In other words, when valuing
a combined heat and power plant, it is imperative to have a good representation of
electricity prices where high-price hours, as an effect of volatility, are incorporated.
Since flexibility in production is an assumption for a combined heat and power plant,
the plant can take advantage of the hours of high prices. A naive understanding of
electricity prices, only taking average prices into account, would thus have a stark
negative effect on the valuation.

Elaborating further on the role of balancing power, one could, just as Münster
et al. (2012) and Ketterer (2014) does, argue for the need of balancing power when
intermittent renewable energy gets an increasing role in the energy system. Thus,
in order to being able to incorporate more intermittent renewable energy in the pro-
duction mix, it is vital to have flexible power generators that can produce when the
intermittent production does not deliver, e.g. during hours of low wind. Hence, refer-
ring to climate issues we currently face, changes in the energy system must be done
with caution so that the energy balance is maintained. Combined heat and power
plants could have a vital part in this development, and where investment frameworks
that take the full set of electricity price characteristics into account are more likely
to motivate investment into such generators.

Securing Balancing Power by Financial Products

Although investments in combined heat and power plants may look promising in
theory, electricity prices see downward trends in average prices and makes any in-
vestment in energy production questionable. A potential strategy to tackle this issue
is to introduce regulation or trading products in favor of combined heat and power
plants, which Ketterer (2014) suggests are general alternatives to create a more ef-
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ficient integration of renewable energy. In the context of combined heat and power
plants and their generation of electricity, a heat spread option could possibly alleviate
the decision to invest in new plants. Just like a spark spread call option allows the
holder to buy one unit of electricity for a certain amount of fuel (Deng et al., 1999),
a heat spread call option would allow the holder to trade one unit of electricity for
a certain amount of heat. Similarly, put options could be introduced. For combined
heat and power producers, the existence of such contracts would help to secure profits
from day-to-day operations and ultimately help to remove uncertainty of investment
value in such plants. If a combined heat and power plant has the option to trade
electricity for heat and vice versa, the plant would face less risk as it could continu-
ously hedge against unplanned deviations in relation to planned production of heat
and electricity respectively. For example, if a unit produces heat but believes it could
produce electricity at higher profits, the unit could enter a contract which allows for
trading electricity for heat to hedge against the risk of being wrong and producing
electricity at lower profits, but still be guaranteed the profit from heat. This would
benefit the energy system as a whole as it would incentivize flexible production to
produce electricity when needed, and thus motivate further investment in balancing
electricity power plants.

8.5 Concluding Remarks
The proposed framework relies on the important assumption that the price of elec-
tricity can be traced to the relation between supply and demand. This is explained
in Chapter 2 (The Nordic Market for Electricity) and well documented in the liter-
ature, where the merit order effect also explains the shift in the supply curve causing
different electricity price levels. The relation between supply and demand for power
and electricity prices is in turn based on the assumption of the non-storability of
electricity, an assumption that might alter in the future when also the energy sys-
tem is changing in itself. In additon, while this study shows that the fundamental
relationship is promising when it comes to modeling electricity prices, a price model
which relies on underlying variables raises the importance of making good predictions
of the underlying variables when using the model for future predictions. Hence, the
modeling of underlying variables is seen as the main source of uncertainty in the
study and a cause for estimation errors in future electricity prices and investment
valuation. However, as noted in Chapter 6 (Data), many of the variables have strong
seasonal behavior which makes the simulation processes more facile and allows for
predictability to a larger extent.

Furthermore, in the choice of model we have chosen linear assumptions above
nonlinear assumptions for stability reasons. Although a nonlinear model could give a
better historic fit than a linear model, a linear model is expected to yield more stable
results in terms of duration which is one of the measures used in this study. Arguments
for a nonlinear model lies foremost in the ability to model large (in amplitude) spikes.
However, relating to the assumption of a fundamental relationship between supply
and demand, the linear model is superior to the nonlinear model as the fundamental
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interpretation still is possible. In a nonlinear model, interpreting coefficients quickly
becomes a very abstract task and in the search for simplicity, the linear model is
chosen before the nonlinear. Further, according to literature, the main determinant
of electricity prices is the cost of production of the marginal plant. Hence, electricity
prices are effectively a function of the supply stack of producing power in the market.
Since the exponential relation in marginal costs, seen in Figure 2.1, is combated using
log-linear regression, a linear relationship in theory is evident. Hence, the choice of
linear- over nonlinear assumptions should be a valid decision.

In evaluating our price model, foremost two methods has been used; historic fit
in terms of mean absolute percentage error (MAPE) and comparisons in terms of
duration. MAPE reflects the ability to predict spikes and how well the model follows
the actual values and is thus a local measure of fit. The duration measure, on the
other hand, is different as it does not depend on hourly fit but rather measures
the distribution of electricity prices on a yearly basis and is thus a global measure.
It should be noted here the complexity in creating a model that predicts future
electricity prices and how such a model should be evaluated. The aim has been to
create a model which restores the characteristics of electricity prices, mean reversion,
seasonality and spikes where the modelled prices should on average have the same
distribution as actual electricity prices. Thus, the duration measure suits this purpose
well. However, the duration measure does not take volatility into account, where one
could get a good result in terms of duration or distribution but still have a bad
representation of electricity prices. This could be exemplified simply by drawing
electricity prices independently from the historic empirical distribution. See Figure
8.1 for examples of price series that all have the same duration and distribution over
one year.
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Figure 8.1: Example of prices series that all have the same distribution over the year and
thus would have the same duration plots over one year. In grey, the electricity SE3 prices for
2015 with simple modifications in red and blue. Source: Nord Pool and authors calculations.

To address this issue, we include MAPE as a measure to get a sense of how well the
model works on a local basis as a complement to the global measure using duration.
However, the choice of measures has been a challenge where we argue both should be
used together, but which we also consider a possible topic for future research due to
the inherent difficulty in measuring both local- and global representation.
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Conclusion

This chapter concludes and suggests specific topics for further research.

9.1 Conclusions
This thesis initially aimed to “investigate and model the dynamics of electricity prices
in the market for electricity and assess the economic impact on investment in balan-
cing power generation when such dynamics are incorporated into the investment de-
cision”. By creating a long-term model of electricity prices that captures the broader
set of characteristics that are typical for electricity prices, we have shown that includ-
ing such characteristics has a positive impact on the decision to invest in balancing
power generation.

The proposed model, as an answer to the first research question “What explains
the dynamics of electricity prices in the short- and long run respectively, and how
can these dynamics be modeled over investment horizons?”, provided insight into the
dynamics of electricity prices. The results indicated that seasonality, mean-reversion,
non-constant high-volatility and spiky behavior were characteristics that could suc-
cessfully be incorporated in a multi-factor framework of electricity prices. Here, a
deviation parameter that linked prices to the underlying factors using linear regres-
sion provided a good representation of electricity prices, particularly so in relation
to simpler benchmarks that do not incorporate the full distributional characterist-
ics. On average, using the proposed model as a way to represent future prices yields
maximum over-/underprediction of yearly duration of 9- and 7 percent respectively.
Simpler seasonal models yields 13- and 11 percent maximum over-/underprediction
respectively. In addition, results indicate that a multi-factor framework is strictly
better at predicting duration in higher price ranges when combined heat and power
is most likely to produce electricity.

Furthermore, we have shown that high volatility and spiky characteristics has
a positive economic impact on the value of the flexibility to produce electricity for
a combined heat and power plant. Indeed, a key result of the study is that such
characteristics should be incorporated in the decision to invest in balancing power
generators. This result serves as an answer to the second research question “How
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does electricity price dynamics affect the expected economic impact on investments in
electricity generation for combined heat and power plants?” which was tested in a
proxy valuation of a simple 220 MW plant drawn from an empirical case. The proxy
valuation indicated that the realized value of the flexibility of a combined heat and
power plant increases by approximately 39 MSEK per year, off by 20 percent from
the historical realized valuation. In addition, the results indicate that the value of
producing electricity for the combined heat and power plant is expected to increase
by approximately 10 MSEK per year, or 10 percent in relation to the modeled realized
value, in a scenario where wind power replaces nuclear power in the future.

Finally, we conclude that the distributional assumptions of electricity prices have a
large impact on the expected value of balancing power generation investments. Thus,
investors such as distributed heating network operators might benefit from including
modeling assumptions as employed in this study, when facing the decision to invest in
possible balancing power generation assets such as combined heat and power plants.
Since combined heat and power plants are identified as key to the future stability
of energy systems when renewable energy sources increase as a share of total power
supply (H. Lund, Werner et al., 2014; Lund et al., 2013), our results also indicate
future areas of research where combined heat and power plants can take a larger role
as balancing power than earlier assumed and how such endeavours can be motivated.

9.2 Further Research
As mentioned in Chapter 8 a number of topics show promise in the sense of further
research and enhancements regarding our study. Firstly, simulations of underlying
variables are seen as the main source of uncertainty in our model and is hence prone to
development possibilities. Underlying factors can be modeled in several ways where
our study is an example of independent assumptions but where future models could
incorporate responses between underlying factors. It is also possible to include spikes
in the simulation of nuclear power infeed in order to better mimic the actual nuclear
power production, en extension further elaborated in Section 11.5 in the Appendix.

Another enhancement possibility of the model is to use a non-linear relationship
when modeling the mean in the price process. One way to do this could be to use
orthogonal polynomials in the deviation parameter regression, as described in Section
11.6 in the Appendix.

The difficulties in finding a good evaluation technique for the framework proposed
is a third topic for future research. The study uses foremost a duration measure which
measures the distribution of electricity prices over time and does not take seasonality
and price volatility into account. A framework for evaluating an electricity price
model with regards to all these aspects is thus suggested as future research.

Lastly, the issue of “a missing money problem” within investments in combined
heat and power is addressed in the study. A way of combating this development and
to motivate investments in combined heat and power by lowering risks in the industry
is described as a potential topic for future research.



Chapter 10

References

Books
Bhattacharyya, S.C. (2011) Energy economics: concepts, issues, markets and gov-

ernance, Springer Science & Business Media.

Bretscher, O. (2014) Linear algebra with applications, Pearson.

Dixit, A.K. and Pindyck, R.S. (1994) Investment under uncertainty, Princeton uni-
versity press.

Gut, A. (2009) An Intermediate Course in Probability, Springer.

Hull, J.C. (2006) Options, futures, and other derivatives, Pearson Education India.

Hult, H., Lindskog, F., Hammarlid, O. and Rehn, C.J. (2012) Risk and portfolio
analysis: Principles and methods, Springer Science & Business Media.

Jones, L.V. (1987) The Collected Works of John W. Tukey: Philosophy and Principles
of Data Analysis 1965-1986, vol. 4, CRC Press.

Kennedy, P. (2008) A Guide to ECONOMETRICS, vol. 6, Wiley-Blackwell.

Kovacevic, R.M., Pflug, G.C. and Vespucci, M.T. (2013) Handbook of Risk Manage-
ment in Energy Production and Trading, Springer.

Newey, W.K. and West, K.D. (1986) A simple, positive semi-definite, heteroskedasti-
city and autocorrelationconsistent covariance matrix, National Bureau of Eco-
nomic Research Cambridge, Mass., USA.

Oksendal, B. (2013) Stochastic differential equations: an introduction with applica-
tions, Springer Science & Business Media.

Pilipovic, D. (1997) Energy Risk: Valuing and Managing Energy Derivatives, McGraw-
Hill.

Robert, C. and Casella, G. (2009) Introducing Monte Carlo Methods with R, Springer
Science & Business Media.

73



Articles 74

Weron, R. (2007) Modeling and forecasting electricity loads and prices: a statistical
approach, vol. 403, John Wiley & Sons.

Articles
Aien, M., Hajebrahimi, A. and Fotuhi-Firuzabad, M. (2016) ‘A comprehensive re-

view on uncertainty modeling techniques in power system studies’, Renewable and
Sustainable Energy Reviews 57, pp. 1077–1089.

Almeshaiei, E. and Soltan, H. (2011) ‘A methodology for electric power load forecast-
ing’, Alexandria Engineering Journal 50 (2), pp. 137–144.

Alvarado, F.L. and Rajaraman, R. (2000) ‘Understanding price volatility in electricity
markets’, p. 4024.

Amjady, N. and Daraeepour, A. (2009) ‘Mixed price and load forecasting of electricity
markets by a new iterative prediction method’, Electric power systems research
79 (9), pp. 1329–1336.

Andersen, F.M., Larsen, H.V. and Gaardestrup, R. (2013) ‘Long term forecasting of
hourly electricity consumption in local areas in Denmark’, Applied Energy 110,
pp. 147–162.

Azofra, D., Jiménez, E., Martınez, E., Blanco, J. and Saenz-Dıez, J. (2014) ‘Wind
power merit-order and feed-in-tariffs effect: A variability analysis of the Spanish
electricity market’, Energy Conversion and Management 83, pp. 19–27.

Barbounis, T.G., Theocharis, J.B., Alexiadis, M.C. and Dokopoulos, P.S. (2006)
‘Long-term wind speed and power forecasting using local recurrent neural net-
work models’, Energy Conversion, IEEE Transactions on 21 (1), pp. 273–284.

Bask, M. and Widerberg, A. (2009) ‘Market structure and the stability and volatility
of electricity prices’, Energy Economics 31 (2), pp. 278–288.

Carta, J.A., Ramirez, P. and Velazquez, S. (2009) ‘A review of wind speed probability
distributions used in wind energy analysis: Case studies in the Canary Islands’,
Renewable and Sustainable Energy Reviews 13 (5), pp. 933–955.

Ceseña, E.M., Mutale, J. and Rivas-Dávalos, F. (2013) ‘Real options theory applied
to electricity generation projects: A review’, Renewable and Sustainable Energy
Reviews 19, pp. 573–581.

Chang, M.K., Eichman, J.D., Mueller, F. and Samuelsen, S. (2013) ‘Buffering inter-
mittent renewable power with hydroelectric generation: A case study in Califor-
nia’, Applied Energy 112, pp. 1–11.

Clò, S., Cataldi, A. and Zoppoli, P. (2015) ‘The merit-order effect in the Italian power
market: The impact of solar and wind generation on national wholesale electricity
prices’, Energy Policy 77, pp. 79–88.



Articles 75

Cludius, J., Hermann, H., Matthes, F.C. and Graichen, V. (2014) ‘The merit or-
der effect of wind and photovoltaic electricity generation in Germany 2008–2016:
Estimation and distributional implications’, Energy Economics 44, pp. 302–313.

Conejo, A.J., Contreras, J., Espınola, R. and Plazas, M.A. (2005) ‘Forecasting elec-
tricity prices for a day-ahead pool-based electric energy market’, International
Journal of Forecasting 21 (3), pp. 435–462.

Conejo, A.J., Plazas, M.A., Espinola, R. and Molina, A.B. (2005) ‘Day-ahead elec-
tricity price forecasting using the wavelet transform and ARIMA models’, Power
Systems, IEEE Transactions on 20 (2), pp. 1035–1042.

Connolly, D. and Mathiesen, B.V. (2014) ‘A technical and economic analysis of one
potential pathway to a 100% renewable energy system’, International Journal of
Sustainable Energy Planning and Management 1, pp. 7–28.

Dallinger, D., Gerda, S. and Wietschel, M. (2013) ‘Integration of intermittent renew-
able power supply using grid-connected vehicles–A 2030 case study for California
and Germany’, Applied Energy 104, pp. 666–682.

Dev, P. and Martin, M.A. (2014) ‘Using neural networks and extreme value distri-
butions to model electricity pool prices: Evidence from the Australian National
Electricity Market 1998–2013’, Energy Conversion and Management 84, pp. 122–
132.

Edenhofer, O., Hirth, L., Knopf, B., Pahle, M., Schloemer, S., Schmid, E. and Ueckerdt,
F. (2013) ‘On the economics of renewable energy sources’, Energy Economics 40,
S12–S23.

Ertugrul, Ö.F. (2016) ‘Forecasting electricity load by a novel recurrent extreme learn-
ing machines approach’, International Journal of Electrical Power & Energy Sys-
tems 78, pp. 429–435.

Escribano, A., Ignacio Peña, J. and Villaplana, P. (2011) ‘Modelling Electricity Prices:
International Evidence*’, Oxford Bulletin of Economics and Statistics 73 (5),
pp. 622–650.

Garcia, R.C., Contreras, J., Van Akkeren, M. and Garcia, J.B.C. (2005) ‘A GARCH
forecasting model to predict day-ahead electricity prices’, Power Systems, IEEE
Transactions on 20 (2), pp. 867–874.

Garcıa-Martos, C., Rodrıguez, J. and Sánchez, M.J. (2007) ‘Mixed models for short-
run forecasting of electricity prices: application for the Spanish market’, Power
Systems, IEEE Transactions on 22 (2), pp. 544–552.

Garcıa-Martos, C., Rodrıguez, J. and Sánchez, M.J. (2011) ‘Forecasting electricity
prices and their volatilities using Unobserved Components’, Energy Economics
33 (6), pp. 1227–1239.



Articles 76

Garcıa-Martos, C., Rodrıguez, J. and Sánchez, M.J. (2013) ‘Modelling and forecasting
fossil fuels, CO 2 and electricity prices and their volatilities’, Applied Energy 101,
pp. 363–375.

Gillespie, D.T. (1996) ‘Exact numerical simulation of the Ornstein-Uhlenbeck process
and its integral’, Physical review E 54 (2), p. 2084.

Goto, M. and Karolyi, G.A. (2004) ‘Understanding electricity price volatility within
and across markets’.

Gross, P., Kovacevic, R.M. and Ch. Pflug, G. (2013) ‘Energy Markets’, Booktitle:
Handbook of Risk Management in Energy Production and Trading, pp. 3–24.

Hellström, J., Lundgren, J. and Yu, H. (2012) ‘Why do electricity prices jump? Em-
pirical evidence from the Nordic electricity market’, Energy Economics 34 (6),
pp. 1774–1781.

Higgs, H. and Worthington, A. (2008) ‘Stochastic price modeling of high volatility,
mean-reverting, spike-prone commodities: The Australian wholesale spot electri-
city market’, Energy Economics 30 (6), pp. 3172–3185.

Hikspoors, S. and Jaimungal, S. (2007) ‘Energy spot price models and spread op-
tions pricing’, International Journal of Theoretical and Applied Finance 10 (07),
pp. 1111–1135.

Hirth, L. (2013) ‘The market value of variable renewables: The effect of solar wind
power variability on their relative price’, Energy economics 38, pp. 218–236.

Hlouskova, J., Kossmeier, S., Obersteiner, M. and Schnabl, A. (2003) ‘Real option
models and electricity portfolio management’.

Ketterer, J.C. (2014) ‘The impact of wind power generation on the electricity price
in Germany’, Energy Economics 44, pp. 270–280.

Kristiansen, T. (2012) ‘Forecasting Nord Pool day-ahead prices with an autoregressive
model’, Energy Policy 49, pp. 328–332.

Kristiansen, T. (2014) ‘A time series spot price forecast model for the Nord Pool
market’, International Journal of Electrical Power & Energy Systems 61, pp. 20–
26.

Levihn, F. (2014) ‘CO 2 emissions accounting: Whether, how, and when different
allocation methods should be used’, Energy 68, pp. 811–818.

Lisi, F. and Nan, F. (2014) ‘Component estimation for electricity prices: Procedures
and comparisons’, Energy Economics 44, pp. 143–159.

Liu, W., Lund, H. and Mathiesen, B.V. (2011) ‘Large-scale integration of wind power
into the existing Chinese energy system’, Energy 36 (8), pp. 4753–4760.



Articles 77

Lund, H. and Andersen, A.N. (2005) ‘Optimal designs of small CHP plants in a
market with fluctuating electricity prices’, Energy Conversion and Management
46 (6), pp. 893–904.

Lund, H., Werner, S., Wiltshire, R., Svendsen, S., Thorsen, J.E., Hvelplund, F. and
Mathiesen, B.V. (2014) ‘4th Generation District Heating (4GDH): Integrating
smart thermal grids into future sustainable energy systems’, Energy 68, pp. 1–11.

Lund, H., Hvelplund, F., Østergaard, P.A., Möller, B., Mathiesen, B.V., Karnøe, P.,
Andersen, A.N., Morthorst, P.E., Karlsson, K., Münster, M. et al. (2013) ‘System
and market integration of wind power in Denmark’, Energy Strategy Reviews 1 (3),
pp. 143–156.

Lund, R. and Mathiesen, B.V. (2015) ‘Large combined heat and power plants in
sustainable energy systems’, Applied Energy 142, pp. 389–395.

Mari, C. (2014) ‘Hedging electricity price volatility using nuclear power’, Applied
Energy 113, pp. 615–621.

Massey Jr, F.J. (1951) ‘The Kolmogorov-Smirnov test for goodness of fit’, Journal of
the American statistical Association 46 (253), pp. 68–78.

McElroy, M.B., Lu, X., Nielsen, C.P. and Wang, Y. (2009) ‘Potential for wind-
generated electricity in China’, Science 325 (5946), pp. 1378–1380.

Milstein, I. and Tishler, A. (2015) ‘Can price volatility enhance market power? The
case of renewable technologies in competitive electricity markets’, Resource and
Energy Economics 41, pp. 70–90.

Münster, M., Morthorst, P.E., Larsen, H.V., Bregnbæk, L., Werling, J., Lindboe, H.H.
and Ravn, H. (2012) ‘The role of district heating in the future Danish energy
system’, Energy 48 (1), pp. 47–55.

Narbel, P.A. (2014) ‘Rethinking how to support intermittent renewables’, Energy 77,
pp. 414–421.

Narula, S.C. (1979) ‘Orthogonal polynomial regression’, International Statistical Re-
view/Revue Internationale de Statistique, pp. 31–36.

Nowotarski, J., Tomczyk, J. and Weron, R. (2013) ‘Robust estimation and forecasting
of the long-term seasonal component of electricity spot prices’, Energy Economics
39, pp. 13–27.

Paraschiv, F. (2013) ‘Price dynamics in electricity markets’, Booktitle: Handbook of
Risk Management in Energy Production and Trading, pp. 47–69.

Puga, J.N. (2010) ‘The importance of combined cycle generating plants in integrating
large levels of wind power generation’, The Electricity Journal 23 (7), pp. 33–44.

Rana, M. and Koprinska, I. (2015) ‘Forecasting electricity load with advanced wavelet
neural networks’, Neurocomputing.



Articles 78

Routledge, B.R., Spatt, C.S. and Seppi, D.J. (2001) ‘The" spark spread:" An equi-
librium model of cross-commodity price relationships in electricity’.

Al-Saba, T. and El-Amin, I. (1999) ‘Artificial neural networks as applied to long-term
demand forecasting’, Artificial Intelligence in Engineering 13 (2), pp. 189–197.

Simonsen, I. (2005) ‘Volatility of power markets’, Physica A: Statistical Mechanics
and its Applications 355 (1), pp. 10–20.

Sorknæs, P., Lund, H. and Andersen, A.N. (2015) ‘Future power market and sus-
tainable energy solutions–The treatment of uncertainties in the daily operation of
combined heat and power plants’, Applied Energy 144, pp. 129–138.

Spees, K. and Lave, L.B. (2007) ‘Demand response and electricity market efficiency’,
The Electricity Journal 20 (3), pp. 69–85.

Stock, J.H., Watson, M.W. and Addison-Wesley, P. (2007) ‘Introduction to econo-
metrics’.

Strozzi, F., Gutierrez, E., Noe, C., Rossi, T., Serati, M. and Zaldivar, J. (2008) ‘Meas-
uring volatility in the nordic spot electricity market using recurrence quantification
analysis’, The European physical journal special topics 164 (1), pp. 105–115.

Suhono and Sarjiya (2015) ‘Long-term Electricity Demand Forecasting of Sumatera
System Based on Electricity Consumption Intensity and Indonesia Population
Projection 2010-2035’, Energy Procedia 68, 2nd International Conference on Sus-
tainable Energy Engineering and Application (ICSEEA) 2014 Sustainable Energy
for Green Mobility, pp. 455–462, issn: 1876-6102, doi: http://dx.doi.org/10.
1016/j.egypro.2015.03.277.

Torrini, F.C., Souza, R.C., Oliveira, F.L.C. and Pessanha, J.F.M. (2016) ‘Long term
electricity consumption forecast in Brazil: A fuzzy logic approach’, Socio-Economic
Planning Sciences 54, pp. 18–27.

Uritskaya, O.Y. and Uritsky, V.M. (2015) ‘Predictability of price movements in de-
regulated electricity markets’, Energy Economics 49, pp. 72–81.

Wagner, A. (2012) ‘Residual demand modeling and application to electricity pricing’,
Available at SSRN 2018908.

Weron, R. and Misiorek, A. (2008) ‘Forecasting spot electricity prices: A comparison
of parametric and semiparametric time series models’, International Journal of
Forecasting 24 (4), pp. 744–763.

Weron, R., Simonsen, I. and Wilman, P. (2004) ‘Modeling highly volatile and sea-
sonal markets: evidence from the Nord Pool electricity market’, Booktitle: The
application of econophysics, pp. 182–191.

Würzburg, K., Labandeira, X. and Linares, P. (2013) ‘Renewable generation and elec-
tricity prices: Taking stock and new evidence for Germany and Austria’, Energy
Economics 40, S159–S171.

http://dx.doi.org/http://dx.doi.org/10.1016/j.egypro.2015.03.277
http://dx.doi.org/http://dx.doi.org/10.1016/j.egypro.2015.03.277


Other References 79

Zareipour, H., Cañizares, C.A., Bhattacharya, K. and Thomson, J. (2006) ‘Applica-
tion of public-domain market information to forecast Ontario’s wholesale electri-
city prices’, Power Systems, IEEE Transactions on 21 (4), pp. 1707–1717.

Ziel, F., Steinert, R. and Husmann, S. (2015) ‘Efficient modeling and forecasting of
electricity spot prices’, Energy Economics 47, pp. 98–111.

Other References
Abrahamsson, J. and Hall, M. (2016) Kärnkraften avvecklas om inte effektskatten

tas bort, Dagens Nyheter, DN Debatt, url: http : / / www . dn . se / debatt /
karnkraften - avvecklas - om - inte - effektskatten - tas - bort/ (visited on
15/05/2016).

Axelsson, S. (2016) Slopa effektskatten och höj kärnavfallsavgiften, Dagens Nyheter,
DN Debatt, url: http://www.dn.se/debatt/slopa-effektskatten-och-hoj-
karnavfallsavgiften/ (visited on 15/05/2016).

Baylan, I. and Nordin, L. (2016) Sverige ska ha ett 100 procent förnybart elsystem om
20 år, Dagens Nyheter, DN Debatt, url: http://www.dn.se/debatt/sverige-
ska - ha - ett - 100 - procent - fornybart - elsystem - om - 20 - ar/ (visited on
15/05/2016).

Brännlund, R., Karimu, A. and Söderholm, P. (2012) Elmarknaden och elprisets
utveckling före och efter avregleringen: ekonometriska analyser, tech. rep., Centre
for Environmental and Resource Economics (CERE), University of Umeå.

Deng, S., Johnson, B. and Sogomonian, A. (1999) ‘Spark spread options and the valu-
ation of electricity generation assets’, Systems Sciences, 1999. HICSS-32. Proceed-
ings of the 32nd Annual Hawaii International Conference on, IEEE, 7–pp.

Ericsson, A., Hemmingsson, M., Jonsson, A. and Kreisel, H. (2016) Vattenkraften
hotad av för hög skatt, Ny Teknik, url: http://www.nyteknik.se/opinion/
vattenkraften-hotad-av-for-hog-skatt-6336146 (visited on 12/05/2016).

European Commision (2015) EU Energy in figures, tech. rep.

European Commision (2016) Energy Union and Climate, http://ec.europa.eu/
priorities/energy-union-and-climate_en, Accessed: 2016-02-19.

Global Wind Energy Council (2016) Global Wind Statistics, tech. rep.

Lundqvist, R., Schrief, A., Kinnunen, P., Myohanen, K. and Seshamani, M. (2003) A
major step forward - The Super Critical CFB Boiler, tech. rep., foster Wheeker
Energia Oy and Siemens.

Mattmarulf, U. and Holmin, M. (2016) Hotet: Kärnkraften kan vara borta om fyra år,
SVT, url: http://www.svt.se/nyheter/inrikes/karnkraften-kan-vara-
borta-om-fyra-ar (visited on 15/05/2016).

http://www.dn.se/debatt/karnkraften-avvecklas-om-inte-effektskatten-tas-bort/
http://www.dn.se/debatt/karnkraften-avvecklas-om-inte-effektskatten-tas-bort/
http://www.dn.se/debatt/slopa-effektskatten-och-hoj-karnavfallsavgiften/
http://www.dn.se/debatt/slopa-effektskatten-och-hoj-karnavfallsavgiften/
http://www.dn.se/debatt/sverige-ska-ha-ett-100-procent-fornybart-elsystem-om-20-ar/
http://www.dn.se/debatt/sverige-ska-ha-ett-100-procent-fornybart-elsystem-om-20-ar/
http://www.nyteknik.se/opinion/vattenkraften-hotad-av-for-hog-skatt-6336146
http://www.nyteknik.se/opinion/vattenkraften-hotad-av-for-hog-skatt-6336146
http://ec.europa.eu/priorities/energy-union-and-climate_en
http://ec.europa.eu/priorities/energy-union-and-climate_en
http://www.svt.se/nyheter/inrikes/karnkraften-kan-vara-borta-om-fyra-ar
http://www.svt.se/nyheter/inrikes/karnkraften-kan-vara-borta-om-fyra-ar


Other References 80

Nord Pool (2016) Spot price data, url: http://www.nordpoolspot.com (visited on
01/04/2016).

NordPool (2014) The Nordic Electricity Exchange and The Nordic Model for a Lib-
eralized Electricity Market, tech. rep.

Siemens (2001) BENSON Boiler for Maximum Cost-Effectiveness in Power Plants,
tech. rep., Siemens AB Power Generation.

Siemens (2003) BENSON Once-Through Heat Recovery Steam Generator, tech. rep.,
Siemens AB Power Generation.

Sköldberg, H., Unger, T. and Holmström, D. (2016) El och Fjärrvärme - Samverkan
mellan marknaderna, tech. rep., Svensk Fjärrvärme AB.

SMHI (2016) Temperature data, url: http://www.smhi.se/ (visited on 01/04/2016).

Strömdahl, J. (2016) Kärnavfallsavgiften täcker inte kostnaderna, Dagens Nyheter,
DN Debatt, url: http://www.dn.se/debatt/repliker/karnavfallsavgiften-
tacker-inte-kostnaderna/ (visited on 15/05/2016).

Svensk Energi (2015) ELÅRET Verksamheten 2014, tech. rep.

Svenska Kraftnät (2016) Production data, url: http://www.svk.se/ (visited on
01/04/2016).

Swedish Government (1994) Regeringens proposition 1993/94:162 Handel med el i
konkurrens.

The Swedish District Heating Association (2016) District Heating, url: http://
www.svenskfjarrvarme.se/In- English/District- Heating- in- Sweden/
District-Heating/ (visited on 28/04/2016).

U.S. Department of Energy (2016) SolarEnergy in the United States, url: http:
//energy.gov/eere/solarpoweringamerica/solar-energy-united-states
(visited on 09/03/2016).

World Energy Council (2016) Hydropower, https://www.worldenergy.org/data/
resources/resource/hydropower/2008/, Accessed: 2016-02-19.

http://www.nordpoolspot.com
http://www.smhi.se/
http://www.dn.se/debatt/repliker/karnavfallsavgiften-tacker-inte-kostnaderna/
http://www.dn.se/debatt/repliker/karnavfallsavgiften-tacker-inte-kostnaderna/
http://www.svk.se/
http://www.svenskfjarrvarme.se/In-English/District-Heating-in-Sweden/District-Heating/
http://www.svenskfjarrvarme.se/In-English/District-Heating-in-Sweden/District-Heating/
http://www.svenskfjarrvarme.se/In-English/District-Heating-in-Sweden/District-Heating/
http://energy.gov/eere/solarpoweringamerica/solar-energy-united-states
http://energy.gov/eere/solarpoweringamerica/solar-energy-united-states
https://www.worldenergy.org/data/resources/resource/hydropower/2008/
https://www.worldenergy.org/data/resources/resource/hydropower/2008/


81



CHAPTER 11. APPENDIX 82

Chapter 11

Appendix

11.1 Trends in Variables
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Figure 11.1: Developments of variables, 2011-2016. Yearly average in black and a moving,
past year, average in grey. Source: Svenska Kraftnät and authors calculations.
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11.2 Distribution of Variables using Histograms
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(f) Heat and other power infeed.

Figure 11.2: Histograms displaying the historical distribution of underlying variables,
2011-2016. Source: Svenska Kraftnät and authors calculations.
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Figure 11.3: Histograms displaying the historical distribution of underlying variables,
2011-2016. Source: Svenska Kraftnät, SMHI and authors calculations.
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11.3 Average Infeed Prices
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Figure 11.4: Average prices per infeed source 2011-2016. One can see that the infeed prices
for e.g. wind power are slightly lower than other infeed sources on average, a consequence
of low marginal costs of wind power which pushes down electricity prices during hours of
high wind. Source: Svenska Kraftnät and authors calculations.
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11.4 Results from Simulating Underlying Variables
Below follows results from simulating underlying variables. The results are displayed
with firstly a figure showing the actual values and the simulated values of a vari-
able. Secondly a histogram of the residuals between simulated and actual values is
displayed. In the instances where regression is used, a table of regression results
is displayed and likewise for the cases when we have fitted an Ornstein-Uhlenbeck
process in order to simulate noise.

In the cases where a sinusoidal regression is performed, see Table 11.1,11.3,11.5,11.8
and 11.10 , a, b...h have the following interpretations: a, b have yearly periods, c, d
have weekly periods, e, f have daily periods (24 hours) and g, h have half-daily periods
(12 hours). E.g:

ai = cos(2π
Ti

8760
) (11.1)

where 8760 represents the number of hours during one year.
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Demand Simulation
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Figure 11.5: Actual and simulated de-
mand.
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Figure 11.6: Residul between actual
and simulated demand.

Dependent variable:

X
(1)
t

Constant 15, 199.92∗∗∗ (6.35)
a 3, 475.89∗∗∗ (8.97)
b 1, 093.14∗∗∗ (8.97)
c −920.05∗∗∗ (8.97)
d 75.96∗∗∗ (8.97)
e −1, 718.96∗∗∗ (8.97)
f −620.69∗∗∗ (8.97)
g −507.70∗∗∗ (8.97)
h −668.18∗∗∗ (8.97)

Observations 43,799
R2 0.84
F Statistic 28,226.48∗∗∗

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Table 11.1: Results from demand re-
gression.

Dependent variable:

µ
(1)
t

µ
(1)
t 0.14∗∗∗ (0.002)

X
(1)
t−1 0.86∗∗∗ (0.002)

Observations 43,798
R2 1.00
F Statistic 18,056,890.00∗∗∗

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Table 11.2: Demand Ornstein-
Uhlenbeck fit.
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Temperature Simulation
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Figure 11.7: Actual and simulated tem-
perature.
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Figure 11.8: Residul between actual
and simulated temperature.

Dependent variable:

µ
(2)
t

Constant 8.15∗∗∗ (0.02)
a −8.94∗∗∗ (0.02)
b −3.54∗∗∗ (0.02)
c −0.07∗∗∗ (0.02)
d 0.03 (0.02)
e −1.85∗∗∗ (0.02)
f −0.71∗∗∗ (0.02)
g 0.32∗∗∗ (0.02)
h −0.08∗∗∗ (0.02)

Observations 43,799
R2 0.79
F Statistic 20,895.15∗∗∗

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Table 11.3: Temperature regression res-
ults.

Dependent variable:

X
(2)
t

µ
(2)
t 0.03∗∗∗ (0.001)

X
(2)
t−1 0.97∗∗∗ (0.001)

Observations 43,798
R2 1.00
F Statistic 5,157,688.00∗∗∗

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Table 11.4: Temperature Ornstein-
Uhlenbeck fit.
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Hydro Power Infeed Simulation
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Figure 11.9: Actual and simulated hy-
dro power infeed.
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Figure 11.10: Residual between actual
and simulated hydro power infeed.

Dependent variable:

µ
(6)
t

Constant 7, 956.51∗∗∗ (8.65)
a 938.52∗∗∗ (12.23)
b 339.95∗∗∗ (12.23)
c −745.02∗∗∗ (12.23)
d −15.00 (12.23)
e −1, 677.74∗∗∗ (12.23)
f −723.32∗∗∗ (12.23)
g −572.39∗∗∗ (12.23)
h −769.71∗∗∗ (12.23)

Observations 43,799
R2 0.47
F Statistic 4,854.70∗∗∗

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Table 11.5: Hydro power regression res-
ults.

Dependent variable:

X
(6)
t

µ
(6)
t 0.09∗∗∗ (0.002)

X
(6)
t−1 0.91∗∗∗ (0.002)

Observations 43,798
R2 0.99
F Statistic 4,106,707.00∗∗∗

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Table 11.6: Hydro power infeed
Ornstein-Uhlenbeck fit.
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Nuclear Power Infeed Simulation
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Figure 11.11: Actual and simulated
nuclear power infeed.
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Figure 11.12: Residual between actual
an simulated nuclear power infeed.
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Wind Power Infeed Simulation
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Figure 11.13: Actual and simulated
wind power infeed.
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Figure 11.14: Residual between actual
and simulated wind power infeed.

Dependent variable:

X
(5)
t

µ
(5)
t 0.005∗∗∗ (0.001)

X
(5)
t−1 1.00∗∗∗ (0.0005)

Observations 43,798
R2 1.00
F Statistic 6,509,676.00∗∗∗

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Table 11.7: Wind power Ornstein-
Uhlenbeck fit.
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Heat Power Infeed Simulation
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Figure 11.15: Actual and simulated
heat-, gas- and other power infeed.
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Figure 11.16: Residual between actual
and simulated heat-, gas- and other power
infeed.

Dependent variable:

µ
(7)
t

Constant 906.29∗∗∗ (1.23)
a 691.35∗∗∗ (1.75)
b 343.03∗∗∗ (1.75)
c −17.50∗∗∗ (1.75)
d −2.97∗ (1.75)
e −16.33∗∗∗ (1.75)
f −7.99∗∗∗ (1.75)
g −11.18∗∗∗ (1.75)
h −11.09∗∗∗ (1.75)

Observations 43,799
R2 0.82
F Statistic 24,477.31∗∗∗

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Table 11.8: Regression results heat-,
gas- and other power infeed.

Dependent variable:

X
(7)
t

µ
(7)
t 0.01∗∗∗ (0.001)

X
(7)
t−1 0.99∗∗∗ (0.001)

Observations 43,798
R2 1.00
F Statistic 29,514,580.00∗∗∗

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Table 11.9: Heat-, gas- and other power
infeed Ornstein-Uhlenbeck fit.
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Solar Power Infeed Simulation
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Figure 11.17: Actual and simulated
solar power infeed.
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Figure 11.18: Residual between actual
and simulated solar power infeed.

Dependent variable:

µ
(3)
t

a −1.13∗∗∗ (0.02)
b −0.04∗∗ (0.02)
e −1.63∗∗∗ (0.02)
f 0.18∗∗∗ (0.02)

Observations 43,799
R2 0.17
F Statistic 2,290.65∗∗∗

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Table 11.10: Regression results solar
power infeed.
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11.5 Extension 1: Jumps in Nuclear Infeed
A spike in nuclear power infeed is in this regard defined as a negative return of greater
magnitude than −0.002%, displayed in Figure 11.19(b). The time between spikes is
then studied in a histogram and a cumulative distributions plot in Figure 11.19(c, d).
The time between spikes does indeed seem to follow some exponential distribution
which is why a regression model of log(Time between spikes) = βt is performed with
the result displayed in Table 11.11

Dependent variable:

log(AA)

t 0.01225∗∗∗ (0.0001)

Observations 468
R2 0.99
Residual Std. Error 0.37
F Statistic 36,998.88∗∗∗

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Table 11.11: Results from regression model of time between spikes.
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(c) Histogram of time
between spikes.
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Figure 11.19: Return dynamics in nuclear power infeed and time between spikes.
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11.6 Extension 2: Orthogonal Polynomials
As a possible extension of the model, a simple interpretation of a non-linear model
is that the independent variables are a sum of polynomial functions of the original
independent variables. This forms a regular polynomial regression

Y = β0 +
m∑
i=1

βiX
i + ε = Vβ + ε (11.2)

where X i = (X i
1, ..., X

i
n)T is a vector of n observations of an independent variable,

Y = (Y1, ..., Yn)T observations of the dependent variable, and ε is an error term vector.
β = (β0, ..., βm)T is a column vector of coefficients for the i:th degree polynomial.
Here, V can be considered as a ordered monomial basis of the independent variable,
also referred to as a Vandermonde matrix, and can be written as a n by m+ 1 matrix

V =

 1 X1
1 X2

1 ... Xm
1

... ... ... ... ...

1 X1
n X2

n ... Xm
n

 (11.3)

In the multivariate case for k independent variables we can similarly write Y =
V1β1 + ...+ Vkβk + ε.

However, since the polynomials of different order of the same variable are correl-
ated, the polynomials also introduce problems in a regression framework. Orthogonal
polynomials offer a solution to this problem as they are orthogonal to each other
under an inner product, and thus minimize correlation between the ordered polyno-
mials. The approach is confirmed to be superior to ordinary polynomial regression
(Narula, 1979).

In practice, this is done by orthogonalizing the monomial basis V which is de-
composed to V = QR where Q is an orthogonal matrix with columns equal to the
orthogonal polynomials Qi = ρi(X) and R an upper triangular matrix. This is ob-
tained through the Gram-Schmidt process using that the inner product of polynomials
of different orders should be zero, e.g. 〈Qi,Qj〉 = QT

i Qj = 0, i 6= j (Bretscher, 2014).
Then, Q = ρ(X) defines the orthogonal polynomials through the process where each
polynomial is obtained by the following calculation

ρi(X) = X i −
i−1∑
j=0

〈X i, ρj(X)〉
〈ρj(X), ρj(X)〉

ρj(X). (11.4)

If we let ρ(X) form a new basis for regression, a generalized linear model with k
independent variables can be specified as

Y = β0 +
k∑
i=1

m∑
j=1

βi,jρj(X
i) (11.5)

where Xi = (Xi,1, ..., Xi,n)T is a vector of n observations of the i:th independent
variable included in the regression. β0 is a catchall variable for all constants in the
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i:th monomial bases. This is a simplification of a non-linear model which will be
used to describe the functional form to predict electricity prices from the supply
stack, and can be estimated using OLS. The orthogonal polynomial approach has
been confirmed to take less computer time (twice as fast as ordinary polynomials),
does not pose problems with round-off errors, yield independent tests of significance
on parameters, and where parameter estimates do not depend on the degree of the
polynomial (Narula, 1979).

Using this model as a basis for non-linear assumptions yields higher explanatory
power for volatile and spiky behavior, as seen in Figure 11.20. The figure shows a
test of the model using a polynomial order of level 5.
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Figure 11.20: Example of historical fit over the estimation period 2011-2016 using an
Orthogonal Polynomial Regression of order 5. Local fit is better where the non-linearity
from polynomials help to explain the sharp spikes and volatility. However, on a global scale
in terms of MAPE the model deteriorates as an effect of the nonlinear assumptions. Source:
Nord Pool and authors calculations.
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11.7 Solution to the Pilipovic SDE
Recall that the specification (Pilipovic, 1997) follows for the spot price Xt where the
incremental change dXt is modeled as

dXt = γ(µ−Xt)dt+ σXtdBt, (11.6)

where γ is the short-run mean-reversion parameter, σ the volatility of the price
process in percent, and Bt ∈ R is a one-dimensional Wiener process such that dBt ∼
N(0, dt). γ and σ are real constants. The solution of electricity prices in the Pilipovic
(1997) model can then be written as (Oksendal, 2013)

Xt = X0e
−(γ+σ2

2
)t+σBt +

γ

γ + σ2/2
µ(1− e−(γ+σ2

2
)t). (11.7)

Proof: Since (11.6) is a nonlinear stochastic differential equation of the form

dXt = f(t,Xt)dt+ c(t)XtdBt (11.8)
where f : R x R → R and c : R → R are continuous deterministic functions, the

solution technique by using the integrating factor

Ft = e−
∫ t
0 c(s)dBs+

1
2

∫ t
0 c

2(s)ds (11.9)
can be employed (Oksendal, 2013). Then, we have that f(t,Xt) = γ(µ−Xt) and

c = σ so that the integrating factor can be written as

Ft = e−σBt+
1
2
σ2t. (11.10)

Since (11.8) can be written

d(FtXt) = Ft · f(t,Xt)dt, (11.11)
see Oksendal (2013), and if we form Yt = FtXt with initial condition Y0 = X0,

(11.11) can be written as a deterministic differential equation

dYt
dt

= Ft · f(t, F−1
t Yt) = γe−σBt+

1
2
σ2t
(
µ− YteσBt−

1
2
σ2t
)
. (11.12)

which is possible to solve using Bt as a parameter and obtain Xt from F−1
t Yt

(Oksendal, 2013). The solution to the ordinary differential equation (11.12), when Bt

is a parameter, is given by

Yt =
2γ

σ2 + 2γ
· µ · e−σBt+

1
2
σ2t + e−γt

(
X0 −

2γ

σ2 + 2γ
µe−σBt

)
. (11.13)

From this we finally recover Xt by

Xt = F−1
t Yt = eσBt−

1
2
σ2t

(
2γµ

σ2 + 2γ
e−σBt+

1
2
σ2t + e−γt(X0 −

2γµ

σ2 + 2γ
e−σBt)

)
=

γµ

γ + σ2/2

(
1− e−(γ+σ2/2)t

)
+X0e

−(γ+σ2/2)t+σBt .
(11.14)
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