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Preface

Liberalization and privatization in the electricity industry have lead to
increased competition among utilities. At the same time, utilities are now
exposed more than ever to risk and uncertainties, which they cannot pass on
to their customers through price increases as in a regulated environment.
Especially electricity generating companies have to face volatile wholesale
prices, fuel price uncertainty, limited long-term hedging possibilities and
huge, to a large extent sunk investments. In this context, the present book
aims at an integrative view on the decision problems that power companies
have to tackle.

The central challenge is thereby the optimization of generation and
trading portfolios under uncertainty - and by purpose this is also a central
chapter in the book. But this optimization is not possible without a profound
understanding and detailed models of market and price developments as well
as of competitors’ behavior. For market and price modeling the focus is
thereby on an innovative integrative approach, which combines fundamental
and finance-type models.

The optimization of the portfolios has furthermore to go along with an
adequate management of the corresponding risks. Here the concept of
Integral-Earnings-at-Risk is worked out, which takes into account market
structure and market liquidity. It provides a theoretically justified alternative
going beyond a simplistic combination of Value-at-Risk and Profit-at-Risk
measures.

After more than one decade of liberalization efforts, also the longer-term
investment decisions are becoming more pressing for the electricity
generation companies. These require both an assessment of future
technology trends and of long-term price and capacity developments.



xxii

Especially fuel cells are a key challenge to the power industry and therefore
adequate methods for technology assessment are developed and applied to
this example. Another key issue is the development of optimal investment
strategies under fuel price uncertainty. This requires models of investment
under uncertainty, which combine the real options approach with models of
endogenous market price equilibria as developed within peak-load pricing
theory.

The primary intention of this book is not to provide an in-depth
discussion of the regulatory challenges at hand after more than one decade of
electricity market deregulation around the world – but analyzing the key
decision problems of players in the industry certainly is a useful and
necessary first step when aiming at the design of efficient and robust electric
power markets. And by bringing together material and approaches from
different disciplines, the volume at hand hopefully helps both practitioners
and academics to identify the adequate models for the challenges they have
to cope with.

Stuttgart, July 2004 Christoph Weber
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Chapter 1

INTRODUCTION

Starting in Chile, the UK and Norway, liberalization and privatization
have been a major theme in the electricity industry during the last decade.
Through the introduction of competition and economic considerations,
governments around the world have attempted to obtain more reliable and
cheaper services for the electricity customers. A major step in Europe has
been the directive of the European Commission in the end of 1996 (EU
1997), requiring the stepwise opening of electricity markets in the European
Union, ending with a fully competitive market at the latest in 2010. Also in
the US, many federal states have taken steps towards competitive and
liberalized markets, with California and several East coast states being
among the first movers. But California is nowadays often cited as the pre-
eminent example for the risks and difficulties associated with liberalization.
Adding to this the Enron collapse at the end of 2001, the strive for
liberalization has considerably been slowed down and the uncertainties and
risks inherent in liberalized electricity markets are much more in view.

In order to avoid throwing away the baby with the bath, one has to look
carefully at the decision situation faced by the different actors in liberalized
electricity markets. Special attention has thereby to be devoted to the
generation companies, since they are exposed to the risks of competition and
at the same time have to afford huge and to a large extent irreversible
investments. The uncertainties, which these companies are facing in the new
electricity market, include notably the future development of:

product prices for electricity,
world market prices for primary energy carriers (coal, gas and oil),
technology (e.g. distributed generation),
regulation and political context (including environmental policy),
behavior of competitors,
availability of plants,
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demand growth.
These factors have to be accounted for both in operative decision making

and in strategic planning and require an increased use of mathematical
models for decision support.

In this context, the present study aims to develop models for supporting
the energy management in the electricity industry. Thereby various methods
developed in operations research are employed and combined to provide
models of practical relevance and applicability. A particular focus is on the
concepts of stochastic processes and stochastic optimization, but also game
and control theory approaches and finance concepts like value-at-risk or
profit-at-risk are employed. At the same time, the analysis emphasizes the
need to include sufficient technical detail to account for the specificities of
the electricity industry, notably the non-storability of electricity and the grid
dependency.

In the following, the basis for the subsequent analyses is first laid through
a review of the current situation in various countries and the relevant market
structures in chapter 2 and a brief recapitulation of the basics from decision
sciences and mathematics in chapter 3. Then models to cope with the key
uncertainty of price developments are discussed in chapter 4. Chapter 5 is
devoted to modeling the interactions between the different players on the
market. The operative decisions of unit commitment, dispatch and (short and
medium term) portfolio choice are discussed in chapter 6. The controlling
and management of the associated risks is then covered in chapter 7. Longer-
term aspects are analyzed in chapter 8 and 9. Thereby, chapter 8 focuses on
the role of uncertain technology developments and chapter 9 analyses the
optimal investment decisions in this context.



Chapter 2

DEREGULATION AND MARKETS IN THE
ELECTRICITY INDUSTRY

Traditionally the electricity business used to be organized along the
physical energy flow from electricity generation through the transmission
and distribution grid to the final customer (cf. Figure 2-1). Often the whole
chain was vertically integrated into one company (e.g. EDF in France) or at
least the generation and transmission business was integrated (e.g. former
Preussenelektra in Germany). Many of these utilities were also fully or
partly state-owned.

Figure 2-1. Structure of the regulated electricity industry

Deregulation, which has been a major theme world-wide in the electricity
industry during the last decade, has brought competition and privatization
for many parts of the formerly heavily regulated electricity industry.
Regulation had especially been justified by the natural monopolies which
arise due to the network dependency of electricity production and
consumption. And deregulation has taken as its starting point the observation
that certainly the transmission and distribution of electricity give rise to
natural monopolies (in formal terms: subadditive cost functions, cf. Baumol
et al. 1982) but that this is not necessarily true for the generation and retail
sales businesses in the industry (cf. e.g. Gilsdorf 1995, Pineau 2002).
Competition has therefore been introduced at the wholesale and the retail
level. In parallel to the physical load flow, market places and actors acting
on these market places have emerged as indicated in Figure 2-2. But this
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figure gives only the general lines. To what extent the different elements are
in place in the different OECD countries is discussed in the following
section. Then, a closer look is taken at the market structures put in place at
the wholesale level, focusing on the situation in continental Europe and
notably in Germany.

Figure 2-2. Structure of the deregulated electricity industry

1. STATUS OF DEREGULATION

Many countries have so far focused on the establishment of wholesale
competition (cf. Table 3-1). This requires notably the unbundling of
transmission and generation activities and a non-discriminatory access to the
transmission infrastructure for all generation companies. Since generation is
viewed as a competitive market, there are at first sight few reasons for public
ownership and deregulation may be accompanied by privatization.1 The
benefits and drawbacks of alternative ownership and operation models

The arguments in favor of privatization stemming from various theories are reviewed by
Pollitt (1997). Privatization has notably been an important part of the restructuring policies
in the UK and Chile, two of the early movers in the field of electricity industry
deregulation. On the other hand, Norway still mostly has state and municipally owned
generators. And Bergman et al. (2000) make the point that it is less the ownership
character which matters but the concentration of ownership.

1
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for the transmission grid are on the other hand more controversially
discussed2. In practice, mostly solutions have been chosen which did not
require forced divestiture, since there are often strong legislative and
political barriers to such steps (e.g. in Germany and California). But as
Bergman et al. (2000) emphasize, accounting and even legal separation
between transmission and generation entities may not be sufficient to ensure
discrimination free network access3.

Competition at the retail level has been introduced in most countries
much later than wholesale competition and even today does often not cover
all customer segments (cf. Table 2-2). This is at first sight surprising given
that the overall aim of deregulation is to increase public welfare not the last
through lower consumer prices. But several practicalities are put forward
against extending the competition to the retail level. Major points which
arise in the debate4 include the following:

Efforts needed for unbundling distribution and retail services (sometimes
also called supply services) are higher than for unbundling generation and
transmission, given that often many local and regional distribution
companies exist, compared to a few transmission operators (cf. Table 2-2).

Efforts necessary for metering, data transmission and billing are
considerably higher in competitive retail markets. Ideally, all customers
should be equipped with quarter-hourly or hourly meters – the use of
profiling for determining approximate load shapes is an alternative used for
small customers in many countries, but this leads also to considerable
problems5.

The two preceding points may lead to the conclusion that additional
transaction costs through unbundled distribution and retail could be higher
than the value added created in the pure retail business and thus overall costs
for consumers are possibly higher in competitive retail markets than in
monopolistic ones.

Electricity is nowadays such a basic good in industrialized countries that
there is (or seems to be) a public service obligation for electricity supply.

The different business models currently envisaged in the U.S. are discussed by Oren et al.
(2002), Sharma (2002).
Brunekreeft (2002) provides a detailed analysis of the German situation and emphasizes
that the principle of a level playing field is violated under the current regulation. Yet he
points at the possibility that the current procedures of the Bundeskartellamt under the
general anti-trust law may be sufficient to prevent competition distortion.
The current on-going debate in the U.S. is summarized in HEPG(2002)
Cf. notably the debate in Germany on the use of analytical vs. synthetic load profiles (e.g.
Pohlmann, Pospischill 1999). Also the price signals to consumers (and distributed
generators) are necessarily inadequate, if no actual metering is done.

2

3

4

5
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Actual percentages of customers switching to other suppliers are rather
low in most markets where retail competition has already been introduced.

The last argument may well be countered by reminding that even if
actually no supplier switch occurs, competition may be beneficial by
obliging the former monopolist to offer more competitive prices6. The public
service obligation may also be solved at least partly in competitive markets
by transforming it into a connection obligation for the distribution grid
company (which anyhow remains regulated) and by imposing principles of
non-discrimination for grid charges and energy prices7.

So the most pertinent arguments against introduction of competition at
the retail level are in the view of the author those invoking the potential
transaction costs arising with retail competition. An empirical analysis of
these costs is certainly a valuable albeit tedious task, but is clearly beyond
the scope of this book. The famous statement by Adam Smith “Consumption
is the sole end and purpose of all production” (Smith 1962) may be invoked
as a rather general, philosophical argument in favor of retail competition for
all customer groups. More practical arguments will show up in the analysis
of competition equilibria in chapter 5 and in chapter 7 on risk management.

2. POWER AND RELATED MARKETS IN
CONTINENTAL EUROPE

The key market for power deliveries in most countries is the day-ahead
spot market. This trading is done in continental Europe mostly on an hourly
basis (cf. Figure 2-3). In these countries, there is so far hardly any trading
after the closure of the day-ahead market, albeit some tentatives for
establishing an intraday market exist.

In the German Verbändevereinbarung (BDI et al. 2001) notably the
possibility of resubmitting transmission schedules (which is a prerequisite of
intraday trading) is foreseen in the case of power plant outages. But most
deviations between scheduled and actual production and consumption are
handled so far through the reserve power markets. According to the UCTE
(Union of European Transmission Grid Operators) standards, reserve is
divided into primary, secondary and tertiary (minute) reserve. The first two
correspond to spinning reserves which can be activated within seconds

This is the concept of contestable markets going back to Hayek (1937) and Machlup
(1942), emphasized by Baumol et al. (1982) and applied e.g. to the gas industries by
Knieps (2002)
However a critical point is then who will provide the generation capacity used by the
provider of last resort.

6
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respectively within minutes, whereas the minute reserve may also include
non-spinning reserve which can be brought on-line within a maximum delay
of 15 minutes (notably gas turbines). For these reserves, specific markets
have also been established - at least in Germany (cf. Swider, Weber 2003).
There bids for primary and secondary reserve are submitted to each
transmission grid operator on a bi-annual basis, whereas the bids for minute
reserve are submitted on a day-to-day basis. The bids comprise usually a
capacity and an energy price, with the capacity price describing the option
value paid by the grid operator for the right to exercise the plant operation
option. The energy price is on the contrary only paid if the option is
exercised.

Figure 2-3. Trading structure in continental European markets

On the longer term derivative market, the market is also far from being
fully developed. The shortest term liquid product is usually the month ahead
forward (or future) contract and also the year-ahead product is traded rather
frequently. All other products are much less liquid and even though quotes
exist, it might be difficult to sell or buy larger quantities of these products
without affecting the prices. So the principle of one continuous market with
one uniform price, as put forward for example by Shuttleworth and Lieb-
Doczy (2000), is far from being achieved in the continental European
context. Besides historical and circumstantial reasons, two fundamental
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factors may explain, why no complete market structure with uniform prices
emerges:

The first is the persistent vertical integration of utilities, which leads, as
discussed in chapter 5, to a limited liquidity on the power exchange
markets
The second is the dominance of thermal power plants in the generation
park, for which the marginal generation cost is dependent on the time lag
between unit commitment decision and operation and also on the
operation mode in preceding and subsequent hours. So for the individual
units no uniform marginal price exists and this makes notably a reserve
market with combined capacity and energy bids more convenient.
Of course, this market structure has to be accounted for when developing

practically relevant decision support models for the industry.



Chapter 3

DECISION MAKING AND UNCERTAINTIES IN
THE ELECTRICITY INDUSTRY

In this chapter, the basis for the subsequent analyses is laid by first
summarizing which are the key decision problems in the electricity industry
(section 1). Then, the major uncertainties are discussed in section 2 and the
formal framework used in the subsequent chapters is described in section 3.

1. DECISION PROBLEMS IN THE ELECTRICITY
INDUSTRY

Decision problems in the electricity industry may be categorized along
different lines. A first useful distinction is to look at the part of the value
chain, where the decisions are taking place. Accordingly (cf. Figure 2-2), we
may distinguish decisions taken by:

Players in competitive segments
Generation companies
Trading companies
Retail companies
Holdings of vertically integrated companies
Electricity customers

Players in regulated segments
Transmission companies and transmission system operators
Distribution companies and distribution system operators

Regulators
Another division is according to the impact of the decisions. Here the

common distinction between
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Operational decisions: having a short-term impact and affecting only
specific functional areas and
Strategic decisions: having a long-term impact and/or affecting all
functional areas within a firm

is useful.
Furthermore, decisions should also be distinguished according to the type

of resources which they affect: human, financial and/or physical resources
(material and production equipment). Of course, most decisions in a firm
will affect in some way or another human and financial resources. But not all
may directly have an effect on physical resources. For example, the selection
of a candidate for a job opening has often no impact on the material and
production equipment he or she will use. Also merger & acquisition
decisions have not by themselves an impact on the physical production
processes, albeit of course subsequent decisions may profoundly affect
material flows and production equipment used.

These few categorizations – many more are possible of course – clearly
illustrate the broad variety of decisions taken within the industry we are
studying. And obviously any attempt to treat all of them in depth is
condemned to fail. The focus of the following analyses is therefore on those
decisions, which are at least to some extent specific to the electricity
industry - i.e. those linked to the physical production processes and
resources used. Furthermore, a restriction to those decisions which have to
be rethought in the new, deregulated environment seems advisable.

Consequently, the following analyses will look in detail at those
operative and strategic decisions in the generation and trading businesses
which affect electricity generation. Transmission and distribution are not
scrutinized, since these still remain monopolies. Nor decisions in electricity
retailing are looked at, albeit those are now radically different from former
times. But in that branch, methods and models already in use in other retail
markets can be fruitfully applied8. Consequently, the focus is on models for
production scheduling, portfolio management and investment decisions in
the electricity industry.9 Thereby not only models for optimal decision
making will be derived, but also models to cope with the key uncertain
factors affecting these decisions. The key interconnections between
uncertain factors and decisions are illustrated in Figure 3-1.

Examples of quantitative models and analyses in this field include Weber et al. (2001)
Decisions on maintenance and retrofit are a further topic of considerable interest for
electricity generation companies in liberalized markets. But here again, by and large
similar methods to those in use in other sectors (e. g. chemical industry) may be applied.

Chapter 3

8

9
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Figure 3-1. Uncertainties and key decisions in competitive electricity markets

The key uncertain factors will be scrutinized in the following section.

2. UNCERTAINTIES IN THE ELECTRICITY
INDUSTRY

In order to develop good10 models for decision making, it is essential to
have a good understanding of the issues at stake. Therefore stylized facts
about the key uncertainties mentioned in Figure 3-1 are presented in this
section.

2.1 Market prices for primary energy carriers

Most of the electricity generated worldwide is produced from one of the
following primary energy carriers (cf. e.g. EC 2002): coal, oil, gas, hydro
and nuclear. For nuclear and hydro no public markets or trading platforms
exist. In the case of nuclear fuels, this is certainly due both to concerns on
proliferation of uranium for nuclear weapons and to the technological

“Good” may for our purposes be provisionally defined as: fitting closely the observed
reality while being at the same time as easy as possible to understand and to implement.
Of course, more rigorous measures of model quality can be developed based on the formal
concepts introduced in section 3.

10
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complexity of the nuclear fuel chain, which requires long-term contracts to
secure investments. Hydro energy (and energy from other renewables such
as solar and wind) is not transportable and is therefore transformed on-site
into electricity. Consequently, no national or even world-wide market place
exists. A similar argument holds for lignite (brown coal), which is of
considerable importance for the electricity generation in some countries,
notably in Germany, where it contributes about 25 % to total generation.
Lignite has a low specific calorific value compared to hard coal; therefore
the transport of lignite would be comparatively very expensive.
Consequently lignite is almost exclusively burnt in on-site power stations
and hardly any national or international market exists.

For coal, oil and gas, selected market prices are shown in Figure 3-2.
Market prices in other locations worldwide should normally not differ by
more than the transportation costs from the prices shown here.

Figure 3-2 clearly shows that prices for oil are subject to considerable
variations in the longer run. For example, crude oil prices have risen by a
factor of three between the beginning of 1999 and the middle of 2000. But
also other periods with rather low price variations exist. The average day to
day variations (volatility) has been 2.3 % for the IPE products during the
period described here.

Figure 3-2. Market price indices for primary energy carriers
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The price of coal has been more stable in comparison; it has hardly
varied by more than a factor of 1.5 for the price index considered here. It is
worth noting that coal is still mostly delivered to power plants based on
long-term contracts and therefore for a long time period only monthly price
quotes have been established. A major reason for the use of long-term
contracts is that coal from different production sites can not be burnt in the
same power plant without substantial technical modifications in the plants to
adapt for variations in coal quality (e.g. sulfur and ash content, calorific
value).

Natural gas has only become more recently a commodity traded on a
day-to-day basis and even in many regions in the world (including
continental Europe) it is not traded extensively so far. For a long time, the
gas price used to be closely tied to the oil price through price formulas
containing smoothing and lagging components. And even the recent British
gas price developments shown in Figure 3-2 exhibit a clear lagged
correlation of the prices. Another point worth noting is that natural gas
prices exhibit considerable seasonal cycles. This is due to the limited
storability of gas and the clear seasonal variations in gas demand, related to
its use as heating fuel.

2.2 Product prices for electricity

In most electricity markets world-wide, spot market prices for electricity
are characterized by (cf. also Johnson, Barz 1999):

daily, weekly and seasonal cycles,
high volatility,
mean reversion and
spikes.
This is illustrated for the case of the German market in Figure 3-3.

Thereby daily price averages for peak and base products in the day-ahead
market are shown, the hourly prices even exhibit higher volatility and spikes.
Several analyses have highlighted that among all traded commodities,
electricity exhibits the highest volatilities (e.g. Pilipovic 1998). A major
reason for these strong fluctuations is the non-storability of electricity. It
implies that at each moment in time supply has to match demand and in peak
demand hours, prices may increase drastically, especially if some unforeseen
plant outages lead to capacity shortages. It is worth mentioning that in
hydro-dominated systems, such as notably the Nordic power market,
electricity prices are much less subject to short-term fluctuations (cf. Figure
3-4). Even if electricity itself remains non-storable, the storability of water
has as a consequence that electricity prices behave much more like those of a
storable commodity.



16 Chapter 3

Figure 3-3. Electricity spot market prices in Germany year 2002

Figure 3-4. Electricity spot market prices in the Nordpool area year 2002

Given the extreme price volatility of spot market prices, the
establishment of electricity trading in the short term (such as on spot
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markets) has been in most markets soon followed by possibilities to sign up
electricity contracts in advance. Although considerable differences exist
between the products established in different markets, one may retain that in
general future and forward prices for electricity contrarily to spot prices
exhibit:

no cycles,
lower volatility,
little mean reversion.
Figure 3-5 illustrates this for the case of the German market. The absence

of cycles is of course due to the fact that the price developments of forwards
or futures for one given expiry date are considered here. The forward curve,
which includes forward prices for different monthly or quarterly delivery
dates at a given moment in time, shows on the contrary seasonal patterns.
The lower volatility of the future prices is related to the fact that the futures
themselves are storable equities, since they may be purchased today and sold
tomorrow or next month. This explains also why little mean-reversion in
these prices is observed. As for any storable equity, arbitrage opportunities
would arise if the (discounted and risk-adjusted) product price would not
follow a martingale process, i.e. a stochastic process where the observed
value today corresponds to the risk adjusted expected value for tomorrow
(cf. e.g. Hull 2000).

Figure 3-5. Electricity future prices
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action will not be dealt with in depth here, but the market equilibria which
may arise from the interaction of different profit maximizing actors will be
at the heart of chapter 5.

2.5 Demand growth

Over the past years, electricity demand has grown only slowly in most
OECD countries (cf. Figure 3-6). Yet this growth has been far from certain
and subject to stochastic fluctuations as indicated in Figure 3-7. Especially in
the longer run, uncertainty on electricity demand growth has therefore also
to be taken into consideration.

2.6 Technology development

In the longer run, uncertainties on technology development are also of
considerable relevance. An example are the future prospects of fuel cells or
other distributed generation technologies One possibility for assessing the
development trends is the use of learning or experience curves (e. g. Wene et
al. 2000) to identify the likely development. But it is obvious that major
uncertainties remain even when using learning curves – as illustrated in
Figure 3-8 the learning rates observed in practice scatter around a wide range
and as a consequence necessary cumulative production quantities for
reaching a pre-specified target cost level may vary by more than a factor
two. One might even argue philosophically (or more precisely
epistemologically) that there must be a fundamental uncertainty when one
human mind (the modeler) aims at assessing ex ante what will be the final
outcome of the work of a multitude of other human minds (the fuel cell
engineers). Ways of dealing with this type of uncertainty are discussed in
chapter 8.
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Figure 3-6. Development of electricity demand from 1990 to 2001 in Germany

Figure 3-7. Growth rate for electricity demand from 1990 to 2001 in Germany



Decision making and uncertainties in the electricity industry 21

Figure 3-8. Cost degression rates observed for various technologies

2.7 Regulatory and political uncertainties

Finally regulatory and political uncertainties are last type of uncertainty,
which is of preeminent importance for the electricity industries. The last
decade has shown that the changes in the regulatory framework are not
finished once competition is introduced. On the contrary, the regulatory
framework has continuously evolved in all competitive electricity markets in
order to cope with perceived imperfections of the market design. Recent
examples include the new trading arrangements (NETA) finally introduced
in England and Wales after long discussions in 2001 (OFGEM 2002), the
standard electricity market design (SMD) developed by the Federal
Electricity Regulatory Commission (FERC 2002) in the U.S. after the
California power crisis, or the different versions of the
‘Verbändevereinbarung’ (BDI et al. 1998, BDI et al. 1999, BDI et al. 2001)
developed in Germany. To this, political interference has to be added which
aims at promoting other policy goals, notably emission reduction and
climate change mitigation through various instruments such as tradable
emission certificates or renewables feed-in tariffs. This changeable political
environment has had a huge impact on decisions in the electricity industry in
the past and is expected to be also of considerable importance for future
choices, e. g. through political decisions on the (non-)use of nuclear energy
or on the promotion of renewables.
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From the perspective of a single utility, the political uncertainties are in a
certain sense more difficult to cope with than e.g. price uncertainties, since
hardly any objective probabilities can be assigned to possible outcomes of
the political process. In the subsequent chapters nevertheless some elements
how to deal with such uncertainties will be discussed.

3. FORMAL FRAMEWORK

A first step to cope with the decision problems and the uncertainties
described in the previous sections is to define some notation to handle such
problems. This will be done in the following sections, starting with a
categorization of decision support models in section 3.1, followed by the
notation for describing uncertain parameters in section 3.2. Section 3.3 then
uses this framework to formulate one basic decision problem in the
electricity generation business: the unit commitment and load dispatch
problem.

3.1 Formulating decision problems under uncertainty

In a static view12, decision problems are essentially composed of the
following elements:

a set of decision alternatives

a set of possible states of the world

a results function

a utility function or functional

a decision criterion (objective function)
The following remarks have to be added to these basic definitions:
The set of decision alternatives A may have a finite number of elements

(e.g. the two elements: to run or not a given plant) or an (almost) infinite
number of elements (e.g. the possible bidding prices in a power auction).

The set of decision alternatives may be described by a vector y of
decision variables. Without much loss of generality we can assume that y

A dynamic view on decision problems, which emphasizes the stages of problem
identification, problem analysis, decision taking, implementation etc. is certainly also very
useful for reaching good decisions in the practice of the electric industry. However, such a
perspective on decision problems is largely outside the scope of this book, which focuses
on providing methods for the stages of problem analysis and decision taking.

12
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has a number of integer elements and a number of real-valued

elements, i.e. with

y may have a temporal structure, in this case a partition

exists.

The set of possible states of the world may also have a finite or an
infinite number of elements and may be described by a vector x of state
variables. For x it is assumed that x has a number of integer elements

and a number of real-valued elements, that is with

Furthermore, x may also have a temporal structure.
x can be described as a (vector of) random variable(s) (cf. below).
However, the description of x as random variable is not useful in all

decision settings. In traditional decision theory, the distinction is made
between decisions under uncertainty (in a narrow sense) and decisions under
risk (cf. Bamberg, Coenenberg 1994). Decisions under risk cover those
cases where objective probabilities can be assigned to the different possible
states of the world (values of x). In that case x can be described as random
variables. Decisions under uncertainty (in a narrow sense) cover conversely
the cases where no assignment of objective probabilities is possible13.

Courtney et al. (1997) distinguish between four different types of
uncertainty (in the narrow sense):

Level 1 – a clear enough future describes the case were despite some
uncertainty decision makers can develop one single forecast as basis for
decision development.

Level 2 – alternate futures corresponds to circumstances where the future
can be described through a set of discrete scenarios. This can correspond to
different policy regulations or to different strategies by competitors

Level 3 – a range of futures is characterized by the fact that there are no
obvious discrete alternatives but rather a range of possible outcomes, e.g. in
an emerging market the achievable customer-penetration may vary between
5 % and 40 %.

Level 4 – true ambiguity occurs if multiple dimensions of uncertainty
interact to create an environment that is virtually impossible to predict. Such
situations are according to Courtney et al. (1997) rather rare but they do
exist.

The subjective expected utility (SEU) theory first developed by Savage (1954) argues that
subjective probabilities are sufficient to treat a decision problem using known
probabilities. In the context of an electric utility, where most decisions are taken not by
single individuals but by groups, the existence of consistent collective subjective
probabilities can however not be taken for granted.

13
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These different types of uncertainty will arise in the electricity industry
especially in the longer term and we will therefore come back to appropriate
methods for decision support when analyzing the longer term problems of
technology development and investment strategies. In the next section we
will turn towards decision settings where the unknown parameters may be
described through probabilities.

3.2 Describing uncertain parameters

In mathematics, probability measures are introduced within the rather
general framework of measure theory. A probability space is in that context
a triple where describes the set of possible values. is a

measure, i.e. a mapping from on the interval [0,1] with the following
properties:

Thereby is any sequence of pair-wise disjoint members of
The last property describes the additivity of probabilities of disjoint events.

Based on these basic definitions, in a next step random variables and
stochastic processes can be introduced.

3.2.1 Random variables

Random variables are defined as functions which map the set of possible
events to (a subset of) real numbers:

X itself is not observable, but based on the properties of the probability
space properties of X can be deduced. If the image of X contains
only a finite or countable infinite number of elements, discrete probabilities

can be assigned to these elements using the probability measure
defined on

of i.e. a set of possible subsets of and is a probability
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For random variables X with a non-countable image set, the definition of
discrete probabilities is usually not possible. But always the cumulative
distribution function (CDF) can be defined through the probability
measure

If is (continuous and) differentiable, the probability density function
(PDF) may be defined as the derivative of with respect to x:

If is defined, the expectation of the random variable X can be defined
easily through:

But as described for example in Breiman (1986), the expectation of
random variables can also be defined in those cases where no probability
density function exists for X. Since we will occasionally also use stochastic
variables with non-continuous cumulative distribution functions, this
definition is also given here:

As usual with real-valued random variables, it is thereby assumed that
also the sample space is If is extended to be a Cartesian product of

with or even an infinite-dimensional space such as a sub-space
of the real-valued functions, we get stochastic processes.
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3.2.2 Stochastic processes

Stochastic processes X in discrete time can be most easily viewed as a set
of random variables indexed over time t.

The possible values of are often called states, the set of all possible
values for is called state space. Multivariate stochastic processes are sets
of random variables indexed over time and further dimensions, like products,
power plants, customers, etc. Multi-variate stochastic processes will be
considered in more detail in chapter 6 on risk management.

In financial mathematics, stochastic processes in continuous time are also
frequently used to describe price movements. Mathematical measure theory
is particularly useful for deriving general properties of these processes. They
can be viewed as a family of random variables:

The use of stochastic processes in continuous time allows for selected
problems to derive analytical solutions (e.g. the famous Black-Scholes
formulas). But real-world decision problems in the electricity industry are in
most cases more adequately formulated in discrete time and the models are
often anyhow so complicated that no analytical solutions are possible.
Therefore the properties of continuous time processes will only occasionally
be used.

3.3 Models for decision support under uncertainty

In general, two types of models are of interest for the decision support in
the electricity industry. On the one hand, adequate models are needed to
describe the development of uncertain parameters, notably electricity prices
or demand. These are descriptive models, since they focus on providing a
description as good as possible of observed phenomena. For descriptive
models, model quality has hence to be measured by comparing actual

observations with the stochastic variables provided by the model

specification. How this can be done is discussed in section 3.4.
On the other hand, decision support aims at providing answers to the

question, which would be the best decision in a given context. This is the
aim of prescriptive or normative models, although the term “prescriptive”
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has not to be taken literally, since the decision has always to be made by the
decision maker and he or she may and should always consider the possibility
that the decision proposed by the model is not optimal, given that some
elements of reality are not fully reflected in the model. The performance of
prescriptive models on real problems can only be measured by comparing its
outcomes ex-post to the performance of some alternative model (which
could be the “intuitive” decisions of the decision maker).

It has to be noted that the division between descriptive and normative
models is in practice not as clear-cut as it may seem at first sight. Notably, if
a descriptive model describes the behavior of optimizing agents or efficient
markets, it might well be formulated as an optimization model, i.e. in the
same formal structure than a prescriptive model (cf. chapter 4, section 1).
Another somewhat different example is the value of an option, which is
usually determined on the basis of a descriptive model, but which may be
directly interpreted as the prescription not to pay more than the calculated
value.

Yet as a general rule descriptive models are used to describe and predict
the value of parameters which are outside of the decision maker’s control but
influence his or her decision (e.g. electricity price). Prescriptive models aim
at identifying the optimal decision under these circumstances, making use of
the information provided by the descriptive models.

3.4 Measuring model quality

In order to measure the quality of descriptive models, various statistics
have been developed (cf. e.g. Hufendiek 2001). The most widely used are:

The share of explained variance (goodness-of-fit measure)

The root mean squared error

The mean absolute error

The mean percentage error
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The value of the likelihood–function

The value of the log-likelihood–function

Hereby the first four measures uniquely focus on the predictive quality of

the models by comparing the actual observations with the predictions

obtained from the model. Usually, the predictions are thereby set equal

to the expected value of the stochastic variable: The use of the

likelihood-function (or equivalently the log-likelihood-function) by contrast
emphasizes the as good as possible replication of the actual distribution
through the stochastic model14.

All measures may be evaluated on the sample used for estimating the
model parameters, or they may be calculated based on a comparison of out-
of-sample forecasts performed by using the model(s)15. The latter is a more
appropriate indication of the model quality, especially if it is done using
similar forecast horizons than those to which the model is to be applied in
practice. Yet its proper application requires estimating the model repeatedly
and using it each time also for the corresponding forecasts.

Which of the aforementioned quality measures is most appropriate,
depends of the use that is made of the forecast values. Ultimately the quality
criterion used for the evaluation of the descriptive models should reflect the
costs associated with incorrect forecasts. This is a strong argument to use
measures of absolute error such as MAE or RMSE in the case of price
forecasts instead of relative measures like MAPE – a forecast error of 5 % is
much more important if the price is 100 /MWh than if the price is 10
/MWh. One might even go one step further and argue that if the value of

the objective function is purely linear in the price (e.g. in the case of a
simple profit function), the MAE is more appropriate than the RMSE, which
accords more weight to strong outliers. But if the optimal decision does not

14 Based on the log-likelihood function adjusted measures like the Akaike information
criterion (AIC) or Schwarz’ Bayesian information criterion (BIC) have been developed
which allow comparing models with different numbers of variables (cf. Box, Jenkins,
Reinders 1994, Sakamoto et al. 1986). A concise discussion why the AIC (or at equal
model size the log-likelihood) is an adequate criterion of model quality is provided by
Chi, Russel (1999). A general introduction to maximum likelihood estimation in
econometrics is provided inter alia by Greene (2000).
The likelihood is usually only calculated on the estimation sample, but the extension to
the out-of-sample case is straightforward.

15
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only depend on the expected (or most probable) value of the explained
variable but on its whole distribution, then the quality of the descriptive
model should be measured taking into account the full distribution, i.e. using
the (log-)likelihood-function.

An important remark is that a comparison of models with different
explained variables (e.g. prices and log of prices) cannot be done by
applying the quality statistics directly to the models. Instead, the model
outputs have to be transformed to the same explained variable in order to
achieve a meaningful comparison.

For prescriptive models, quality measurement is easier on the one hand,
since with the objective function a “natural” quality criterion exists. But as
stated before, quality can here always only be measured in relation to some
other decision model. And comparison is further complicated if these models
are applied repeatedly and the later decisions depend on those taken
previously. Then only the quality of whole decision chains can be compared
against each other. For an appropriate comparison, it is then important to
perform the comparison in different situations, such as low and high price
periods. And obviously, the quality of the decisions not only depends on the
quality of the prescriptive model (decision rule) but also on the quality of the
descriptive models delivering information for the decision support.
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Chapter 4

MODELLING ELECTRICITY PRICES

Electricity prices are as described in chapter 3 a key source of uncertainty
and a key challenge for decision support in competitive electricity markets.
In the past various approaches have therefore been developed to analyze and
predict electricity market prices. They may be broadly divided into at least
five classes (cf. Table 4-1). Among the theoretically founded models,
fundamental models allow accounting well for the impact of power plant
characteristics and capacities, for restrictions in transmission capacities and
demand variations (cf. section 1). The financial mathematical models are
more suited for coping with the volatility of electricity prices and are often
used for option valuation and risk assessment purposes (cf. section 2). A
third category of models is formed by game-theoretic approaches, which are
particularly adequate for analyzing the impact of strategic behavior on
electricity prices (cf. chapter 5). Besides these models with strong theoretical
foundations, other more empirically motivated models are found: The fourth
class of models, statistical and econometric time-series models, relate the
fluctuations of electricity prices to the impact of external factors such as
temperature, time of the day, luminosity etc. The stochastic aspect of
electricity price formation is here acknowledged albeit often not dealt with
in much detail. In fact this type of models is much complimentary to finance
models, in that the statistical and econometric models deal in detail with
possible explanatory variables for electricity price fluctuations whereas the
finance models focus on the stochastic part of the price change. Finally also
so-called “technical” analysis and expert systems can be mentioned as
methods used especially by practitioners to anticipate price movements
based on the analysis of past price developments. These model classes will
not be discussed in detail here. Instead section 3 describes an integrated
novel model combining the two aforementioned approaches of fundamental
and financial models.
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1. FUNDAMENTAL MODELS

The basic idea of fundamental models is to explain electricity prices from
the marginal generation costs. Examples of such models include Kreuzberg
(1999), Starrmann (2000), Müsgen, Kreuzberg (2001), Kramer (2002),
Kurihara et al (2002) and ILEX (2003). Many more fundamental models
have been developed by consultants or the utilities themselves and are
therefore not published. Often, fundamental models are also incorporated in
more sophisticated game theoretic (Jebjerg, Riechmann 2000, Ellersdorfer et
al. 2000, Hobbs et al. 2002) or stochastic models (Skantze et al. 2000,
Barlow 2002). Especially in the latter papers, continuous approximations to
the fundamental electricity price formation are however used.

In the following, first the basic principle of cost minimization is
discussed, which leads to the derivation of the merit-order curve as simplest
fundamental model. From this basic model, several extensions are possible
to arrive at better approximations of the reality. These include notably the
inclusion of import and export, hydro-storage and start-up costs as well as
operation constraints (minimum up and minimum down times) and reserve
power markets. How this can be done is discussed in the subsequent
sections and then key challenges for obtaining valid fundamental market
models are summarized.

1.1 Basic model: cost minimization under load
constraint and merit order

If the electricity spot market operates efficiently, it should lead to an
efficient system operation with minimal costs, satisfying all customer
demands. If customer demand is taken as price inelastic (and there is much
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evidence of almost price-inelastic demand, cf. e.g. the figure for Alberta
given in Barlow 2002), prices will equal to the marginal generation costs of
the last unit needed to fulfill given demand. This well-known result can also
be derived from a formal analysis. Here system operation is described by the
following set of equations:

Equation (4-2) describes the objective function as minimization of
operation costs, which are determined by plant output multiplied by the
fuel price and heat rate Equation (4-3) provides the balance of
supply and demand. It is formulated as an inequality since production will
anyhow not exceed demand if production costs are strictly positive. The
capacity constraint for each unit is finally given by Eq. (4-4). Together these
equations form a classical linear programming problem, which may be
written as:

The solution of this problem will be always located on corners or edges
of the hyperplane described by the inequalities in (4-5). Furthermore,
according to the duality principle in linear programming, the solution is
equivalent to the solution of the dual problem:

A closer inspection of the dual problem reveals that the vector of shadow
prices contains as first element the shadow price of demand and as
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following elements the shadow prices of the capacities The dual
problem may thus be written:

Equation (4-7) implies that will be maximized and (the capacity
rents of the units) minimized. From Eq. (4-8) it can be deduced that and

will move in parallel as soon as the shadow price of demand exceeds
the marginal generation costs of the unit u. Putting this into Eq. (4-7), it is
evident, that the profit will not be increased anymore as soon as the sum
of capacities with positive shadow prices equals or exceeds demand
Furthermore, Eq. (4-8) implies that the shadow price of demand will be (at
maximum) equal to the variable costs of the cheapest unit where the shadow
price of capacity is zero. Consequently the marginal system price,
which corresponds to the shadow price of demand, will be equal to the
marginal costs of the most expensive unit needed to satisfy the demand
restriction. Graphically, this result of price formation according to the merit
order curve is illustrated in Figure 4-1.

Figure 4-1. Merit order and shadow prices in the simple cost minimization model



Modelling Electricity Prices 35

Of course this is only a very basic model, which has to be extended into
several directions, as shown in the following sections in order to cope at
least approximately with the reality in European electricity markets.

1.2 Transmission constraints

A first extension to be considered is multi-regional modeling. If imports
from region r’ to r and exports from r to r’ are allowed, the demand equation
has to be formulated for each region and import and export flows e have to
be added:

Transmission capacity restrictions are accounted for similarly to
generation capacity restrictions:

Thereby, describes demand in region r, the export flows from
region r' to r, the capacity of power plant type u and the
transmission capacity from region r to r'. Additionally, the availability of
transmission lines has been included into this extended model as well
as the availability of power plants

1.3 Hydro plants

Besides the thermal power plants focused on so far, hydro power plants
also play a considerable role in many electric power systems including the
continental European one. Here at least three cases have to be distinguished:

Run-of-river plants
Hydro storage plants
Hydro storage plants with pumping facilities (pumped storage plants)
The first type of plant will run whenever water is available. It is therefore

a must-run plant and its production can be set equal to the inflow or
even directly be deduced from overall demand. Hydro storage plants are far
more complicated, since through the storage, several time steps are linked
together. This requires the formulation of the storage equations:
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The first one describes the filling and discharging of the storage, the
latter the maximum storage capacity constraint. The storage level which
is expressed for simplicity in energy units, is furthermore as all other
variables presumed to be positive.

The third class of hydro power plants, pumped storage plants, requires
even further extension of the framework. Here, an additional decision
variable, the pumping energy has to be introduced, and Eq. (4-12)

has to be modified accordingly:

Thereby is the cycling efficiency of the pumped hydro plant, i.e. the
fraction of the energy recovered when first pumping the water and then
propelling it through the turbine again. Of course, the pumping energy has
also to be included in the demand Eq. (4-9) and a capacity constraint on
pumping has to be introduced:

In order to model adequately seasonal hydro storage, as practiced notably
in the Alps, the model has to cover at least one year. Consequently the
objective function (4-1) has to be extended to cover several time periods:

and all relevant restrictions for the operating variables have to be considered
simultaneously. Furthermore, an adequate terminal condition has to be
included for the water reservoirs. One attractive formulation is to require that
the final and the initial reservoir level are identical, which can be expressed
through the following cyclical condition for time step 1 (instead of Eqs. 4-12
resp. 4-14):
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1.4 Start-up costs and minimum operation/shut-down
time

Start-up costs may influence considerably the unit commitment decisions
of plant operators. In unit commitment and load dispatch models, they are
typically modeled using binary variables for unit operation, start-up and
shut-down (cf. chapter 6). However, this is hardly feasible when modeling a
national or regional market. Nevertheless, an approximation can be done by
defining as additional decision variable for each plant type the capacity
currently online On the one hand, the capacity online then forms an

upper bound to the output and on the other hand, the capacity online
premultiplied by the minimum load factor for the plant type gives a
lower limit to the output:

Start-up costs then arise, if the capacity online is increased, i.e.

when the start-up capacity gets strictly positive:

In order to avoid that units are always kept online, one has to account for
that the efficiency at part load is usually lower than at full load, i.e. instead
of (4-2), the following equation describes the operation costs:

Here is the heat rate at the minimum load factor and is the
marginal heat rate between minimum and full load, which is assumed to be
constant. If the operators have an incentive to reduce the capacity
online.

Additionally, the cost function to be minimized has now to include also
the start-up costs, described by the relation
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For the modeling of minimum operation times, the variable may

be used again. The requirement is that the reduction in the capacity online
between time t and time t+1 cannot exceed the minimum of the capacity
online during the last hours. These hours correspond to the
minimum operation hours of the corresponding plant type:

Conversely, the maximum start-up capacity is limited by the minimum of
the capacity shut-down during the last hours.

1.5 Reserve power markets

Depending on the national or international regulations, different types of
reserve have to be provided by the generators. A rather detailed model of the
different cases for the German market can be found in Kreuzberg (1999). A
somewhat simpler model distinguishes only between spinning reserve
(primary and secondary reserve) and non-spinning reserve (minute or
tertiary reserve). In both cases, the positive reserve has to be included in the
capacity balance of those plants able to provide them and additionally the
negative spinning reserve margin has to be included as lower margin
between the actual output and the minimum output:

An inclusion of a negative tertiary reserve is not required in systems with
limited fluctuating generation (notably wind), since the tertiary reserve is
usually required to cope with forced plant outages. In systems with high
wind energy generation, a sudden reduction of conventional generation and
hence a negative tertiary reserve may be required to cope with increased
wind generation. This has to be accounted for in the constraint (4-22) for the
minimum operation time, which has to be modified as follows:

Besides these restrictions at the plant level, which may include also
maximum levels of reserve power to be provided by different types of
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plants, of course also the overall reserve restrictions have to be satisfied (cf.
UCPTE 1998, DVG 2000):

1.6 Implications and challenges

The Eqs. (4-9) to (4-26) presented in the previous sections describe the
price formation in an efficient and deterministic market for electricity. For
the practical implementation of such a model, three major challenges arise.
The first one is data availability. Depending on the market, more or less
information on plant capacities and costs, demand patterns and transmission
capacities may be available to construct such a model. A second challenge is
the choice of appropriate time resolution. On the one hand, the modeling of
seasonal hydro storage (cf. section 1.3) necessitates the modeling of a full
year; on the other hand the adequate modeling of start up costs requires a
time resolution of one hour or at most two. In order to keep the model
manageable, one solution is to model typical days, as will be done within the
framework of the integrated model (cf. section 3.2). Another is to use load
segments within a seasonally decomposed yearly model (cf. Kreuzberg
1999). In this framework, the integration of start-up costs is however
difficult.

A final challenge is the incorporation of stochastic fluctuations, e.g. in
demand or plant availability. This is particularly relevant, if the model is to
be used directly for short-term predictions (time horizon of up to two
weeks). At longer time horizons, the impact of current values of the
stochastic variables on the future prices is rather limited, as can be both
explained fundamentally (stability of weather conditions, duration of plant
outages) and observed empirically (cf. section 2). Of course, it is in principle
possible to model all fundamental stochastic fluctuations also fundamentally,
doing e.g. Monte-Carlo-simulations of demand variations, plant outages etc.
But even if these processes could be modeled bottom-up perfectly, one
should not expect to describe the full range of fluctuations observed on the



40 Chapter 4

markets: As demonstrated for the financial markets (cf. Hull 2000), trading
itself is expected to contribute to the creation of stochastic fluctuations.

2. FINANCE AND ECONOMETRIC MODELS

Describing the stochastics of price movements is the field par excellence
of the numerous models developed in finance. Originally developed for
stock and interest rate markets, quite a number of these models have also
subsequently been applied to the energy field (cf. section 2.1). Econometric
models are also dealt with in this paragraph, since there is considerable
overlap between these two categories. The key emphasis of econometric
models is on the inclusion and specification of deterministic regressors (cf.
section 2.2). Yet given the specificities of electricity, notably its non-
storability, not only specific models for the deterministic term have to be
considered, but also the stochastics may be more adequately modeled by
more advanced models. Relevant specifications hereof are discussed in
section 2.3

2.1 Basic models

At the start, price movements on the wholesale markets for electricity
and other energy carriers have been described using models originally
developed for modeling the stock and interest rate markets. And even today
the geometric Brownian motion is still used frequently to describe electricity
market prices on the forward and future markets. Therefore it will be briefly
reviewed in section 2.1.1, followed by the mean-reversion process in section
2.1.2. Even more relevant is the extension to jump-diffusion processes,
discussed in section 2.1.3.

2.1.1 Geometric Brownian motion

Under geometric Brownian motion, rates of change (called return rates in
the case of stocks and other equities) are described through generalized
Wiener processes (cf. Hull 2000). A Wiener process is described in discrete
time by the equation:

The change in the variable x during a small period is hence the
product of a random variable and the square root of the length of period
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is so-called white noise, i.e. a random variable which has a standard
normal distribution with an expected value of 0 and a variance of 1. A
Wiener process is a specific form of a Markov-process, i.e. it is a stochastic
process, where the current value contains all the information retrievable
from the (price) history (cf. Hull 2000). The specification of stock markets
as Markov processes is a direct consequence of the assumption of (weak)
market efficiency, which implies that arbitrage trading will make current
prices for a storable equity or commodity include all information available
on future values. By looking at the limit and adding a
(deterministic) drift term a generalized Wiener process is obtained:

Thereby is the drift rate of the generalized Wiener process and the
volatility rate. Application to the price changes for electricity yields:

In discrete time, this may be written:

The relative price change u is hence the sum of a deterministic part

and of a stochastic part with variance
The assumption of a geometric Brownian motion hence includes two

important simplifications: firstly, the deterministic part of the price
movement is presumed to depend solely on time, not on the price level or
some exogenous factors. Secondly, the volatility of the stochastic part is
assumed to be constant over time. Section 2.1.2 and section 2.2 will discuss
ways to overcome the first limitation, whereas in section 2.1.3 and section
2.3 specifications going beyond the second limitation are presented.

Although the model of geometric Brownian motion is performing badly
for energy and specifically electricity spot market prices (cf. Johnson, Barz
1999), it should be noted that the development of the corresponding future
and forward prices may under certain circumstances be well described
through a geometric Brownian motion, albeit possibly with time-varying
volatility (cf. Clewlow, Strickland 2000, Karesen, Husby 2002).
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2.1.2 Mean-Reversion models

Following the observations by Gibson and Schwartz (1990) and Johnson
and Barz (1999) as well as others, it is usually assumed that energy market
prices exhibit mean-reversion. The basic mean-reversion or Ornstein-
Uhlenbeck process may be described in discrete time by the equation:

That is, the deterministic part of the price change depends on whether
the price is currently above or below the equilibrium price With
(otherwise the process is not stable), prices will increase on average if they
are currently below the equilibrium price and vice versa. As before, the
stochastic part is assumed to have expected value of zero and to be normally
and independently identically distributed (i.i.d.).

The economic interpretation of the mean reversion observed for
electricity prices is that many of the stochastic fluctuations having an impact
on the electricity supply and demand balance are not permanent but only
temporary, e. g. weather effects or outages. In this view, the equilibrium
price represents an average price, which is modified through stochastic
temporary effects. A sudden price shock will have no permanent effect in
this model, since sooner or later (depending on the value of the price will
return to the equilibrium level. The opposite is true for a geometric
Brownian motion: any price shock will have a permanent effect
corresponding to its observed height, because all subsequent price changes
are uncorrelated with the previous ones and hence have expectation zero.

Another important difference between geometric Brownian motion and
mean reversion processes concerns the long-term price uncertainty. As
shown in Figure 4-2, price uncertainty (measured as the standard deviation
of the price change between and t) increases beyond any limit in the case
of the geometric Brownian motion, whereas price uncertainty is bounded in
the case of the mean reversion process16. This assumption might be rather
problematic since it implies that price forecasts with a time horizon of 1
month - or any other value large compared to the time constant - can be
done with the same accuracy than price forecasts with a forecast horizon of 1
year.

16 This difference is directly related to the distinction between instationary processes and
stationary processes emphasized in econometric time series analysis (cf. e.g. Hamilton
1994).
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Instead of formulating the mean-reversion model in the prices itself, it
may also be formulated in the logarithms of prices (cf. Pilipovic 1998):

This ensures that electricity prices are always positive and furthermore
increases the probability of high prices. Nevertheless it may not be sufficient
to describe the probability of price spikes observed in the electricity markets.
This leads to the next model type, the jump-diffusion models.

Figure 4-2. Price uncertainty as a function of forecasting horizon in Geometric Brownian
motion and mean reversion processes

2.1.3 Jump-Diffusion models

Empirical investigations of the price changes in electricity markets
clearly show that these are mostly not normally distributed, but that they
rather have “fat tails”, i.e. strong price jumps are more probable than under a
normal distribution. This has been accounted for in finance and energy
models through the addition of a jump process on the top of the conventional
geometric Brownian motion or mean-reversion model. The original model
proposed by Merton (1976) for stock prices is formulated in continuous time
as:

Thereby dq is a Poisson process, which gives as a counting process the
probability of one or more jumps in a given time interval dt. The size of the
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jumps depends on the jump standard deviation and the normally
distributed stochastic variable Jump-diffusion models with mean reversion
can as before be specified in the price itself or in its logarithm. Clewlow and
Strickland (2000) propose the specification:

For the estimation either a maximum-likelihood approach may be
employed or the recursive filtering approach proposed by Clewlow,
Strickland (1999). According to the authors, this is more suited to identify
the extremely high spikes.

2.2 Deterministic and cyclical effects

Besides the specification of the stochastic structure, any spot market
model for electricity has to account for the cyclical, more or less
deterministic effects which are observable in spot market prices (cf. section
3.2.2). Three different types of cyclical effects can be distinguished: hour-of-
the-day effects, day-of-the-week effects and seasonal effects. For all three,
one of the following approaches could in principle be applied:

Inclusion of continuous variables,
Inclusion of corresponding dummy variables,
Distinction of separate models.
For example Pilipovic (1998) uses sinus and cosinus functions to model

seasonal effects, whereas Cuaresma et al. (2003) include monthly dummies
to make the equilibrium price in the specifications (4-31) and (4-32) time
dependent. Lucia and Schwartz (2000) test both specifications. Although
monthly dummy variables seem at first sight more accurate, they are
problematic when it comes to forecasting beyond the limits of one month: a
sudden change in the time varying mean (estimated from the observed data)
may induce a sudden price shock which is amplified through the mean-
reversion process.

For the hour-by-hour variations, Cuaresma et al. (2003) test both a
specification with dummy variables and a distinction of separate models as
proposed by Ramanathan et al. (1997). They find clear evidence that a
distinction of different models leads to a higher model quality, as measured
through RMSE and MAE statistics. This is not surprising, since the inclusion
of dummy variables allows only for time-varying means, yet separate
models additionally lead to time-dependent volatilities and/or time-
dependent mean-reversion rates.

Yet separate models are not always feasible. Notably distinguishing
models for winter and summer (or even for quarters) would considerably
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restrict the database for each single model and create severe continuity
problems at the connection dates. But in addition to the evidence provided
by Cuaresma et al. (2003), a distinction of models for weekdays and
weekends should be envisaged, since both price and load patterns differ
substantially between these day categories.

Besides these pure time effects, one may also wish to include explicitly
the impact of some exogenous factors with known impact on electricity
prices such as meteorological conditions like outside temperature and wind
speed (cf. Erdmann, Federico 2001) or system characteristics like number of
stations online (cf. Elliott et al. 2000). This will improve the forecasting
abilities of the model if the exogenous factors can in turn be predicted with
some accuracy. For both factors mentioned, forecasting is only possible in
the range of a few days or at maximum some weeks. Beyond this limit, the
exogenous factors can only be replaced for forecasts by their respective
long-term (possibly time-varying) mean. Consequently, the overall model
quality in terms of long-term predicting ability will hardly be improved by
including them.

2.3 Advanced stochastic models

Besides the most common stochastic specifications discussed in section
2.1, also various other specifications have been proposed to cope with
electricity price volatility. In the following, the particular strengths and
weaknesses of ARMA and GARCH models as well as Mixture distributions,
Markov regime switching, transformed diffusion models and multifactor
models will be briefly reviewed.

2.3.1 ARMA models

The mean-reverting process discussed in section 2.1.2 is in fact in a
discrete time framework equivalent to an autoregressive process of order one
(AR(1) process). It can thus be interpreted as one (simple) member of the
general class of ARMA models, which have been popularized through the
work of Box and Jenkins (cf. Box et al. 1994). General ARMA models may
be specified as:

They allow accounting for rather general dynamics and impacts of past
observations on today’s prices. The parameters describe the
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autoregressive influence on current prices, whereas the parameters express
the impact of past errors on today’s prices. One should note that in general
an ARMA process implies, that the time series does not fulfill the martingale
property, i.e. that the expected value for tomorrow equals the price of today.
Furthermore, general ARMA processes have no Markov property, so not all
information on future prices is contained in the current price value. For the
estimation of the parameters of a general ARMA process, maximum
likelihood has to be used – in the case of pure autoregressive (AR)
processes, the least square method will provide consistent but not efficient
estimates (cf. Greene 2000).

2.3.2 GARCH models

The experience in energy and other commodity and equity markets
shows that phases with small price changes alternate with phases with higher
price changes. In the latter phases, the markets are usually nervous and
strong price jumps occur several days in a row. This implies that the
conditional probability for a large price change is higher, if there has been
such a price movement in the previous days. Such a price behavior may be
described mathematically through so-called GARCH models (Generalized
Autoregressive Conditional Heteroscedasticity) (cf. Bollerslev 1986,
Bollerslev 1990). In this case, the variance of the relative price change
of a product is described by:

Hence, the variance at time t is composed of a constant term the

autoregressive influences of the variances of the previous time steps

t-p and the impact of price changes at previous time steps

In practice, GARCH (1,1) models are most widely used17 . Then Eq.
(4-36) reduces to:

17 There exist also several non-linear extensions of GARCH such as Nelson’s (1991)
EGARCH, which shall not be discussed here in detail (cf. Campbell (1997), Söderlind
2003). An empirical application to energy markets of some of them can be found in
Cuaresma et al. (2003).
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The parameters and describe the relative weights of the different

influences. All parameters have to be positive in order to ensure that is
positive. Also the inequality must hold for a stationary model. The
exponential moving average model, proposed by J.P. Morgan (2001) for
VAR calculations, can be viewed as a particular GARCH model, where the
following parameter values have been selected: and

For the empirical parameter estimation, Eq. (4-37) is preferably
transformed to:

Thereby, is the average variance of the observed time series (cf. Hull

2000). By this transformation, the number of parameters for estimation is
reduced to two per time series. The parameter estimation has to be done
again through the maximum-likelihood method.

The corresponding likelihood function which describes the
probability for the observation of the historical time series, is then:

Thereby is calculated using Eq. (4-37), resp. (4-36) in the more

general case. The corresponding log-likelihood function (cf. section
3.3.4) is then:

The maximization of the log-likelihood function has to be done
numerically, since no analytical solution to the first order conditions exists.
Here the conventional Newton-Raphson algorithms for numerical
maximization of continuous functions may be applied or the problem-
specific Levenbeg-Marquardt-algorithm (cf. Press et al. 1988, Hull 2000).
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2.3.3 Mixture distributions

The unconditional distribution of price changes obtained through
GARCH models exhibits ,,fat tails“, yet the conditional distribution for the
next day still is normally distributed. This is in contradiction with many
observations (cf. e.g. Weber, Hoeck 2003). Besides modeling jump-diffusion
processes, another way to overcome this shortcoming is to approximate the
real distribution through a mixture of normal distributions. It can be shown
that any distribution may be approximated to any given degree of accuracy
through a sequence of normal distributions (cf. Ferguson 1973, Ferguson
1983, Geweke, Amisano 2001). A mixture of n normal distributions is
thereby described in discrete time through:

is thereby an integer random variable with fixed probabilities for
each value k and describes the occurrence of the n states. The random
variables are all normally distributed but with different means and
standard deviations. Economically every state or regime k should be
interpreted as a different type of market price behavior.

If the number n of regimes equals two, the mixture model can be shown
to be equivalent to the jump diffusion model of section 2.1.3, if the
maximum number of jumps per time steps is set equal to 1. In general, the
probability density function of may be written:

An interesting application, which will be discussed further in chapter 7, is
to distinguish three regimes:

Regime 0: no price change
Regime 1: ordinary price changes (normal market)
Regime 2: sudden price jumps (nervous market)
This novel mixture model is particularly attractive for forward or future

markets with infrequent trading, such as observed on many continental
European market places. Every price regime k is itself normally distributed
with different standard deviations (and possibly different means) and occurs
with a certain probability The probability density function (4-42)
becomes:
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Thereby, and describe the normally distributed probabilities of
the price changes in the ordinary (regime 1) and the nervous market (regime
2). For regime 0, a normal distribution is not exactly obtained, since the case
“no price change” corresponds to a standard deviation of zero. Here the
normal distribution shifts from its ordinary bell shape into an infinitely high,
but infinitely small peak. This can be described by the so-called Dirac
impulse widely used in control theory (e.g. Föllinger 1985, p. 22). It is
defined as follows:

For the parameter estimation, again the maximum-likelihood (ML)
method is used. The corresponding log-likelihood function is:

A difficulty for the estimation arises from the fact that the Dirac impulse
obviously has a singularity for x = 0. Snoussi and Mohammad-Djafari
(2001) have proposed an indirect log-likelihood procedure to circumvent this
issue. A more direct approach is to use a discrete approximation to the Dirac
impulse, which is not singular and which has the same observable properties
as the true Dirac impulse. Since in any market there is a lower limit for
price differences (e.g. 0.01 ct), the Dirac impulse may be replaced by a
rectangle of width and height for estimation purposes. Thus the
log-likelihood function becomes:

Again the value of the log-likelihood function may be computed as a
function of the parameter values, and the best-fitting parameter values can
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once more be determined through numerical maximization. As a result,
beside the probabilities and also the means and the standard
deviations of the price regime are obtained.

2.3.4 Markov regime switching

The major drawback of the mixture distribution models is that -
contrarily e.g. to the GARCH models - no dynamic impact of the volatilities
of previous days are included in the model. The probabilities of the different
regimes are fix and consequently independent of the price changes observed
in the previous period. Hence this model is unable to replicate persistent
phases of high or low volatility. Yet this limitation can be overcome through
the so-called switching regime approach (cf. e.g. Hamilton 1989, Kim,
Nelson 1999). It is based on a mixture model, but now the probabilities of
occurrence of the different regime are no longer fixed, but depend on the
previously observed price patterns. Consequently, the probability density
function is no longer unconditionally valid according to Eq. (4-42). Instead
the probability density function is now “conditional” or dependent on the
regime, which is described through a status variable

In the specific case of three regimes discussed before, one gets18 :

Thereby the probabilities for the regimes at time t are not fix as under
the mixture model, but dependent on the regime from the previous time
step. This Markov switching is assumed to occur with constant transition
probabilities and under the conjecture of (weak) market efficiency, i.e. all
information relevant for market prices at time t is contained in prices and

18 Applications of Markov Switching models to Spot market prices can be found in Elliott et
al. (2000), Huisman, Mahieu (2001), de Jong, Huisman (2002).
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states at  19. In order to describe the link between and the transition
matrix T of size n × n is defined:

Each element describes hence the probability that the regime is
followed by regime Given the restriction that the sum of transition
probabilities for one given state has to be equal to 1, the matrix T
contains (n-1) × n independent elements. For the example discussed before,
one gets:

So the columns correspond to the regimes [0 1 2] of yesterday, whereas
the rows describe the regimes [0; 1; 2] of today. Consequently the diagonal
contains the probabilities that a prevailing price regime remains stable from
one day to the next. E.g. is the probability that a normal price change is
followed by another normal price change.

Recursively, the probability of a regime i at time t can be deduced
from:

This is the so-called Hamilton filter (Hamilton 1994b). In the
example discussed so far, the probability for regime 1 at time t is
consequently equal to:

One has thereby to be aware that in most cases no unequivocal statement
about the current regime is possible, since the status variable is “non

19 Note that sometimes Markov switching is defined to include also processes with time lag
larger than 1 (e.g. Kim, Nelson 1999), so that in that nomenclature the model class
analyzed here has to be labeled Markov switching models with time lag 1.
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observable” (at least not exactly). Even in a regime with high price volatility,
small price changes will occur from time to time or even no price change
might happen, just with a lower probability.

The likelihood-function is in this case the product of the a-priori
probability density functions for each observation (Kim, Nelson 1999). It
can hence be written:

Correspondingly the log-likelihood is:

For the example considered, one gets:

The distribution of the price changes is now a conditional
distribution, depending on the price regimes in the past, and the probabilities
of the price regimes are depending, according to Eq. (4-51), from the
probabilities in the previous period. Consequently the arrival probabilities of
the regimes may vary from one point in time to the next, even though the
model takes as starting point constant transition probabilities between the
regimes.

As before, parameter estimation can be done through numerical
optimization of the log-likelihood-function (4-54). The parameters to be
determined include now besides the regime means and standard deviations
also the transition probabilities between regimes.

This requires the calculation, at a given transition matrix T, of the regime

arrival probabilities for each day, based on the

probabilities of the preceding day, using Eq. (4-51). From these
probabilities, the terms of the log-likelihood function are computed. By
inserting the actual price changes therein, the a posteriori probabilities
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are determined. These are in turn used in the following

period for the determination of the a-priori probabilities for Hence a
recursive computation procedure for each evaluation of the log-likelihood
function is established. The optimization algorithm overwhelms this
recursive procedure and finally derives those parameter values, which lead
to an overall maximum for the log-likelihood according to (4-54).

2.3.5 Transformed diffusion model

Barlow (2002) uses the inverse of the Box-Cox transformation (cf.
Box, Cox 1964), to specify a mean-reversion model, which contains the
linear and the log-linear specifications of Eqs. (4-31) and (4-32) as special
cases. He writes:

with the power transform (inverse Box-Cox transformation):

For the conventional Ornstein-Uhlenbeck (or mean-reversion)
process is obtained, whereas corresponds to the log-linear model of
Eq. (4-32). If the function increases more rapidly than an
exponential function and the model produces more spikes than the log-linear
specification. The model can again be estimated through non-linear
maximum-likelihood methods, where some care has to be given to the
numerical computation of the inverse In his empirical application Barlow
(2002) finds in almost all cases that the parameter is significantly below
zero, indicating a strong case for this “non-linear Ornstein-Uhlenbeck
process” as compared to conventional linear or log-linear mean-reversion
specifications.

An important advantage of this approach compared to alternative
methods for tackling the spikes in the spot price series is the limited number
of parameters, which has to be estimated. An inconvenience is however that
the power transform (4-57) is only a crude approximation to the real merit
order curve as depicted e.g. in Figure 4-1. Another drawback, shared by this
model with many others presented before, is that it yields stationary time-
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series. I.e. like for the conventional mean-reversion model, the price
uncertainty does not increase substantially with longer forecast horizons.

2.3.6 Multifactor models

When analyzing the price developments for storable commodities like oil
or copper, multi-factor models where essentially introduced to cope with the
empirically observed patterns of future price volatility (cf. Gibson and
Schwartz 1990). Indeed neither the assumption of a geometric Brownian
motion nor of a mean-reversion model for spot prices leads to satisfactory
price patterns for the corresponding commodity futures. By applying a non-
arbitrage argument, one can show (cf. e.g. Hull 2000, pp. 74f) that the future
price today must be equal to the expected spot price p(T) at the expiration
time T of the future, discounted with an appropriate interest rate i:

Since in the case of Brownian motion, all price shocks have permanent
effects, the volatility of the future price must be equal to the volatility of the
spot price corrected by the factor which is close to unity.

The opposite holds for the mean-reversion process. Given that prices are
reverting to the mean, the long-term expectation for the spot price is equal to
the mean price. This leads, as shown e.g. by Karesen and Husby (2002), to
an exponentially decaying pattern for future prices as function of time to
delivery, thus the volatility of long-term future prices should be close to
zero.

Empirically, none of both is observed and this directs towards the
hypothesis that future price volatility is not only influenced by spot market
price volatility but also by one or several other factors. In the case of
storable commodities, the second stochastic factor is usually interpreted,
following the work of Gibson and Schwartz (1990) as convenience yield, i.e.
loosely the value (or cost) of detaining physically the commodity under
question instead of owning just the financial equivalent (on that concept see
also Fama, French 1987). For an essentially non-storable commodity like
electricity, the rationale for the concept of convenience yield is questionable,
since at the moment of delivery there is a fundamental difference between
owning the physical good and owning a contract on it. Therefore, the
interpretation used by Pilipovic (1998) in her two factor model of the second
factor being a longer-term, unobservable equilibrium price, seems more
plausible. Over the past years, a multitude of two- and multi-factor models
has been developed. One example is the two-factor model by Schwartz
(1997):
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where is the stochastic convenience yield, which follows a mean-
reverting process and is interpreted as a (continuous) dividend on the
original price. The processes and are assumed to be stochastic white
noise, with correlation coefficient Another example is the model by
Pilipovic (1998):

Here the white noise processes and are assumed to be
uncorrelated.

Besides the question of interpretation of the additional stochastic
factors, the multi-factor models also raise the question of identification of
these parameters. Gibson and Schwartz (1990) as well as Karesen and Husby
(2002) explicitly point at the need of using Kalman filtering techniques for
identifying correctly the parameters of the models they propose. This is
necessary since one of the variables entering the price equation w) is
not directly observable, but also subject to perturbations (measurement
errors in the terminology of state space models, cf. Harvey 1989). The
models hence include a so-called latent variable which may only be
identified approximately. If the disturbances in the measurement equation
(the lower equation in 4-59 resp. 4-60) are rather high, it might even be
impossible to determine adequately the latent variable. Gibson and Schwartz
(1990) explicitly propose to use the nearest future contract instead of the
spot market price, given that the latter is difficult to observe in the case of
oil. Yet if this method is used for electricity prices, much of the short-term
fluctuations are eliminated a priori. Karesen and Husby (2002) explicitly
focus on the modeling of electricity spot prices and they use Nordpool data
for their empirical application – but due to the large share of hydro
generation, Nordpool is one of the electricity markets with the lowest
intraday fluctuations (cf. section 3.2.2). Therefore it remains questionable,
whether the multi-factor models proposed so far can be successfully applied
to electricity spot market prices20, especially given that spot price changes in
most markets are not normally distributed, whereas the multi-factor models

20 Also Clewlow and Strickland (2000, p. 123) fit their multi-factor spot price model to
forward price data.
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throughout assume normally distributed disturbances. Yet the basic idea
behind multi-factor models, that electricity spot price movements in the
longer run should be decomposed in stationary and non-stationary parts,
seems worth retaining and one key feature of the integrated modeling
approach proposed in the next section is precisely that it combines stationary
and non-stationary price processes.

3. INTEGRATED MODELING APPROACH

The previous discussion of fundamental and financial models for
electricity price modeling has pointed at the relative strengths and
weaknesses of both approaches. In particular the case for pure financial
models is weakened by the fact that the non-arbitrage argument underlying
many financial model developments can hardly be applied to electricity
prices. Instead a time series of electricity spot prices has to be viewed as a
series of consecutive but only partly linked market equilibria. These market
equilibria may be computed (at least approximately) through fundamental
models – but these have huge difficulties in describing the stochastics
observed in the electricity market. Therefore in the following an integrated
model is proposed, which combines fundamental and finance type models.
More precisely, it uses the price established by a fundamental model as
equilibrium price for a mean-reversion stochastic model.

The overall approach for this integrated model of electricity markets is
sketched in Figure 4-3. In a first step, the stochastic development of prices
on the primary energy market is modeled through a finance-type model (cf.
section 3.1). The resulting energy prices are taken as an input to a
fundamental model of the European electricity market described in section
3.2. This model yields marginal generation costs differentiated by time of
the day, type of day and month in the year. These prices could be used as an
input to a game-theoretic model yielding the prices and mark-up charged by
strategic players in the market. However, such a model is not easy to solve in
the proposed context (cf. chapter 5). Therefore, the system marginal costs
are directly used as an input for a stochastic model of the electricity market
(cf. section 3.3).
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Figure 4-3. General approach for the integrated electricity market model

3.1 Primary energy prices: stochastic model

Many of the financial market models discussed in section 2 can also be
applied for modeling the prices of primary energy carriers for electricity
production. However, an important characteristic of the primary energy
markets for oil and gas is that periods of high price volatility are alternating
with periods of rather stable prices. This can be dealt with using a model
with switching regimes, such as the one proposed by Erdmann (1995). Yet
the moments of regime switching can be hardly determined a priori and
therefore it is proposed as an alternative to model the primary energy market
prices through a mean-reversion process for the derivatives of logs of prices

For the long-term properties of fuel price changes and corresponding
electricity price shifts, the correlations between price changes for various
energy carriers are furthermore important. As shown in Table 4-2, the long-
term correlations between the different fuel prices are very high and
significant. The short-term correlations on the contrary are considerably
lower and partly far from being significant. Thus a straight-forward
extension of model (4-61) to the multivariate case including just some
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correlations between the error terms will lead to a model which does not
reproduce the long-term correlation pattern shown in Table 4-2.

Therefore the introduction of an equilibrium correction term seems
appropriate. This leads to the general multivariate model:

where and are matrix resp. vector generalizations of their
scalar counterparts and The term describes the additional
tendency of return towards equilibrium price ratios21. For a particular fuel f it

will read The diagonal elements of have thus to be

negative to obtain a return to the equilibrium, whereas the off-diagonal
elements should mostly be positive22.

Even if symmetry conditions were imposed, the estimation of the entire
system would involve more than 30 parameters. More promising is the
specification of an a priori restricted system. Thereby the restrictions can be

Similar to the error correction term in the error correction models (ECM) of econometric
time series analysis.
Formally, the (possibly complex valued) roots of the characteristic equation

determine the stability properties of the overall

equation system (cf. stability analysis in control theory, e.g. Föllinger 1985). If all roots
have a negative real part, the system will be stable, i.e. all variables will be stationary (in
the econometric sense, cf. e.g. Hamilton 1994). In the case of some roots with zero real
part, the system will be indifferent and some or all of the variables will be integrated.

21

22
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based on the fact that the oil price is still the single most important world
energy price. We therefore specify for oil a price model as in Eq. (4-61),
taking it to discrete time for estimation purposes:

For the other energy carriers, we introduce the deviations from the long-
term equilibrium with oil and the oil price change as additional explanatory
variables:

Furthermore the error terms are assumed to be uncorrelated, so that least-
squares estimation is unbiased and efficient.

Estimation results are given in Table 4-3. Almost all parameters are
significant and the mean-reversion tendency for price changes is with 0.55 to
0.78 rather high, so the price changes have a strong tendency to return to
their equilibrium growth rate,

The error correction term for the price ratio is with 0.018 to 0.064 much
lower, hence a return to the equilibrium price ratios is only occurring in a
time span of several years. For all fuels except coal, the coefficient of the
price ratio is not statistically significantly different from 1. Since the model
is formulated in logs, this indicates that there is a constant equilibrium price
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ratio. For coal the price ratio coefficient is much higher – indicating that the
oil price has lower impact on (second order) coal price changes than the coal
price level itself. In other words, the coal price is a stationary time series
which will only partly follow the oil price movements – a rather plausible
result.

It should be noted that the model in its current version does not deal
separately with the exchange rate risk and the commodity price risk on the
world markets. It is also formulated in nominal prices, leading to rather high
price growth rates. Yet it captures key features of the observed price
patterns. As measure of model quality, is reported, since it is readily
available from the least-squares regressions. The rather low should not be
interpreted as a sign of poor model fit, since the explained variables are
second differences in the logs of prices – which are clearly more difficult to
explain than price levels. Also no exogenous explanatory variables have
been included, in order to make the model easy to handle for simulations of
future prices.

3.2 Electricity prices: fundamental model

Starting from given primary energy prices, this module determines the
marginal generation costs as a function of available generation and
transmission capacities, primary energy prices, plant characteristics and
actual electricity demand. Also the impact of hydro-storage and start-up
costs is taken into account. The basic principle of the model is cost
minimization in an integrated (in occurrence Europe-wide) power network
as described in section 1. Since start-up costs are considered (cf. section 1.4),
the objective function is written:

with the operating costs of unit type u at time t and the
corresponding start-up costs. The model is formulated in typical days of one
year, in order to be able to describe seasonal effects and seasonal hydro
storage as well as start up costs (cf. section 1.6). This is necessary since in
the continental European power system hydro power from storage and
pump-storage plants is quite of some importance.

t thereby stands for a time segment in a typical day, is the duration
of that time segment and its frequency in the planning horizon (one year).
In the current version of the model (partly based on earlier work by Kramer
2002), twelve typical days are distinguished (see Table 4-4), with weekdays
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and weekends always taken as separate typical days due to their difference in
load and price patterns. Furthermore to capture seasonal effects in load,
water inflow, sunshine etc., separate typical days are distinguished for every
two month period. Within each typical day, time segments of two hours
length each are distinguished in order to keep the problem size reasonable.

The operating costs are formulated as in Eq. (4-20) and the start-up costs
as in (4-21). In order to describe the links between capacity online and
output, the Eqs. (4-18) and (4-19) are also included. The demand and supply
balance (4-9) is modified to include also pumping energy for hydro storage,
leading to:

The regions distinguished within the model are given in Table 4-5. The
regions thereby account for the major grid constraints within Europe (cf. e.g.
Auer et al. 2002). For the endogenous regions, the full set of equations is
specified, for the exogenous regions only the import and export flows to the
endogenous regions are specified as time series based on historically
observed values.

The capacity restrictions for plants and transmission lines are as
described in Eqs. (4-10) and (4-11). For transmission lines, net transfer
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capacities as reported by ETSO (2003) are taken as basis. A delicate point is
the available capacity for hydro storage plants. In fact the aggregation of all
hydro plants into one single reservoir oversimplifies the operation
restrictions for these plants. Many plants have restrictions on minimum
water flow. Restrictions arise also due to hydro cascading and make a full
simultaneous use of installed hydro capacity for generation unlikely if not
impossible. Unfortunately no detailed information is available on these
restrictions at plant level, therefore general assumptions are used: The
minimum water flow is set to 10% of installed hydro generation capacity
and an average capacity availability of 0.5 is used for hydro storage plants.
Furthermore, the hydro reservoirs in each region are split into two types:
small ones for daily storage and large ones for seasonal storage. This is
done, since pumping capacities are mostly installed on smaller reservoirs
and used for daily or at maximum weekly cycling. If these restrictions are
not taken into account, hydro storage release and pumping will lead to very
flat price curves in most regions, as a consequence of the peak shaving effect
of hydro storage and the valley filling effect of pumping.

Further data sources include UCTE statistics on electricity load and
electricity exchanges, a database of power plants throughout Europe and fuel
price statistics. Power plants are classified according to the main fuel used
and the vintage into 25 classes in order to keep the problem size reasonable
(see Table 4-6). The linear programming problem to be solved has
nevertheless about 61,000 variables, 83,000 constraints and 220,000 non-
zero elements. Implemented in GAMS (cf. Brooke et al. 1998) and using a
CPLEX solver (cf. ILOG 2003), computation time on a Pentium III PC is
about 3 minutes for a solve from scratch and about 10 s if an initial solution
from a previous run is provided.

The model is operated in two different ways: Firstly it is used with
historical fuel prices and demand to determine the equilibrium prices for past
time periods, which are used as input for estimating the stochastic electricity
price model described below. Thereby simulations are carried out for each
historical month using the fuel price information available at that time.
Secondly the model is operated using Monte-Carlo-simulations of future fuel
prices (taken from the model described in section 3.1) as input, in order to
derive stochastic equilibrium prices. Due to the possibilities of fuel switches,
variations in hydro-use or changes in import-export flows, the obtained
relationship between fuel prices and electricity prices is thereby non-linear.

The results of the historical analyses are reported in Figure 4-4, together
with the observed prices averaged over all days and hours corresponding to
the time segment under consideration.
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Figure 4-4. Comparison of prices obtained from the fundamental model and historical
energy prices
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It clearly turns out that the model describes well the general price
patterns observed, but that prices, even averaged over similar typical days
within one month, deviate in some months considerably from those
predicted by the fundamental model. This occurs especially in December
2001, when for the first time the (then) price limit of 1000 /MWh was
reached on the German spot market in the evening of 17 December and
prices had already been high before and remained rather high until in
January. But also in summer 2002, the average midday price observed has
been far beyond the one predicted by the model. Partly there are certainly
fundamental explications for these deviations from expected average (plant
outages in both periods, additionally very low temperatures in December
2001 in whole Europe), but in general it has to be noted that these price
peaks occur in periods where the fundamental prices are already rather high

players with free capacity may charge strategic prices – a phenomenon
which has to be taken into account when modeling stochastic price behavior
in the third part of the integrated model and which will also be reconsidered

– i.e. capacities rather high. In these market phases, the remaining market
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when analyzing strategic interaction between players in chapter 5 and long-
term investment and price equilibria in chapter 9.

The mean absolute error (MAE) over the whole historical period is 4.26
/MWh when comparing to the simulated prices to the mean prices in the

corresponding time segments. The root mean squared error (RMSE) is with
8.91 /MWh considerably higher, since it is much more influenced by the
empirically observed but fundamentally not well explained peak prices. But
since prices beyond 50 /MWh can hardly be explained by any model based
on marginal generation costs, even if start-up costs are accounted for, these
prices should not be considered when measuring the model quality of the
fundamental model. Measured on this restricted data set, the MAE decreases
to 3.48 /MWh, whereas the RMSE drops to 5.08 /MWh.

3.3 Electricity prices: stochastic model

The fundamental model described in the previous section provides as
shown a rather realistic picture of the expected generation costs and
corresponding market prices. Besides these deterministic impacts from
marginal generation costs, time-varying demand, capacity constraints etc.,
electricity prices are however also subject to stochastic changes – due e. g. to
load fluctuations, unforeseen outages or trader speculation. These stochastic
fluctuations are modeled in the integrated model based on a stochastic
modeling approach as described in section 2. The model is specified as a
mean-reversion model given the empirical observations and the results of
earlier research (see above). However one expects that the prices do not tend
to return to a time-invariant mean, but rather to one which is determined by
the fundamentals governing the electricity market. Therefore, the following
model is specified:

that is the price change is dependent on the logarithmic difference
between the equilibrium price and the actual price adjusted
possibly by a term depending on the free capacity Additionally the
parameters associated with the weekday dummy variables
are introduced to cope with possible systematic price variation between
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weekdays. Similarly the parameters and are used to describe the
effects of holidays hd within the week (such as Easter Monday) and of
special days sd which are not public holidays but have reduced activity
levels such as bridging days between holidays and the weekend or the days
between Christmas and New Year’s day.

One should note that albeit the model is formulated as a mean-reversion
model, the obtained time series are not necessarily stationary. This is due to
the fact that the equilibrium prices are influenced by the fuel prices, the
stochastics of which are described through a separate model (cf. section 3.1).
Since these are not all stationary time series, also the equilibrium prices and
the stochastic electricity prices are not necessarily stationary.

Given the evidence provided by Cuaresma et al. (2003), each hour is
modeled as a separate stochastic process similarly to the approach adopted
by Ramanathan et. al (1997). Additionally the weekend prices are also
modeled as separate stochastic processes since the fundamentals, notably the
load characteristics, are rather different on weekends than during the week.
In most markets, trading is furthermore strongly reduced on weekends.
Consequently prices for electricity delivered on weekends as well as on
Mondays are fixed on power exchanges like the German EEX already on
Friday. This leads to the following, slightly modified model for prices on
weekends:

Here the day index d’ includes only Saturdays and Sundays, and an
additionally explanatory term describes the effect of the prices on
the Friday Fr(d’) preceding the day d’ on the current price level. Hence
weekend prices depend both on the prices observed during the weekend
before and the last prices recorded during the week.

The entire model is formulated in logs of prices, on the one hand to
prevent negative prices, so far not observed in Europe, on the other hand to
describe at least approximately the frequency of price spikes.

For the specification of the stochastic term the following points have
been retained: Firstly volatility clustering is important in electricity prices,
therefore a GARCH-model specification is chosen. Secondly, part of the
stochastic price fluctuations is due to variations in the load or available
capacity. Yet, the impact of these fluctuations depends on the slope of the
merit order curve (see Figure 4-5). Therefore the change in marginal
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costs for a change in load by ±15 percent is included as explanatory variable
in the GARCH-model of volatility:

An analogous specification is used for the volatility on weekends.

Figure 4-5. Merit order curve and impact of load variations (or variations in available
capacities) on marginal costs

As alternatives, a pure GARCH-model is tested as well as a specification,
where the variance is dependent on the price level of the previous day. The
latter models the fact that volatility tends to increase in electricity markets
with price levels and is formally written:

In principle, also specifications of the stochastic term with non-normal
distributions like Markov regime switching models (cf. section 2.3.4) or the
transformed diffusion model of Barlow (2002) (cf. section 2.3.5) would be
interesting candidates to describe even better the observed price spikes. But
these require additional parameters and have therefore at first discarded in
order to avoid too complicated specifications.
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A further point, which is taken into account in the stochastic
specification, is the correlation between the stochastic terms of different
hours. This is crucial, if realistic price simulations are to be obtained.
Among the multitude of possible multivariate GARCH specifications (cf.
Engle, Mezrich 1996), a specification of medium complexity has been
retained, namely the constant conditional correlation model. It is described
through the relationships (already contained in Eqs. (4-67) and(4-68)):

Here and are diagonal matrices containing the hourly
standard deviations, whereas resp. are correlation matrices between the
volatility corrected stochastic terms of the different hours. In order to
estimate them, first the Eqs. (4-67) and ((4-68) may be estimated separately
hour by hour together with the corresponding volatility equation. Then the
correlation matrix can be computed by inserting the obtained residuals into
the right halves of Eq. (4-71). A so-called seemingly-unrelated-regressions-
or SUR-estimator (cf. e.g. Greene (2000)), which simultaneously estimates
the parameters for all hourly equations and the correlation matrix, may
theoretically be more efficient, yet it is also less robust against
misspecifications of the error term.

The estimation results are summarized in Table 4-7 to Table 4-10. The
mean-reversion parameters are throughout positive and significant (cf. Table
4-7 and Table 4-8). The excess price factor has significant positive values
mostly during peak load hours within the week. This corresponds to the
expectation from the fundamental model, that market power will be mostly
relevant when load is high. But during many of these hours the impact of
additional free capacities on prices is significantly positive, instead of being
negative as one would expect from the market power argument. On
weekdays the free capacity has the expected negative impact on prices only
during the hours 7 and 8 in the morning and 19 to 21 in the evening. The
inverse effect can partly be explained through imperfections in the
fundamental model. As can be seen in Figure 4-5, the fundamental model
predicts a very sharp price spike in summer at noon. For the preceding and
the subsequent hours the observed prices are almost every time above the
expected ones. In winter, when free capacities are lower, this deviation is
less observed. Consequently the statistical model will impute the higher



Modelling Electricity Prices 69

offset from equilibrium prices to increased free capacities – whereas in
reality it is due e.g. to limited peak shaving capabilities of hydro power.

As far as systematic differences between weekdays are concerned, the
prices are significantly lower during the night from Sunday to Monday but
higher during daytime on Monday (cf. Table 4-7). This corresponds to
differences in load, which rises only on Monday morning from weekend
levels to weekday level or even above, e.g. through additional start-up
consumption.
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Tuesday is from an electricity price point of view also systematically
different from Wednesday which is taken as reference. Both during the night
hours and in the evening, prices are significantly higher, which might be due
to higher load or to trading effects e.g. that forced outages during the week-
end or unplanned prolongations of down-times which appear on Monday
morning will impact prices only from Tuesday onwards. Whereas Thursday
is very similar to Wednesday, Friday has clearly a lower load and
consequently also lower prices from 1 p.m. onwards.
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For public holidays, a strong and systematic impact on loads and prices is
observed, whereas the effect of the special days is much less pronounced and
only partly significant. On weekends a systematic effect of the price on the
preceding Friday is found (cf. Table 4-8). Moreover, prices on Saturdays are
throughout significantly higher than on Sundays, except for the late evening.

The volatility modeling shows clear effects of volatility clustering with
both past volatilities and past price changes having significant effects on
weekdays (cf. Table 4-9), whereas the evidence is less clear cut on
weekends. This could be due to the smaller data base or/and to the
alternation of Saturdays and Sundays, which differ considerably in their
characteristics.
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The impact of the merit order gradient turns out to be significant in
eleven hours out of twenty-four on weekdays (cf. Table 4-9), whereas on
weekends there are eighteen significant coefficients (cf. Table 4-10). But
even when the coefficient is not significant, the improvement in log-
likelihood can be (and conversely), so that a total of thirty-one significant
enhancements through the inclusion of the gradient term can be found. For
the alternative specification with the price level explaining volatility,
significant improvements are obtained twenty-nine times. When comparing
directly the log-likelihoods, the chosen specification outperforms the
standard model eleven times by more than the critical value of the
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But also the price dependent specification outperforms eleven times the
gradient dependent one23. So both models seem of similar statistical quality,
the advantage of the chosen specification being that it is based on a
fundamental explanation.

4. APPLICATION

In order to use the integrated model as a tool for the simulation of future
electricity prices, the different modules have been implemented as software
tools using mainly GAMS and MATLAB as software platforms. Figure 4-6
gives an overview of the implementation of the different components of the
integrated electricity model. All data are stored in a common data base and
then delivered to the different modules. The system is highly automatized, so
that both ex-post and ex-ante calculations can be done rapidly.

In Figure 4-7, examples of price simulations are shown, which have been
determined using the integrated model. In that case, the data base for the

23 Note that the likelihood-ratio test is not exact in this case since both models have the same
number of degrees of freedom. For an exact test, a non-nested model test has to be
employed. But this will hardly change the general result.
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model has consisted of the prices until end of 1 October 2002. On that basis,
prices for November 2002 have been simulated. The real market prices for
the second and the third week in November have been also included in the
figure. Obviously the shape and level of the simulated prices are in general
similar to the observed ones although of course the exact price pattern is not
matched. Two peaks of varying height appear notably around noon and in
the evening at about 6 p.m. whereas prices during night time are rather low.

A comparison of the price ranges implied by different price models
yields the results shown in Figure 4-8. Here prices in August 2002 have been
forecasted based on information available at end of June 2002. It is evident
that modeling electricity price developments based on Wiener processes
gives rise to extremely high uncertainty ranges in the medium and long run.
Mean reversion processes provide more realistic estimates of price ranges
and this is also true for the integrated model. Of course, the price range
observed in reality is even smaller, since it does not contain all possible
realizations of the stochastic price processes. An important difference
between the simple mean-reversion model and the integrated model is that
the uncertainty range in the integrated model increases with increasing
forecasting horizon due to the impact of uncertain primary energy prices.
The mean-reversion model on the contrary, shows no increase after about
one week.

Figure 4-7. Comparison of simulated (as from 1 October 2002) and observed spot market
prices in November 2002
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Figure 4-9 shows a comparison of price forecasts and uncertainty ranges
implied by the integrated model with forward prices and real prices for
December 2002. Here, the average as well as the 10 % and the 90 % quantile
of the simulations is compared to the actual average spot prices and the
forward prices available at the time of simulation and just before the product
started to be delivered. In that particular case, the integrated model provides
a better forecast for the peak price than the forward price does, both five and
one month in advance. Also the uncertainty range looks plausible. But the
base forecast is not very good – in fact the observed price is here below the
10 %-quantile of the forecast and also the forward market performed slightly
better.

Figure 4-8. Expected price variations (10 % quantile and 90 % quantile) for hour 9 on
weekdays in August 2002 as from 30 June 2002



76 Chapter 4

Figure 4-9. Comparison of price forecasts of the integrated model (from 30 June 2001),
forward prices and actual prices for standard products November 2001

A more systematic comparison is provided by Figure 4-10. Here the
results of ex-post simulation of the prices are compared to actual prices.
Thereby, the average of the price simulations obtained at the end of the
month preceding delivery is compared to the actual spot market outcomes
and to the corresponding forward quotes. Obviously, the simulation provides
results which do not align on the forward prices. But the average error, as
measured by the mean absolute error (MAE), is 3.6 /MWh for the
simulation model and 4.1 /MWh for the forward prices. So the simulation
model performs on average slightly better then the market does, even if the
difference is hardly significant. In terms of the root mean square error
(RMSE), the result is similar: The simulation model has an RMSE of
5.8 /MWh, the forward prices of 7.1 /MWh.

Figure 4-11 shows for the ex-post simulations how the price uncertainty,
measured as the difference between the 10 % and the 90 % quantile of the
simulation results, raises as the time to delivery increases. This increase is
not very strong and also sometimes decreases occur, given the differences in
volatility of the various months. But clearly the model neither provides
extreme uncertainty ranges for longer time horizons nor is the price
uncertainty limited by an upper bound.
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Figure 4-10. Comparison of price forecasts of the integrated model, last forward quotes and
actual prices for monthly base products 2001 and 2002

Figure 4-11. Comparison of price forecasts of the integrated model, last forward quotes and
actual prices for monthly base products 2001 and 2002
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In general, the analysis carried out has shown that a combination of
fundamental analysis and stochastic modeling provides an approach to price
simulation which takes into account the technical restrictions governing
electricity production and transmission as well as the effects of new
information arrival and other stochastic effects. Also the dependency of
electricity prices on the fuel prices is included in this approach and it can be
used to derive both price forecasts and uncertainty ranges for the future
development of prices. These can be used both for the operational
management of generation and trading portfolios and for assessing the risks
associated with these portfolios. This will be shown in chapter 6 and chapter
7. Chapter 9 will develop complementary approaches, which allow tackling
price uncertainty in the longer run, when the assumption of a known
generation park is not justified. Before, we will now turn to the impact of
competitors strategies on electricity prices and own strategies.



Chapter 5

MODELING COMPETITION IN THE
ELECTRICITY INDUSTRY

Besides price uncertainty, the strategies of the competitors also affect the
decisions of electric utilities. Models of competitive electricity markets have
to date mostly been developed to analyze longer term equilibria on the
wholesale market. These models are briefly reviewed in section 1. Section 2
takes then a different view on competition in electricity markets,
emphasizing the role of retail competition. Here a model developed by the
author is discussed, treating electricity delivered by different producers as
heterogeneous products. This model is then applied in section 3 to the
German power market.

1. COMPETITION ON THE WHOLESALE
MARKET: COURNOT-NASH COMPETITION
AND COMPETITION WITH BID CURVES

In general two types of approaches have been used to model the
competition on the whole sale market. The first one is using the Cournot-
Nash framework (cf. e. g. Andersson / Bergmann, 1995; Borenstein et al.,
1999; Ellersdorfer et al., 2001, Ellersdorfer et al., 2003; see also the
overview in Smeers, 1997). Underlying are the assumptions of electricity as
a homogenous good and of market equilibria being determined through the
capacity setting decisions of suppliers. This model type is however only
appropriate for the description of the medium to long-term equilibrium
determination. Namely the existence of a Nash equilibrium in this modeling
framework requires a substantial negative own price elasticity for electricity.
While most empirical studies (e. g. Dennerlein 1990, Dahl 1994) agree that
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significant negative own price elasticities exist for electricity in the longer
run, for the short run both empirical studies and most practitioners agree on
the electricity price elasticity to be negligible or even non-existent.

The second one is modeling the price equilibria on the wholesale market
as equilibria of firms bidding with supply (and possibly demand curves) into
the wholesale market. The first models using this approach were developed
by Klemperer and Meyer (1989) and Green and Newbery (1992). Further
models in this vein include Bolle (1992), Bolle (2001) and Hobbs (2001). As
emphasized by Bolle (2001), supply curve bidding will only lead to results
different from traditional Cournot-Nash equilibria, if demand uncertainty (or
another source of uncertainty) leads to an ex-ante undetermined equilibrium.
Otherwise the supply (and demand curve) bidding collapses to one point,
which corresponds to the Cournot-Nash equilibrium. Recent work in this
field has on the one hand looked in more detail at the role of capacity
constraints for strategic price equilibria (cf. e.g. von der Fehr, Harbord 1997;
Baldick, Hogan 2002; Crampes, Creti 2002). On the other hand, numerous
models have been set up to analyze the interactions between grid restrictions
and market power for suppliers (e.g. Harvey, Hogan 2000, Hobbs et al.
2000, Gilbert et al. 2002, Metzler et al. 2003). Furthermore recent research
has emphasized the role of a contract market for future and/or forward
contracts for mitigating market power in electricity markets (cf. e.g.
Newbery 1998, Ellersdorfer 2003).

Three points seem particularly worth retaining from this numerous
literature: Most of the models developed are focusing on qualitative issues,
taking quantitative results more as illustrative examples than as ultimate
research objective. This is linked to the second observation that most
analyses aim at providing decision support more to the regulators than to the
utilities. The third point is that in most analyses, the entire focus is on the
wholesale market and that the interlinkage between wholesale and retail
markets is so far hardly analyzed.

2. COMPETITION ON THE RETAIL MARKET:
BERTRAND COMPETITION AND
COMPETITION WITH HETEROGENEOUS
PRODUCTS

The competition on the retail market is quite different from the wholesale
competition in that the firms are usually setting their sales prices and not the
quantities sold. Notwithstanding the results (e.g. by Kreps, Scheinkman
1983) stating the equivalence of price (Bertrand) and quantity (Cournot)
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competition under certain circumstances, the analysis of the price
competition on the retail market seems a worthwhile task. Thereby one has
to take as starting point that besides prices further less directly observable
characteristics of the commodities must influence the consumers’ choices (e.
g. service quality, billing frequencies, personal idiosyncrasies). This leads to
a model of oligopolistic competition with product differentiation as a more
adequate approach for describing observable behavior on competitive
electricity markets.

Particularly in recent years major advances have been made towards a
formal treatment of a broad class of such problems in a game theoretic
framework (e. g. Economides, 1989; Caplin, Nalebuff, 1991; Anderson, de
Palma, 1992; Anderson et al., 1995). Important application fields has been
questions of locational choice in spatial economics, where products are not
differentiated by their quality but by the location of the sales point and
corresponding transport costs. Most applications to date yet focus on
identical players with similar production structures. In the electricity markets
on the contrary players of various sizes and with varying production assets
do exist for historical reasons24. This holds both for countries with
traditionally centralized electricity supply companies like France and the UK
and for countries with a traditional oligopoly of regionally delimited power
companies as it was in Germany or Sweden.

In the following the general methodological approach to model
oligopolistic price competition in markets with differentiated goods is
described first. The approach is then extended to multiple retail market
segments and implications for optimal retail strategies are derived. Finally
an application of the approach to the German electricity market is discussed.

2.1 Methodological approach – basic model with one
retail market

We consider a non-cooperative game with N profit-maximizing players i
(suppliers). These provide a bundle of differentiated commodities, with one
commodity supplied per player. The total demand y for the bundle of
commodities is fix, but demand will shift among commodities depending on
the prices offered by the different players.

Various choices are possible for the individual demand functions
We assume in the following a logistic shape of the functions

24 In fact, this is also true for most other real markets.
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This functional form provides attractive features like lower and upper
bounds of 0 and y respectively and a rather easy analytical treatment.
Furthermore, it can be derived from a model of stochastic utility
maximization (cf Luce, 1959). Therefore, this type of model, called
multinomial logit model, is widely used in the modeling of discrete choices
(cf. e. g. Maddala, 1992)25.

For notational convenience we introduce the market share

Thereby is a measure for the price responsiveness of the demand for
the product offered by player i. has to be positive to obtain normal
demand functions. The larger the value of the stronger is the price
responsiveness.

is a measure for the relative attractiveness of the product offered by
player i. The larger the higher the market share of commodity i at
similar prices for all commodities. In fact, if and (or
more generally if for all i and j, one has:

In the non-cooperative game, each player i maximizes his profit

25 Applications in economics and econometrics have been particularly pioneered by
McFadden (1974, 1978). See also the application to heating equipment by Dubin and
McFadden(1984).
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by setting his sales price accounting for his average cost

which correspond to marginal costs Derivation accounting for Eq.
(5-1) yields then:

Using Eqs. (5-1) and (5-3), the following identity is obtained after some
transformations:

and for the first order-conditions for a Nash-equilibrium:

If the possibility (market exit) is excluded, prices and market
shares in the competitive equilibrium must fulfill the identity:

For constant marginal costs this is the equation of a hyper-

bole in the with asymptotes and (see Figure 5-1). It
corresponds to the optimal price setting of player i at a given market share

The larger the absolute value of (the price responsiveness of the
customers), the closer the hyperbole remains to its asymptotes, i.e. the
supply price exceeds the marginal cost only by little.

The demand function (5-2) can also be represented in this plane as a
sigmoid with asymptotes and and the exact shape of the
demand function depending on the parameter values and the prices of the
other players. The demand is monotonously decreasing in but even for a
price of 0 the player i will not have a market share of 1, given the incomplete
substitutability of the different goods. The intersection of the hyperbolic
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pricing function and the sigmoid demand function yields a
unique price-market-share combination for commodity i at any values of

Since this holds for any commodity i and prices are always a strictly
monotonous function of the corresponding market shares, we obtain a
unique solution for the first-order conditions (5-7). From this, the existence
and uniqueness of a market equilibrium in this setting may be derived
intuitively. A formal proof of the existence and uniqueness is given in
Weber (2000)26.

Figure 5-1. Demand function, optimal supply function and Nash-equilibrium in a non-
cooperative game of oligopolistic competition

26 For the symmetric case with constant marginal costs a proof may be found in Anderson /
de Palma (1992).
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Furthermore, it can be shown that the second derivative of the profit
function with respect to the own price is negative when the first-order
conditions are fulfilled. Hence profits are quasi-concave in own price and the
obtained solution represents indeed profit maximums for all firms involved.

2.2 Methodological approach – extension to several
retail segments

As before, a non-cooperative game with n profit-maximizing players is
considered. But now market segments Q are taken into account, on which
each player sells a differentiated product As before, the total demand
for each market segment is fixed, but depending on the prices offered, the
players will obtain various market shares. The demand functions are now
applied to each market segment, giving rise to the following equation for
market shares within one segment:

is thereby again a measure of the price sensitivity in market segment
q, but it is assumed to be equal for all players, whereas indicates the
relative attractiveness of product i in market segment s at equal prices. The
profit of player i is now described by the equation:

The decision variables of each player are now the sales prices in the
different market segments. The costs are only a function of the current total
sales quantity i.e. retail and distribution costs are disregarded.

The first-order conditions for an equilibrium are now:
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Thereby the identity (5-6), generalized to the case of multiple market
segments has been used again. Neglecting the possibility of market exit, this
yields an optimality condition for the price in market segment q, which is
very similar to Eq. (5-8):

i.e. in each market segment, a supplier will charge a price which
corresponds to his marginal generation costs plus a mark-up, which is
independent of his generation costs, but rather depends on the price
sensitivity in this market segment and the market share detained by the
supplier in this segment.

The mark-up will be always higher if the market share is higher. But
even if the market share, e.g. in a polypolistic competition, gets close to
zero, the supplier will nevertheless charge a mark-up, proportional to the
inverse of the price sensitivity parameter. In the opposite monopolistic case
with the optimal strategy for the supplier is to set an infinite price –
as it is in general in a monopoly with zero (total) demand elasticity. But also
in the competition case, the incumbents with high market shares will, at
same cost structures, charge higher prices than newcomers with low market
shares. This has also been observed empirically, both on the European
markets for telecommunication services and for electricity. The still higher
prices of the former monopolists in the telecommunication sector have
according to this model to be viewed indeed as a profit optimizing strategy.
In this market, the regulators in Germany and many other countries have
obliged the grid operators to provide grid capacities at similar costs to all
market participants. In the electricity market, besides the grid costs – which
have also to be non-discriminatory – substantial costs arise also in the
generation resp. wholesale purchase of electricity. Here only a numerical
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simulation can tell whether higher prices of the former regional monopolists
are a consequence of cost differences or a result of market power.

At identical market shares, Eq. (5-12) implies that the mark-up will be
the higher in a market segment, the lower the price sensitivity of the
demand side. Several analyses (e.g. VDEW 2000b) have shown that price
differentials have to be considerably higher in the case of households and
other small electricity customers to make them switch suppliers. This has
according to Eq. (5-12) as immediate consequence that the mark-up beyond
generation and transmission costs will be in the competitive
equilibrium higher for households than for more price sensitive customers.

But is it under these conditions attractive for a new competitor to
enter the high-margin segment of another utility, or is it on the contrary non-
rewarding, given the low switching willingness of the households? To
answer this question, prices and quantities in the competitive equilibrium are
scrutinized in more detail in the next section. Thereby the focus is on the
case with two suppliers in two market segments, in order to be able to derive
analytical results. Numerical results for the more general case of the German
power market are presented in the subsequent section.

2.3 Analytical results – attractiveness of various market
segments

For the case of two utilities competing in two market segments, the
general equilibrium condition (5-12) may be written explicitly:

Thereby the suppliers have been given the indices 1 and 2 and the market
segments the indices A and B. Furthermore the equations have been
formulated in quantities sold instead of market shares.

By taking differences we get:
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From Eq. (5-9), the ratio between the quantities and can be
determined. After taking logarithms, the following relationship is obtained:

Isolating the price difference and inserting it into Eq. (5-14) yields:

Consequently the marginal costs of the suppliers are not identical in the
optimum – in contrast to the result established for perfect competition (cf.
Chapter 4). Instead the marginal costs differ by the function This
function may be interpreted as the shadow price of quantity increase, since
similarly to Eq. (5-16) the following identities may be deduced:

with:
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By comparing Eq. (5-16) and the first equation in (5-17), the equality
is readily established as a further characteristic of market

equilibrium. The decision in which market segment firm 1 (or 2) should
chase for new customers, has therefore to be taken in a way, that the shadow
price of customer acquisition (or quantity extension) is the same in both
market segments. This shadow price is not depending on the cost structure of
the firm or of its competitor, it is on the contrary a function of the market
characteristics, namely of price sensitivity market volume and market
shares at identical price

From Eqs. (5-16) and (5-17), it can be shown that the shadow prices
und are strictly increasing functions of the quantities sold,

i.e. with increasing market share, it gets increasingly difficult to get
additional customers. A selection of shadow price curves for selected
parameter values is shown in Figure 5-2.

Figure 5-2. Shadow price of quantity increases depending on market characteristics

The customer acquisition gets clearly more difficult, the lower the price
sensitivity is. By contrast, differences in the market share at equal prices
have less drastic impacts on the shadow price for quantity increases.

Figure 5-3 shows how the shadow price curves for different market
segments may be aggregated horizontally. This is valid, since the quantity
extensions possible at a given shadow price level are obtained as the sum of
the quantity extensions in the different market segments. Subsequently a
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(vertical) aggregation with the cost function is also possible, so that the
optimal competition result may be determined graphically.

3. APPLICATION

An empirical application of the model is done for a simplified version of
the German power market. In the following, the key parameters for this
model are described first and then numerical simulation results are provided.

Figure 5-3. Aggregation of the shadow prices functions for quantity extensions

3.1 Market description

Instead of modeling the about 1000 utilities in the German market, the
focus is laid on the largest suppliers, i.e. the so-called “Verbundunter-
nehmen” (national utilities) and those regional and municipal utilities which
supply more than two third of their sales to final customers through own
generation. This gives a total of 26 players according to the situation before
the mergers of the years 2000 to 2002, and 22 thereafter. The generation
capacities are modeled similarly to Ellersdorfer et al. (2000) and the model
is formulated in annual energy quantities (TeraWatthours, TWh). Given that
the electricity demand of the consumers is not equally spread over the year,
the energy supply requires the combination of different production techno-
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logies. Consequently the marginal generation cost for one additional TWh is
also not given by one production technology, but by a generation mix which
includes the marginal production technologies at different moments within
one year. Ellersdorfer et al. (2000) have developed an approach to tackle this
difficulty based on the assumption of constant load shape and load factor.
This approach is also used here. Thereby the production technologies are
distinguished by primary fuel used and age category and marginal
production cost curves as shown in Figure 5-4 are derived through a
Gompertz function approximation. For all utilities, not only their own
generation capacities are included, but the generation capacities of
companies fully or partially under the control of the companies considered.

Figure 5-4. Marginal generation cost for energy output for selected electricity suppliers in
Germany

On the demand side, three market segments are considered: the retailers,
which mostly supply electricity to final customers without having substantial
own generation capacities, the larger industrial and commercial customers
and the residential and small business clients. The quantities sold to these
customers are taken from VDEW (2000a). At the same time, these quantities
are used to calibrate the model parameter “market share at equal prices” (cf.
Figure 5-5). Thereby on the one hand the market share before liberalization
is used, considering that customers have little incentives to switch suppliers
at equal prices. Additionally it is assumed that the large companies are better
known (or can make themselves better known) and that consequently clients,
who switch suppliers for non-price reasons (such as service quality, billing
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modalities etc.), generally will rather switch from the small to the larger
companies than vice versa. The parameter “market share at equal prices”
accounts for these two factors through a weighted average. 95 % of the
weight is accorded to the original market share in the market segment
considered and 5 % to the total electricity supply as indicator of the size of
the company27. The market shares given are always with respect to those
customers directly supplied by the companies under consideration.

Figure 5-5. Market share at identical prices of the electric utilities considered

For the price responsiveness parameter the values have been chosen
on the basis of results of various surveys (Stern 1999, Stern 2000, VDEW
2000b). Thereby the highest value is attributed to retail companies and the
lowest to private households.

Furthermore transmission and distribution costs have also to be taken
into account when modeling competition on the retail side. Two cases are
considered here:

For residential customers, average transport and distribution costs
(including eco-tax and VAT) of 120 /MWh and
for industrial and commercial customers, transport and distribution costs
of 24 /MWh

27 Obviously an empirical investigation determining the appropriate parameter values would
be very desirable. However, this is hardly feasible on the basis of publicly available data in
Germany.
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are taken. Transport and distribution costs are assumed to be constant and
similar for all companies, given that transport fees have to be non-
discriminative and that for distribution costs no detailed information is
available.

3.2 Results

Figure 5-6 shows the changes in market shares for the different suppliers
in the Nash-equilibrium compared to the market share at equal prices.
Clearly for most producers the changes in market shares are rather limited.
Yet the largest producer exhibits a decrease in the sales quantity by
approximately three percentage points in two out of the three market
segments considered. This is a consequence of the market power of this
producer, which allows him to charge higher prices than the other producer.
But already for the second largest producer, the demand increases in two out
of the three market segments. This is particularly a consequence of the
comparatively low marginal costs of this supplier (cf. Figure 5-9). Also
among the other suppliers, those show mostly sales increases which have a
competitive costs structure. The correlation coefficient between the total
change in electricity sold (cf. Figure 5-7) and the marginal costs (cf. Figure
5-9) is as large as –0.84.

Figure 5-6. Changes in market shares under price competition compared to the situation
under equal prices

The example of the second largest supplier also illustrates that it is
despite higher mark-ups not necessarily attractive to enter the market for
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household customers. Given the low price sensitivity, high shadow prices
have to be paid (or price concessions to be made, cf. Figure 5-2) to make
deals with the private customers. The incumbents may on the other hand
reduce substantially the business opportunities for the new player if they
reduce in turn their prices – a behavior which has clearly been observed in
Germany in the first years after liberalization.

Figure 5-7. Changes in electricity production under price competition

Figure 5-8 illustrates that price differentials are highest in the equilibrium
within the market segment of residential customers, given the low price
sensitivity in this field. Conversely the high price sensitivity of distribution
companies and industry induces very similar offers by the utilities and their
mark-ups are substantially reduced. This is similar to the Ramsey-pricing
rule for combined production, according to which the costs of joint
production should be distributed according to the price elasticity of the
demands on the different products.

Compared with the initial situation before liberalization, especially the
utilities 11,16 and 20 find their demand considerably reduced (Figure 5-7).
These are throughout smaller suppliers with comparatively high production
costs. In general the correlation between the size of the utility and the change
in the electricity sold is however low, averaged over all utilities it is only
0.08. Much higher is on the contrary, as mentioned earlier, the correlation
between the changes in electricity supplied and the marginal costs of
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Figure 5-8. Prices under price competition in the different market segments

Figure 5-9. Electricity sales and marginal costs of generation in price competition

generation28: The suppliers with the highest growth in output, notably

28 The costs for transmission and retail services have been assumed to be equal for all
players. This is true for transmission and distribution grid fees due to the discrimination



utilities 17, 23 and 26, have at the same time also the lowest marginal costs,
providing them for example a mark-up of 6.5 /MWh to 7.2 /MWh in their
sales to industrial customers, which is much higher than for the average of
all suppliers (4.3 /MWh).

Even in their trades with retailing utilities, their margin is comparatively
high. But also for the largest supplier, the mark-up beyond marginal costs is
with 5.5 /MWh for industrial customers higher than average. This indicates
that both market power resp. customer loyalty and cost-effective production
contribute to the commercial success of vertically integrated electric utilities
in the liberalized markets. Through the model presented here, it is possible to
formulate this statement not only verbally and abstractly, but also to make
quantitative analyses and to identify the relative importance of these
different success factors.

On the whole, the presented model of oligopolistic price competition
offers a specific perspective on the retail competition of vertically integrated
companies. Although the numeric results obtained should not be
overinterpreted, they clearly show the important role both of competitive
cost structures and market power respectively customer loyalty for obtaining
positive commercial results. It turns also out that substantial extra profits for
the suppliers are still possible even in a competitive environment, especially
in customer segments with low price sensitivity. It has however been shown
both theoretically and numerically that this market segment is not
necessarily an attractive field for expansion plans, since customer switching
can only be obtained at high costs and competitors may well counteract
acquisition efforts through own price reductions.

As with many game theoretic models, the essential results are more
qualitative than quantitative and clearly further investigations would be
needed, notably to obtain reliable estimates on the price sensitivity of the
customers. Then the tool could also become a worthy tool for quantitative
analysis. On the other hand, the derived global regularity properties make
the basic model also an attractive candidate for further refinement and
extension, e.g. for the inclusion of pure retail companies as separate players
and for an analysis of the interaction between wholesales and retail markets.

free grid access guaranteed by German and European law, yet for the retail business this is
an approximation, which could be improved if better data were available.
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Chapter 6

OPTIMIZING GENERATION AND TRADING
PORTFOLIOS

Unit commitment and load dispatch have been key issues in the
electricity industry ever since the establishment of large integrated networks
(cf. e.g. the literature surveys by Sheble and Fahd 1994, Sen and Kothari
1998, Römisch 2001, Wallace and Fleten 2002 and the recent volumes by
Hobbs et al. 2001 and Bhattacharya et al. 2001). Yet, the problem has been
considerably modified through liberalization and unit commitment has to be
rethought under the new conditions. In particular, price uncertainty has now
to be accounted explicitly for (cf. e.g. Krasenbrink et al. 1999, Takriti et al.
2000, Dotzauer, Lindberg 2001, Brand, Weber 2001). This has provided an
additional push towards the use of stochastic optimization approaches (cf.
also Dentcheva and Römisch 1998, Gröwe-Kuska et al. 1999, Conejo et al.
1999, Bacaud et al. 2001 and others). But so far only limited attention has
been devoted to develop models which fit precisely to the specific market
context where they are to be used.

Taking the market structure described in chapter 2 as starting point, the
following decision problems have notably to be solved by generators:

longer-term portfolio management, balancing derivative market products
and physical optionalities given by the power plants on the spot market,

bid generation for the physical day ahead market,
bid generation for the reserve power market,
unit commitment after the closure of the day ahead and the reserve power
market.

In the following, the focus will be laid on the first and the last of these
problems, because these are the most important ones in terms of financial
flows and physical commitments. Furthermore, the bid generation for the
spot market is dealt with extensively by Brand et al. (2002), Brand, Weber
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(2002) and Brand (2004), whereas the optimal bid calculation for reserve
power markets is discussed by Swider, Weber (2003b) and Swider (2004).

Besides the emphasis on models adapted to the specific market structure,
a particular focus is laid in the following on CHP systems, not the last given
the current strive for distributed generation and efficient energy use.
Consequently, the technical elements which have to be accounted for in the
production scheduling of CHP plants are first described in section 1.
Thereby a formulation suitable for planning under uncertainty is chosen
from the outset. The system-wide restrictions and the choice of the objective
function – depending on the market context - are then discussed in section 2.
Next, specific types of decision problems are dealt with. Section 3 is devoted
to separable optimization problems, as they arise in liberalized markets for
non-CHP systems. Section 4 describes an approach for two-stage
optimization of CHP systems in the day-ahead market. Section 5 looks then
at the longer-term portfolio management problem for these systems, whereas
the application of these methods is discussed in section 6.

1. TECHNICAL ELEMENTS FOR PRODUCTION
SCHEDULING

Key elements for describing the operation of all types of thermal power
plants are fuel consumption equations and capacity constraints (section 1.1),
together with start-up and shut down constraints (cf. section 1.2). Specific
elements for CHP plants depend on the type of the units considered. Here
backpressure steam turbines (cf. section 1.3), extraction-condensing plants
(cf. section 1.4) and gas turbines (section 1.5) are considered. The
description is based on earlier work by Hanselmann (1996), Albiger (1998)
and Bagemihl (2001) and follows in general the treatment in Thorin et al.
(2001). Similar descriptions may also be found e.g. in Hönig (2001) or
Dotzauer (2001). But here in view of the definition of a stochastic
optimization problem, not only indexation over time is done, but also on
scenarios. A scenario S consists thereby of a sequence of states of the world

for the different time steps t, formally:

In order to streamline the notation somewhat, the index t which should
accompany the state is suppressed in the following. Non-anticipativity as
defined e.g. in Römisch (2001) is thereby assumed for decisions in the
different scenarios. I.e. if a state belongs to different scenarios S (since
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those diverge only later in time), then any decision at has to be identical
for all scenarios S.

Throughout, equations are expressed in energy terms, so no specific
attention is paid to mass flows and temperature levels. But a wide range of
CHP plants can be adequately described through this approach. The major
exception are CHP systems with several steam extraction and collection
levels, where mass balances and temperature levels allow to capture more
adequately the thermodynamic aspects and the resulting restrictions for plant
operation (Hanselmann 1996). The level of modeling detail is far lower than
in single-plant simulation programs, (e.g. Schnell u. a. 2002), but here a level
of aggregation is chosen, which allows to solve afterwards the overall unit
commitment problem in limited computation time. This is also the reason,
why non-linear equations are replaced by their (piecewise) linearised
counterparts.

1.1 Fuel consumption and capacity restrictions for
conventional power plants and boilers

The fundamental equations to describe a thermal power plant without
combined heat production are firstly restrictions on maximum and minimum
electric power as given by the power plant characteristics.

Maximum electric power:

Minimum electric power:

Thereby describes the on-off status of the plant. Thus the upper

bound for electric power is zero if the plant is turned off and if the

plant is turned on. Similarly, the lower bound for output power is only
different from zero if the plant is turned on. These equations have obviously
to be fulfilled for all units u, all time steps t and all states s at these time
steps. These precisions are omitted in the above equations and will also be
omitted in the following to improve readability, except when of primordial
importance.

Secondly, the fuel consumption equation describes the relationship

between fuel input and electricity output
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where is the fuel calorific value and is the load dependent

efficiency of the plant.
This equation can be linearised and directly formulated using the

fuel input power as variable to obtain a more tractable problem:

It should be noted that this is an affine equation where the second term is
non-zero if the plant is operating. Thus the linearisation is done in a way to

obtain an optimal fit only on the interval and the coefficient

represents the marginal fuel consumption when the plant is operating,

whereas is the fuel consumption at minimum output which exceeds the

quantity

For heat producing boilers, which are often included as peak load devices
in CHP systems, the relation between fuel consumption and boiler

heat output flow

can be expressed similarly as:

The boiler output is also limited by the technical minimum and maximum
power:

For the mathematical structure of the problem, boilers and power plants
are therefore equivalent, except that they provide different outputs.
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1.2 Start-up, shut-down and ramping constraints

Besides the restrictions for fuel consumption and maximum and
minimum power, also further technical restrictions for electric and thermal
power are to be satisfied by all plant types at each time point. These include

notably minimum operation times and minimum down times

but also maximum ramping rates.
For a compact notation of these restrictions (and also later on for the

modeling of start-up and shut-down costs) binary variables and
describing respectively the start-up and the shut-down of a unit are
introduced. These are binary variables which are defined through the
following restrictions: must have the value 1, whenever the state of the
unit changes from offline to online, i.e. the variable switches from 0 to
1 within one scenario S:

In all other cases, the start-up variable has to be zero; therefore it is
bounded from above by the current operation state and also bounded from
above by the opposite of the operation state at the previous time step:

Similar considerations are valid for the shut-down process and lead to the
restrictions:

Restrictions on start-up or shut-down frequency are mostly introduced to
prevent increased risks of component failures and are particularly relevant

for coal-fired or nuclear plants. Therefore a minimum down time is

defined for those units u . Likewise it is not possible to shut down a unit if it

was started-up the time-step before, and a minimum operation time is
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defined. A unit can then only be shut-down after hours of operation,

which can be written formally:

Similarly, one gets for minimum down times:

Additional restrictions are sometimes imposed in form of ramp rates,
again to prevent excessive material and component fatigue. Thus power and
heat gradients may not exceed certain values during operation. However, the
situations at start up and shut down of each unit have to be accounted for
since during these special events, the gradient is allowed to be higher than
during the operation of the unit. This requires the introduction of the

parameter which is associated then with

the start-up resp. the shut-down event. Thus for electric power one gets:

Similar equations may be formulated for heat output:

with
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1.3 Back-pressure steam turbines

Back-pressure steam turbines are often used in CHP if power and heat
are needed simultaneously and in rather stable shares, since they produce
electricity and heat in a constant ratio. In the following, a back-pressure
turbine is modeled together with its corresponding boiler. Thereby the

relations between output heat flow output electric power and

input power can be written in linearised form as follows:

thereby describes the power to heat ratio, which is a plant specific

characteristic, is as before the marginal fuel consumption rate per unit

of electricity output and the fuel consumption at minimum output.
Additionally, power and heat output are again restricted by upper and

lower bounds. Since they are directly linked through Eq. (6-21), it is
sufficient to write restrictions on one output:

1.4 Extraction condensing steam turbine

Extraction-condensing steam turbines are a more complex turbine type,
which is rather frequently used in combined heat and power generation due
to its flexibility. Such turbines offer the possibility to produce power and
heat in an at least partly variable ratio, by extracting steam (possibly at
different stages) of a conventional (set of) steam turbine. For our purposes,
we consider only the aggregated heat and power flows generated by the
extraction-condensing turbine. The plant operation may then be described
graphically as depicted in Figure 6-1 by a fuel consumption curve and a
power and heat chart (brief: P-Q-chart), which indicates the operation limits
for the combined heat and power production.

Formally the fuel consumption can be expressed through the equation:
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The fuel consumption, which is prima facie depending on the steam
output from the boiler (equal to the steam inlet to the turbine), is hence in a

second step decomposed in a marginal fuel consumption for electricity

production, a marginal fuel consumption for heat production and a fuel

consumption       at minimum output. In Figure 6-1, the fuel consumption at

Figure 6-1. Condensing extraction turbine – graphical representation of fuel consumption and
operation restrictions

the operation point marked by a dot is determined graphically from the equi-

valent electricity production but the underlying

relationship is clearly equivalent. The ratio thereby corresponds

to the electric power reduction due to heat production.
The operation restrictions can be described by the inequalities:
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The restriction (6-25) corresponds thereby to in Figure 6-1, which
represents the maximum steam output from the boiler. Restriction (6-26)
conversely describes the minimum output from the boiler, corresponding to

in Figure 6-1. The coefficients and can thereby

in many cases be set equal to their counterparts in the linearised fuel

consumption equation and The third operation restriction,

inequality (6-27) resp. is due to the limited heat exchanger capacity,
which implies a maximum heat outlet. Finally, restriction (6-28)

provides a minimum power to heat ratio which is caused by the

maximum ratio between the extraction and the condensing flow. One has to
bear in mind that all these bounds, except maximal and minimal power
generated, depend in principle on the temperature levels in the
corresponding heating grid and may therefore vary between seasons.

1.5 Gas turbine and gas motor

Besides steam turbines, also gas turbines and gas motors are frequently
used in CHP systems, notably in smaller ones. The model descriptions of the
gas turbine and gas motor are similar to the model of the back-pressure

steam turbine. The relation between the output heat flow       and the

electric power output can be expressed with a linear relation:

Here an inequality is used, describing the case where the heat generated
by the motor or gas turbine can alternatively be taken through a heat
exchanger to produce useful heat or is directly released to the environment
through some auxiliary cooling system. If no auxiliary cooling system is
present, the equality (6-21) should be used instead.

Fuel consumption is then again described through a (linearised) function
of power production:
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and upper and lower bounds for power production are formulated as before:

Separate restrictions for the heat output are in general not necessary,
since it has an upper bound given through (6-29). Only in the case of an
additional limitation through the heat exchanger capacity a further restriction
is required. The equations for a gas motor differ from those for a gas turbine
only by the parameter values and the fact that the parameters do not depend
on the outdoor temperature.

2. SYSTEM-WIDE RESTRICTIONS AND
OBJECTIVE FUNCTION

The operation of power plants and CHP plants is in general not only
determined by the technical restrictions of each single plant but also through
system wide load restrictions and the aim of the operators to maximize their
profits. Before liberalization, sales revenues were mostly given in advance
by the fixed rates and the (almost) fixed load, so unit commitment and load
dispatch were usually solved as cost minimization problems with load
constraints to be fulfilled. In the current situation, the balance of supply and
demand is still an important aspect which is discussed in section 2.1. The
objective function to be used for unit commitment and load dispatch
decisions is then formulated in section 2.2. Section 2.3 then analyses the
problem structure obtained and possible simplifications, establishing thus the
link to the subsequent sections.

2.1 Balance of supply and demand

Prior to liberalization, the balance of supply and demand to be achieved
for electric power mostly meant that the sum of the electricity produced by
all units in the system had to equal the electric load. In liberalized markets,
the production from own units may be complemented by purchases from the
market – either through longer term contracts or at the spot market. On the
other hand, electricity may also be sold through contracts and at the spot



Optimizing generation and trading portfolios 107

market. Thus one obtains the generalized inequality for the electrical load at
each time t and in each scenario/state of the world s29:

Thereby, is the power produced by unit u , describes

the power bought under some contract  is the power sold at time t

under contract c and describes the quantity purchased at or sold to

the spot market. Hence, can be here, contrarily to the other variables,

positive or negative.
Since a short-term market does generally not exist for heat, the balance

equation is slightly different for heat: the heat output of all units in the
system plus eventual heat purchases should at least equal the heat demand:

with:
- heat produced by unit u at time t

- heat bought under contract c for heat grid g at time t

- heat sold under contract c in heat grid g at time t

In both inequalities, units that can produce electric or thermal power have
to be counted according to their actual output. Units that produce both
electric and thermal power thus appear in both inequalities.

The fuels used for the units are provided either by immediate
delivery (e.g. from the gas grid) or taken from storage. In order to account
for supply and demand contracts for fuels, the following balance equation is
formulated:

Due to the technical restrictions mentioned above, the amounts of electricity produced can
not be chosen arbitrarily small (e.g. minimum electric power production). Thus demanding
strict equality would possibly lead to non-solvable problems.

29
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Thereby fuel storage is accounted for through the storage quantities
respectively
Besides these balances for electricity, heat and fuels, also balances for

reserve power could be established, if the system under consideration has to
provide these services. In that case, which is not analyzed in depth here, one
would also have to adapt the capacity restrictions for the plants providing
ancillary services and the provision of these services would have to be
modeled (cf. chapter 4 and Thorin et al. 2003).

2.2 Objective function

In a deterministic setting, the aim of a power plant system operator
clearly is to maximize the total profit of the system under consideration.
With uncertainty (or more precisely risk), the operator may do some trade-
off between increasing the expected value of the profit and limiting the risk.
But in the following, we will limit ourselves to the risk-neutral case30.
Hence, the objective function G can be defined as the difference between
total expected revenues V and total expected costs C, with possibly some
correction term to account for changes in stock

The maximum is taken over all decision variables describing the operation
of all units of the power plant system. Formulated this way, the objective
function is basically valid both for conventional and market driven operation
of power plant systems. And it is also applicable for deterministic and
stochastic problem formulations.

Besides sales of electricity heat sales and possibly (re-)sales

of fuels contribute also to the total revenues V for CHP systems. Under

risk neutrality, one has thus:

The value of the sales can be determined from the quantities sold,
multiplied with the (possibly) time- and state-dependent prices:

Methods for solving stochastic mixed integer linear programs with risk aversion are
developed by Schultz, Tiedemann (2002).

30
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The total costs can similarly be divided into those linked to the power
plant operation and those related to contracts. Furthermore they can be
divided into two groups depending on whether they are influenced by
decisions of the power plant operator (variable costs) or not (fixed costs).
Hence, one can write:

with:
- total variable costs of unit operation (e.g. fuel costs, desulphurization ...)

- total fixed costs of plant operation (e.g. man power, interests...)

- total variable costs of contract exercise (e.g. energy price charged ...)

- total fixed costs of contracts (e.g. base fee ...)

Among the variable costs, the operation costs (sum of start-up,
continuous operation costs and shut-down costs for each unit within the
power plant) and the variable costs for fuel contracts are included.

For the plant operation costs, one has to consider the costs of continuous
operation together with the start-up costs and the shut-down
costs which are all linked to the corresponding binary unit operation
variables:

Thereby the start-up and shut-down costs and are taken as
constant31, whereas operation costs are a function of fuel price and fuel

This clearly is a simplification, since especially start-up costs depend on the time, which
the plant has cooled out since the last operation. The colder the plant, the more fuel is

31
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input which is described, depending on the plant

type, by Eqs. (6-5), (6-7), (6-22), (6-24), or (6-30):

The variable contract costs include purchase costs for electricity, heat and
fuel:

The fixed plant and contract costs do not need to be considered if they
are not influenced by the operator’s decisions. They are then simply an
additive constant in the optimization problem, which does not change the
results.

Finally, the changes in stock correspond mostly to changes in the
fuel storage during the optimization period and can be valued using:

with:
- the amount of fuel f in the storage s at the beginning of the optimization

period.
- the amount of fuel f in the storage s at the end of the optimization period.

- the market price for fuel f at the beginning of the optimization period.
- the market price for fuel f at the end of the optimization period.

Since short time spans are considered, no interest or discount rates are
applied within the optimization period.

2.3 Problem structure and possible simplifications

The equations described above yield a mixed integer linear programming
problem. This problem is in general solvable if all parameters are known or
at least assumed to be deterministic, yet the computational burden becomes

needed for getting it back to operation temperature (cf. also section 3.2). But this
simplification is necessary to keep the problem formulation linear.
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quite high even in the deterministic case when time horizons of several
weeks or more are considered. Therefore, various decomposition approaches
have been developed and applied to these types of problems mostly based on
the principle of Lagrangian relaxation (cf. the discussion in Römisch 2001
and Huonker 2003).

The computational burden increases even further when it comes to
optimization under uncertainty, so that the problem has to be scrutinized
carefully in order to identify simplifications, which help to reduce the
computational requirements.

A careful examination of the problem structure shows that the problem
described above has the following, almost block diagonal structure (cf. also
Huonker 2003):

Thereby one block B with index k stands for one power plant or one
contract. The equations for the different blocks of decision variables are
only coupled through the demand restrictions for electricity and heat as well
as the fuel storage equation. The spot market variables only enter the
demand restrictions. The corresponding dual problem is then:
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Here the particular structure of the matrices and (cf.
inequalities (6-32) to (6-34)) has to be considered: These matrices only
contain the elements 0,1 and –1, since all energy flows are either added to or
subtracted from the corresponding balance, and they have only one non-zero
element per column, given that each energy flow at maximum enters one
balance equation. The last (block) row of the dual problem then implies that

and given that the dual problem is a minimization problem we can affirm
that in the optimum the equalities

hold. If we now integrate the first and the third block row of the original
constraints into the original objective function using the Lagrange
multipliers and we obtain the new primal problem:
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This problem has entirely a block structure, except for the heat demand
block, which corresponds to Eq. (6-34). Consequently, the operation of any
unit or contract, which does not deliver (or purchase) heat, can be optimized
independently from all others32. This is the mark-to-market principle, which
arises here directly from the structure of the optimization problem together
with the assumption of unlimited purchases and sales to the spot market at
uniform and constant prices. So this is an interesting and relevant special
case, which will be looked at in somewhat more detail in the next section.
Unfortunately, the assumption of unlimited purchases and sales to the spot
market is even without CHP plants not fully valid in the continental
European markets (cf. chapter 2). Once the day-ahead market is closed, the
power plant operators are more or less set back to the traditional
optimization with electricity demand (and possibly heat demand)
restrictions, since they have only very limited possibilities left to sell or
purchase on the market. So this case will be dealt with in section 4, taking
into account the linkage between the next, demand restricted day and the
following days, when electricity can be again sold and purchased on the
market. The approach developed in this section is then extended in section 5
to the decision problem for longer-term portfolio management.

Note that this holds only as long as risk neutrality is assumed (i.e. maximization of the
expected value of the profit). For risk management, all power plants and other assets have
to be valued together (cf. chapter 7).

32



114 Chapter 6

3. SEPARABLE OPTIMIZATION WITH
UNCERTAIN PRICES – REAL OPTION MODEL

The discussion in the previous section has shown that in the liberalized
market, power plant operators can in principle operate each plant
individually on a mark-to-market base. Given the price uncertainties on the
market and the optionalities inherent in power plants, an attractive approach
for analyzing this decision problem is to consider power plants as “real
options”. In fact, the real options approach is rooted in two different fields
(cf. Ostertag et al. 2004). On the one hand, following notably the seminal
book by Dixit and Pindyck (1994), investment under uncertainty has been
analyzed, treating assets like power plants as (partly irreversible) investment
opportunities. On the other hand, the theory and practice of financial markets
has been extended to energy (and other commodity) markets and as a
consequence the need arose to analyze the value and the risk of real assets
like power plants in combination with traded products like forwards or
futures. In this section, the focus is more on the latter approach to real option
valuation, since it is more turned towards the operational decisions which are
at the heart of this chapter. In section 3.1, first the basic models directly
transposed from finance are briefly reviewed, then the more specific
approaches developed in recent years are discussed in section 3.2. Finally, an
approach is developed which explicitly copes with the market structure
observed in continental Europe.

3.1 Basic models

A thermal power plant can be characterized most basically as a device
capable of delivering at any given time electricity at a price equal to the
variable costs for running the plant, i.e. mostly fuel costs. This corresponds
in financial terms to an European call option, which provides to its holder a
pay-off equal to the difference between the current price (of electricity) and
the strike price of the option (the variable costs) (cf. e.g. Pilipovic 1998). If
the price falls below the strike price of the option, the pay-off is zero, as
shown in Figure 6-2. For the power plant this corresponds to shutting down
the power plant instead of running it at loss.

Of course, most power plants are in reality not as flexible as to shut
immediately down when prices fall below the threshold (cf. section 1) and
therefore more realistic models are needed to describe power plant
operation. These will be discussed in section 3.1. Beforehand, a few other
points are however worth noticing:
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Figure 6-2. Pay-Off function for a thermal power plant, interpreted as European Call option

The option of producing electricity from a power plant can be exercised
repeatedly, every day or even each hour of a day. Thus, a thermal power
plant has rather to be considered not as a single European option but as a
sequence or “strip” of European options on different maturity dates.

Hydro storage power plants are rather different from thermal power
plants as far as their modeling in financial terms is concerned. Through
the storage capacity, the operation statuses of the hydro plant at different
moments in time are linked, the option therefore becomes path-
dependent. If the storage capacity is small compared to the turbine
capacity, the hydro storage plant can be considered as equivalent to an
American option (option with exercise possibility at any time before
maturity). Hydro pumping plants have again to be modeled differently,
since they allow shifting electricity from low price to high price period.
They have therefore characteristics similar to swap options, with low-
price and high-price electricity being considered as two different
commodities. But these options shall not be considered in detail here.
Since electricity can hardly be stored, electricity delivered at different
moments in time is in fact not the same commodity, but should rather be
treated as different products (cf. section 4). This makes a strong
difference to most other commodity prices and implies notably that
methods for option valuation based on non-arbitrage arguments like the
seminal Black and Scholes (1973) approach are not directly applicable.

Given that not only electricity prices are subject to uncertainty, but also
fuel prices, power plants are more appropriately treated as a swap option
(often called “spark-spread option” ), that is an option to exchange one
commodity (fuel) against another (electricity). Margrabe (1979) has
provided here a valuation approach based on the Black-Scholes analysis,
which has been widely applied in practice for valuing electric power plants
(cf. e.g. Deng et al. 1998, Hsu 1998). Margrabe assumes geometric
Brownian motion for the commodity prices (cf. chapter 4) and describes the
value of the option on the basis of the price path of the swap (exchange ratio
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between the commodities). This ratio of the commodity prices follows also a
geometric Brownian motion given the price processes of the commodities,
so that the valuation problem is reduced to an option with one underlying,
which follows a classical distribution. But, as seen before, the geometric
Brownian motion is not a particularly good candidate for describing
electricity price movements and furthermore the Margrabe model does not
account for all the technical restrictions described in section 1.

3.2 Thermal power plants as path-dependent American
options

The operation restrictions relevant in practice imply that the optimal
operation at time t does not only depend on the price at time t but also on the
prices in preceding and succeeding periods. The exercise of the option
becomes hence (price-)path-dependent. In the last years, several models and
solution methodologies have been developed to model these generalized real
options, including those of Johnson et al. (1999), Gardner and Zhuang
(2000), Tseng and Barz (2002), Deng and Oren (2002) and those in Ronn
(2003).

The general approach of these models is rather similar although there are
some small differences which of the restrictions discussed in section 1 (or
even additional ones) are actually included. But all use a backward induction
approach to determine the current value of the option starting from the set of
possible values at some final exercise time. The backward induction is
generally done using a stochastic dynamic programming approach but the
methods differ in how the price scenarios are constructed. Gardner and
Zhuang (2000) as well as Deng and Oren (2002) use a multinomial tree
approach whereas Tseng and Barz (2002) use Monte-Carlo-simulations. The
approach of Tseng and Barz (2002) is computationally intensive but rather
flexible with regard to the price processes which can be modeled. Therefore
it is used as a reference here.

3.2.1 Model of Tseng and Barz

Tseng and Barz (2002) start by formulating a quadratic cost function for
the power plant, collapsing thus Eqs. (6-5) and (6-42) and extending (6-5) by
including a quadratic term:
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They then describe start-up costs, including their dependency on the
previous shut-down time:

The first term in the sum represents fuel costs for start up, whereas the
second one captures other costs (e.g. labor). For incorporating the
restrictions on minimum operation and minimum shut-down times, they
introduce a state variable (cf. Table 6-1).

Positive values for represent the case of an operating plant
with the value of describing the number of hours since start-up.
Negative values conversely describe the case that the plant is shut down and
the absolute value indicates the number of hours of shut down. Decisions on
unit commitment are only possible in certain states: A start-up, i.e.
is only viable if previously at least reached the value and
analogously a shut-down is feasible only if was previously
equal to Through these prespecified transition possibilities, transition
between the different states is thus limited, so that only feasible operation
sequences occur.
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Applying Eq. (6-53), the problem can thus be solved recursively through
dynamic programming. First, the optimal operation status at the final time T
and the corresponding value of is determined for each value of

Then, for different values of the state variable the optimal
choice of can be determined using the values This is
then repeated backwards until the starting point is reached. Thereby one
should note that for many values of the optimization is in fact
degenerated, since no alternative choices are possible given the transition
restrictions described in Table 6-1. In fact an optimization is only possible if

equals or if it is equal or below In the first case, the
choice is between continued operation of the plant or turning it off. In the
second case, the choice is inversely between continuation of the shut-down
and start of the plant.

If prices are uncertain, the same basic principle can be used, however one
has to account explicitly for the fact that the optimal profit does not only
depend on the previous operation status, but also on the (now uncertain)
prices.

Thus Eq. (6-53) has to be rewritten:

Similarly the optimal profit is instead of (6-55) now given by:

Hence in order to determine the optimal operation strategy
at time t, it is not only necessary to compute the pay-offs at

time t in different price scenarios but also to determine the
expected optimal profit at the further time steps given these different prices

As before, the optimal operation strategy
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is predetermined in many cases by since requirements on minimum
operation or minimum down times leave no choice for turn on/turn-off
decision. So it is sufficient to look at those cases where or

For it is possible to determine a well-defined
function for which the two possible strategies – continued

operation or turn-off – yield the same pay off. For any price combination
above it is optimal to continue the operation of the power plant,

for all price combinations below it is optimal to turn off the

plant. For the points on both alternatives are equally valuable,

and it is therefore called indifference locus or turn-off barrier. Similarly,

there exists an indifference locus for called the

turn-on barrier, since above these price combinations it is more profitable to
turn on an offline plant, whereas below continued shut-down is preferable.

To determine the turn-on and turn-off barriers, Tseng and Barz propose
to use Monte-Carlo simulations of future prices taking different price level

as starting point. For each price path (scenario) and operation
choice the total pay-off is computed using the turn-off and turn-off
barriers of higher time-steps to determine plant operation in this scenario. By
comparing the different scenarios, the indifference loci and

can then be determined. Hence, the optimal unit commitment

problem may again be solved through backward induction in a dynamic
programming approach. However, when moving one step backwards, it is
always necessary to use Monte-Carlo simulations of price paths running

which is an average of a non-linear

function of prices at stage t and at further stages.
The key assumptions for this model are that power output can be adjusted

(within the limits given by and immediately to the current
prices and that unit commitment decisions for time period t are done based
on the price information available at time t-1. Thereby in the empirical
applications the time periods are usually taken to be one hour (cf. Tseng and
Barz 2002, Hlouskova et al. 2002). However, this is hardly realistic at least
for continental European markets, where most trading takes place on a day-
ahead basis.

Before proceeding further, two modifications to the methodology
developed by Tseng and Barz (2002) are therefore proposed. The first one

until the final stage T, since the value of operation choice is not only a
function of the subsequent turn-on and turn-off decisions but also of
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aims at reducing the computational burden whereas the second one aims at
providing a more realistic model for markets with mostly day-ahead trading.

3.2.2 Use of lattices generated from Monte-Carlo simulations

As an alternative to the use of Monte-Carlo price paths, lattices (also
called recombining trees or simply trees) are often used to model stochastic
price developments (for real options in electricity markets, e.g. by Gardner
and Zhuang 2000, Mo et al. 2000). With complex price models such as the
one proposed in section 4, it is however hardly possible to determine
analytically the appropriate values for the price steps and the corresponding
transition probabilities. Hence, Monte-Carlo simulations are needed, but
instead of performing them repeatedly at every time step, it is proposed to
make one set of Monte-Carlo simulations starting from the initial time
period and running until the final period T. The number of Monte-
Carlo simulations should be chosen rather high, e.g. 2500 runs, in order to
allow for sufficient accuracy in the next steps.

For each time step, the runs are then partitioned into groups of similar
scenarios, with e.g. set equal to 5033. If there is only one stochastic
variable34, groups of equal size may be simply created by
looking at the quantiles of the Monte-Carlo distribution. The group then
corresponds to the simulated values located between the quantiles
and (cf. Figure 6-3).

The group is then represented by one price which corresponds to the
mean value of the simulations within the group. Of major importance are
furthermore the transition probabilities These correspond to the
share of the Monte-Carlo simulations l, where the price at time t is within
group s and the price at time t+1 is within the group s’:

Alternatively a (recombining) tree may be constructed, where the number of nodes
increases continuously for each time step. This may lower the computational burden if
only short time intervals are considered. However, given the non-linearities in the pay-off
function, this approach may induce additional inaccuracies. Also the non-arbitrage
argument which motivates the tree construction in traditional path analysis in finance is
not applicable here.
I.e. the fluctuations of fuel prices are neglected, as also proposed by Gardner and Zhuang
(2000)

33

34
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Figure 6-3. Construction of group prices from Monte-Carlo simulations

Using these prices and transition probabilities, Eq. (6-58) may be written
in discretised version:

This can now be recursively solved and if the value of is saved for

all combinations of s’ and the evaluation for t-1 can be based solely on

the use of the precomputed transition matrix and of not

requiring any new Monte Carlo simulations. This corresponds to working
backwards through the lattice depicted in Figure 6-4.

For sufficient accuracy, both the number of price scenarios and the
accuracy of the transition matrix have to be sufficient. But about 50 price
scenarios should be largely sufficient, since at time intervals close to the
price spread among the Monte-Carlo simulations will not be that large, and
the impact of prices in the farer future – where price intervals may become
larger - on the unit commitment decision at is more limited.

The approach as formulated here assumes that the prices follow a
Markov process, i.e. the full information on future state probabilities is
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contained in the last observed prices, and The approach of
Tseng and Barz can in principle also cope with more general price processes,

Figure 6-4. Lattice for the real option model

but then already in Eqs. (6-57) and (6-58) the function value and the
expectations have to be expressed not only as a function of the prices
and at time t-1 but as a function of the whole set of information
available at time t-1. In this case, three- or more-dimensional matrices would
be needed to describe the transition probabilities in the discretized version.

Another complication arises when there are several stochastic variables
such as electricity and fuel prices. Then the simple grouping using the
cumulative distribution function of the Monte-Carlo simulations does no
longer work, since no unequivocal ordering of multivariate distributions is
possible.

Instead a cluster analysis can be performed, using e.g. the k-means
algorithm35. The distance function should thereby be chosen in a way to
reflect the differences in profit which result from variations in the different
stochastic variables. That is, the weights should be set equal to

resp. evaluated at some appropriate value

of the price variables. A first order approximation is to determine these

A cluster analysis could also be used to avoid the multi-dimensional transition matrices in
the case of non-standard Markov processes.

35
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variations using the deterministic problem formulation and computing
numerically the difference in profit induced by some small price increase,
uniformly applied on all time steps36. As metrics the so-called city-block
distance seems most appropriate, since under other metrics like the
Euclidean or the squared Euclidean a few large clusters in the center of the
distribution tend to be combined with many small clusters for more extreme
values. In this case, both the mean and the transition probabilities for the
small clusters may be very error-prone37.

3.2.3 Adaptation to day-ahead-trading markets

Under the trading structures currently established in Germany and other
continental European countries, the model of Tseng and Barz (2002) seems
not to be adequate, since the assumed information and decision process does
not correspond to the actual situation. Instead of modeling an hourly
information arrival and scheduling problem a daily information structure
should be considered. Thereby, two modeling approaches seem possible: on
the one hand, an explicit modeling of the two stages of the daily trading
process, namely the bid submission and the optimal scheduling once trades
are closed and prices revealed. On the other hand, a common model
encompassing the whole trading and scheduling process could be devised.
The first approach will be looked at in section 4, therefore at this stage we
are heading for a common model. For the basic choice on the link between
information arrival and decision making, three alternatives are then possible:

The prices for the next day are revealed first, then the scheduling (unit
commitment and production output) is done for the next day
The scheduling (unit commitment and production output) has to be done
before the prices for the following day are known, only the prices of today
can thus be used for making decisions for tomorrow
The unit commitment has to be done before the prices are known, but the
production output can be chosen once prices have been revealed.
The third alternative obviously is in the spirit of the Tseng and Barz

1.

2.

3.

(2002) model (and also the model of Gardner and Zhuang (2000)), but it
seems not very plausible in a day-ahead-trading setting. Also the second

This is of course only a first approximation, since it only looks at marginal gains at
average price values. Conceivable is an iterative scheme, updating the weights based on
the results of the stochastic optimization. However further research is needed to clarify
whether or under which conditions such a scheme is convergent.
The least-squares Monte-Carlo method proposed by Longstaff and Schwartz (2001) could
be another possibility to reduce the computational burden of the original Tseng and Barz
approach.

36

37
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alternative is not plausible as it assumes that the operator has to stick to his
one-time chosen schedule independently of the prices revealed. The first
alternative obviously is not entirely satisfactory either, but it can be well
justified in the case that there is a continuous trading possible before the
closure of the market. If this trading is efficient, prices and scheduling will
evolve jointly and progressively until an equilibrium is reached, where the
scheduling optimally fits the observed prices. Currently, continuous trading
is done at the power exchanges in Germany and elsewhere only for standard
base and peak products, yet through OTC trading also some additional
market efficiency and convergence is reached. Thus, the first alternative,
albeit not fully satisfactory either, is certainly the most preferable.

In this case, the recursive formulation of the optimal choice problem
analogous to Eq. (6-58) is:

A double time indexing for days d and hours h is used here and the
electricity prices for one day are grouped in the vector to illustrate the
double time scale of the decision problem. For fuel prices no intraday
variations are assumed given the storage possibilities. The optimal gain
function is then dependent on the operation state in the last hour of the
previous day and it is only stochastic in as far as the decisions made
for day d have an impact on the future (uncertain) profits summarized in

The corresponding expected values, labeled
may again be determined using a transition matrix approach similar to

(6-60):

When the optimization problem is solved through dynamic programming,
it is hence possible first to compute the expected value
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for each final operation state It may thus be interpreted as the
shadow value for state by the end of the planning day. Then the
planning for the day may be done using either deterministic dynamic
programming as discussed in the context of Eq. (6-55), or by using non-
linear mixed integer programming to obtain the optimal schedule for all
hours at once.

4. TWO-STAGE OPTIMIZATION PROBLEM IN
DAY-AHEAD MARKETS INCLUDING CHP

As described earlier, the optimization in the day-ahead market is done in
two steps. First, the optimal bids to be submitted on the market are
computed, and then the optimal schedule is determined knowing how much
energy has been sold to the spot market. This means that the planning at the
second stage is done with a load constraint to be fulfilled, as was the case
before liberalization. But the terminal conditions for this load constrained
unit commitment and load dispatch are different: after the end of the
planning horizon, there is no binding load constraint, since the trade for the
following period has not yet closed. For a conventional power plant system
without CHP, the final unit commitment status of each power plant should
hence be assigned a monetary value equal to the value obtained from the real
option approach.

This will lead to an optimal scheduling of the power plants since the
difference in the option values for various plant statuses precisely reflects
the value for the power plant of being turned on or off, depending on the
price expectations for the following day and the resulting earning
possibilities in the subsequent days.

For a CHP plant, there is no such obvious value of being turned on or off,
since this value will depend both on market prices and on the heat demand in
the following days. The value of being turned on or off can, if at all, only be
determined through a stochastic optimization of the following planning
period(s). Hence a logical approach is to do a two-stage stochastic
optimization with given electricity and heat demand for the first stage (day
T) and various scenarios on heat demand and electricity prices for the second
stage (day T+1) (cf. Figure 6-5). The objective function for this problem
may be derived from Eqs. (6-35) ff. Under the separability assumption (cf.
section 2.3), only sales to the spot market and variable production costs have
to be considered. Applying furthermore the two-stage structure of the
problem, the following formulation is obtained by collapsing the Eqs. (6-35),
(6-36), (6-37), (6-40), (6-41) and (6-42):
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Figure 6-5. Two stage optimization problem for CHP operation in liberalized markets with
daily auctions

The first part of the objective function, corresponding to the hours to
represents day T where the revenues have already been fixed, so only

costs are optimized. Furthermore different scenarios need not to be
considered38; therefore the scenario index s has been suppressed for
notational convenience. For day T+1 with hours to the quantities

sold to the spot market are also subject to optimization and prices as

38 Heat demand could be treated as uncertain also on the first day, but this effect is neglected
here. Forced plant outages constitute a further source of uncertainty, but since they are
rather infrequent they are not included in the daily planning process but are handled when
they occur.
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well as heat demand are uncertain. The optimization is done under the
operation restrictions of the different power plants (cf. section 1) and with
the supply and demand balances for power and heat valid at each hour (cf.
section 2.1):

All sales and purchases on a contract basis, be them with final customers
or on the forward/futures market, are thereby lumped together into the
quantities and considering that these have to be treated as

exogenous for operation planning purposes. Of course, if contracts with load
flexibility have been negotiated with customers, these should also be
optimized in the operation scheduling.

An open question is then how to set adequate terminal restrictions at the
end of day two. Given that the planning horizon is in fact the first day and
that the second day is only included for improving the results for the first
day, the termination effects at the end of day two should in general be of
minor importance. If this is not the case (e.g. power plant with very high
start up costs), the approach described in the following section for longer-
term optimization may be applied in the same way.

5. LONGER-TERM PORTFOLIO MANAGEMENT

Given the volatility of spot market prices, a longer-term portfolio
management, which limits the impact of the day-to-day fluctuations while
maintaining the profit opportunities, is of high interest to the power plant
operators. Forward and futures markets offer good opportunities for building
up a portfolio which is not as much exposed to price risks as if power plants
are only submitted as bids on the day-ahead market. Of course the question
then arises how much should be sold optimally on the forward markets39 .

39 In the following, often the short expression “forward market” is used for designating both
forward and future markets (cf. also Mo et al. 2000). Since we will not focus on the
financial and delivery details of the products traded in these markets, both are equivalent
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Other studies which have addressed this is issue of longer term portfolio
selection include Fleten and Wallace (1998), Mo et al. (1999), Fleten et al.
(2002) and Bagemihl (2002). Except the last one, these authors focus
however on portfolios with only hydropower generation. Bagemihl (2002)
deals with a combined hydro-thermal generation park, but only in a
deterministic setting.

If there is any difference between the (discounted) expected spot market
price and the current forward price, then the power plant operator has
obviously an incentive to sell as much as possible on the market with the
higher price – at least if he or she is risk neutral. Since a similar argument
holds in fact for any actor (trader, retailer) operating on both markets, the
presence of a number of risk neutral actors will be sufficient to make spot
markets and forward markets converge in expectation, i.e. formally:

Given the non-storability of electricity, cost of carry or convenience yield
arguments applied for other commodities (cf. e.g. Pindyck 2001) are not
applicable to electricity (cf. e.g. Botterud et al. 2002). Also “no arbitrage”
arguments linking the forward price to the current spot price are not
applicable given the non-storability, but under risk neutrality the arbitrage
possibilities between selling now or selling later (respectively buying now or
buying later) imply the convergence in expectation of Eq. (6-66).

If no risk neutrality for the market as a whole can be assumed, Eq. (6-66)
has to be modified slightly, including the market price of risk which is the
difference between the applicable interest rate in the market and the risk
free interest rate (cf. e.g. Botterud et al. 2002):

Whether this market price of risk is positive or negative depends on the
relative importance of risk aversion from sellers and buyers of electricity on
the wholesale market. If the risk aversion of buyers dominates, the required
interest payments for forward contracts will be below the interests gained
from risk-free assets, i.e. the market price of risk will be negatively.
Conversely if the risk aversion of sellers dominates, the market price of risk
will be positive. Botterud et al. (2002) found for the Nordpool market that

for our considerations and they are subsumed under the term forward market, since this
market is more liquid in Germany and most continental European markets.
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the market price of risk is significantly below zero, providing evidence that
the risk-aversion of buyers dominates over the risk-aversion of sellers. This
can be explained by the fact that the price risk for buyers is unlimited
(extreme price spikes may occur) whereas prices are generally bounded by
zero from below, so that the price risk for sellers is limited.

If the risk preferences of the power plant operator correspond to those of
the market, he will be indifferent to selling at the forward or at the spot
market. But even if the risk preferences differ from the average, it is
preferable to separate the valuation of the portfolio at market prices from
those valuations and trades, which are a consequence of deviations in risk
valuations. Under the former, earnings can be transferred from the spot to
the future market without changing the (market) value of these earnings
whereas the latter creates additional utility for the operator. Either his risk
exposition is further reduced through additional forward sales if he is more
risk adverse than the market or he increases his expected earnings and his
individual utility through risk overtaking from other market participants.

In the following, the focus is on the market valuation of a given power
plant portfolio as a basis for an adequate portfolio management whereas risk
issues are dealt with in chapter 7. In order to obtain the market value of a
power plant portfolio, we have to determine its optimal exercise strategy
over the whole delivery period, taking into account the stochastics of prices
and other uncertain factors.

In the case of ordinary power plants without CHP, the real options
approach described in section 3 may directly be extended to cover the whole
delivery period. Of course, this requires the use of efficient computational
techniques such as those proposed in section 3.2.2.

One should note that this valuation methodology will provide rather
different results than a valuation based on price models fitted to the forward
curve such as those proposed by Clewlow and Strickland (2000). In fact, the

spot price in Eqs. (6-66) and (6-67) is an average spot price over all

hours corresponding to the forward period T:

In the real option model, the power plant is treated as a strip of
(interconnected) options for the different hours whereas in any approach
based on forward curve price models, the valuation of a power plant would
be as a single option for the whole forward period. This is clearly not very
satisfactory given the systematic daily and weekly variation in hourly spot
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prices, which imply a corresponding variation in exercise probability for the
power plant option.

For CHP systems, the real options approach is not directly applicable as
explained before. Yet an approach is needed, which considers all the nodes
in the price (and heat demand) lattice depicted in Figure 6-4. One possibility
is to apply the approach developed in section 4 to each node in the lattice for
the planning period, weighting the different nodes with their respective
probabilities. But the drawback is then that the links between the different
planning periods are only taken into account within the two-days planning
horizon. Beyond the planning horizon, no interdependencies are considered.

To overcome this problem, the scheme depicted in Figure 6-6 is
proposed. Still two-days optimizations are carried out for each node in the
lattice, but the terminal conditions in the optimization problem are modified
to include information available from the optimization of the following time
steps. Thus the scheme proceeds by backward induction as in dynamic
programming or in the real option approach discussed above.

The information to be transferred within this backward induction
approach is the one contained in the equations linking several time steps
together. These equations are in the following called dynamic equations. In
the system under study, the only dynamic equations are the start-up and
shut-down Eqs. (6-9) and (6-11) to (6-13) as well as the minimum up and the
minimum down time requirements formulated in Eqs. (6-13) and (6-14). For
these restrictions, it is either possible to use the primal or the dual variables
for the transfer of information. For the start-up and shut-down equations, the
use of the dual variables seems appropriate since these reflect the
opportunity value of having the unit running (for the start-up equations)
respectively having it turned off. Equation (6-9), which is recalled here for
convenience

implies for example, if it is binding, a shadow price If now the

time step is outside the planning horizon (because it is at the beginning

of day T+2), the shadow price may be applied to the decision variable

which is still within the planning horizon. Hence the objective
function has to be extended by a term
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Figure 6-6. Backward stochastic induction for CHP power plants

This corresponds to writing the unconstrained Lagrangian function
instead of the constrained objective function, at least with respect to this
time-overwhelming restriction. The premultiplier (–1) in the Lagrangian is
to conform to Lagrangian functions for LP problems (cf. e.g. Vanderbei
2001, p. 282). The factor is exactly what appears in Eq. (6-9)
when it is brought to the standard form Since several states s” may
follow the state s’, corresponding to different scenarios S, the Lagrangian
adder has to be formulated for each of these scenarios. These adders may
however be summed up, yielding the overall adder:
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Analogous extensions to the objective function have to be formulated to
cope with the start-up and shut-down equations (6-11) to (6-13).

The objective function for the optimization problem at day T in node (or
state of the world) s may then be formulated as:

It corresponds thus to the objective function of the short-term
optimization problem described in section 4 except for the third term, which
describes the value of having the unit u turned on at the end of day T+1.
Another difference is that now the results of the spot market auctions for day
T are not yet known, so that sales to the spot market are in principle an
additional decision variable. On the other hand, the electricity sold to
contracts should also be valued according to the mark-to-market principle. In
the end, this means that all electricity produced during days T and T+1
should be priced with the corresponding spot market price. It can hence
directly be included in the objective function and the electricity balance
equation can be dropped.

For the minimum up and minimum down time restrictions, an
information transfer using the primal variable is more appropriate, since the
reduced two-day problem should still lead to operation schedules which are
feasible in the larger multi-day setting. The original restriction (6-13) is
therefore split up in those parts which are within the reduced problem and
those which are outside:

The second sum includes only decision variables which are outside the
scope of the two-day planning horizon. Therefore, these should be replaced
by their optimal values obtained in the next overlapping problem. Given that
several states s’’ may follow the state s’ after the end of day T+1, the
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restriction has to be valid for each of them. The hardest restriction is the one
with the minimum operation during day T+2. Equation (6-72) is thus
reformulated:

with representing the minimum operation during the beginning of
day T+2:

is indexed over t, since it includes only the operation states of
those time steps which are before the end of the minimum up time as

viewed from time t, which is

Similarly to Eq. (6-73), the restrictions for the minimum down time have
to be adapted for those time steps t, which are close to the end of the
planning horizon.

The proposed solution methodology is not an exact decomposition, since
there is no master problem, which would be repeatedly used for updating the
dual or primal variables. It is neither a full-fledged dynamic programming
approach, since no complete state description of the possible states of all
units in the system is used for backward induction. It is rather an
approximation methodology which takes exactly into account that decisions
at any day T are dependent on the uncertainties concerning the states of the
world on day T+1, but which only approximately includes the dependency
on uncertainties in the farer future. This approach is consequently best suited
for systems where the strength of interconnections is rapidly declining with
increasing time lag and it is less suited for systems with strong long-term
interconnections. In the CHP system considered, the only direct link between
non-adjacent time steps is through the equations for minimum up and
minimum down times. Furthermore the approximation should be well suited
if there is no cumulative variable such as the reservoir level in hydro
systems. The use of the proposed approximation seems therefore adequate
even if no formal proof for the adequacy can be given.

As a result of this solution methodology, the value of the portfolio of
CHP plants is obtained as well as the expected operation strategies and the
variations of these operation strategies depending on prices and heat
demand. Also the expected electricity production quantities and the
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corresponding fuel consumptions are obtained, which can then be used for
hedging purposes. If changes in forward prices directly translate into
changes in the expected hourly spot prices under an additive price model (cf.
chapter 7, section 4), then selling the expected electricity production on the
forward market and purchasing the expected fuel quantities on the fuel
markets will eliminate the short-term price risks, since decreases in the value
of the power plant (e.g. through lower electricity prices) will be offset by
decreases in the value of the electricity sold and vice versa, making the
hedged portfolio risk free. Hence this strategy of “expected operation
hedging” corresponds in financial terms to establishing a “delta hedge”
eliminating in the short term the electricity and fuel price risks (cf. Pilipovic
1998, Bergschneider et al. 1999, Hull 2000). Yet this risk freeness is only
valid under specific conditions and, if at all, only applicable in the short term
on the forward market. But these issues will be discussed in detail in chapter
7.

6. APPLICATION

The methods developed in sections 3 to 5 are in the following applied to
a combined portfolio of several power plants. It includes single power plants
for which the impact of various parameter variations on the results can be
analyzed in detail and also a more complex CHP system, which is close to
real systems (cf. section 6.1). For these portfolios, the real options approach
is applied in section 6.2, the two-stage short-term optimization in section 6.3
and the longer-term optimization in section 6.4.

6.1 Portfolio description

The overall portfolio considered is composed of two non-CHP power
plants (cf. section 6.1.1) and a CHP system consisting of two interconnected
district heating grids with a total of eight power plants (cf. section 6.1.2).
The characteristics of the power plants without cogeneration correspond to
typical power plants built during the last decade in Germany whereas the
CHP system is rather similar to part of the system operated by the Berlin
utility BEWAG.

6.1.1 Thermal power plants without cogeneration

Two different plant types, a gas-fired and a coal-fired power plant, are
considered in order to illustrate the impact of various plant parameters. The
data for these plants are summarized in Table 6-2. The fuel prices for the
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power plants have to be deduced from the import prices described by the
fuel price model of section 4.3.1 adjusted by the corresponding transport
costs. The operation restrictions are only considered for the coal-fired plants,
since gas plants are rather flexible.

6.1.2 Cogeneration system

The whole system consists of eight CHP plants and two boilers with two
main district heating grids (Figure 6-7). Six out of the eight CHP plants are
coal fired plants (turbines T3, T4, T5, T6, T7, T8) with extraction
condensing turbines; the other two are gas turbines. The main characteristics
of these plants are summarized in Table 6-3.

The heat demand is given as hourly demand curve for a reference year.
Figure 6-8 illustrates how heat demand varies between seasons but also
within one season.

Variations in heat demand are modeled through an ARMA model with
temperature as exogenous variable. For temperature, an ARMA model is
specified and used for forecasting. Thereby the seasonal effects are
approximated through sinus and cosinus variables (cf. chapter 4, section
2.2).
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Figure 6-7. Schematic representation of CHP system considered for application case

6.2 Real options approach

In a first step, the real option approach developed in section 3.2 is applied
to the two power plants without cogeneration described in section 6.1.1. As
price model, the integrated model developed in chapter 4 is used. The
valuation is done for the months of January, August and October 2002,
based on the data available at the end of the previous months.

For the price model, 2500 Monte-Carlo simulations are carried out and
the power plants are valued using the approach described in section 3.2.3. As
a result, the optimal operation of the plants is obtained and their option
values (cf. Table 6-3). Given that fuel costs are much lower for the coal-fired
plant than for the gas-fired plant, the option value of the coal plant is
considerably higher in all months. But the value of the gas plant is a great
deal higher than the time value, which is obtained when using the expected
values of the spot market prices for valuation.
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Figure 6-9 and Figure 6-10 show the impact of the operation restrictions
on the option value of the power plant. For the coal-fired plant, the reduction
of minimum operation and minimum shut-down times from 12 to 0 hours
leads only to an increase by about 0.2 % in the option value, given that the
power plant is in most hours deep “in the money”, i.e. the hourly price
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Figure 6-8. Selected heat demand curves for application case

exceeds by far the operating costs of the power plant, so that it will be run
continuously and operation restrictions have little effect. Furthermore the
start-up costs make a short-time operation anyhow unattractive, so that the
restriction on operation and shut-down time do not affect much the actual
operation.

The impact of reduced start-up costs is also most significant in the case
of the gas-fired plant, since it will be more frequently turned on and off
given its higher variable costs (cf. Figure 6-10). In fact the effect of reduced
start-up costs is double: on the one hand each start-up effectuated in the
optimal operation scheme is less penalized and furthermore additional start-
ups are carried out, leading to additional profits. Overall, the reduction of
start-up costs from 30,000  to zero would increase the earnings of the gas-
fired plant by approximately 87 % while the earnings of the coal-fired plant
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Figure 6-9. Option value of the coal-fired power plant depending on the operation time
restrictions

Figure 6-10. Option value of the power plants analyzed depending on the start-up costs
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are only augmented by about 6 %. These results show that a modeling of
power plants as real options is especially relevant for options, which are “at
the money” or “out of the money”, i.e. where market prices are frequently
equal or even below the variable operation costs. Clearly it is then also
necessary to include operation restrictions to account for the limited
flexibility of real plants. Furthermore, it is evident that good price models
are required in order to obtain adequate results. As pointed out in Weber
(2003), different specifications may lead to substantially different results.

6.3 Two stage optimization

The two-stage optimization approach developed in section 4 is applied to
the same months as the real option model in the previous section. For each
day, the optimization is carried out taking into account the real prices of the
day and the price expectations for the next day. Optimization results for
selected weeks (Monday to Sunday) are shown in Figure 6-11 to Figure
6-13. Clearly, the higher heat demand and the higher average electricity
price imply that the power plants are producing more electricity in January
than in April. But peak electricity prices have also been extremely high in
the July week under study, leading to an even higher peak production in July
than in January. Given the lower heat demand, the electricity production of
the extraction condensing turbines is not reduced by the extraction share. For
example, turbine 3 produces almost 300 MW of electricity in July as
compared to 230 MW in January. Whereas the coal-fired power plants are
almost continuously operating during weekdays in January, their operation
becomes more price dependent in the intermediate and summer season.
Given the considerable start-up costs, they are usually not turned off during
night time on weekdays but their output is reduced to the minimum as long
as prices are low. On weekends most of them can be turned off completely if
heat demand is low as shown in Figure 6-13 for the July Sunday. On
Monday (first day) in the April week, a rather low production and price level
is observed, too. In fact this is Easter Monday which is a public holiday in
Germany. The gas-fired plants (T7, T8, T9) are mostly operated in winter
and even there their operation is often limited to the day time. In the
intermediate and summer season, turbine T7 is operating almost
continuously in order to satisfy grid restrictions limiting heat transfer
between the two district heating grids. The other units, including the oil
peaking unit T9, are only run when peak electricity prices are high enough to
cover also the start-up costs.
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Figure 6-11. Operation of the CHP system in the week of January 7-13, 2002 according to
the two stage optimization model

Figure 6-12. Operation of the CHP system in the week of April 7 - 13, 2002 according to the
two stage optimization model
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Figure 6-13. Operation of the CHP system in the week of July 1 - 7, 2002 according to the
two stage optimization model

6.4 Longer Term Portfolio Management

For the longer term portfolio management, the developed approach is
again applied to the cogeneration portfolio described in section 6.1.2.
Thereby products with delivery in 2003 are considered. The Monte-Carlo
simulations of expected spot prices in 2003 obtained from the integrated
model described in chapter 4 are condensed into a lattice with five daily
price scenarios.

Additionally three heat demand scenarios are generated as described in
section 6.3. These scenarios are combined in order to yield a stochastic
scenario lattice with 15 nodes per time step (cf. Figure 6-6). Correlations
between heat demand and spot market prices are not considered since
sufficient data points covering simultaneously electricity prices and heat
demand are not available. Moreover, it is assumed that the expected spot
market prices derived from the model are consistent with the current future
prices so that the martingale property (6-66) is fulfilled40.

40 Otherwise, the valuation of the portfolio should be done under an equivalent martingale
measure (cf. e.g. Ross 1977, Hull 2000, King 2002, Wallace and Fleten 2002), i.e. the
simulated spot market prices should be transformed to prices consistent with the observed
forward prices. However there is no unique transformation rule in the case of the
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Using these scenarios, the expected electricity production quantities
shown in Figure 6-14 are obtained. Obviously, electricity production is
lowest during the summer months when the heat demand is low and prices
also tend to be lower. Conversely, the electricity production is highest in
January, March and December, the smaller value in February being mostly
due to the smaller number of days in this month. The deviations between the
stochastic and the deterministic model are limited, but the stochastic model
leads in most months to somewhat lower electricity production quantities.
This is due to the fact that the power plants are partly not operated in
scenarios with low prices. Besides yielding the expected value, the stochastic
optimization model provides also the opportunity to determine the range of
variation for the electricity production. This is shown in Figure 6-15. The
variations are larger in the summer months even though the average value is
smaller since the probability that the power plants are out of the money is
higher in summer than in winter.

The coal consumption (cf. Figure 6-16) is in most months somewhat
lower in the stochastic than in the deterministic model. This is due to the fact
that at average prices the coal fired plants are most of the time in the money.
When taking into account the stochastics, it turns out that it might sometimes
be more profitable to turn them off.

For the gas-fired plants, the opposite phenomenon is observed. Those are
mostly out of the money for the average electricity prices but they are to a
certain extent in the money in the stochastic scenarios. Consequently the gas
consumption (cf. Figure 6-17) is higher in the stochastic than in the
deterministic modeling. The moderate impact of the model specification on
the expected electricity production is hence in fact the result of two opposite
effects: the coal plants are producing less in the stochastic scenarios but the
gas plants are producing more.

The value of the portfolio, corresponding to its expected profit is in the
stochastic model more than 10 % resp. about 5 Mio.  higher than in the
deterministic model. This is particularly a consequence of the more intensive
use of gas-fired power plants in the stochastic model. As with conventional
power plants, the gas-fired units with CHP will be more frequently in the
money and have therefore a higher value in the stochastic than in the
deterministic case. This additional profit corresponds to the option value of
the power plants in the given system.

What risk is associated with this power plant portfolio depends on the
hedges which have been undertaken. This will be analyzed in more detail in

electricity markets, given that a bundle of spot market products (hours) corresponds to one
forward market product (peak or base monthly contract), cf. also chapter 7 sections 4 and
6.
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chapter 7. But hedging with the expected electricity production and the
expected gas and coal consumption certainly contributes to reduce
considerably the price risk with respect to forward price changes (cf. chapter
7, section 6). Yet the operator still carries the risk that the prices in the single
hours develop differently than the price of the standard products. If the
production profile then does not correspond to the load shape of the standard
products base and peak, a basis or delivery risk remains with the operator
(cf. chapter 7). On the other hand, the operator may realize additional profits
by dynamically hedging the portfolio as soon as price expectations for the
spot market change. This allows realizing the option value of the power
plants.

Figure 6-14. Expected average electricity production in the year 2003 for the stochastic and
the deterministic model approach
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Figure 6-15. Variation of electricity production in the year 2003 for selected months in the
stochastic model

Figure 6-16. Expected average coal consumption in the year 2003 for the stochastic and the
deterministic model approach
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Figure 6-17. Expected average gas consumption in the year 2003 for the stochastic and the
deterministic model approach
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Chapter 7

RISK MANAGEMENT AND RISK
CONTROLLING

Given the large uncertainties associated especially with energy prices, the
methods for operational planning discussed in the previous section have to
be complemented by methods for risk management. In the finance sector,
risk management is clearly recognized as a key company activity and
required by law (e.g. KonTraG41 in Germany) and the supervising
institutions (e.g. BAFIN42 in Germany). Risk management has as major
objective to prevent major damages which might endanger the future of a
firm. Therefore a risk management system is required which has to be
anchored at the top management level through a risk board and which puts
into practice a general risk policy defined at the top management level (cf.
Dörner et al. 2000, Rudolph, Johanning 2000). This requires implementation
both in the functional and the process organization of the firm. In a process
oriented view, risk management notably comprises the steps of (cf. Horváth,
Gleich 2000, Walther 2000):

Risk identification
Risk measurement and quantification
Risk aggregation
Risk assessment
Risk steering and control
Risk monitoring.

,,Gesetz zur Kontrolle und Transparenz im Unternehmensbereich“ (N.N. 1998) = Law for
control and transparency in companies
,,Bundesaufsichtsamt für Finanzdienstleistungen“ = Federal supervisory agency for
financial services

41

42
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These processes form a feedback loop which should ensure the quality of
risk management. They have to be under constant supervision of the risk
board.

In the energy field, risk management has also been a topic for many years
(cf. e.g. Fusaro 1998, Bergschneider et al. 1999, Pereira et al. 2000, Voß,
Kramer 2000 and the literature overview in Dahlgren et al. 2003) but still the
tools for risk management are less standardized and well established as in
the finance field. On the one hand, many activity fields of energy companies
are less exposed to daily market risk (e.g. in the retail field), on the other
hand the technical risks and the non-applicability of standard price models
make consistent risk management an even larger challenge.

Therefore first the relevant risks in energy (and especially electricity
generation and trading) companies are classified in the following (section 1).
Then different concepts for aggregate risk measures are discussed (section
2), since these form the key channel for measuring, communicating and
controlling quantitative risks. In particular the new concept of Integral
Earnings at Risk (IEaR) is introduced and in section 3 put into relationship
to the required risk management strategies in incomplete markets. Section 4
then presents models for quantifying the identified price risks in electricity
markets, and section 5 describes possibilities for modeling the risks
associated with physical assets, notably power plants. These approaches are
then applied in section 6 to the portfolio discussed in the previous section.

1. TYPOLOGY OF RISKS

Besides market risks also other external and internal risks have to be
considered within in a systematic risk management approach (cf. also
Pilipovic 1998, Bergschneider et al. 1999, Hufendiek 2002). These broad
categories may be further specified considering the following aspects.

1.1 Market risks

These comprise notably:
Price risks,
Quantity risks,
(Market) liquidity risks.
Price risks: They include besides the risks on the electricity market also

the risks of fuel price changes and risks of price changes for other input
factors. But given the high volatility of electricity spot market prices, these
risks need to be scrutinized most carefully. Furthermore the price risks on



Risk management and Risk controlling 151

the future and forward markets have to be looked at, given that here often
huge quantities are traded. Last but not least interest rate changes and
changes in currency exchange rates are price risks, which may be of
considerable importance for the company – e.g. if the primary energy is
billed in dollars, but the electricity delivered in another currency such as
Euro.

Quantity risks: These are of particular importance in the electricity
market, given the non-storability of electricity. On the supply side, power
plant outages have notably to be considered, whereas on the demand side
load fluctuations among customers with full service contracts are most
important. Moreover the positive correlation with price risks has to be taken
into account.

(Market) liquidity risks: Given that electricity is produced in power
plants with largely given capacities (in the short term), the liquidity in the
market is limited. Limited capacities will of course translate in rising prices,
but it is worth considering this as a separate risk factor, since possibly no
market equilibrium is attained, even at extreme prices (cf. the events at the
German power trade EEX on 17 December 2001 and 7 January 2003).
Limited liquidity may also create problems when open positions have to be
closed in derivative markets.

1.2 Other external risks

Counter-party risks: The Enron collapse and the subsequent liquidity
reduction in North American and European energy trading have clearly
demonstrated the necessity to pay attention also to this type of market related
risks. The power exchanges offer here a clear advantage by taking over this
risk for the trading parties.

Political risks: As already mentioned in chapter 2, political uncertainty
may considerably affect the longer term market position of energy
companies. They have therefore to be considered, especially when it comes
to strategic risk management.

Financial risks: These include particularly the risks related to financial
liquidity, but also the risks a company is bearing through the financial
participations it is holding.
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1.3 Internal risks

Process and project risks: Setting up new processes or projects bears
always some risk. These have to be addressed clearly already at the planning
stage and have to be continuously monitored in the following.

Personal risks: It is well known that humans make errors and this can
constitute a risk for a company. But there are also other risks related to staff
members: they may get ill or they may quit the company. In this case,
essential knowledge may be lost for the enterprise and this might even
endanger the continuation of the business.

IT-risks: The electricity generation, trading and retailing business is
extremely dependent on a well-functioning information technology.
Therefore any risk related to the functioning of hardware and software
equipment has to be taken very seriously.

Model risks: Last but not least also the possibility has to be considered
that the models used for measuring risk and valuing positions are themselves
imperfect or faulty. Therefore the models used have to be tested and
evaluated regularly.

2. AGGREGATE RISK MEASURES

Of course not all risks mentioned in the previous section can be
quantified easily. Some are rather important, but still may be better
addressed verbally than through some statistics. Yet in those fields, where
quantification is possible, it allows to provide an objective picture of the risk
situation of the company. For a description of the overall situation and an
adequate support of managerial decisions it is thereby necessary to describe
the risk situation through aggregate measures. Currently the most popular
measure of that kind certainly is the value at risk (VaR) concept. This will be
briefly reviewed in section 2.1. In section 2.2, alternative proposals for
describing the market risk situation of a company are discussed and in
section 2.3 alternative statistical measures for expressing the risk are
reviewed. Finally, section 2.4 is devoted to the description of a new measure
for assessing the total market risk.

2.1 Value at risk

The concept of value at risk (VaR) has been introduced in the nineteen-
nineties in the finance sector (cf. notably Group of thirty 1993, J.P.Morgan
1994). It aims at assessing the whole risk of a portfolio through one number
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It provides the following statement: We are percent certain, that we
will not lose more than Euro in the next d days (cf. Hull 2000, p. 342).
The VaR is thus a function of the holding duration d (usually between 1 and
30 days) and the confidence level (99 % or 95 %). Analytically, this may
be expressed as:

Hence the value at risk corresponds to the difference in absolute terms
between the quantile of the cumulative distribution function F(.) of the
value V of portfolio at time and the current value Thereby
the martingale property is usually assumed for the value of V, i.e.

The value of the portfolio is a stochastic variable, which may be
determined by adding up the single positions valued at their current prices

Value changes correspondingly may be written:

They are hence composed of the effects of price changes and the effect of
quantity changes. Second order effects due to the interaction between the
price and the quantity effect are accounted for in the first formulation on the
right hand side, but they are neglected in the second. Among the quantity
changes only those are considered, which are a consequence of the price
changes, such as the exercise of an option, and those which are directly
linked to the time variable, e.g. load fluctuations. By contrast, deliberate
changes in positions through sales or purchases are not considered when
computing the VaR since it aims at expressing the risks associated with the
current portfolio.

This necessitates the analysis of possible price paths (cf. section 4) and
the analysis of related or unrelated quantity changes (cf. section 5). For the
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computation of the VaR, mostly two methods are applied: either the Value at
risk is calculated analytically or it is determined through Monte Carlo
simulations43. The analytical calculus for the VaR is however only possible
under restrictive assumptions, concerning notably the distribution of price
changes and the valuation of options. Therefore, we will focus in the
following on Monte Carlo approaches to VaR computation. On beforehand,
several other concepts for assessing the market risk will be scrutinized.

2.2 Alternative concepts for market risk

The strength of the VaR concept clearly is that it provides a unique,
rather easily understandable number to quantify the risk exposure of a
company. It has therefore found widespread application in the banking
sector, yet its applicability to producing companies such as electricity
generators has been repeatedly questioned (cf. Henney, Keers 1998,
Dahlgren et al. 2003, Denton et al. 2003). Also for the banking sector,
alternative risk measures are discussed (e.g. Johanning, Rudolph 2000). The
key criticisms become clear when a look at proposed alternative measures is
taken:

Earnings at risk (Dorris and Dunn 2001): This risk measure only
considers the contracts (physical or financial) which come to delivery within
a prespecified time period, e.g. the next accounting year. This can be
attractive in the financial sector to assess the risks for profits or losses in a
given accounting period. In the energy sector, it similarly emphasizes on the
upcoming results in the period under consideration instead of analyzing the
changes in market value, which correspond to the sum of all discounted
future cash flows (at least under a certain value model, cf. Rudolph 2002).

Cash flow at risk (Guth and Sepetys 2001): For Earnings at risk, the date
of delivery of contracts is the criterion for inclusion or exclusion in the risk
calculation. In the Cash flow at risk approach, additionally the date of
settlement, which may be the day of delivery or up to thirty days later, is
considered so that this risk measure directly targets the financial liquidity of
the company.

Profit at risk (Henney, Keers 1998, Barnwell 2001): Again this risk
measure is rather similar to Earnings at risk, considering the revenues from
the current portfolio during a pre-specified period (one or several years). But
the reasoning behind it is different: the emphasis is laid on the fact that for

Sometimes the use of historical price simulations is mentioned as a third alternative (e.g.
Hull 2000, p. 356). However, if correlations between price changes shall be accounted for
adequately, this requires longer consistent price series than available for most electricity
market products.

43
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many assets in the electricity industry, no exact market based hedge can be
found, which would allow closing a position at the latest at the end of the
pre-specified duration (the holding period). For example, almost no hedges
for load demand for single hours may be found on the derivative market,
thus risk has to be carried on until delivery of the electricity. At the same
time, price risks are much higher at the moment of delivery (spot market)
then in the next days, when a product is traded on the forward market.

2.3 Alternative statistical risk measures

Besides the question of which earnings, values or cash flows should be
included when measuring risk, the statistical criterion chosen to describe risk
may also be questioned. Before the appearance of value at risk, the variance
or standard deviation of the distribution have traditionally been used to
describe risk, notably within the portfolio selection model of Markowitz
(1952) and the capital asset pricing model of Sharpe (1964) and Lintner
(1965) (cf. e.g. also Ross 1977, Varian 1992). The use of the variance as a
risk measure is justified if either the distribution of value changes follows a
normal distribution or if the preferences of the decision maker correspond to
a quadratic utility function (cf. Varian 1992, Rudolph 2002). But instead of
choosing an arbitrary and not directly interpretable weighting factor for the
variance in the quadratic utility function, the use of the value at risk concept
leaves the decision maker(s) with the choice of a confidence level, which
can easily be interpreted as an acceptability threshold.

However this threshold characteristic of the Value at risk is also
problematic, both mathematically and for interpretation. Mathematically, the
inconvenience of Value at risk defined as a quantile is that it might be non-
continuous and furthermore that it does not form a coherent risk measure as
defined by Artzner et al. (1999). From an interpretational point of view, it
seems questionable that the height of the losses below the threshold
considered does not influence at all the Value at risk. If losses do not exceed
1 Mio.  with 99 % certainty, then it makes no difference whether losses
exceed 10 Mio.  with 0.5 % probability or whether they remain limited to
1.5 Mio.  in this more extreme case.

As an alternative, the conditional value at risk (cVaR), also sometimes
called tail-VaR or mean excess loss, is therefore proposed. For any stochastic
variable V with finite first moment, it is defined as the probability weighted
sum of all deviations from the mean below a certain probability threshold 1 -

(cf. Rockafellar and Uryasev 2000, Uryasev 2000):
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This measure clearly has an integral character and accounts also for
really extreme events below the threshold. Since it is smooth and convex, it
is also particularly suited for stochastic optimization (cf. also Römisch 2001,
Schultz and Tiedemann 2002).

2.4 Integral earnings at risk

The preceding discussion has highlighted three major shortcomings of
the traditional VaR concept when applied to the electricity industry:

It assumes that market prices for all assets are available and can be used
for a mark-to-market valuation44.
It assumes that open positions may be closed during the holding duration
through market transactions.
It does not account for the further downside risk which still exists beyond
the chosen threshold.
To remedy to these flaws and still obtain a workable solution, which

serves the overall purpose of controlling risks which might endanger the
future existence of the company, a new risk measure is proposed here:
Integral earnings at risk. It aims at measuring the impact of day-to-day
market fluctuations on the accounts of a company. It includes:

the conditional earnings at risk of all tradable assets,
the conditional earnings at risk of all non-tradable assets, adjusted for
hedges with standard market products after the holding duration,
a measure of market liquidity risk if end-user load has been contracted.
One may first note that given the limited lifetime of energy market assets

like forwards and futures, the first part of earnings at risk is the same as
value at risk applied to an energy trading portfolio, except that the integral
conditional risk measure is used instead of just the quantile. For the second
part, this corresponds to a profit at risk approach, except that hedging with
standard market contracts is allowed to (partly) close positions. It could
therefore also be labeled “partial profit at risk”.

The rationale for this choice becomes evident when looking at the major
positions in the accounts of a vertically integrated company, comprising
generation, trading and retail businesses45.

For non-standard assets also in finance a “mark-to-model” approach is proposed as a
workable alternative (cf. Rudolph 2002). The assets are then valued using standard market
prices and some (modelling) assumptions how the value of the asset is linked to the
observable market prices.
Obviously, the use of integral earnings at risk is not limited to fully integrated companies.
E. g. for a pure generation company, the measure may be applied to the generation assets
and all sales contracts on the wholesale market concluded by the company.

44

45
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In the trading business, the majority of all open positions are clearly
tradable assets, purchased or sold on financial or physical wholesale
markets. These assets may be valued mark-to-market and open positions
may be closed within a limited time period known as holding duration.
Therefore the earnings at risk correspond to the value at risk for this part of
the portfolio. For non-standard products, the risk measure should also
comprise risks occurring after the end of the holding duration, given that it
will be difficult to close these positions during the limited holding duration.
Yet the use of earnings at risk as a measure for this risk component will be
sufficient46, since these trading positions usually only generate earnings over
a limited delivery period. The period covered by the earnings at risk should
thereby obviously comprise the delivery period of the non-standard product.
Furthermore the earnings at risk of the non-standard product (or rather the
portfolio including non-standard products) should be adjusted for hedging
opportunities offered by the market, because otherwise the risk is overstated.

The main assets in the generation business are obviously the power
plants owned. These may be complemented by long-term purchase contracts
or participations in shared generation assets. A valuation of power plants
using a mark-to-market approach is not directly feasible given that a liquid
market for power plants with daily price notations does not exist. So on a
day-to-day basis, only the revenues generated by this power plant and the
fuel costs incurred may be valued. And since long-term forward notations
are not available, earnings at risk with a limited time horizon is obviously
the only practicable alternative. Again, these risks should be considered just
for those parts of the portfolio which can not be closed when using standard
market products. For the “standardisable” part, the (conditional) risk during
the holding period (corresponding to traditional value at risk) is to be
considered only.

The retail business mostly holds assets in form of full service contracts
with electricity end users. These may be balanced by standard or non-
standard forward and/or future contracts to cover the expected demand. As
with generation assets, a closing of positions with standard products can be
assumed after the holding duration and consequently positions have to be
split up in a standard and a non-standard part. The standard part can be
valued using traditional (conditional) value at risk measures whereas for the
remainder earnings at risk during delivery have to be computed. Quantity
risks are an important risk in the retail business and have therefore to be

The term of profit at risk has been registered as a trade mark by KWI (cf. e.g. KWI 2003)
and strongly promoted in the electricity industry. But to the author’s understanding, it
corresponds to the concept of earnings at risk with a clear emphasis on the fact that
quantity risk is a key component of energy market risk.

46
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included in the earnings at risk calculation, especially given that they may
not be compensated via the standard products available through trading.
Additionally, the risk of lacking market liquidity to fulfill the physical
delivery obligations should be taken into account.

A direct valuation of the market liquidity risk using market prices is
difficult. The prices for regulatory power could be used as a proxy, however
this hinges on two assumptions: Firstly, there must be sufficient reserve
capacity available to physically maintain the balance of supply and demand
even if the day ahead market does not establish a market clearing price, and
secondly, the price used for regulatory power has to reflect the costs of this
risk to the company47. Another alternative is to recur to the “value of lost
load” approach (cf. e.g. Telson 1975, Wacker and Billinton 1989, Kariuki
and Allan 1996, Willis and Garrod 1997) which obviously raises the
question what value should be used there. It can be possibly derived from the
value of load shedding which is implicitly included in full service contracts
with demand flexibility, if those exist. Another possibility is to recur to
customer surveys, which however are subject to various potential biases. If
none of these informations are available, it has to be set arbitrarily, if
possible in accordance with the regulation authority.

3. INTEGRAL EARNINGS AT RISK AND RISK
MANAGEMENT STRATEGIES IN INCOMPLETE
ELECTRICITY MARKETS

The integral earnings at risk (IEaR) measure has been introduced above
as a means to remedy to some of the flaws perceived in the construction of
conventional value at risk. In the following it is shown that the integral
earnings at risk indeed is suitable for risk management purposes, by
demonstrating that it prompts for immediate action when the market
structure requires it, without imposing unnecessarily strong constraints on
business operation or hastening prematurely the action.

Let us therefore look at the risks associated with the holding of a
complex asset and the possible risk management strategies. By complex
asset any non-standard product is meant, which is not directly traded on the
wholesale market. But more specifically we will look at power plants or

If the so determined marginal costs to the company are below the marginal revenues
required to install new generation capacity, long-term supply adequacy will be a system or
societal problem which might necessitate a change in market design (cf. de Vries,
Hakvoort 2003 and chapter 9).

47
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other assets with optionalities, since these constitute the largest challenge for
risk management.

The considerations are limited to a predefined delivery period, which
should correspond to the time horizon covered by the trading business
(around two years). Beyond this time horizon, hardly any reliable market
quotes are available which may be used for risk quantification. So the longer
the time horizon is, the more the situation corresponds to one of decision
making under true uncertainty instead of risk (cf. section 3.3.1). This has of
course to be considered within strategic risk management, but is beyond the
realm of operational risk controlling measures.

What can happen to the value of the power plant – or equivalently to the
earnings it will generate - between today and the period of delivery (cf.
Figure 7-1)?

Figure 7-1. Price developments and recourse actions for risk management

The forward/futures prices may change between today and the end of the
forward market
The average spot market prices may deviate from the last recorded
forward/future prices (cf. chapter 4).
The spot market may get illiquid.
The power plant option may not be available due to outages or other non-
availabilities.
What can be done to mitigate or reduce these risks? First, one should

note that the risk of spot market illiquidity is not of major relevance for
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power plant holders, on the contrary this offers opportunities for excess
profits. It is therefore not considered further here. But to mitigate the other
risks, the following actions are conceivable:

Standard products may be sold (or purchased) at the forward/future
markets to fix some of the revenues
Non-standard products may be sold (or purchased) on the derivative
markets
The electricity produced may be sold at the spot market or contractual
obligations may be fulfilled through electricity purchases at the spot
market.
The physical availability of the power plant may be increased through
technical measures.
For the second and the fourth action, the feasibility is rather uncertain,

therefore risk management should not rely on them. But the purchases and
sales at the forward/future market and the spot market are almost certainly
available as recourse actions and should therefore be taken into account in a
standardized risk measure. Hence the remaining risks may be divided into
two large groups, as depicted in Figure 7-2, the short-term risk before open
positions can be closed in the futures and forward market and the delivery
risk after the end of the forward and future market. For a quantification of
these risks, the course of action has to be looked at in reverse direction in
order to identify what risks can be avoided at later stages and which have
already to be taken care of right now.

Figure 7-2. Risks and key actions in incomplete electricity markets
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At the time of delivery the value of the earnings of a power plant
with rated output corresponds to the value of the related option pay-off
function (cf. chapter 6, section 3), corrected for quantity risks. If we take the
model of the spark-spread option as reference, neglecting in a first step the
quantity risks, this value at exercise will correspond to the difference
between electricity price and fuel costs if this

difference is positive, and zero else:

This holds independently of the decisions taken on the forward market.
According to the mark-to-market principle, forward contracts will be valued
at spot market prices and missing or excess quantities will be traded on the
spot market.

Going one step back to the time of closure of the forward market, the
value of the power plant will be a stochastic variable, depending on the
stochastic price vector at delivery, which in turn is a

function of the forward price at market closure:

This value comprises a summation over all times of delivery included
in the delivery period for which the forward/future product is valid. It sets
implicitly the quantity sold at the spot market equal to the power plant
output This physical balance has to be modified somewhat if a

quantity has been contracted already on the forward market:

The value of the total portfolio is then:
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In Figure 7-3 to Figure 7-5, this value is depicted for a single time
segment as a function of the spot market price with the forward/future

quantity contracted set to 0, The expected value is

independent of the quantity of electricity contracted on the forward

market, if the martingale property is satisfied. But the

maximum downside risk depends on the choice of As long as is in

the interval the minimum portfolio value occurs in a neighborhood

of the strike price. And which forward contracting quantity yields the

lowest risk, depends only on the relationship between and

Figure 7-3. Portfolio value and conditional earnings at risk for a portfolio with power plant,
forward sales and spot sales as a function of spot price and forward quantity (power plant out
of the money)

If the forward price is below the strike price (the option is out of the
money), the risk minimizing decision is to sell no forwards at all (cf. Figure
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7-3). On the contrary, if the option is in the money at the optimal

strategy is to sell the whole power even if it is far from certain that the

option is exercised (cf. Figure 7-4). Only in a narrow band around the strike
price a mixed strategy may lead to a slight reduction in the
conventional and the conditional value at risk as indicated in Figure 7-5.

For the case with multiple time segments no such simple rule can be
determined. But one may observe that the minimum risk strategy is to sell
everything or nothing if the errors in the time segments are uncorrelated,
because the minimum portfolio value in each time segment arises for

and for uncorrelated errors, the total cVaR is (approximately)

determined by adding up the single minima. If the sum of the minima is
positive for one value of it will be positive for any value of  and vice
versa. Thus the maximum of the minima is either obtained for or for

If on the contrary, all errors are perfectly correlated, the risk optimal
strategy is to sell a proportion equal to the share of time segments when the
power plant is in the money. This can be seen from Figure 7-6.

Figure 7-4. Portfolio value and conditional earnings at risk for a portfolio with power plant,
forward sales and spot sales as a function of spot price and forward quantity (power plant in
the money)
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Figure 7-5. Portfolio value and conditional earnings at risk for a portfolio with power plant,
forward sales and spot sales as a function of spot price and forward quantity (power plant at
the money)

Figure 7-6. Portfolio value and conditional earnings at risk for a portfolio with several
exercise time points and different price levels but correlated errors



Risk management and Risk controlling 165

In this case, the power plants and associated revenues may be ordered
according to an increasing ratio of strike price to expected price in hour
and a value function similar to those in Figure 7-3 to Figure 7-5 can be
drawn for the overall portfolio as a function of the single stochastic factor.
As shown in the figure, the conditional value at risk is lowest if the value
function is horizontal when crossing the forward price. This corresponds to
selling as much on the forward market as there are options in the money.

For more complex real options, it may be even more difficult to give the
optimal decision rule for the minimum-risk portfolio in time In fact, the
optimal hedge can only be obtained as the result from a stochastic
optimization problem, similar to the ones discussed in chapter 6. This
optimal hedge may differ from the hedge obtained from a deterministic
production planning, much as a difference between deterministic and
stochastic production scheduling was observed in chapter 6.

Furthermore the optimal hedge at the closure of the forward market
obviously depends on the forward price level. Viewed from today, the
earnings at risk for the delivery period are hence not uniquely determined by
the current forward prices, but depend on the possible price developments
between time and

A further complication arises from the fact that the minimum-risk
portfolio at is not risk free in the financial, continuous hedging world.
With continuous hedging, one aims at constructing a risk-free portfolio by
combining options and forwards in a way that the resulting portfolio is risk-
free (or at least risk-minimal). If price shocks on forward prices have similar
effects on all spot market scenarios, the quantity of forwards required for a
risk-free portfolio corresponds to the average probability of exercising the
options at the exercise time. This is the “expected operation hedge” or
“naïve delta hedge” mentioned in chapter 6, section 548. But clearly an all-or-
nothing hedge as observed in the simple examples of Figure 7-3 to Figure
7-5 is not equivalent to such a probability based hedge, and also the other
hedge patterns discussed above do not necessarily fulfill the property of
being risk-free in a setting with continuous hedging. A rehedging would
therefore be needed shortly before the closure of the forward market.
Expressed differently: As a consequence of the change in market operation

As shown below, an additive model linking forward prices and hourly spot market prices
must hold if the expected operation hedge is to be a delta hedge. Therefore it is labelled
“naïve” here.

48
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mode, the optimal hedging changes, too49. This rehedging can in principle be
done at zero cost and zero instantaneous risk – at least with liquid markets.

Given these difficulties to determine and manage exactly the optimal
hedge at the end of the forward market, and furthermore the necessity not to
be overoptimistic in risk management, it seems more appropriate to take a
“reasonable hedge” at the end of the forward market as basis for determining
the delivery risk, instead of assuming that the optimal hedge will be
implemented. A candidate for such a reasonable hedge is certainly the
“expected operation hedge”, determined either on the basis of the expected
hourly spot prices or on the basis of the stochastic spot prices. Which
alternative is preferable will be investigated empirically in the following.

In the (almost) continuously operating forward and future market, a delta
hedge may in theory be adjusted continuously at zero cost to remain risk free
(cf. e.g. Hull 2000). Consequently, the optimal hedge at the end of the
holding period is again a delta hedge, corresponding (under certain
assumptions) to the then perceived average exercise probabilities of the
power plant option. The second part of risk, which remains in any case to the
utility, is thus the risk of losses during the holding period. This is the short-
term risk mentioned in Figure 7-2.

One may argue that also during the forward trading period no continuous
adjustment is possible, but instead some adjustment time, corresponding e.g.
to the holding period, should be taken into account for each adjustment. Yet
one major reason for introducing a non-negligible holding period is that the
forward market may not be liquid enough to allow hedging a complete
portfolio within very short time notice. After having established a hedged
position, the quantities to be dynamically rehedged are on the contrary much
smaller. So they should be easier to place on the market and also the risks
associated with them (if there are any) are much lower and may be neglected
in a first step.

4. PRICE MODELS FOR RISK CONTROLLING

For determining the integral earnings at risk, it is thus necessary to have
workable price models for capturing both the short-term risk and the
delivery risk. One possibility is to develop consistent models linking the
evolution of forward prices directly to the spot prices (e.g. Schwartz 1997,

This may be part of the explanation, why in the continental European markets high trading
volume and corresponding volatility are especially observed just before the closure of the
forward market.

49
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Hilliard and Reis 1998, Karesen and Husby 2002, Lucia and Schwartz
2002). However these approaches rely on no-arbitrage arguments not only as
far as future spot and the corresponding forward prices are concerned (cf.
equation (6-67)), but also for the relation between current spot and forward
prices. Such a no-arbitrage argument is clearly only applicable for storable
commodities or if in some other way possibilities of storage are provided,
such as hydro storage in the Nordic electricity market. Otherwise, markets
are obviously incomplete, i.e. there are more risk factors than products
available to hedge the risk.

Harrison and Kreps (1979) have shown that in complete markets the
absence of arbitrage is equivalent to the existence of a unique so-called

equivalent martingale measure i.e. a probability measure (or loosely
speaking: a set of modified probabilities) such that equation (6-67) is
modified to:

where is the expectation operator under the modified probability

measure Under this modified probability, a risk-neutral valuation of
assets can be performed and the results are then also valid with the original
“physical” probability measure.

If markets are incomplete, in general multiple equivalent martingale
measures exist, i.e. the value of an asset (and the associated risk) is not
uniquely determined (cf. e.g. Carr et al. 2001, Dias 2003). This theoretical
ambiguity translates also into a practical ambiguity, since for a given

forward price of a monthly product there is no unique rule to

determine the corresponding expected hourly spot prices under the
equivalent martingale measure. One natural specification is an additive

superposition of forward price and hourly price differentials

with the average of over all time segments within the delivery

period T being zero.
Another obvious choice is a multiplicative one:
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where the average of the hourly price factors should equal one. If

the average is different from one, the obtained price distribution for

can not be an equivalent martingale measure, because the value of a

forward contract would then be different using current forward prices and
using the equivalent spot prices. So any price process to be used for an
arbitrage pricing based valuation should yield average spot prices consistent
with current forward price quotations.

Obviously the integral modeling approach developed in chapter 4
provides a good starting point for modeling the spot market prices and
associated risks also over a period of several years, allowing to cope hence
with the delivery risk identified in the previous section. However the prices
have to be adjusted to the observed forward quotes to obtain a consistent
basis for valuation and risk assessment. Here a multiplicative correction term
is introduced analogously to equation (6-66). The multiplicative correction
seems more appropriate since it implies that forward price changes will have
proportional effects on all spot prices, affecting hence higher prices in
absolute terms more than lower ones.

Besides the variations in electricity spot prices also risks of forward price
variations have to be considered to cope with the short-term part of the
integral-earnings-at-risk concept. Here an additional approach is needed,
since the integral market simulation model accounts for variations in fuel
prices but not in forward electricity prices50. Thereby it is particularly
important to capture adequately the dependency between the risks for
different products through multivariate modeling.

In traditional VaR models in the finance world, geometric Brownian
motion is assumed for stock and forward prices (cf. chapter 4, section 1) and
thus the logical extension to the multivariate case is the assumption of a
multivariate normal distribution for the relative price changes of multiple
products. As discussed in chapter 4, the assumption of normally distributed
price changes is however rather problematic in the case of electricity prices.
For spot prices, mean reversion is a key point to be taken into account. For
forward prices, mean reversion is less an issue but the existence of “fat
tails”, i.e. higher probabilities for extreme events than under a standard

Those can however be interpreted in the context of the integral modeling approach as
changes in the expectations on available generation capacities. According to the
fundamental model part, such changes should translate into variations of spot prices in a
non-linear, complex way.
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normal assumption, is a major concern. In principle, extreme value theory
(cf. Smith 1990, Embrechts et al. 1997) offers a direct approach for
analyzing the frequency and distribution of extreme events. However,
extreme value theory for multivariate time series is still at an early stage (cf.
the discussion in Diebold et al. 1998, Embrechts 2000) and moreover the
application of extreme value theory to time series with autocorrelation
and/or volatility clustering is also at its infancy (cf. Diebold et al. 1998).
Therefore, a closer look at other approaches for coping with non-normally
distributed multivariate errors seems more appropriate. In particular we will
look in the following at the multivariate generalization of the GARCH
models (cf. chapter 4, section 2.3.2) and at possibilities for deriving
multivariate models with regime switching (cf. chapter 4, section 2.3.4).

4.1 Multivariate GARCH models

In principle multivariate GARCH models are suited for the analysis of
the simultaneous price changes of multiple products. As discussed by Engle
and Mezrich (1996), various model specifications are possible ranging from
simple scalar GARCH, which just involves a constant correlation matrix and
two GARCH parameters, up to the BEKK representation of vector GARCH
models (Engle and Kroner 1995) or multivariate component models (Engle
and Lee 1993), which involve the estimation of two or more full matrices
instead of each of the scalars in univariate GARCH models. Clearly, these
complex models are very difficult to handle and estimate if multiple
electricity products, such as base and peak products for single months,
quarters and years, are to be considered. The time series for monthly
products often comprise less than 200 observations, making a parameter
estimation for more than 20 parameters a rather delicate exercise. On the
other hand, the simple scalar GARCH seems too restricted in flexibility to
cope with the complex and time-varying properties of electricity market
products. Therefore the constant conditional GARCH model (cf. Bollerslev
1990) has been chosen as a model of medium complexity for assessing
interdependencies between products with simultaneous correlation patterns51.
It is described through the equation:

Another possible candidate would be the factor ARCH models introduced in Engle et al.
(1990). Yet these require first a factor decomposition before GARCH techniques can be
applied to the identified factors. Here again it may be questionable whether sufficient data
are available for doing robust factor identifications.

51
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with the standard deviations and taken from scalar GARCH
models as described in chapter 4, section 2.3 and the correlation coefficients

assumed to be constant. Consistent parameter estimates may be obtained
by first estimating the scalar GARCH models and then determining the
correlation coefficients through the relationship:

It is thereby necessary to chose the time segments and in such a way
that the relative price changes and are defined in the whole interval.
To satisfy this condition for all product pairs (k, l), the starting point has to
be chosen taking into account the time series with the lowest data
availability, i.e. mostly the monthly peak product with the longest time to
delivery. In principle, one could also choose the interval differently for
each product pair (k, l) to use as far as possible the available information on
correlations. Yet the computed correlation matrix might not be positive
semi-definite in this case, which gives rise both to theoretical inconsistencies
and practical problems.

A further practical difficulty may arise if the price changes are not
exactly distributed according to a GARCH model specification: the diagonal
elements in the correlation matrix can then be different from 1, raising again
theoretical and practical difficulties. A pragmatic, albeit theoretically not
very well-founded remedy is to make an a posteriori adjustment using the
formula:

This corresponds to pre- and postmultiplying the estimated correlation

matrix by the diagonal matrix Alternatively, one might

envisage disregarding the GARCH model completely when determining the
correlations, using the standard correlation formula:

This sets the diagonal elements of the correlation matrix automatically to
one. Furthermore, higher correlations are usually determined than with the
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original approach. This is due to the fact that days with strong price changes
are only entering the original correlation computation with a weight of

in the second case the weight is however Since

both the estimated volatility and the correlations are usually higher on days
with strong price changes, the first variant will provide a lower weighting of
these extreme events (and consequently lower volatility coefficients) than
the second. Thus the second variant is more robust for risk measurement
purposes, since here the focus is on extreme events.

In Table 7-1, results of selected parameter estimates using a GARCH
(1,1) model on German forward price quotes are given. The GARCH and
ARCH terms differ from zero for most products and the correlations among
electricity products are also rather important. By contrast, the correlations
between coal and electricity are found to be rather low.

In order to assess the quality of the model, the implied kurtosis (the
fourth moment of the distribution, which describes whether tails and peak of
the distribution are more pronounced than in a normal distribution) is
computed for the unconditional distribution resulting of the estimated
GARCH-model. This kurtosis is compared to the kurtosis in the sample. As
shown in Table 7-2, the observed kurtosis is much higher than the one
implied by the GARCH model. This is a strong indication that the GARCH
model with its conditional normal distribution is not fully suited to model the
price changes on the forward market.

Besides the theoretical lack of consistency, this a second major reason for
looking for alternatives involving mixtures of normal distributions and
regime switching which will be discussed in the next section.
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4.2 Multivariate models with regime switching

As with GARCH models, one might envisage also to specify explicitly
multivariate extensions to switching regime models52. Yet the problems
encountered with multivariate GARCH specifications arise similarly or even
in an increased form in any attempt to model multivariate switching regimes.
The number of parameters rapidly gets prohibitively large, the system-wide
estimation may easily produce nonsense results for ill-specified models and
the use and interpretation of correlation coefficients is subject to multiple
precautions. On the last point, one might note that the concept of correlation
coefficients fits well with multivariate normally distributed errors, since the
distribution parameters include the variance-covariance matrix, of which the
correlation matrix is the normalized form. But for non-normal distributions,
no such obvious connection between correlation matrix and multivariate
model specification exists.

A way to overcome this dilemma in a theoretically consistent way is to
use the concept of copula (cf. Nelsen 1999, Embrechts et al. 2000, Lindskog
2000). Copula are defined as functions which establish the link
between a general multivariate distribution of multiple stochastic
variables and the univariate (or more properly: marginal)
distributions of the single variables Note that the
distributions are described here throughout through their cumulative
distribution functions and not their probability density functions
Formally, we can write:

Examples of multivariate mixture models (not switching regimes) are discussed in
Snoussi and Mohammad-Djafari (2000).

52
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Then the copula is defined as:

Hence the definition of is an implicit one, as the function linking
(coupling) the marginal distributions to the overall distribution Sklar’s
theorem (cf. Sklar 1996) proves that the copula exists for any given and
moreover is unique, if all the marginal distributions are continuous53.

For practical purposes, it is most interesting to use the concept of copula
the other way round: in addition of the specification for the marginal
distributions we can specify the type of the copula and then have a
nested approach for approximating the general multivariate distribution

Several choices are possible for the copula, including the Farlie-Gumbel-
Morgenstern family of copula, the Marshall-Olkin family or t-copulas (cf.
Nelsen 1999, Lindskog 2000). We will however limit ourselves to the so-
called Gaussian copula which provides a natural extension of the
concept of correlation to non-normal multivariate distributions. Further
research is required to assess the usefulness of other copula definitions and
to determine the relative strengths and weaknesses.

The Gaussian copula is defined for any set of marginal distributions
through:

is thereby the cumulative distribution of the standard normal
distribution whereas is the cumulative distribution of the multivariate
standard normal distribution with correlation matrix and mean 0. The
Gaussian copula is thus obtained by retransforming (“redistributing”) the
cumulative marginal distributions into standard normal distributions using
the inverse and applying on these distributions the correlation matrix
Estimates for the elements of may be obtained by first estimating the

Even if is not continuous, the copula is at least unique on the range of values taken by53
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parameters of the marginal distributions then computing the

transformed values and finally estimating the correlation

matrix from the transformed

The most straightforward way of applying Gaussian copula to switching-
regime models is to compute them directly for the daily relative price
changes Yet this may lead to a substantial underestimation of the risk if
the longer term dependence between price changes for different products is
larger than the day-to-day dependence. This is obviously the case as
illustrated through the examples of correlations of daily changes and 10-day-
changes given in Table 7-3.

For the short-term risk with non-negligible holding period it is thus
preferable to estimate the joint distribution for the price changes over the
holding period. The distribution of the price changes for each stochastic
variable is thereby estimated on the basis of the daily price changes, but the
copula describing the dependence between the different stochastic variables
are estimated based on the price changes during the holding period.

Thus the price changes for a product traded on the forward market are
written as:

stands there for a mixture of normal distributions with probabilities
and As in chapter 4, section 2.3.4, the first state with

probability corresponds to no price change at all, whereas the states 1
and 2 with probabilities and correspond to normal and extreme
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price changes with mean resp. and standard deviation resp.
In order to derive a parsimonious model, the probabilities are assumed
to be independent of the state and price change at the previous time step t-1.
Thus the model used for describing the forward price changes is a mixture of
no price change and price change, with a nested switching regime model for
the part dealing with price changes. The a priori probability density function
for conditional on the previous state then writes:

Using the description of Markov switching from equation (4-51), the a
priori probabilities may be written:

The a posteriori probabilities can be obtained by comparing
the probability density for the observation given state j to the overall
probability density of the observation. For the state given the observation

this writes:

At given parameters, equations (7-18) and (7-19) allow to compute
recursively the probability of for each time step. This is the so-called
Hamilton filter (cf. Hamilton 1989, Kim, Nelson 1999).

The log-likelihood function to be maximized for each product k is then
(cf. equation (4-54)):
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with the probabilities given through (7-18) and (7-19). Empirical results
for the estimation of these parameters are given in Table 7-4. Obviously,
most probabilities are significant and there is a significant difference in
volatility between the two regimes with normal and high price changes. The
probabilities for high price changes can be computed from the transition
matrix probabilities and are found to range between 0.02 and 0.3.

Based on these estimates, the cumulative distribution function for price
changes over the holding period may be computed. Given that the
distribution function for the one day price changes is always a mixture of
normal distributions, the sum over price changes of several days will also
follow a mixture of normal distributions. However, if each distribution is a
mixture of three normals, a sum of price changes has to be described by

terms, since within days the first regime may occur times,
with less or equal to the second regime may then occur up to times
and the frequency of the third is given by The probabilities of each
regime at each time step can be computed using equation (7-18). The
probability for times regime 1 and times regime 2 after t
time steps is then determined recursively through:
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For the mean and standard deviation of this combination of regimes we
get according to the general rules for addition of independent normal
distributions:

Hence the distribution function for may be written:

Consequently, all observations for the different products k may be
transformed to drawings from a standard normal distribution using

From these drawings, the correlation matrix characterizing the
Gaussian copula is then computed using the simplified formula

given that the standard deviation of and is equal to 1 by

construction. For the products mentioned in Table 7-4, the copula correlation
coefficients are given in Table 7-5.



178 Chapter 7

Obviously there is a strong positive dependence between the different
electricity products whereas the interdependence with coal products is rather
limited. The calculated copula coefficients are also found to be rather similar
to the 10-day-correlations given in Table 7-3.

5. POWER PLANT MODELS FOR RISK
QUANTIFICATION

Besides price models, models for characterizing the optionalities and the
quantity risks inherent in power plants , are also needed for assessing the
integral earnings at risk. Of course, the real option models presented in
chapter 6 may be used for this purpose, at least as far as the delivery risk is
concerned. But some adaptation is required as discussed in section 5.1
together with a simplified representation of CHP plants for risk valuation
purposes. Section 5.2 then derives a workable extension for the evaluation of
the short-term risk, which does not assume that forward and spot prices
follow the same distribution. This approach then allows also analyzing
whether the “expected operation hedge” introduced in chapter 6, section 5 is
a delta hedge or not.

5.1 Delivery risk – including analytical model for CHP
valuation

The real option models described in chapter 6, section 3 allows
computing the value of any thermal power plant without cogeneration
treated as real option. For risk management purposes it is however not
sufficient to compute only the expected value, but rather the distribution of
the power plant value derived from the distribution of the spot prices is
needed. Given that anyhow the computation of the option value requires
computing the value recursively each day for different price scenarios (cf.
chapter 6, section 3), the computation of the value distribution is mostly a
question of tracking the distributions over time, taking into account the
information on transition probabilities between price scenarios of different
days. With 10 or more price scenarios per day, the final distribution may
however not be obtained by enumerating and ordering all possible
combinations of daily price patterns, since already for one month and 10
price scenarios per day a total of paths and corresponding power plant
values is obtained. Instead a numeric convolution (folding) of the
distributions has to be applied, which allows determining recursively the
probability for the power plant value to lie within pre-specified intervals.
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Besides the power plant value, also the electricity production and fuel
consumption can be tracked in this way.

For CHP systems, the cogeneration of heat and power induces further
complexity not only for operation but also for risk management. Firstly, the
heat demand obviously induces a quantity risk, which can usually not be
hedged on a heat forward or future market. However, one may envisage
hedging at least for part of the heat demand risk through weather derivatives
(cf. e.g. Simpson 1997, Ali 2000, Kraus 2002). This will not provide a
perfect hedge, since part of the heat demand fluctuations are related to other
factors such as changes in production. But if the CHP plant is delivering to a
municipal district or local heating grid, much of the demand will be
dependent on the outside temperature and can be hedged, if a counterpart is
willing to take over this risk.

But cogeneration does not only introduce an additional risk factor, it also
affects the power plant operation and the electricity output. For systems like
back-pressure turbines, gas turbines without auxiliary cooler or motor engine
CHP, the electricity output is directly coupled to the heat output (cf. chapter
6, section 1). The operation of these plants as stand-alone systems is fully
determined by the heat demand pattern and therefore no optionality is left54.
Extraction-condensing turbines mentioned in chapter 6, section 1.4 and
larger CHP systems are more complex options that require specific models.
In the following, an analytical approximation for CHP systems with
extraction-condensing turbines is proposed in order to circumvent the use of
the full stochastic optimization model described in chapter 6, section 4 when
it comes to risk management.

The operation of an extraction-condensing CHP plant is limited through
several restrictions as depicted graphically in Figure 6-1 and Figure 7-7. If

the heat output is given, then also the electricity output has to

surpass a certain minimum level, given either by the minimum steam
production or the minimum electricity-to-heat ratio. Both the heat and the
minimum electricity quantity are fixed and from a risk management point of

view, they should be rather treated as forwards and than as

options. Yet another part of the electricity still is optional. It is the quantity

between the lower load limit and the upper load limit in the P-Q chart

(cf. Figure 7-7). This part should be treated as an option, with the amount of
the option obviously depending on the heat load. Correspondingly there is

54 Of course, as soon as these plants are combined with a storage or a peak load device,
some optionality for plant operation is given and may be considered.
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also an optional part and a fixed forward for the fuel

consumption.
If several extraction-condensing turbines with different plant

characteristics are available to satisfy a given heat demand, the optimal
dispatch has to be modeled at least approximately in any analytical risk
management tool. This dispatch will in principle be done in the order of
increasing heat production costs. Yet opportunity costs for electricity have
thereby to be taken into account. These are positive if the marginal costs for
the electricity produced are above the market prices. In this case, the
difference between marginal electricity generation costs and market prices
has to be attributed to the heat generation, penalizing those units with high
minimum power to heat ratio, where much electricity is produced in “back-
pressure mode”. On the other hand, if marginal electricity generation costs
are below market prices, the units can earn money by producing solely
electricity. Thus opportunity costs arise for any reduction in the electricity
output due to the heat generation. These have to be added to the heat
generation costs proportionally to the marginal electricity reduction rate. The
units with high marginal electricity reduction will hence have higher
marginal heat costs and will consequently be rather used solely for
electricity generation.

Figure 7-7. Analytical model for extraction-condensing CHP plants

In summary, the marginal heat costs to be taken as basis for the heat
dispatch decision may be written:
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Within the Monte-Carlo simulation of delivery risk, the dispatch decision
has then to be simulated. This is somewhat more complicated than
describing the exercise of a simple spark spread option, but it is still simpler
than applying the full stochastic optimization model.

5.2 Short-term risk

Besides the delivery risk also the short-term risk for a given portfolio has
to be determined for the integral earnings at risk. The short-term risk
corresponds to changes in the value (or rather the expected earnings) of the
assets in the portfolio due to changes in the market prices. Obviously for
market traded products like forwards, the value change corresponds to
changes in the forward prices. But for power plants, the calculation of the
short-term price risk is more difficult. In fact, it describes the impact of
changes of forward prices on the power plant exercise during the delivery
period and the corresponding earnings. Its computation requires therefore
first the selection of a model describing the link between spot and forward
prices (cf. section 4). If this has been done, the value of the real option has in
principle to be computed for each possible change in the forward price. This
is clearly not feasible. Yet one can safely assume (even if here no formal
proof is given) that the option value will be a smooth, i.e. continuous and
(twice) differentiable, function G of the forward price. Then changes in the
option value for arbitrarily forward price changes can be computed from a
second order Taylor expansion of the value function G:
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The value is expressed as a function of the fuel price and the

“spark-spread” ratios and of off-peak and peak electricity

price to fuel price. This parameterization is chosen since fuel price changes,
if not accompanied by changes in the spark-spread ratios will hardly affect
the power plant operation (cf. chapter 6). By contrast changes in the spark-
spread ratios directly affect the profitability of the plant operation and thus
the option exercise. The partial derivative with respect to the fuel
price has therefore to be interpreted as the value alteration with respect to a
general change in the (fuel and electricity) price level, whereas the partial
derivatives with respect to the spark-spread ratios and
correspond to the effect of electricity price changes at constant fuel prices.
Besides these first order effects, which correspond to the “Deltas” in
financial mathematics, the second order effects, the so-called Gammas, are
also included. Thus the two most important risk factors from financial
analysis are taken into account (cf. e.g. Hull 2000). An extension to other
risk factors like volatility change risk (“Vega”) is straightforward but rather
cumbersome, since here again the multiple underlyings of the power plant
option have to be tackled. In order to simplify the expression, the mixed
second order derivatives have already been omitted in equation (7-2), since
there is no obvious reason why the impact of the spark-spread ratios on the
value should be modified by different fuel price levels or by the level of the
other spark-spread ratio. These are defined for the time segments peak and
off-peak instead of the products base and peak, since the power plants are
also operated time segment wise.

The derivatives used in (7-2) can be computed numerically using
evaluations of the value function at different price levels. For example, the
derivative with respect to fuel prices is determined using besides the value
for the reference case the option value obtained when varying all prices by a

same increment upwards and downwards (e.g. +/- 20 % for each

input parameter):
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Here central differences have been used to increase the computational
accuracy. For the Taylor expansion, it is hence necessary to compute seven
different scenarios of delivery values, namely the reference scenario and up-
and down-variations for each of the three parameters, These computations
may be done once a week or once a month and in between the
approximations through the function (7-2) may be used when determining
the short-term risk.

For this calculation within the framework of a Monte-Carlo simulation,
the arguments of the value function have to be computed from the simulated

set of forward prices and using the expressions:

Then the value function (7-2) for the power plant(s) may be applied to
determine the contribution of the power plant(s) within the overall combined
trading and generation portfolio. By comparing the different Monte-Carlo
simulations, the short-term risk can then be computed as usual as the
conditional value at risk on the empirical distribution.

For the case of a simple spark-spread option, some analytical insights
may be gathered on beforehand, highlighting the relation between optimal
hedging and expected operation of the power plants. The value function is in
this setting additively separable by time segments and, taking into account
equations (7-7) and (7-4), it may be written:
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The max operator describes thereby the condition that the plant is only
operating if instantaneous electricity prices exceed fuel costs respectively if
the current electricity-fuel-price ratio exceeds the heat rate.

Obviously the derivative of the value function with respect to the fuel
price (or rather the general price level) will be independent of the fuel price
level. More interesting are the derivatives with respect to the spark-spread
ratios, here shown for the peak spark-spread ratio:

The inequality in the second line states that the delta is larger than the

expected operation time times the maximum output

power (The multiplier is only appearing since the price ratio

instead of actual prices is considered). This inequality holds since the

average value of the hourly price factor exceeds 1 for those hours when

the plant is operating. According to equation (7-7) is 1 on average over

all hours, but the power plant is obviously mostly operating in those hours

with higher so that the weighted average is above unity.

This has an immediate implication for hedging: The “expected operation
hedge” discussed in chapter 6, section 5 will not provide a proper delta
hedge. This is true since the expected operation hedge corresponds exactly to
the second line in equation (7-6). For obtaining a delta hedge, it is under this
price model hence not sufficient to compute the expected operation of the
power plant at current forward prices and to sell respectively purchase the
corresponding quantities on the forward market. But this result is dependent
on the price model used. It can be shown that under the additive price model
proposed in equation (7-6).
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6. APPLICATION

The application of the models described before requires the set up of a
numerical simulation toolbox. How this can be done is described in chapter
6.1, whereas chapter 6.2 describes briefly the portfolios analyzed. Finally,
chapter 6.3 is devoted to simulation results for selected portfolios.

6.1 Computation methodology

In textbooks, three basic alternatives are often proposed for value at risk
computation, being the analytical approach, historical simulation and Monte-
Carlo simulation (e.g. Hull 2000). Given the complexity of the price
processes modeled and the multitude of products to be considered, only
Monte-Carlo simulation is feasible in the present setting. This is also
reasonable given that for delivery risk calculations, notably under the profit-
at-risk approach, Monte-Carlo simulations are generally used.

The overall algorithm to be applied is depicted in Figure 7-8. Since two
risk components have to be determined for integral earnings at risk
computations, namely short-term risk and delivery risk, also two series of
Monte-Carlo simulations are needed.

Figure 7-8. General algorithm for the computation of integral earnings at risk
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Since the valuation of the power plant options on the forward market
depends on their value on the spot market, the price simulations for the spot
market have to be carried out first. Then the hedge to be used for the
delivery period has to be defined and the corresponding value, delta and
delivery risk have to be determined.

Through scenario variations, the parameters for the approximate
description of power plant optionalities in the forward model are determined.
Then the Monte-Carlo simulation for the forward prices is carried out which
provides directly information on the short-term risk. Combining this
information with the delivery risk derived in step 3, the total earnings at risk
are obtained.

6.2 Portfolio description

The power plant portfolios analyzed are the same as the one considered
in chapter 6. For each of these portfolios, five different hedges are
considered at the end of the forward market (“final hedge”):

zero hedge,
complete hedge,
hedge corresponding to plant operation at current peak and off-peak
prices,
hedge corresponding to plant operation at expected hourly prices,
hedge corresponding to average plant use computed under a full
stochastic model,
The delivery risk is first evaluated for the example of immediate delivery

in October 2002. Then the future delivery risk for similar portfolios in
October 2003 is estimated, not only at current forward prices but also with
fuel and/or electricity price changes on the forward market. The impact of
these forward price changes on the portfolio value at delivery allows also
assessing the option characteristics to be used when evaluating the short-
term risk. This is then done using the regime switching model for forward
prices described in section 4.2. Thereby besides the five aforementioned
hedges also a delta hedge is numerically derived and the corresponding
short-term risk quantified. Finally the integral earnings at risk are computed.

6.3 Results

In the following, first the results for the delivery risk are discussed, and
then results for the short-term risk are given.
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6.3.1 Delivery risk

In Table 7-6, the earnings and the corresponding delivery risk for the
month of October 2002 are summarized for the two power plants described
in chapter 6, section .6.1.1 as viewed on the first day of this month. Whereas
the mean value of the earnings is about 5.8 Mill.  for the coal plant and 2.7
Mill.  for the gas plant, the 1 % quantile of the earnings distribution is at
4.1 Mill.  for the coal plant and 1.5 Mill.  for the gas plant. Note that the
expected value of the earnings is considerably higher than the option values
determined in chapter 6, section 6.2, which were calculated using directly
the prices from the market simulation model. As indicated in Figure 4-10,
the last forward quote for October 2002 was about 29 /MWh for the base
product, whereas the simulated price is about 21 /MWh and the actual spot
market price was about 23 /MWh, so that the valuation using the equivalent
martingale measure (i.e. consistent with the forward quote) yields
considerably higher values.

The conditional earnings-at risk are in this case 2.0 Mill.  for the coal
plant and 1.5 Mill  for the gas plant, i.e. more than half of the earnings in
the case of the gas-fired plant and more than one third in the case of the coal
fired plant. The conditional earnings-at-risk exceed the 1 % quantile (labeled
here with the traditional but misleading term “value at risk”) by about 10 %
to 15 %. This relatively small discrepancy is due to the fact that the earnings
are limited by zero from below in the case of a power plant. For a non-
hedged load portfolio the discrepancy is considerably higher given the
possibility of extreme price spikes.
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The variation in electricity production between the 1 % and the 99 %
quantile is about +/-10 % in the case of the coal-fired plant and about +/-25
% for the gas-fired plant and also the variation in fuel consumption is much
lower than the variations in earnings. This shows that the earnings, which are
formed by the margin above generation costs, are much more sensitive to
electricity price risk than the physical production.

Table 7-7 indicates how the earnings at risk in the delivery period can be
reduced through hedging. All proposed hedges lead to a substantial decrease
of the risk incurred. In the case of the coal power plant, the conditional
earnings at risk can be reduced to less than 10 % of the expected earnings.
For the gas-fired plant, the remaining uncertainty is somewhat higher but not
exceeding the 20 % percent for the best hedge. The higher residual risk
occurs because the gas plant is more often out of the money and the
optionality of switching off is not perfectly captured when using forwards as
hedges. The question which is the best hedging strategy in this incomplete
market setting can not be answered unequivocally. For the coal power plant,
the full hedge and the peak-/off-peak hedge are identical, since at average
peak and off-peak prices the coal plant is in the money throughout. And this
hedge performs better than the deterministic hourly or the stochastic hedge.
For the gas plant, the deterministic hedge however performs best. This
illustrates that the theoretical difficulties in deriving an optimal hedge in
incomplete markets (cf. section 3) translate also in empirical difficulties for
determining the optimal hedge without recurring to stochastic optimization.

The stochastic hedge, which hedges the expected exercise probability of
the option, is outperformed by the other two hedges. This seemingly
surprising result can be explained by the fact that the stochastic hedge leads
to the lowest variance for the sum of electricity sold or purchased on the spot
market, but it is not the one which limits best the downside risk in earnings.
The deviation may be attributed both to the skewed price distributions and to
the gamma risk (risk of changing exercise probabilities) inherent to any
option and which is particularly relevant here, given that no continuous
hedging is possible.
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The delivery risk varies with variations in the fuel prices and variations
in other factors which affect future spot prices. This is illustrated in Table 7-
8 for two types of variations:

variations of fuel prices with subsequent changes in electricity prices,
variations of electricity prices at constant fuel prices.

For the variations in fuel prices, the 1 % and 99 % quantiles of the fuel
price simulations from chapter 4, section 3 are taken. Firstly simulations for
the expected fuel and electricity price level in October 2003 are carried out.
Then for all fuels the lower resp. the upper quantiles are taken and
simulations of electricity prices are performed. Subsequently the mean value
of the fuel prices are left unchanged but the gas price is increased and the
coal price is decreased by the same factor in a way that the resulting gas-to-
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coal price ratio attains the 99 % quantile observed in the simulations. Finally
the opposite is done, decreasing the gas and increasing the coal price. In this
case, the ratio decreases to 1.5 whereas in the opposite case it increases to
3.1. These two scenarios affect the optimal dispatch of the power plants and
consequently their option value in principle more seriously than general
increases or decreases. For the gas-fired plant consequently variations in the
expected electricity output by more than a factor two are observed. But as
indicated in Table 7-8, the impact is more limited in the case of the coal
power plant.

The hedge used is the optimal deterministic hedge at the beginning of the
delivery period. Consequently the delivery risk corresponds to the risk of
deviations of observed electricity spot prices from expected forward prices at
given fuel prices. Nevertheless the delivery risk varies by about a factor 1.5
for the coal-fired plant and almost a factor two for the gas-fired plant
between the different fuel price scenarios. Calculating the delivery risk at
given forward price levels will hence only provide a first idea of what the
potential risk is and it is clearly preferable to determine the upper bound of
the delivery risk by doing Monte-Carlo simulations on fuel and electricity
forward prices.

The expected input and output quantities are subject to variations by
about +/-10 % in the case of the coal fired plant and about +/-30 % for the
gas-fired plant. When comparing the results of Table 7-8 with the results for
October 2002 contained in Table 7-6, one may note that the coal-fired plant
is operating much less in 2003 given that electricity prices are lower and fuel
prices are higher than in 2002. In fact the coal plant is almost operating as a
base load plant at the price level given for October 2002.

The variations in electricity prices used for the results in Table 7-8 are
taken from forward price simulations over the holding period, chosen as 10
days. Again the 1 % and 99 % quantiles are applied and two types of price
changes are distinguished: level changes, i.e. changes in the electricity base
price and shape changes, i.e. changes in the peak-to-off-peak price ratio at
constant average prices. As indicated in Table 7-8, the impact of these price
risks on the expected input and output quantities is smaller. But this is
mainly due to the fact that here only changes over the holding period are
considered, whereas the fuel price risk is taken over a whole year.

For the CHP system described in chapter 6, section 6.1.2, the delivery
risk for the unhedged portfolio can be obtained as a result of the stochastic
operation optimization. To do so, a convolution of the distributions of the
daily objective values, taking into account the transition probabilities has to
be computed. The corresponding results are displayed in Table 7-9.

Here the unhedged earnings at risk are about 25 % of the expected value.
Also variations in electricity production and fuel consumption are less
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pronounced than for the non-CHP power plants, given that part of the
electricity produced has no optionality but is rather a direct consequence of
the heat demand. The same holds for the fuel consumption.

6.3.2 Short-term risk

Variations of the value at delivery as those obtained in the previous
section for changes in fuel and electricity prices are taken as basis for
computing the approximate option values entering the model for short-term
risk. However, given that the short-term risk reflects changes in portfolio
value due to short-term forward price changes, the deltas and gammas are
calculated not based on expected fuel price changes over one year and
corresponding electricity price changes, but rather based on fuel price
changes which might occur within the holding period. Unfortunately, no
reliable data on gas price volatility for Germany were available, so that coal
price volatility has been applied instead. The results given in Table 7-10
indicate that the short-term risk is of the same order of magnitude than the
delivery risk of a hedged power plant portfolio. Again the unhedged risk of
the coal-fired plant is higher in absolute terms than the one of the gas-fired
plant, but relatively to the expected earnings, the risk is higher for the gas
fired plant. The full hedge is obviously inefficient and also a hedge based on
a simple comparison of forward quotes for peak and off-peak with the strike
price of the option does not improve the risk situation much. A hedge based
on the expected power plant exercise leads to a reduction of the risk by about
a factor of two, with only slight differences between the deterministic and
the stochastic operation hedge. The delta hedge does considerably better at
least for the gas-fired plant, leading to a short-term risk which is about a
factor four lower than for an unhedged portfolio. The quantities



192 Chapter 7

corresponding to these hedges are summarized in Table 7-11. Whereas the
Peak/Off-Peak hedge corresponds to the full hedge for the coal-fired plant, it
is a pure peak hedge in the case of the gas-fired plant, given its higher
operation cost. The deterministic expected operation and the stochastic
expected operation differ roughly by about 10 %. The differences are
considerably higher compared to the delta hedge. Here the quantities
purchased for hedging are considerably higher in the case of the gas fired
plant compared to the expected operation hedges. For the coal-fired plant the
picture is less clear-cut. Peak electricity is purchased much more than under
the operation based hedges, but for base electricity and fuel the opposite is
observed. This can be attributed to indirect effects of the fuel prices on the
parameters of the value function and on the consequences of correlations
between price changes.
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For the CHP system described in chapter 6, section 6.1.2, the short-term
risk is given in Table 7-12. It is by about a factor of 1.5 higher than the risk
of the coal power plant. But through a delta hedge it may be reduced to
about one quarter of the maximum value. Again the delta hedge performs
considerably better than the deterministic operation hedge. The
corresponding hedging quantities are also given in Table 7-12. The delta
hedge has a considerably higher peak quantity as compared to the other
hedges, whereas the quantities contracted in the base period are substantially
lower. A stochastic expected operation hedge is not computed here, since
this would require the repeated use of the stochastic optimization tool
developed in chapter 6.

6.3.3 Integral earnings at risk

In Table 7-13, the integral earnings at risk obtained for the different
power plant portfolios are summarized. Those do thereby not correspond to
the sum of the delivery risk and the short-term risk computed for the same
portfolio (same hedge). Instead the concept of integral earnings at risk is
applied, defining the IEaR as a risk measure comprising all risks, which have
to be borne by the operator but taking into account also his later risk hedging
opportunities. Therefore to the short-term risk for a given portfolio the
delivery risks obtained with a deterministic hedge are added. The
deterministic hedge is chosen as the hedge for the delivery period since it is
easily computed and corresponds to the current practice in the industry.

According to these results, a minimum risk of about 0.5 Mill.  occurs
for all power plants. This corresponds to 10 % or more of the total expected
earnings during this period. For the gas-fired plant, this risk is to a very large
extent occurring during the delivery period, whereas for the coal-fired plant
also the delivery price risk is quite important.
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Chapter 8

TECHNOLOGY ASSESSMENT
With application to fuel cells

A key uncertainty in the longer run is the development of technologies
with respect to their efficiency, risks, environmental effects and costs.
Technology assessment has become a growing field of its own (cf. e.g.
Grunwald 2002, Braun 1998) and cannot be fully treated in the context of
this study. Nevertheless, assessing the prospects and potentials of new power
generation technologies is a key issue for power producers in order to
develop strategic perspectives. And therefore a systematic approach is
required to adequately cope with these uncertainties.

Such a methodology can much less than in the case of short and medium
term decisions rely on a stochastic description of the uncertain factors. The
decision problem is rather one of decision under uncertainty (in the narrow
sense) than of decision under risk (cf. chapter 3). In order to reduce the
uncertainty and to improve the decisions it is notably necessary to analyze
and synthesize multiple informations coming often from various sources and
being of very heterogeneous kind.

Clearly, technology assessment is in the electricity industry part of a
broader activity sometimes labeled technology management. For example,
Farrukh et al. (2000) distinguish the five steps of technology identification,
technology selection, acquisition of selected technologies, exploitation of
technologies and protection of knowledge within technology management.
Since the major topic of the study is planning under uncertainty, the focus is
laid in the following on the early stages of technology identification and
technology selection. But in the electricity industry, the main subject of the
technology identification step is an assessment of the prospects and
potentials of known technology lines since the basic concepts of the new
production technologies such as fuel cells, wind energy converters, PV cells
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1.
2.
3.
4.
5.

Analysis of the state of the art
Assessment of technology prospects
Assessment of cost developments
Assessment of context factors and resulting technology potentials
Strategy development

The methods to be applied within these steps depend often on the
technology under study. Therefore, the approaches to be used are discussed
along with an exemplary application for the case of stationary fuel cells.
Fuel cells are chosen as an example since the past years have partly seen
very enthusiastic prospects being propagated for this technology. It has been
perceived as a unique technology which might revolutionize almost all
energy relevant areas, be it in the transport, domestic or industrial sector.
Additionally, fuel cells could be a first step from a more and more criticized
fossil fuel based energy economy towards more sustainable energy supply
structures. Whether these prospects are realistic will be discussed in the
following sections, based notably on the work of Sander and Weber (2001)
and Sander et al. (2003).

In general, the prospects of technologies may either be assessed based on
technological research and considerations or on extrapolation using
experience curves or simulation techniques. Of course the principal caveats
on forecasting (cf. e.g. Grunwald 2002) apply to both approaches and
therefore a combination of both seems most adequate. Therefore, the state of
the art for fuel cells (section 1) and their technological development (section
2) are discussed based on a compilation and structuring of as much as
possible available information. Then the concept of experience curves is
applied in section 3 to assess the future economic prospects of fuel cells and
a detailed simulation tool is used in section 4 to identify the impact of
context factors and the resulting potentials for fuel cell applications. Finally,
in section 5, strategic perspectives are discussed based on various, mostly
informal models.

1. ANALYSIS OF THE STATE OF THE ART

In the last years, fuel cells have completed huge steps towards a
commercial use, notably in the stationary energy supply. Besides the
phosphoric acid fuel cells (PAFC), which have been available commercially
since 1992, also other technology lines have been tested successfully in full
scale systems. Nevertheless, further significant improvements in efficiency
and especially costs are necessary before commercial success can be
expected. Therefore, examples of installed demonstration plants are first
briefly discussed in this section, and then the future developments of
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technological and economic characteristics in the medium and longer term
are pointed at in the following sections.

Currently, the following four technology lines are most considered for
future commercial applications:

Polymer membrane fuel cells (PEFC) have a rather low operating
temperature limiting the use of their waste heat mostly to room heating and
hot water supply. Consequently the main developments are focusing here on
small compact CHP systems for the residential sector (cf. Table 8-1).

An advantage for the PEFC is thereby the very rapid start-up and
regulating performance. This offers the option to use the PEFC also for
premium power production and grid backup in sensitive fields in the
industry and service sector. In this second segment, with a modular power
supply of up to notably the developments by Ballard Power
Systems have to be mentioned. But even for these plants the option of waste
heat use is foreseen in order to address further market segments.

Phosphoric acid fuel cells (PAFC) have so far been produced mainly by
International Fuel Cells (IFC), who are up to today the only ones to establish
a fuel cell system on the commercial market (cf. Table 8-2). More than 200
plants of the PC25™-type have been installed worldwide and since 1996 the
third plant generation is distributed. Further research on PAFC systems is
reported from Japan.
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Molten carbonate fuel cells (MCFC) have considerably higher operating
temperatures and consequently start-up and regulation are much slower.
These cells are therefore less interesting for the field of space heating, but
rather for the supply of process heat. The manufacturers therefore focus
more on larger unit sizes which could also be coupled with turbines.

Two concepts may be distinguished here. On the one hand the external
reforming of natural gas as pursued by M-C Power, on the other hand the
internal reforming making use of the reaction energy and propagated by FCE
and MTU (cf. Table 8-3). A particularity of the so-called ,,Hot-Module“-
concept from MTU is thereby that all components operating at same
temperature and pressure levels are integrated in one thermally isolated
vessel in order to reduce the system costs.

Among the solid oxide fuel cells (SOFC), two development concepts
have to be distinguished: the planar cell concept (Sulzer-HEXIS, ZTek and
others) is comparable to the designs used for other fuel cell types, the tubular
concept developed by Siemens-Westinghouse is on the contrary rather
specific (cf. Table 8-4). One might even make further distinctions among the
planar technologies between cells operating at the „Conventional“ SOFC-
temperatures of about 1.000 °C and new developments which aim at a
reduction of the operating temperature at about 700 to 800 °C.
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Also, SOFCs are developed for different application fields. On the one
hand, the use of SOFCs in plants of medium and high capacity is envisaged
for combined heat and power production or, in combination with gas
turbines, for the pure electricity production. On the other hand, also small
scale systems for the home energy supply are developed.

2. TECHNOLOGY DEVELOPMENTS IN THE
MIDDLE AND LONGER TERM

The characteristics of a technology not yet on the market today are in
general not easy to foresee. In the case of fuel cells, the technology
characteristics of the first fuel cell systems to be put on the market can
already be discerned today, but for the longer term developments no precise
forecasts are possible, notably since the further technology development will
be closely linked to the future market development and the financial
resources generated through sales revenues. But the following development
lines emerge from a multitude of analyses and company informations.

After a successful demonstration of the first systems and their
introduction into the market, the producers will direct their resources
primarily into an extension of the market potentials, as has been the case
with the PC25™-systems from IFC. Simultaneously, the increasing
operation experience will lead to stepwise system optimizations with the
focus being laid on cost reductions. Moreover, increasingly larger local
energy grids will be supplied through fuel cell systems by upscaling the
different system concepts, with the objective to enlarge the market. Further
developments will aim at the utilization of solid fuels and the development
of multi-stage systems.

2.1 Upscaling and hybrid systems

Starting from modular plants for larger supply tasks an upscaling of the
systems can be expected in the medium term (cf. Figure 8-1). Thereby, one
may anticipate that the stack sizes developed so far will be used further and
only the peripheral components will be upscaled and integrated.

In general, economies of scale lead to a decrease of the specific costs (per
MW) with increasing plant size. In the case of conventional thermal power
plants, this effect arises mainly due to the dominance of three-dimensional,
volume-related processes (notably combustion, expansion etc.) where an
upscaling leads to an under proportional increase in material requirements
and costs. The fuel cell reaction is on the contrary a two-dimensional
surface-related process. Therefore the economies of scale will mainly arise
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in the peripheral components, so that for the total fuel cell systems only
limited economies of scale are to be expected.

Figure 8-1. Unit size, efficiency and availability of different fuel cell systems and competing
systems

But the upscaling of systems may help to realize higher electrical
efficiencies, notably through improvements in the following two fields:

Efficiency improvements either for the peripheral components or
through recuperation or reduction of parasitic energy flows (such as
heat losses), which may only be done economically for larger plants
or
Realization of alternative system designs, which become only
technically and economically feasible at larger plant sizes.
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An important example of efficiency improvements for single components
linked to increased plant size occurs in the case of hybrid SOFC systems.
For those, electrical power outputs of up to 20 MW are expected until 2010.
This leads, as indicated in Figure 8-2 to an increased efficiency of the gas
turbine installed downstream of the fuel cell stack, raising the overall
electrical efficiency by about five percentage points, under the
(conservative) assumption of constant efficiencies for the fuel cell stack.

Figure8-2. Efficiencies of gas turbines and SOFC hybrid systems depending on the unit size

The passage from increased efficiency for single components to new
system designs is relevant in the case of gas turbines with intermediate
reheating (cf. Figure 8-3). The multi-stage expansion can be realized here
with conventional intermediate reheating or through appropriate
configuration of two fuel cell modules corresponding to the two expansion
steps of the gas turbine plant.

Figure 8-3. System design for SOFC with recuperative gas turbine and intermediate reheating
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Similarly, topping an MCFC with a steam process becomes only
attractive for larger plant sizes, as is the case for the additional integration of
a steam process into SOFC hybrid systems (cf. Figure 8-4).

Figure 8-4. System designs for MCFC with steam turbine and SOFC with combined-cycle
plant

2.2 Use of solid fuels

Fuel cell systems using coal or biomass as fuels only differ in the fuel
processing substantially from the natural gas based systems discussed above.
In principle, the systems have to be extended only at the boundary “gaseous
hydrocarbons”, prior to the reformer, including components for the thermal
disintegration of solid fuels and purification of the raw gases obtained.
Additionally the systems have then to be optimized to integrate optimally the
heat flows including the new heat sources and sinks (cf. Figure 8-5).
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Figure 8-5. System design for fuel cells using coal as fuel

2.3 Multistage system concepts

For economical reasons, current plant designs restrict the fuel use in the
fuel cell stack to 75 – 85 %, since the stack power output decreases with
reduced fuel concentration in the combustion gas. The exhaust gases are
usually burnt and the heat generated is used for the gas preparation or in a
subsequent thermal power process. In view of an optimization of the systems
for highest electrical efficiencies it is however desirable to use the gas as
completely as possible within the fuel cell since even a downstream thermal
power unit will never be as effective as the fuel cell reaction.

The power reduction of the fuel cell is due to the fact that the rear part of
the stack, which is only poorly supplied with combustion gas, suffers from a
reduction in electrical current intensity. Hence a possibility for increasing
the fuel conversion rate consists in converting the fuel gas stepwise in a
number of serially interconnected fuel cell stacks (cf. Figure 8-6). Every
single stage can thereby work at its own voltage and amperage, so that a
reduction in the rear cells does not lower the overall power output. At the
same time, the fuel conversion rate has not to be maximized for each stage in
a multistage system. A lower fuel conversion rate goes often along with a
better working point for the stack, especially if the stages are optimized
specifically to run with decreasing fuel gas concentrations and higher gas
temperatures.
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Figure 8-6. System design for multistage fuel cell systems

The future costs for innovative technologies like fuel cells can either be
assessed through bottom-up estimates, looking at the different components
as in the previous section. Or they may be anticipated using the concept of
learning or experience curves (cf. e.g. Wene et al. 2000) at a more
aggregated level. Also both approaches may be combined, leading to an
application of experience curves at the level of components or subsystems
(cf. Ohl 2002, Sander et al. 2003). In the following the conceptual basis for
learning curves is scrutinized first in section 3.1 and the use of experience
curves for forecasting purposes is discussed (section 3.2). The dependency
of experience curves on the stage of the technology development is analyzed
in section 3.3. Existing data for stationary fuel cell systems are reviewed in
section 3.4 and then an application at future developments for fuel cells is
attempted in section 3.5.

3.1 Learning and experience curves – conceptual basis

With the increased use of a new technology, the users’ knowledge on the
application and the manufacturers’ knowledge on the specific production
processes grow continuously. This leads to a more and more adapted use and
a continuously improved production of the technology and consequently to
increased efficiency and lower production costs.

The phenomenon of continuous cost reductions in the manufacturing of
products was first observed by Wright (1936), who described a causal
relationship between the production costs of a product and its cumulative

3. COST DEVELOPMENT
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production quantity for the example of airframes in the aeronautic industry.
Wright found that every doubling of the cumulative production quantity
induced a decrease in the total working hours necessary by an almost
constant percentage, and attributed that to ,,improvements in proficiency of a
workman with practice“ (Wright 1936, p. 123), emphasizing hence the
increased physical and mental skills of the workers through experience.

With the conduction of numerous studies (e.g. Argote and Epple 1990,
BCG 1972, Dino 1985, Dutton and Thomas 1984, Ghemawat 1985, Yelle
1983) the interpretation of the underlying learning processes shifted away
from the original “learning by doing” (cf. Arrow 1962), in that the cost
reduction could be attributed to more far reaching reasons such as new or
optimized production processes, improved methods, substitution effects,
production oriented redesign and standardization. (Horlock 1995, Claeson
2000). Hence many experience curves show typical discontinuities
(,,knees“), where the cost reduction is too strong to be solely attributed to
improved personal skills (cf. Figure 8-7). Rather these knees may often be
attributed to technology leaps in the manufacturing process or in the
technology itself, as illustrated in Figure 8-7 for the case of thin film
photovoltaic cells (cf. Wene (2000)).

Figure 8-7. Discontinuities in experience curves as a consequence of technology leaps
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Experience curves thus describe the cost development for a product
starting from the first piece until the n-th copy produced, accounting for all
relevant influences. However it has to be retained that the concept is mostly
empirically motivated, and particularly no theoretical underpinning exists
which could explain the specific shape of the cost reduction curve and/or its
slope (Wene 2000). Experience curves are hence a macroscopic model,
based on the ex-post analysis of empirical data (Tsuchiya 2000). A strong
point of the approach is however its solid empirical underpinning, with a
multitude of empirical observations documenting the learning effects with
increasing production unambiguously. Notably, comparative studies clearly
show that the learning rates vary considerably between different industrial
sectors, nevertheless typically values between 70 % and 85 % are observed
(cf. Figure 8-8). This makes it possible to use the empirical observations as
guidelines for assessing the possible cost development for new technologies.

Figure 8-8. Distribution of learning rates in different empirical studies
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3.2 Experience curves as a forecasting tool

The hugest difficulty in the use of experience curves for ex-ante analyses
arises from the fact that an exact prediction of the cost reduction curve is not
possible. Therefore, both for the starting point as for the cost degression rate
assumptions have to be made. One possibility is to investigate different
cases, like this has been done by Lipman and Sperling (2000) in an analysis
of the cost development for PEFC modules for automotive applications (cf.
Figure 8-9).

Figure 8-9. Projections for the development of PEFC module costs for automotive
applications including best- and worst-case scenarios

Such a best- and worst-case analysis leads however to a very broad range
of results if a longer period is considered. In the analyzed case, the
cumulative production quantity necessary to reach varies by a
factor 1,000. Hence a narrowing of the projection interval is desirable, yet
this requires the use of additional information sources.

Ex-post-analyses of similar products are a possible source of information.
Furthermore cost data on executed demonstration or pilot plants help to
determine the starting points. Yet this requires an extension of the cost
reduction curves into the field of pre-commercial plants.
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3.3 Dependency of the experience curves on the
development stage

The introduction of new technologies usually follows the phases of:
1. research,
2. development and demonstration,
3. commercialization and
4. market penetration.

Especially if the existing technologies already fulfill the needs of the
market, as is the case in the electricity production, a new technology has
therefore already to go through several stages to achieve advantages
compared to existing systems before being introduced on the market.

The first development stage is characterized by fundamental research on
small and smallest systems followed by a gradual upscaling of the
technology towards commercially attractive sizes. The learning process is
rather difficult to describe for this stage, but when the subsequent
development and demonstration phase is entered, the learning process starts
on the real-scale technology, which may be described by an experience
curve.

Nakicenovic (1997) shows for the example of the introduction of gas
turbines that the learning process is rather different in the various
development phases (cf. Figure 8-10). Namely the demonstration phase is
characterized by a very dynamic development at the product level, with first
“real” operation experiences resulting in rapid progress. Furthermore only at
this stage a targeted adaptation of peripheral components is possible, since
the functionality of the system is the key focus before the first
demonstration, whereas manufacturing, cost considerations and the
appropriate choice of complimentary are only getting important at later
stages. For stationary fuel cells, this is particularly true for the “balance of
plant”, which consists mostly of existing technologies, which however have
to be adapted to the specific requirements of the fuel cells.
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Figure 8-10. Cost reduction curves for gas turbines accounting for different development
phases

Figure 8-10 as well as the results of other studies indicate, that the
learning capabilities are always reduced to a certain extent when the
technology passes from the development and demonstration stage to the
actual production (cf. also Kydes 2000). In the case of gas turbines, the
corresponding cost reduction curve passes from an 18 % slope to a value of
about 7 % during the commercialization phase. Certainly, one reason is that
over-proportional cost reductions through exhaustive redesigns of the
product are not the key priority after the targets for market entrance have
been reached. Rather requirements on availability and reliable operation are
then at the forefront.

3.4 Ex-post observations of cost reductions for
stationary fuel cell systems

Hints at the cost reduction rates for stationary fuel cell systems during the
commercialization phase can be obtained from the experience curve of the
so far only commercially available plant, the PAFC system PC25™ which is
sold since 1992 by IFC. Figure 8-11 shows the specific production costs for
the system until 1999 as well as the experience curve at a 75 % learning rate
(solid line), as proposed by Whitaker (1998). Stationary systems based on
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other technology lines differ in details substantially from the PAFC, but the
overall system design comprising cell stack and balance of plant is rather
similar. Therefore, a learning rate of 75 % in the commercialization phase
seems in general adequate for stationary fuel cell systems.

Figure 8-11. Cost reduction curves for the PC25™ systems from IFC

Whitaker (1998) takes as starting point for the experience curve shown in
Figure 8-11 a value of about at a cumulative production
quantity of about From the diagram it is however evident that a
downward shift of the experience curve considerably improves the fit to the
data points given from 1995 onwards (lower line). In line with the
considerations of the previous section, this points at a considerably steeper
cost reduction during the demonstration phase, even if the available data are
not sufficient for quantification.

For gas turbines, the cost reduction in the demonstration phase was
almost the double of the one obtained in the commercialization phase. This
would imply a learning rate of 50 % for fuel cells. However, this would
correspond to a cost development which is typical for a technology leap.
Obviously, fuel cells are a completely new technology with correspondingly
high learning potential, but the balance of plant is mostly based on
conventional components. For those, specific adaptations are necessary,
over-proportional learning effects may however not be expected.

An approximate calculation of the learning effects during the
demonstration phase may hence be done by maintaining for the balance of
plant the learning rate of 75 % as observed for the PC25™-systems, but
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assuming a technology leap for the stack itself with about 50 % cost
degression rate. Data from Keitel (2000) indicate that about half of the
system costs are due to the balance of plant, so that learning rate for the
overall system during the demonstration phase would be around 60 – 65 %.

Thus, it is now possible to indicate a range for future cost reductions
based on economic data for the first demonstration plants and to compare
these to the plans for market introduction.

3.5 Projection of experience curves for different
technology lines

Economic data for the MCFC technology can be obtained from the first
demonstration of the system design by the American company
FuelCellEnergy. This plant started operation in 1996 in Santa Clara,
California and had investment costs of about 20,000 $/kW (FCCG 2001).
The further points on the upper line in Figure 8-12 correspond to the plant
installed in 1999 in Danbury and the further five pilot plants, originally
scheduled until 2003.

Figure 8-12 comprises also the first data for the “Hot-Module”-MCFC-
design by the German manufacturer MTU Friedrichshafen with costs of

(University Bielefeld 2001). The further data points
correspond thereby to the plant installed in 2001 in Bad-Neustadt, the further
pilot installations foreseen in the next one or two years and the market
introduction which is planned thereafter.

For the cost development of systems based on the polymer membrane
fuel cell (cf. Figure 8-13), a starting point with about can be
derived from the plant in Berlin-Treptow (Keitel
2000). The start of the commercialization has been scheduled here with the
end of the planned zero series around 2003.

Somewhat more difficult is an estimation for the systems based on the
SOFC technology. Demonstration plants have been put in place by Siemens-
Westinghouse, but two plant designs have been developed in parallel.

Cost figures are available for the CHP variant, which has been put into
operation in Arnhem in 1998 (about Kuipers 1998). The
second concept is a combination with gas turbines, where a first pilot plant
has been put into service in Irvine (USA) in the year 2000. The experience
curve shown in Figure 8-14 presumes that these hybrid systems also
contribute to the learning effects for the CHP variant and vice versa.
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Figure 8-12. Estimation of cost reduction curves for MCFC systems by FuelCellEnergy
(FCE) and MTU Friedrichshafen (,,Hot-Module“)

Figure 8-13. Estimation of cost reduction curves for the PEFC-System from Ballard
Generation Systems
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Figure 8-14. Estimation of cost reduction curves for the SOFC system from Siemens-
Westinghouse

Given the theoretical difficulties and the limited empirical data base, the
cost reduction curves shown can certainly only be considered as approximate
estimations. Yet they clearly indicate that important cost reduction and
development efforts are necessary before market penetration can be
achieved. However, the on-going efforts clearly point in the right direction.
What remains to be seen is what effects technology specific synergies and
context factors will exert. For example, a close cooperation exists in the case
of the MCFC between the two manufacturers. The PEFC could on the other
side benefit from the developments for mobile applications. Finally, the
SOFC is still at a rather early development stage with pre-commercial
system sizes, so that possibly a far higher cost reduction could be achieved.

4. ASSESSMENT OF CONTEXT FACTORS AND
RESULTING TECHNOLOGY POTENTIALS

For many new electricity-producing technologies, the application is
strongly dependent on site-specific factors. In the case of renewables, it is
the availability of wind, sun or biomass; in the case of fuel cells, micro gas
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turbines and Stirling engines, it is the existence and load shape of an
appropriate heat demand.

The methodology for the assessment of potentials consequently depends
on the type of technology considered. Here, the focus is on stationary fuel
cell applications, where application potentials in industry and the residential
sector are scrutinized using detailed demand and load shape data. The
analysis is carried out for the state of Baden-Württemberg, a region with
about 10 Mill. inhabitants in the south-west of Germany.

4.1 Energy demand structure

A prerequisite for a realistic assessment of the potentials and the market
development for stationary fuel cells and other CHP systems is a detailed
data basis on the object specific energy demands and load curves. This has to
be worked out on the basis of official statistics and the detailed analysis of
representative concrete objects. Specifically for the question under study, the
energy balance of Baden-Württemberg (cf. Wirtschaftsministerium Baden-
Württemberg 2002), disaggregated by energy carriers and demand sectors,
can be taken as starting point.

However, this disaggregation is far from being sufficient. In the case of
private households, the energy demand especially depends on the following
factors (cf. Ebel et al. 1990, VDEW 1993, Weber 1999):

Heating energy:
Building size
Building type (single family house, large dwelling block etc.)
Building vintage
Tap warm water use:
Number of persons in the household
Electricity use:
Equipment with household appliances
Number of persons in the household
Use of air-conditioning and ventilation
Of course, further factors are important, but these are either hardly

observable (such as behavioral factors) or they are variable in the context of
the decision problem under study (heating energy carrier and heating
system).

For the analyzed case, the energy use for heating is most important, since
it accounts for about 75 % of all residential energy use in Germany and
Baden-Württemberg (AG Energiebilanzen 2001, Wirtschaftsministerium
Baden-Württemberg 2002). Based on earlier studies (notably Blesl 2002,
Kolmetz, Rouvel 1995, VDEW 1995, Berthold et al. 1999, Blesl and Fahl
2002), the energy demand structure as shown in Figure 8-15 can be derived.
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Figure 8-15. Final energy use of households in Baden-Württemberg

The buildings are here grouped by types and vintages and then ordered
by increasing energy demand for space heating. About 80 % of all buildings
have a heating energy use of less than 30,000 kWh per year. Furthermore,
one observes a rather uniform distribution over the building types and
vintages. Notably, the 20 % of all buildings with the lowest space heating
energy demand per building (the lower 20 % quantile) still account for more
than 10 % of the energy use in that segment. Conversely, the upper 20 %
quantile consumes about 35 % of the total energy use.

For the energy demand in the industrial sector, besides the energy uses
mentioned so far also process heat has to be accounted for. Furthermore the
company size, as measured by the number of employees is an important
factor for explaining the total demand. The problem is further complicated
by the fact that energy cost data are compiled and published in official
statistics differentiated by company size categories. But physical energy
demand is not available and the link between costs and quantities is non-
linear, due to degressive tariff structures. But through a newly developed
methodology, it is possible to attribute the total energy use with the best
possible fit on the different industry sectors, company sizes, energy carriers
and energy uses. Figure 8-16 shows the resulting energy use disaggregated
by industry sector and company size category.



216 Chapter 8

Figure 8-16. Final energy use of industry in Baden-Württemberg

It turns out that small- and medium-size enterprises clearly dominate in
Baden-Württemberg and that consequently far more than 90 % of all
companies have an energy use of less than 50 GWh per year. By contrast, a
few large companies (including e.g. DaimlerChrysler and Bosch), which
represent only about 3 % of all firms, cover almost half of the total
consumption. The upper 20 % quantile here accounts for 80 % of the total
industrial energy use, the lower 20 % quantile on the contrary less than 1 %.

Already at this stage it hence becomes evident that small units are
advantageous for reaching large market potentials both in industry and in the
residential sector. To what extent the currently available system sizes
restrain the usage possibilities, is analyzed in the following based on detailed
operation simulations.

4.2 Operation simulation

In order to identify advantageous market segments for fuel cells, it is
necessary to assess their relative profitability compared to already
established alternatives. This is true since stationary fuel cells do not provide
energy to so far unsupplied application cases, but compete with other
technologies, notably in the field of decentralized CHP. For comparing the
performance and the costs it is necessary to make detailed simulation studies
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which account for the characteristics of the different application cases, such
as the heat and the electricity demand (total annual values as well as load
profiles), the temperature level of the heat and the simultaneity of electrical
and thermal load. These parameters will influence the profitability of fuel
cell applications especially since purchased electricity and electricity sold to
the grid are currently - and will also be mostly likely in the future - valued
differently. Therefore a detailed analysis of demand data including the
identification of object-specific load profiles is of primordial importance,
using e.g. the approaches developed by Weber et al. (2001).

4.2.1 Principles of operation simulation

Once the demand data have been identified, an operation simulation for
the alternative supply options has to be carried out55. This should be done
with high temporal resolution in order to be able to account for part-load and
dynamic characteristics of the competing options. From these simulations
the annual system costs can be identified as a function of system design
parameters such as the share in maximum load covered by the fuel cell or
CHP system. Thereby capital costs are annualized using an annuity factor
corresponding e.g. to 20 years lifetime. If energy prices or other relevant
parameters are expected to vary also substantially during the lifetime of the
supply unit, a discounted average of the expected prices should be used to
avoid carrying out simulations for multiple years.

As a result of such simulations, the net present value (or rather cost) of
different supply options is obtained as a function of the size of the CHP unit
as shown in Figure 8-17 for large enterprises in the chemical industry. The
first series of simulations aims thereby at identifying the benchmark for fuel
cell systems – which is in the case of the large chemical firms a gas-fired
motor-CHP unit with 4,800 kW thermal nameplate capacity. For this
configuration, the lowest net present cost is observed in Figure 8-17. In
many other applications cases, the lowest costs are however obtained for the
electricity purchase plus boiler option. Conventional CHP options in general
are close to the economic viability, but only in a few large enterprises they
are clearly advantageous.

55 Thereby it is assumed that the system operation can be described by simple decision rules.
If the system has on the contrary several degrees of freedom, it might be necessary to run
optimizations similar to those described in section 6 to determine the optimal system
operation.
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Figure 8-18. Iterative determination of target costs for the example of high temperature fuel
cell systems in small enterprises (50 to 99 employees) of the chemical industry

From these calculations it turns out that fuel cells are much smaller than
conventional CHP if optimally designed, with a share of less than 10 % in
maximum thermal load (cf. Figure 8-19). The optimal size usually does not
differ substantially between high temperature (MCFC, SOFC) and low
temperature (PEFC) systems. Only hybrid systems exhibit somewhat smaller
optimal sizes, a consequence of the higher electricity to heat ratio compared
to low temperature systems. This low share in thermal capacity is in many
segments below the single module size of about for the envisaged
early market products.
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Figure 8-19. Net present value of fuel cell systems in large enterprises (more than 1,000
employees) of the metal industry

For the shape of the net cost curves, two basic alternatives may be
observed. Typically, the pattern is similar to the one observed for gas
turbines (cf. Figure 8-17) with an increase in costs for small units followed
by a minimum and a subsequent strong increase. For low-temperature
systems, the pattern obtained is often comparable to the one for motor CHP
units, which is not surprising given the similar characteristics of these two
technologies (cf. Figure 8-20).

The strong cost increase at unit sizes beyond the optimum is mostly
occurring when the customer’s own electricity demand is almost covered
and the additional electricity generated is mainly fed back into the public
distribution grid. But with increasing company size, sometimes a second cost
minimum is observed for high temperature and hybrid systems, which
indicates that in these cases also excess power can be sold profitably (cf.
Figure 8-20).
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Figure 8-20. Net present value of fuel cell systems and surplus electricity generation in large
enterprises (more than 1,000 employees) of the chemical industry

Figure 8-20 also shows the relative development of the key cost
categories for the high temperature systems. Obviously, the decrease in
purchase costs (fuel and electricity) leads to the initial minimum. Thereafter,
additional sales revenues do first not compensate the increase in purchase
cost. But when more electricity is fed in, the price paid is increasing, given
the increasing number of full load hours provided. This then leads to the
formation of the second observed cost minimum.

Therefore a substantial excess power production potential is observed in
selected sectors, (cf. Table 8-5), which could be interesting for the electricity
purchase of utilities or the market entrance of new independent power
producers (IPPs).



222 Chapter 8

All results on target costs and excess power potentials are obviously
strongly dependent on the future price relations in the market. The
calculations shown here have taken the current German association
agreement (Verbändevereinbarung IIplus, cf. BDI et al. 2001) as basis for
the grid fare calculations and the models described in chapter 9 for the
calculation of future generation costs.

4.2.2 Aggregated utilization potentials in Baden-Württemberg

From the simulations of the different market segments considered, the
graphs in Figure 8-21 can be derived, describing the required target costs as
a function of the total final energy demand. In the pessimistic scenario
presented in Figure 8-21, the target costs are in many segments around 500
to

Figure 8-21. Target cost to be achieved for fuel cells in different industrial sectors
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Only for some large customers, a few cases of considerably higher target
costs are observed. Under higher electricity and lower gas prices, the target
cost get considerably higher, reaching more than 1,000 /kW in many
application cases.

For smaller application cases, a net reduction in the target costs to be
achieved is observed, which results from oversizing of the envisaged pioneer
market products with minimal power output of about Low
temperature systems are in general somewhat disadvantaged. Here
oversizing occurs earlier due to a lower electricity to heat ratio and the
limitation of heat use to low-temperature applications. The role of heat
temperature levels is also evident for the few points with low target costs at
high energy demand. Those appear for sectors, where process heat demand
at low temperature levels is low or inexistent, notably the production of
rubber and plastics.

These analyses of single application cases can now be aggregated to
obtain the economically viable potential of stationary fuel cells as a function
of the achieved target costs (cf. Figure 8-22).

Figure 8-22. Economic potential of stationary fuel cells in the industry of Baden-
Württemberg as a function of specific investment costs of the fuel cell systems
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Thereby it has to be taken into account that in those sectors, where
profitability has already been reached, the potentials are also rising with
diminishing costs. Furthermore, the distinction has to be made between the
cost minimal potentials and those (larger) potentials, which are realizable
without extra costs compared to conventional systems.

For installations in the residential sector, the first economic potentials
already appear at considerably higher costs (cf. Figure 8-23). Already above
2,000 /kW first potentials appear, if the current grid tariffs are also applied
to households with own generation. In these grid tariffs, the grid costs,
which are mostly capacity dependent, are charged proportionally to the
energy consumed – assuming that energy consumed and peak load are rather
proportional. This relationship is certainly different in the case of households
with own fuel cell generation. Therefore a second set of scenarios has been
computed where the households have revenues (or saved costs) from own
generation corresponding to the current subsidy to fuel cell system based
generation of about 5 ct/kWh. In all cases, not only the costs of the fuel cell
system itself are included but also the investment into the necessary peak
load burner.

Figure 8-23. Economic potential of stationary fuel cells in the residential sector of Baden-
Württemberg as a function of specific investment costs of the fuel cell systems
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4.2.3 Sensitivity analyses

Sensitivity analyses provide important insights into the relevance of
different parameters for the overall potential assessment, even if they further
widen the range of results obtained. In the case of fuel cells, we have notably
analyzed the impact of reduced variable operation costs, which result from a
doubling of the stack life time.

This has a rather limited impact (cf. Figure 8-24), since especially
oversized systems do hardly benefit from such a development. For larger
application cases, the target costs however increase by about 20 %, for the
largest cases even up to 50 % are possible. The improvements are relatively
much higher for low temperature systems with 75 % up to 200 %
improvement in particular cases.

Figure 8-24. Impact of reduced operation costs through doubled stack life time on the target
costs of fuel cell systems in industry

As mentioned already, the envisaged module size leads to a reduction of
target costs in the field of small and medium sized enterprises. This means
that target costs should rise in all those cases, where the system has been
oversized so far. Additionally the somewhat higher electricity prices paid by
small customers increase the profitability. In Figure 8-25 it is shown that this
leads in certain cases to target costs which are even higher than those for
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larger objects. Such a smaller module size could be especially beneficial for
low temperature systems, since they may also become attractive in sectors
with reduced low-temperature heat demand.

However, one has to keep in mind the economies of scales related to
module size. As shown in Sander et al. (2003), one would expect investment
costs for small-scale systems with to be about a factor two higher
than those for modules. Consequently, the shown improvements in
target costs may not be attractive enough for moving rapidly towards these
small scale systems.

Figure 8-25. Impact of reduced module size on the target costs of fuel cell systems in industry

5. IDENTIFYING TECHNOLOGY STRATEGIES

Despite the qualitative and quantitative assessments carried out in the
previous sections, the situation for utilities considering investment in fuel
cell technologies remains one of decision making under uncertainty of type
III as distinguished by Courtney et al. (1997, 2001) (cf. chapter 3, section
3.1). There is a true uncertainty on the future costs of fuel cell systems,
which cannot right away be reduced to a few discrete cases. On the contrary,
the costs in the longer term may vary on a continuous range from values that
limit fuel cell use to some selected niche markets up to a range where fuel



cells are effectively competitive in a wide field of applications in households
and industry. Cost uncertainties arise both from the technology itself and its
production costs as from the context factors including notably gas prices and
potential costs. Obviously there is also little chance to assign objective
probabilities to the different cost scenarios in the current situation, especially
since technology development is truly uncertain and also the application of
probabilities to political decisions would be rather speculative. Nevertheless
utilities have to chose right now a strategy how to cope with this emerging
technology.

This strategy does not need to be fixed forever but rather should be
flexible and include clear targets and milestones – as shown empirically by
Grant (2003) for the strategy of the oil majors. What are then the required
actions, in the terminology of Courtney et al. (1997): doing “big bets”,
realizing options or taking no-regret measures? Courtney et al. (1997)
emphasize that this depends on the strategic posture taken, distinguishing the
postures of shaping, adapting and reserving the right to play. But at the
current stage, big bets in the form of huge investments in fuel cell plants
seem clearly not adequate, since this would be prohibitively expensive at
current plant costs (cf. section 3). A possible big bet could also be vertical
integration with a fuel cell supplier. But as Sutcliffe and Zaheer (1998)
show, vertical integration is not a preferred action in situations with
considerable primary uncertainty – and technology uncertainty is one of the
possible sources of primary uncertainty mentioned by them. The risk of
vertical integration in this case obviously is to make the false bet and to be
integrated with a company which is not able to deliver the promised resource
(technology).

On the other extreme of possible actions, so far hardly any no-regret
measures on fuel cells can be identified, except perhaps the collection of
relevant information. An engagement in demonstration plants already
requires considerable resources and is not sure to be rewarded later on.
Therefore, it should rather be seen as realizing an option. An option, which
has partly a pay-off in the future by having increased the capabilities of the
employees and the organization to handle such an innovative technology (cf.
Grant 2003). But part of the pay-off is also in the present time. Given the
positive public image associated with innovation in general and with fuel
cells in particular, a demonstration activity is a possibility for transforming
the public image of a utility and of getting media citations at low costs
compared to advertising campaigns. However, two points have to be noted
here: on the one hand, a transformation of the public image is probably most
effective in the region where the demonstration plant is implemented.
Therefore, this argument is particularly valid for smaller regional and
municipal utilities. On the other hand, the image effect is in all likeliness
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decreasing over time – to the extent that the general public gets used to
information on successful fuel cell demonstrations, it will become less
attentive to such media messages. Also the effect of capability building is
questionable in the case of a technology, which will take at least five further
years for penetrating the market on a substantial scale.

From these potential developments, a scenario could arise that despite
good long-term prospects, utilities are not willing to invest in the fuel cell
technology in the medium term since it is neither economically attractive nor
appealing from a public relations point of view. If political support is also
lowering – e.g. given severe budget constraints – it could well happen that
the technology is not pursued further despite a potential win-win situation in
the long run, creating a scenario of technology lock-in as arising frequently
in the case of increasing returns to scale, cf. e.g. the discussion in Mattson
and Wene (1997) or Cowan (2000).

But also other scenarios are conceivable. E. g., RWE has committed itself
publicly in 2001 to a strategy with high shares of decentralized generation
including fuel cells in the longer term (Jopp 2001). It has then clearly
adopted a strategy of shaping, putting forward ambitious goals for the
penetration of fuel cells up to the year 2010. Other utilities have been less
affirmative, but engagements in pilot and demonstration activities such as
those reported by EnBW (2002a) clearly go beyond a pure adaptation
strategy. It is a strategy of realizing options and if these options are not all
exercised56 this does not necessarily mean that the technology line will not
be pursued further.

EnBW (2002b) recently announced that it will not realize a 1 MW SOFC plant planned
together with Siemens-Westinghouse. But they maintain their demonstration activities
with Sulzer-Hexis (small scale SOFC) and MTU (MCFC).
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Chapter 9

INVESTMENT DECISIONS

Until 2030, the requirements for replacement investments in the EU
power plant sector are expected to be between 300 and 600 GW (cf. Voß
2002, Birol 2003). Also elsewhere in the world the generating capacities
built up during the high growth phase in the 1960s and 1970s will have to be
replaced and new capacities have to be installed, leading to investment
requirements of about 5,000 GW between 2000 and 2030 (cf. IEA 2002,
Birol 2003). This requires strategic decisions for electric utilities since
power plants require large investment sums and represent, once effectuated,
to a large extent sunk costs57.

Since electricity demand has been growing steadily albeit slowly in the
last decades, there is hardly any uncertainty on the necessity of building up
new capacities – although in the first years after the liberalization of
European electricity markets only few people considered the issue of future
power plant investments (cf. e. g. Voß 2000, Voß 2001, Weber, Voß 2001,
Pfaffenberger 2002). But a first uncertainty in this field is whether political
measures will lead to a situation where all new generation capacities are
supplied by subsidized or regulated segments within the electricity sector -
notably generation from renewable sources and/or generation from
combined heat and power including fuel cells. In Germany, this possibility is
sometimes evoked. But overall, such a scenario seems not very likely, given
that fuel cells will certainly not be fully competitive in the next decade, other
combined heat and power generation is currently only competitive in
selected applications and wind – as the most important renewable source –
requires always conventional back-up capacities in order to cope with the

At least in continental Europe so far hardly any market for second-hand power plants
exists – in the UK and the US sales of used power plants have been more frequent in the
context of divestment strategies.
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intermittent character of wind generation. A further alternative, mentioned
sometimes, is the increased use of electricity imports to avoid new
construction in one specific country. But this is certainly not a solution for
Europe as a whole and even for a larger country like Germany, recent
analyses indicate that the potential for imports is limited through several
factors: current grid constraints between countries, the requirements of
system stability and limitation of transportation losses and the expectation
that in the longer run technology and fuel costs will tend to level out within
Europe, thus not creating any large incentives for installing power plants far
from the point of use. (cf. Fichtner, Cremer 2003). Overall, the general
uncertainty on the need for new conventional plants is rather low and
obviously these will be mostly thermal power plants, since hydro potentials
have been already exploited to a large extent in the past (cf. Witt,
Kaltschmitt 2003).

Nevertheless, there is considerable uncertainty on what power plants will
be most cost efficient over the considered lifetime. This is partly due to
uncertainties of primary energy prices, which can be modeled as stochastic
processes (cf. chapter 4, section 3.1). Notably with the raise of gas prices
since mid 1999, it has become rather questionable whether gas-fuelled
power plants are the option of choice for new power stations. Coal, nuclear
and (where available) lignite are potential alternatives.

But for deciding which one to chose, other uncertainties have to be taken
into account and notably uncertainties related to political processes, to which
no objective probabilities can be assigned. Hence as in the case of fuel cells,
there is a level III uncertainty in the terminology of Courtney et al. (1997).
Especially, a continuous range of values is possible in the case of climate
change levies or Greenhouse gas certificate prices. Other political
uncertainties, notably those surrounding the future use of nuclear energy in a
number of countries in Europe and worldwide, have to be added, but these
may be rather viewed as discrete scenario Type II uncertainties.

In this context, novel methods are needed to assess the profitability under
uncertainty of the various types of thermal power plants. In principle the
application of a real options approach (as notably developed by Dixit and
Pindyck 1994) seems desirable, but it is complicated by the possibilities of
fuel switching with endogenous output prices and simultaneous uncertainties
on loads, fuel prices, technologies and policies. A simple extrapolation of
current price patterns to the future seems problematic since current price
patterns, as analyzed in chapter 4, hardly reflect capacity constraints, given
that in the past substantial overcapacities existed in continental Europe. But
this situation will come to an end with the definitive closure of older units.
Therefore, future electricity prices and investments have to be treated
simultaneously, thinking of a transition towards a long-term price
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equilibrium. This basic idea will be developed in the following sections
starting with the static, deterministic long-term equilibrium in section 1. It
has been shown that this long-term equilibrium corresponds to the one
derived from the concept of peak-load pricing already developed in
regulated markets. Sections 2 and 3 deal with stochastic extensions to the
peak-load-pricing concept, with the focus being on short-term, i.e. mostly
load fluctuations in section 2, and on longer term uncertainties in section 3,
looking particularly at varying fuel (or emission) prices. Section 4 then
develops a backward induction approach, similar to those used in real option
approaches, to derive simultaneously dynamic stochastic price equilibria and
the value of different power plants in the long-term perspective. This
approach is then applied in section 5.

Companies will always attempt to shape their decisions with long-term
impacts so as to move from the short-term marginal cost curve to the long-
term marginal cost curve (see Varian 1992). The latter constitutes an
envelope and lower bound of all short-term (i.e. fixed capital stock) cost
curves (cf. Figure 9-1), since at different price ratios, the minimum costs
achievable at fixed capital stock will at best correspond to the minimum
costs achievable when the capital stock is flexible, too. The expression
“long-term” is therefore not associated with a precise time span but rather
designates a time span sufficiently long so that all restrictions through
existing capital stocks have vanished. If usual power plant lifetimes are
taken to be 40 years, then the long-term would be at maximum 40 years
away. But in virtue of the argument given above, the long-term equilibrium
will already influence the investment decisions of today.

Electricity, at least at the wholesale level, is a rather homogenous good.
Nevertheless, it has not a uniform price as discussed in chapter 4, notably
due to its non-storability and the resulting necessity for a supply and demand
balance at each single point in time. As shown in chapter 4, section 1.1, the
equilibrium price will at each point in time be equal to the marginal
generation costs of the last unit needed to fulfill the demand restriction. This
argument can be directly generalized to the long-term equilibrium case with
the slight, but important difference, that the last unit needed in the peak load
time, has not only to recover its variable generation costs but also its fixed
costs, because otherwise it would not be built. The same holds obviously for
the other generation technologies.
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1. STATIC, DETERMINISTIC LONG-TERM
MARKET EQUILIBRIUM - THE CONCEPT OF
PEAK LOAD PRICING
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Figure 9-1. Long-term cost functions as lower bound to short-term cost functions

Hence, the problem defined in Eqs. (4-1) to (4-4) for the short-term has
to be extended, making capacities not a right-hand side constraint but a
decision variable. This requires notably the inclusion of the (annualized)
capital costs into the objective formulation and correspondingly a shift
of the capacity parameters from the right to the left side of the inequalities:
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As in the short-term case, demand elasticity is assumed to be zero. It has
been shown (cf. e.g. Oren 2000 for a short summary) that the optimal
solution to the technology choice problems can be obtained graphically as
shown in Figure 9-2. In the lower part, the total (annualized) costs per MW

are plotted as a function of total annual operation hours

Figure 9-2. Graphical solution to the peak-load pricing problem

From Eq. (9-2), it is then obvious that (at time-invariant fuel prices):

Thus is a linear function in with the capital costs
representing the intersection point on the vertical axis and the variable costs

corresponding to the slope of the line. In the example depicted in
Figure 9-2, clearly technology 1 is the cheapest for operation duration
between 0 and technology 2 is cheapest between and and technology
3 is then the most economical for all operation times exceeding Since in
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the upper part, the load in all time segments t has been ordered by decreasing
values yielding the so-called load duration curve, this may be directly used
to determine the optimal installed capacity for each technology. Starting
with the highest load duration, the optimal capacity for technology 3 (the
baseload plants) is determined as the load level which is exceeded in at least

hours per year. In statistical terms, the of the load
duration curve is chosen as optimal capacity By similar reasoning, the
optimal capacity for technology 2 is determined as the difference between
the and the of the load duration curve.
And finally the peak load technology 1 has to have an equilibrium capacity
equal to the difference between the maximum load and the

A technology, which at all possible numbers of operating hours is more
expensive than another one, will not be selected as part of the efficient
portfolio. This is the case of technology 2’ in Figure 9-2: the cost curve is
throughout above the cost curve for technology 2, so it is said to be
“dominated” by technology 2 and it would be inefficient to use it. Formally,
a technology u’ is inefficient if

i.e., for all operating hours there exists another technology u (not
necessarily always the same) which is less costly than u. Such technologies
can be excluded a priori from the optimization problem at given prices.

As in chapter 4, section 1, prices are mathematically obtained as
solutions of the dual problem corresponding to the one formed by Eqs. (9-1)
to (9-4). By the same reasoning, as long as capacities are not scarce, at least
for one type of plant, prices will not exceed the variable costs of the last unit
used for satisfying demand. If the capacity constraint of the last unit gets
binding, then (shadow) prices will get up to the level of annualized
investment costs for the peaking unit (cf. Eq. 4-8). If several hours with the
same peak load level exist, the investment costs would be divided evenly
between these hours, but in the case of a single deterministic peak load hour,
this single hour would bear theoretically the whole capacity costs.
Graphically, the prices correspond to the derivative of the efficient cost
frontier and the price peak at hour 0 (or hour 0 to n) arises from the
step in the cost functions at t = 0, which corresponds to the capital costs of
the technologies.
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2. STOCHASTIC FLUCTUATIONS IN THE
ELECTRIC LOAD

The analysis presented in the previous section has been extended in a
series of papers starting with Brown and Johnson (1969) and including
Visscher (1973), Crew and Kleindorfer (1976), Carlton (1977) and Chao
(1983) to the case of stochastic demands. Albeit the historical starting point
has been utility planning, not all authors distinguish diverse technologies.
Therefore the subsequent presentation follows the treatment by Crew and
Kleindorfer (1976) and Chao (1983), which explicitly account for diverse
technologies.

Under uncertainty, the starting point is in general welfare maximization
in a partial equilibrium context instead of cost minimization, since
neglecting or negating demand elasticity leads automatically to a problem
setting, where it is optimal to provide supply capacities capable of coping
with any conceivable load, i.e. corresponding to the maximum load.

Welfare to be maximized includes consumer surplus plus total revenue
minus production costs. Some authors such as Crew and Kleindorfer (1976)
also include rationing costs to cope with cases where supply curtailment can
not be applied to those customers with the lowest willingness to pay for
electricity. Many authors including Brown and Johnson (1969), Crew and
Kleindorfer (1976) and Carlton (1977) formalize welfare as a function of
prices and capacities, looking then for the necessary (and mostly sufficient)
conditions for a welfare optimum. However, this conceptualization mixes
primal and dual variables from the outset, and the prices obtained are then
conditional on the preset capacities, hence not including capacity costs.
Therefore, the welfare functional and the maximization problem are
formulated in primal variables (production quantities and capacities

in the following and prices are derived as shadow variables, as in the
cost minimization problems dealt with in section 1 and chapter 4, section
1.Taking expectations over all possible values of the stochastic variables

(thus risk neutrality is assumed), the welfare functional to be
maximized is:

with the welfare in each scenario equal to:
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Thereby, is the value (willingness-to-pay) attached by the

customers to quantity of total electricity produced in a scenario with

stochastic value It thus corresponds to an inverse demand function.
are the operating costs per output and the annualized

investment costs. The restrictions can be included in the overall problem by
introducing the Lagrangian multiplier functions interpreted as the
shadow prices of supply at time t as a function of scenario and
which corresponds to the shadow prices of the capacity restriction at time t.
Maximizing is then equivalent to maximizing the

Lagrangian with:

Thereby, the Kuhn-Tucker conditions:

have to be fulfilled.
As necessary conditions for an optimum, we get under mild regularity

conditions, applying the principles of variational calculus:
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From Eqs. (9-19) and (9-20) and the Kuhn-Tucker conditions (9-17), it
follows, given the non-negativity of the shadow price that:

meaning that the willingness-to-pay of the customers must at least equal the
marginal costs of a unit in those periods when the unit is running.
Consequently, the units will again be dispatched according to the merit order
by increasing operation costs, yet not until a prespecified demand is fulfilled,
but rather until the marginal costs of the last running unit equal the marginal
willingness-to-pay at an endogenous output level (cf. Figure 9-3).

is independent of the unit considered and may be represented
graphically as an intersection between supply and demand curves. Thereby
the supply curve is formed by the ordered and cumulated individual
capacities, given that the inverse demand function is expressed as a function
of cumulative production.
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Figure 9-3. Shadow prices in welfare maximization under uncertainty

From Eq. (9-19), the price at given may also be written:

Thereby, it is (without limitation of the generality) assumed that the units
u are ordered by increasing operational cost from 1 to û and the cumulative

capacity up to unit u is defined as:

If the inverse of the willingness-to-pay function V with respect to
quantity is additive:
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the case differentiation in Eq. (9-25) can be expressed directly in terms of
the distribution of using Eq. (9-20).

The ex-ante average price, which should be charged to customers, is then
obtained through integrating over the distribution of

Thus, the optimal ex-ante price is composed of three components:
a weighted average of the variable costs of the different plants, each plant
being weighted with the probability that it will be the last plant needed
for the supply-demand balance in the time segment considered
the probability weighted shadow prices for the different cumulative
capacities which are paid before the next unit is put online
the probability weighted shadow prices of the total installed capacity

i.e. the capacity rents obtained on total installed capacity

1.

2.

3.

The deterministic case with inflexible demand is contained as special
case in Eq. (9-29). In that case, the variable costs of one single plant are
retained with probability 1 in the first term, the probability for all other terms
being zero. The second term vanishes due to demand inflexibility and the
third term is zero in all periods except the peaking period, where it is set so
that the investment costs of the peaking unit are recovered. In the stochastic
case, the investment costs for the peaking unit are recovered through the
summation over all time steps of the probability weighted capacity rents
generated during these time steps. From Eq. (9-21) one gets, taking into
consideration Eq. (9-25):
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In view of the third case of Eq. (9-28) (in the others, the peaking unit is
not producing), we obtain:

Using the equality (9-20) of shadow price and willingness-to-pay V
and the additive decomposition (9-27) of the inverse willingness-to-pay
function this yields:

At given deterministic demand functions stochastic distributions

and costs and this provides a single equation for determining the

total installed capacity given the cost characteristics of the peaking

unit. In general, this equation may only be solved numerically for

The right-hand side of Eq. (9-32) is monotonously decreasing in

since the integrand is decreasing and the lower integration bound is

increasing in Thus, Eq. (9-32) has at maximum one solution for

The case of no solution at all will only appear if even at zero installed

capacity the willingness to pay is so low that the sum of running

and investment costs is not covered and consequently no electricity at all is
produced. This seems hardly relevant in practice.

A similar equation as (9-32) can also be derived for the cumulative

capacities for the other units u, taking into consideration all three cases

of Eq. (9-28):
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Each term in the summation of Eq. (9-33) corresponds to the intersection
of the willingness-to-pay function V with a different segment of the
cumulative supply function (cf. Figure 9-3). The integration bounds describe
the conditions to be fulfilled by to match this case (corresponding to the
bounds set in Eq. 9-28), whereas the integrand then gives the value of the
shadow price in this particular case, corresponding to the marginal
supply price minus the operating cost of the unit u considered. Equation
(9-33) can also be written recursively, yielding:

Thus the differences in investment costs between technology u and u+1
have to be refinanced through the corresponding savings in operation costs,
when both u and u+1 are running (second term) plus the capacity rent
obtained in those cases when the capacities of u are fully used but the
willingness-to-pay does not permit to operate also u+1 (first term). From Eq.
(9-34), the installed cumulative capacities up to unit u can be determined
recursively, starting with the peaking unit û and working backwards to the
baseload unit 1. For each u, Eq. (9-34) has again to be solved numerically.
The capacities for the technologies themselves can then obtained by simple
subtraction:
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The deterministic, price-inelastic case again is contained as a special case
in Eq. (9-34). The first integral vanishes in that case since lower and upper
integration boundary coincide and for the evaluation of the second the Dirac
impulse as a limiting distribution for the density function is taken (cf.
chapter 4). Then the second integral equals 0 if the cumulative capacity

exceeds current demand and corresponds to the difference in

operation costs otherwise. Thus adding up over all time steps yields:

with the operation hours left for the more expensive unit u+1, once

capacity of cheaper units has been deployed. As can easily be verified,

Eq. (9-36) precisely describes the location of the intersection point between
the cost curves in the middle part of Figure 9-258.

3. STOCHASTIC FLUCTUATIONS IN THE
PRIMARY ENERGY PRICES

Besides uncertainties in the load, the long-term market equilibrium is
also affected by fuel price uncertainty59. Fuel prices affect the operation costs
of the plants, and thus both prices and optimal capacities in a long-term
equilibrium depend on observed or expected fuel prices (cf. Eqs. 9-29, 9-34,
9-36). Fuel price uncertainty arises especially in the longer run, thus in the
following no uncertainties within the planning period are considered. Rather,
fuel prices - and consequently operating costs – are considered as equal in all
time segments within the planning year considered.

Two basic cases for the information-decision structure can then be
envisaged: in the first case, prices for fuels are revealed before the decisions
on capacities are made. In this case, for each fuel price scenario, different

58

59

Another particular case, which is also covered by the general stochastic model, is peak-
shifting. Peak-shifting arises in the model especially when it is specified as a deterministic
model but with elastic demand. Contrarily to section 1, allocating the whole capacity price
to the peak segment would then depress the demand in this segment so far that it would
fall beyond the demand in other time segments. According to equation (9-23), the price in
each time segment will rather take into account the capacity rent obtained by each unit
even outside the peak period.
Furthermore, uncertainties on plant availabilities may also affect the long-term market
equilibrium (cf. Figure 3-1). But these shall not be considered in detail here.
Technological uncertainties have already been discussed in section 8.
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optimal capacities are determined with the same methods as used in section
1 or section 2. Less obvious is the situation in the second case: investment
decisions are made before fuel prices are revealed. This corresponds to the
actual situation given the considerable lead times between decisions to invest
and first power production in the new plant.

In this case the basic analysis carried out in the previous section is still
valid, especially the welfare functional and the first order-conditions derived
in Eqs. (9-14) to (9-23) are unchanged, except that now the operation costs

have to be written as a function of the stochastic variables
corresponding to the stochastic part of the fuel prices For the market
price, the following conditions analogous to Eq. (9-28) are then obtained:

Here, an unambiguous ordering of the different units according to their
operational cost is not always possible. Depending on the scenario varying
units are possibly most expensive (or cheapest). This is expressed by making
the indices of the preceding unit u-1, the succeeding unit u+1 and the
peaking unit û conditional on the scenario

Correspondingly, the ex-ante average price that should be charged to
customers can only be obtained by integrating over the stochastic vector
and by inverting the sequence of integration and summation compared to Eq.
(9-29):

Since the peaking unit is not known with certitude, the second and third
summation terms in Eq. (9-29) have also been condensed into one term.

This term also corresponds to the capacity rents used to recover the
investment costs. In analogy to Eq. (9-33), one gets:
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This multiple integral is obviously not easily solved in the general case.
Only in the case when the fuel price changes do not lead to changes in the
merit order, a similar recursive procedure to the one described in section 2
can be used. If the (small) consequences of changes in operation costs on
total demand are disregarded, the optimal investment capacities may even be
determined by using average fuel prices:

Thus, fuel price uncertainty can be neglected in the case of no shifts in
merit order and inflexible demands and instead the average expected values
of operation costs may be used. Since the probability for reversals in the
merit order is usually very limited for short and medium term time lags
between investment decision and operation, a use of Eq. (9-34) is justified
for computing static “long-term” market equilibria under fuel price
uncertainty. But these equilibria are long term only in the sense that they do
not treat capital investments as fix but as variable. They do not reflect the
longer run risk of price changes, which may decrease the profits for any
envisaged investment over its lifetime. The dynamic model of the next
section will deal with these effects.
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4. DYNAMIC STOCHASTIC LONG-TERM PRICE
EQUILIBRIA - A BACKWARD INDUCTION
APPROACH

The major market risk for any power plant investment in the longer run is
that fuel prices (and/or technology) develop in a way that a once-built power
plant is not competitive any more. Thereby two cases have to be
distinguished: one possibility is that the technology is no longer part of the
efficiency frontier at all. Another is that the range of efficient operation
hours (and consequently the optimally installed capacity) of the technology
decreases. In both cases, the capacities already installed can still be operated,
but they have to accept a reduced operation margin (cf. Figure 9-4).

Figure 9-4. Impact of primary energy price changes on competitiveness of generation
technologies and resulting return on investment

Yet, if on the contrary the range of efficient operation hours increases,
this does not induce any extra profit for units already installed. It creates
rather an incentive to install more units of the same type. Hence, if such a
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fuel price uncertainty exists, the owner of the power plant will require a
higher return on investment in the first period as compensation for the risks
incurred in later periods.

But in order to derive valuable results for the single investor, it is
obviously necessary to treat the whole industry equilibrium. Dixit and
Pindyck (1994) develop general methods to deal with the investment-price-
equilibrium under uncertainty at the industry level and they also treat several
application examples taken from the electricity industry, but they do not
analyze the practically relevant setting which includes simultaneously fuel
switching, fuel price uncertainty and endogenous output prices.
Obviously, in this setting an analytical solution to the dynamic price-
investment equilibrium is hardly possible, given that fuel switching turned
out to complicate already the static case of section 3. Therefore a numerical
approach is developed in the following. Firstly, the general problem
formulation is given in section 4.1, then an illustrative example is discussed
in section 4.2 and a general solution methodology developed in section 0.
Finally a larger application is described in section 5.

4.1 Basic problem

Dixit and Pindyck (1994) derive the industry equilibrium from an
analysis of the optimal decisions of individual firms. But they then show that
the industry equilibrium is also welfare optimal. Therefore, an equivalent
approach is to formulate the welfare optimization problem for investment
under uncertainty. As in most of the analysis of Dixit and Pindyck, issues of
market power are neglected in the following. As starting point the stochastic
but static problem formulations discussed in the previous sections are taken.
To simplify somewhat, demand uncertainty and demand price elasticity are
neglected as in section 1 and 3, so that the problem of welfare optimization
is equivalent to a problem of cost minimization.

In the dynamic setting, now a double time index has to be considered: the
first one, labeled T, is running over the planning periods and the second one t
is running over the hours within the planning period. Furthermore, a scenario
index s has to be added to distinguish the different possible states of the
world (reflecting notably different fuel prices).

Formulating the problem in discrete time in view of a later numerical
treatment, the cost function to be minimized is (analogously to Eqs. 9-14 and
9-15):
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Hence the sum of the costs for operating the system in the current period
including necessary investments plus the probability weighted sums of
minimal costs for the subsequent periods are minimized under the capacity
and the load constraint for each time segment. The third side constraint

describes the evolution of total capacities per plant type u as a

result of investments and scrapping For

scrapping, different rules can be envisaged, such as the exponential decay
and the finite lifetime (“sudden death”) rules considered by Dixit and
Pindyck (1994), or the logistic vintage specific decay rule investigated by
Schuler (2000).

In view of a flexible implementation, the duration of the planning
period T can be one year or more, assuming that operation during these years
is similar. The present value factor is therefore used in Eq. (9-35)
as a multiplicative factor on the operation costs. The general definition used
here is:

This allows to use directly the factor for discounting from the
period T+1 to T. If the scenarios s, s’ etc. span up the total uncertainties in
the decision problem and if the outcomes in the different scenarios can be
hedged perfectly on the financial markets, then the interest rate should be
set equal to the risk free interest rate. In all other cases one might chose a
higher in order to represent unaccounted risk factors and/or risk aversion
of the decision makers (cf. Dixit and Pindyck 1994). A lower (going
possibly as low as 0) may be justified in cases where natural resource
depletion and intergenerational welfare considerations are included (cf.
Pearce 1998).
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To complete the recursive problem formulation, the cost function (9-35)
has to be complemented by the formulation of the optimal cost function

Equations (9-37) and (9-35) taken together provide a Bellman equation
which can be used for solving the optimal investment problem through
backward induction.

In order to obtain a unique solution, terminal conditions have to be added
to the problem. Furthermore the state variables have to be looked at in more
detail, to be able to make a meaningful numerical discretization. The issues
arising here are discussed first on the two-stage example in the next section,
before a general solution approach is proposed.

4.2 Two-stage example

For illustrative purposes a two-stage problem with three technologies is
considered:

A gas turbine with 25 % annual efficiency and 230 /MW investment
costs
A gas-fired combined cycle plant with 57 % efficiency and 430 /MW
investment costs
A coal-fired plant with 43 % efficiency and 1000 /MW investment costs
Since gas prices are much more volatile we limit ourselves to the

consideration of gas price risk. Therefore a binomial tree as shown in Figure
9-5 is constructed, considering one single scenario for the first stage and two
for the second. The initial gas price is taken to be 12 /MWh and it is
expected to rise either to 18 /MWh or to decrease to 6 /kW. The coal price
is assumed to be 6 /MWh throughout. Figure 9-5 shows the cost curves and
the installed capacities obtained under these assumptions for the static long-
term equilibria in the different nodes. Clearly, the coal technology is
dominating in the base scenario and even more in the high gas price
scenario, whereas it is inefficient in the case of low gas prices. Thereby a
discount rate of 4 % is used and the lifetime of all plants is assumed to be 40
years, yielding an annuity factor of 0.0505. The peak demand is assumed to
be 80,000 MW and the minimum (baseload) demand is set to 20,000 MW.
Within this range, the load duration curve is assumed to be linear, so that
differences in operation time directly translate into differences in load resp.
capacity.
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Figure 9-5. Scenario tree for two-stage stochastic investment problem and static equilibria in
the nodes

The stochastic cost minimization problem for the first stage can then
readily be written using Eqs. (9-37) and (9-35):

The results will obviously depend on the initial endowments on

the assumed decay function and on the cost function

for the second time step. For this second and final time step, the
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following basic alternatives for the formulation of the cost function may be
envisaged60:

Neglect of costs in subsequent periods,
Static, deterministic formulation of the cost minimization problem in the
final period,
Fixed point solution to an infinite horizon stationary stochastic
optimization problem.
The first solution is clearly not very satisfactory, since it implies that

investments in the second time step have to earn all their pay back within the
second period and this biases clearly the second stage decisions towards
those with low capital costs. The second alternative will also tend to bias
investment decisions away from flexible, low risk alternatives towards those
privileged by conventional net present value calculations. But it is a clear
improvement over the first approach. The third solution (cf. Dixit and
Pindyck 1994, p. 253f) is theoretically most convincing. But it requires
stationary price processes - which is according to the models derived in
chapter 4 mostly not the case for primary energy prices. And even if prices
are stationary, the solution to the fixed point problem is in general tedious to
find, given that a shortcut like the one used by Dixit and Pindyck is not
available in most cases. Therefore, the second alternative is pursued in the
following.

This leads to the following optimal cost function for the second stage:

Thereby the investment costs for the capacities installed in the second
period are reduced by the share 61. This share
corresponds to the capital pay back to be obtained in the remaining lifetime

60

61

cf. e. g. the discussions in Kühner (1999) and Rüffler (2000) on terminal constraints in
linear programming formulations of optimal investment problems.

An equivalent approach is used by Rüffler (2001) in his linear programming
model.
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after the end of under the assumption that the yearly capital pay back is
constant, i.e. the technology does not get inefficient after the end of the
planning horizon.

Besides this assumption, also the initial capital stock and the

decay functions and will influence the results

obtained. For the finite lifetime assumption, which is a popular choice for
decay functions in energy system models, an additional complication arises
given that the function value is not only dependent on the total capacity
installed at time 0 resp. 1, but also on when this capacity was installed. Thus,
the status variables to be tracked in the backward induction approach are not
solely the total installed capacities by technology, but rather the installed
capacities by technology and vintage. The same holds for the vintage
specific logistic decay model used by Schuler (2000) and other general
decay functions used in general energy system model formulations (cf. e.g.
Kühner 1996, Rüffler 2001). In the exponential decay model, on the contrary
the capacity available at T+1 only depends on the capacity available at T and
the decay parameter Yet this assumption seems not very realistic in a
world with evolving technologies and subsequent scrapping of the
technologies according to their vintage.

Yet a lower bound for the costs can certainly be derived by assuming that

so that all capacity is chosen with at least the information of

available. Implicitly the use of information at corresponds to the
assumption that the period has a duration as long as the lifetime of the
longest-living installation, so that the capital stock has been entirely renewed
during From the end of to the end of capacities installed in will
then continuously be scrapped. The average decay factor for is then the
average share of capacity scrapped over all the years within This setting
is labeled “with anticipation and full adjustment”, since all capacity is freely
chosen at with anticipation of the price distribution at

An upper bound for the costs is obtained by assuming that the initial

capacity is either known from historical data or chosen with myopic

foresight under some operation costs This setting is labeled “without
anticipation and partial adjustment” since the initial capacity choice does not
account for the future price distribution. The difference between the upper
and the lower bound on costs then has a clear interpretation as costs of
limited adjustment.

The results obtained for the example under study are summarized in
Table 9-1. It turns out that the optimal capacity choice in period 1 comprises
considerably more capacities in combined cycle plants in both settings than
in the static long-term equilibrium of period 1, 43.4 resp. 42.6 GW as
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compared to 38.5 GW in the static case. This reflects clearly the potential
usefulness of combined cycle plants in the low gas price scenario.
Conversely, the coal capacities are with 31.9 resp. 32.2 GW lower than the
37.5 GW in the static case. The anticipation at stage 0 of what will happen at
stage 2 clearly makes not that much a difference on the results. Much more
important are the values of key parameters like gas price volatility, interest
rate and gas price level. Their impact is illustrated through the parameter
variations shown in Figure 9-6 to Figure 9-8.

For low gas price volatility, the attractiveness of coal fired plants
increases, since this capital intensive technology is then less likely to
become an inefficient technology in period 2 (cf. Figure 9-6). But from a
volatility of 30 % onwards, the share of coal fired power plants remains
constant in the setting with partial adjustment. This is due to capacity built
up under myopic expectations in period 0 and which is not scrapped in
period 1. Yet no new coal capacity is built in period 1 in these cases. If the
full capacity can be adjusted in period 1, the share of gas fired plants is
increased at higher volatilities since the risk in period 2 is comparatively
lower for the gas-fired plants given that these are less capital intensive than
the coal-fired plants.
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Figure 9-6. Impact of variations in price volatility on installed capacity at the first stage in the
two stage decision example

Figure 9-7. Impact of variations in average gas price on installed capacity at the first stage in
the two stage decision example

If the average gas price is decreased, the gas technology may become
efficient in period 1 even for base load operation (cf. Figure 9-7). This is the
case for a gas price of 10 /MWh, where the share of coal fired plants is zero
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independently of the methodology used. Here coal plants are only installed
in period 2. But in the case with full flexibility at stage 1, no coal plants are
installed either at a price of 11 /MWh, since they might incur heavy losses
in period 2. At higher prices, the share of coal plants gradually increases and
the share of gas-fired plants decreases. But the combined cycle plant still
remains an economically viable alternative for medium load factors, thus it
does not disappear completely.

Figure 9-8. Impact of variations in interest rate on installed capacity at the first stage in the
two stage decision example

Besides the gas price, the interest rate also exerts a considerable impact
on technology choice. As shown in Figure 9-8, a 10 % interest rate will lead
to a complete abandonment of the coal technology in period 1, if full
flexibility is given. By contrast, at zero interest rate, about 70 % of the
installed capacity is in coal-fired plants. For the further analysis one should
be aware that by dealing explicitly with price risks, one major source of
uncertainty is already covered and thus the rationale for using high discount
rates is not that convincing. The results given in Figure 9-8 also point at the
fact that lumping together all risks and tackling them through an appropriate
choice of the discount rate is not likely to provide the same results as a
separate treatment of price risks. This is notably true since the price risks
affect the different technologies in a rather different way.
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4.3 General solution approach

Of course a possible generalization of the approach outlined in the
previous section to a multiple stage setting is to formulate a stochastic
program encompassing all the future time steps and possible scenarios.
However due to the “curse of dimensionality” this approach may rapidly
lead to very large and unsolvable problems. An alternative is to decompose
the problem, either exactly or using an approximation. Here an approximate
decomposition is proposed which allows obtaining accurate and interpretable
results without the computational effort required to reach a consistent overall
solution.

The basic idea is to work backward through the scenario tree as in option
valuation approaches and in dynamic programming. For each node a two
stage optimization problem is formulated, so that the uncertainties of the
next planning period are explicitly taken into account (cf. also chapter 6,
section 5). The question is then how to cope with the uncertainties at the
further decision stages in an at least approximate way. Before giving a
formal solution to that problem, a non-formal interpretation is sketched. In
fact the decision variables of interest are the capacities to be built at the first
stage. The choice of technology at this stage will depend on the fuel prices
and other uncertain factors observed at the first, second and further stages,
since the earnings accruing from the use of these technologies are distributed
over the whole lifetime of the power plant, and the overall cost minimization
implies choosing the technology portfolio with the lowest (discounted)
lifetime costs. In fact, according to the no-excess profit condition for
competitive and efficient markets in neo-classical models (cf. e.g. Shoven,
Walley 1992, Böhringer 1996), the investment costs of each technology will
in the optimum exactly be covered by the (expected) sum of all operating
margins, i.e. differences between prices and operating costs, over the
lifetime. The operating margins in the first and second stage are included in
a two-stage optimization procedure but what is missing is information on the
expected operation margins at the third and subsequent stages. These have to
be obtained from the solutions of the two stage problems at the next stage
(cf. Figure 9-9).

In fact the expected operating margin will depend on the previously built
up stock of the technologies considered. As illustrated in the beginning of
section 4 (cf. Figure 9-4), the operating margin is lowered for an inefficient
technology and it is also reduced for a technology of which more than the
optimal share is installed.

Formally, the operation margin is introduced through a primal
decomposition of the optimization problem. The dynamic Eq. (9-35) is first
extended to cover explicitly two stages:
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Figure 9-9. Backward induction for investment decisions
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The cost function for the stages T+2 and onwards is

in turn the outcome of an optimization involving a large number of further
decision variables. But for the decisions under study it is sufficient to

consider its dependency from the capacity variables Therefore

instead of the cost function the operating margin

is used which has opposite sign and does not include any costs related to
periods beyond T+1. The objective function can then be written:

is the value of investments undertaken in T+1 (or earlier) during

period T+2 and later. It is dependent on the initially installed capacities

in T+1. Since it is itself the result of an optimization calculus it

can be shown to be concave in For any other the

following inequality thus holds:

Thereby is the (vector of) Lagrangian multipliers of the

capacities restrictions involving in the sub-problem for

The inequality (9-42) is hence an approximation to the

true function and combining several such inequalities

will yield a concave hull for the function (cf. Figure

9-10). Combining such inequalities with the objective function (9-41)
corresponds to a Bender’s decomposition (cf. Benders 1962, e.g. also

Nemhauser, Wolsey 1988). By solving the sub-problem on for

several starting points the true function may be approximated by
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a series of so-called cuts (the straight lines in Figure 9-10). These cuts
constitute an upper bound to the true value of the operational margin as a

function of the initial capacities

Benders’ decomposition has been applied to electricity planning
problems in the short-term notably by Pereira and Pinto (1991), but also by
Jacobs et al. (1995) Morton (1996) and Takriti et al. (2000). The stochastic
dual dynamic programming approach developed by Pereira and Pinto (1991)
precisely uses a series of nested Benders cuts to approximate the water value
in hydropower scheduling.

Figure 9-10. Approximation of the operational margin through a series of Benders cuts for
different initial endowments

As Pereira and Pinto do, the proposed approach also does not aim at
determining the exact solution to the multi-stage problem, but only an
approximate solution achievable through backward induction. But in
contrast to the approach of Pereira and Pinto, it is proposed here to use a
two-stage stochastic program to determine the expected operational margin.
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By modeling two stages explicitly the approximation obtained for the cutting 

identify initial values for computing the cutting planes.
plane should be much better than if Monte-Carlo simulations are used to

But still several choices are possible for the initial capacities at the
beginning of each two-stage planning problem. Here two obvious choices
are considered as in the two-stage example:

No initial capacities except those already existing at the initial stage
and not scrapped up to in this case the capacities are chosen optimally
given the information available at the first decision stage The system
costs obtained in this setting are a lower bound to the overall system costs
since any earlier decision deviating from the optimal decision with
information available at will cause an increase in costs for stage and
possibly for subsequent stages.

Preexisting capacities chosen at stage under myopic expectations:
this will provide an upper bound to the expected system costs since it is a
simple decision rule which takes into account current information without
attempting to anticipate beyond current price. It does not take into account
the information available at time or a priori expectations but it is the
minimum level of analysis which each decision maker will usually perform.

For the uncertain variables (prices and possibly loads or political
decisions), a lattice of possible scenarios is built as described in chapter 6,
section 5. Then the two stage optimization problem is solved for each node
in the lattice, starting from the last period considered. For the last period, as
described in section 4.2, a deterministic, static price scenario is assumed. For
the preceding time steps, the two-stage model is solved using the Benders
cuts from the following time step to approximate the operating margin
obtainable at the subsequent stages.

An advantage of the approach developed is that it may be adapted to
different ways of modeling the operation within one year and the resulting
operation margin. Simpler models than the peak-load pricing model can be
used within one year but also more complex approaches. Notably the
fundamental linear programming model developed in chapter 4 to describe
the short-term operation can be used to simulate the plant operation within
each period. This allows notably including the effect of hydro storage
scheduling, start-up costs or other operation restrictions.

5. APPLICATION

The developed methodology is applied to the case of investments in the
German electricity market. In the following, the key characteristics of the
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system investigated and the data used are discussed in section 5.1, then the
results obtained are discussed in section 5.2.

5.1 Case study analyzed

In order to cope adequately with the characteristics of the power plants
installed in Germany, the fundamental short and medium term model
described in section 4.3 is taken as basis for modeling the system operation.
Hence, demand fluctuations and plant operation are modeled in the same
way as they are in the shorter term horizon. This allows for considerable
synergies notably with respect to data collection and handling but also for
the model equations.

The load duration curve is represented as before by 144 time segments,
with each one representing at most 90 hours. The dynamic constraints
linking different hours are taken into account in this approach, allowing to
model start-up costs, hydro storage and minimum operation and shut-down
times as explained in section 4.1 and section 4.3.2. In order to limit the size
of the model, the interconnections with the European neighboring countries
are however neglected in the current version of the long-term model.

Furthermore the focus is on modeling the impact of price uncertainties on
the optimal investment choice and therefore electricity demand is assumed to
remain constant over the planning horizon (In Germany, it has increased by
less than 1 % p. a. on average during the last decade, cf. chapter 3). Also
technological and political uncertainties, which are currently of considerable
importance, are not directly included into the model. For modeling fuel price
uncertainty, the fuel price model developed in section 4.3.1 is taken as basis.
1000 simulation runs are carried out which are then aggregated to 15 price
scenarios per time step for the stochastic model. Since the estimated fuel
model focuses on the changes of (short-term) price changes as explained
variable it will however not necessarily provide good long-term forecasts.
Rather fundamental analyses should be used to estimate the most likely
longer term evolution of fuel prices. Such analyses have been carried out
notably for the European Commission using the POLES model (cf. Criqui
1996). But also for the Enquete Commission of the German Bundestag on
“Sustainable Energy Supply in the Context of Liberalization and
Globalization” such likely price scenarios have been identified (cf. Enquete
Commission 2002, Fraktionen von CDU/CSU und FDP 2002). These price
scenarios are used here to define the general development, whereas the
fluctuations around this trend are taken from the stochastic model. Given
that the stochastic model is formulated in logs of prices, the mean
logarithmic price path is calibrated to the pre-specified scenario. The
corresponding development of the median energy prices is plotted in Figure
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9-11 for the most important energy carriers. Gas prices are hence expected to
decrease relatively to their year 2000 level until 2005, but afterwards prices
are projected to increase at an average annual rate of 1.5 %. For the other
fossil fuels rising prices are also expected as a consequence of increasing
resource scarcity, notably of oil and gas. The price of nuclear fuels is by
contrast taken as constant on average62.

The other energy carriers by contrast are more stable and exhibit mean
reversion. Given the extreme price spikes simulated for gas prices, the mean
value is also considerably bended upwards, whereas the median value, i.e.
the value not exceeded in more than 50 % of the simulated price paths is
growing much less.

Figure 9-11. Median price paths for energy carriers for the stochastic investment model

The observed gas price development until September 2002 is also shown
in Figure 9-12, indicating that so far the optimistic expectations on declining
gas prices have not been fully met by the reality.

62 Note that investments in nuclear energy have, contrarily to the current policy of the
German government, not been excluded a priori in the following analysis. Of course,
investments in nuclear power plants require a detailed analysis of the technical and
environmental risks associated with this technology, which is beyond the scope of this
book. In a comparative analysis then obviously also the risks of other technologies (e.g.
climate change) have to be assessed.
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For investment in electricity generation, the key alternatives summarized
in Table 9-2 are considered. Distributed and renewable technologies are not
included here since it is expected that they will only contribute substantially
to electricity generation in the next decade if they are supported and
subsidized through specific political instruments. The introduction and
modification of the corresponding political instruments clearly contributes to
increasing the uncertainty for conventional electricity generation
investments, by notably increasing the uncertainty on the load to be covered
by conventional plants. But for the promoted technologies the uncertainty is
usually reduced, in the case of fixed feed-in tariffs (as currently applied e.g.
in Germany, France and Spain) the market price uncertainty is even fully
eliminated63.

Figure 9-12. Upper and lower bounds, median and mean values of price paths for gas and
coal

As shown already in section 4.2, the choice of the interest rate has a key
impact on investment valuation. Also in recent applications to energy
investment issues a broad range of interest rates has been applied. Grobbel
(1999), following Bunn et al. (1997) uses for example a real interest rate of

63 Whether such a risk elimination (or rather risk transfer) provides adequate incentives for
investments has to be analyzed in some detail, but such an analysis is beyond the scope
of the present book.
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12 % p.a.. Frometa et al. (2000) applies a nominal interest rate of 11 % and
real interest rate of 8 % for valuing power plant investments whereas the
scenario calculations for the aforementioned Enquete commission have been
done using a (real) interest rate of 4 %. Even a real interest rate of 3.5 % has
been recently used to evaluate climate change policies in Germany (cf. Fahl
et al. 2003).

For an appropriate choice of the interest rate, the various risks associated
with power plant investments have to be analyzed and if possible
corresponding market risk prices have to be identified. Notably the
following elements will influence the selection of an adequate discounting
factor:

market interest rate for “risk free” assets,
credit risk (counterparty risk) associated with the investor and
corresponding mark-ups on interest rates for loans,
share of equity (own capital) required for the investment and the
remuneration of this capital,
technical, financial and other project risks,
market price risks,
market quantity risks.
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Give n the current morose economic situation, the market interest rate for
short-term loans from central banks is at historical lows, in the Euro zone it
has been fixed to 2 % (in nominal terms) since June 6, 2003, whereas in
preceding years it turned around 2.5 % to 5 %. But for power plant
investments the short-term interest rate certainly is not the correct reference
value, rather the interest paid on long-term government bonds should be
taken as a reference. This is currently in Germany at about 5 % p.a. for a 10-
year bond (cf. Deutsche Bundesbank 2003). Since more than one year
annual inflation has been at around 1 % p. a. in Germany (cf. Statistisches
Bundesamt 2003) and no major changes are anticipated, so that the
corresponding real interest rate is around 4 % p.a.

The credit risk associated with utilities has lead to a mark-up of between
0.75 % and 1 % p.a. on recent obligations emitted by German utilities RWE
and EnBW (Leuschner 2001, Leuschner 2002) compared to governmental
bonds. However this is the risk associated with vertically integrated utilities
which have also important assets in the regulated grid business. Thus for the
valuation of power plant investments in a competitive market environment
rather the upper bound should be used, leading to a company debt interest
rate of 5 % p.a. in real terms.

A conventional estimate on own capital requirements for companies in
Germany is 20 % (equity-to-assets ratio). Among the large utilities, E.On
and Vattenfall Europe are currently the only ones to exceed this share
slightly with 22 % resp. 21 % (cf. EnBW 2003, E.On 2003, RWE 2003,
Vattenfall Europe 2003). Yet for the risky power plant investments such a
share may well be required also by borrowers (cf. Frometa et al. 2000). In
line with the CAPM approach (cf. e.g. Ross 1977), this capital should be
remunerated with an excess return depending on the market price of risk and
the correlation between general market risk and company risk.
Unfortunately, no robust results are available for such a valuation and a
rather broad range of empirical results may be expected as shown by
Hartung (2002) for the case of insurance companies. But as a first
approximation, a 10 % return on equity in real terms seems adequate.
According to the weighted capital cost approach (WCCA), this leads to an
average capital cost of 6 % p. a. in real terms64.

These capital costs still do not include risk premiums for project specific
risks, notably that technical and economic targets are met during
construction and operation and that no premature failures occur. Partly these
risks are covered by insurance premiums paid by the power plant operator

64 RWE (2003) uses a hypothetical equity-to-assets ratio of 40 % to derive a nominal
WACC of 10 % for its electricity division.
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and the construction company (which are included in the fixed operation
costs), but still some risks have to be born by the operator himself. Here an
average risk premium of 1 % p. a. is estimated, with certainly a larger part of
the risk occurring at the front end during the construction and
commissioning phase65. This leads to an overall real discount rate of 7 % p.
a. to be applied to power plant investments, or 8 % in nominal terms at
current inflation rates in Germany.

Market price risks are dealt with explicitly in the approach developed
here and should therefore not be incorporated in the discount rate. The
quantity risk for annual electricity demand is also limited, given that
electricity is nowadays at least in industrial countries a basic good with few
substitutes. As indicated in section 3.2, demand growth rates have fluctuated
in the last decade but have only been negative under the specific
circumstances of German reunification. Also they never exceeded 7 %, so
that the longer term quantity risks on the demand side seem manageable.
More substantial are the risks on the supply side arising from additional
generation built under the renewable energy law (EEG). But this politically
induced uncertainty shall not be considered in the following, since it is rather
difficult to quantify.

5.2 Results

For the described system, the results depicted in Figure 9-13 are obtained
for the year 2005. Obviously, the optimal investment decision for most
scenarios is not to invest at all. Only in the case of low gas prices,
investment in new gas-fired plants is undertaken. This is especially true for
scenario 3, where at the same time the coal prices are rather high. To a lesser
extent, this applies also to scenario 6.

The installed new capacities vary broadly between scenarios, indicating
that partly existing plants, which have not come to the end of their technical
lifetime, are replaced because they are no longer part of the efficiency line.
One might notice that at the price level of October 2002 (about 12 /MWh),
no investment into new generation would occur according to the model and
that gas power plants will only be considered, if the fuel prices are indeed
decreasing until 2005 as expected by the Enquete Commission (2002).

65 This approximation of technical risks is obviously rather crude and should be detailed in
further analyses. Especially for nuclear energy, the results of numerous risk analyses (E.g.
GRS 1979) have to be taken into account and the ethical and social acceptability of
investments has to be considered in addition to market-oriented analyses like those
presented here.
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Figure 9-13. Development of investment and fuel prices in different scenarios in 2005

Figure 9-14 gives the corresponding results for the year 2010. Here
investment occurs in all scenarios, albeit to a varying degree. In scenario 2
with low gas prices and high other fuel prices, large investments occur again,
leading to a replacement of existing power plants by gas combined cycle
plants. Investment in gas turbines hardly occurs in these scenarios, indicating
that the current number of peaking units still will be sufficient in 2010. Also
coal and lignite plants are not chosen for investment, independently of the
scenario. By contrast, investment in nuclear power plants is the preferred
investment alternative in five scenarios with a total probability of 29 %.

The development in the subsequent years is shown in a more compact
form in Figure 9-15. Here the probability-weighted averages of the optimal
stock of new power plants in the different scenarios are indicated. Up to the
year 2020, gas combined cycle plants dominate among the newly built
plants, but under the specified price scenarios the investment shifts after
2020 gradually towards nuclear power plants. Coal and lignite plants do not
appear as part of the efficient solution for the given data set.
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Figure 9-14. Development of investment and fuel prices in different scenarios in 2010

Figure 9-15. Development of the optimal stock of new power plants between 2005 and 2040
averaged over scenarios
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Since there is no unique development path, the actual development is in
fact not predictable. Also the probability-weighted average is mainly
intended to give an idea on the direction of the development “in the mean”.
But as the longer term decisions need not to be taken today, it is also not
necessary to provide unique answers at this stage – instead it is important to
value flexibility correctly in such a decision setting under uncertainty. That
the uncertain future developments have an impact on the decisions is
illustrated through Figure 9-16. Here the optimal stock of new power plants
is shown, which is obtained if decision making under certainty is assumed.
Thereby the price development corresponds to the mean of the uncertain
price scenarios. Taking away the uncertainty shifts the investment towards
capital-intensive nuclear technologies from 2015 onwards. In 2010 some
investment is clone in gas combined cycle plants, but the investment level is
lower than in the baseline case. This is because the model anticipates the
increasing gas prices, which will reduce the operation margin of combined
cycle plants in later years.

Figure 9-16. Development of the optimal stock of new power plants between 2005 and 2040
under certainty

At first sight, this result contrasts with the findings of Dixit and Pindyck
(1994), who derive for simple decision settings that uncertainty will lead to a
postponement of investments. But this apparent contradiction can be
resolved by observing that Dixit and Pindyck mainly deal with the decision
to invest or not into one single technology, which moreover is not facing an
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increasing cost trend. The general result of Dixit and Pindyck and others that
uncertainty will push towards flexible, less-capital intensive technologies is
yet clearly confirmed in the present case. But as shown in Figure 9-13 to
Figure 9-15 this does not preclude investment in capital-intensive
technologies, it only sets higher profitability targets.

One may be surprised that the technologies with the highest fuel price
risk, namely gas technologies, are chosen at all in this setting, since they
include a substantial danger of being no longer efficient if prices change. But
the fuel price risk is at the same time an opportunity for the gas technologies
and a thread to all others: the nuclear technology is also indirectly affected
by the gas price uncertainty. If gas prices drop, then in turn the nuclear
technology becomes inefficient and has to struggle with a reduced operation
margin. This is a consequence of the endogenous price setting, which occurs
within the developed model. The resulting danger of being not part of the
efficiency line is even more problematic for the capital-intensive
technologies since these have to recover higher capital costs.

The effect of a phase-out on nuclear energy as currently in place in
Germany is illustrated in Figure 9-17. The investment shifts in this case
towards coal power plants, but the proportion of gas fired plants is higher
than in the baseline case. Since in the baseline case no investment in nuclear
power is optimal in 2005, the cost function for 2005 is unchanged in the
model. But obviously for later years higher costs have to be incurred. This
implies – all precautions taken for the incomplete model specification (e.g.
no demand growth) – that the decision on a moratorium for new nuclear
power plants is not costly if it is revised before the investments for 2010 are
decided.

In this way also other political decisions can be analyzed, determining
whether or to what extent they are causing extra costs in the system and
when these extra costs do occur. Another alternative for dealing with these
uncertainties is to incorporate them directly in the scenario tree. However
this requires the use of subjective – or at best intersubjectively agreed –
probabilities for the scenario construction.

In general, the results obtained with this new approach of backward
induction of dynamic peak-load pricing equilibria are promising but further
details have to be implemented in the methodology before it can provide
reliable results on what are adequate investment strategies in the future.
Notably, short-term load uncertainty longer term demand growth need to be
described in detail to provide a more adequate picture of operation margins
and corresponding investment opportunities in the liberalized electricity
markets.
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Figure 9-17. Development of the optimal stock of new power plants between 2005 and 2040
without investments in nuclear energy
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FINAL REMARKS

The analyses carried out in the previous sections have highlighted the key
role of uncertainties for the planning process in deregulated electricity
markets.

The integrated market simulation model developed in chapter 4 has
demonstrated how a combination of fundamental analysis and stochastic
modeling can be used for price simulation in order to cope simultaneously
with the technical restrictions governing electricity production and
transmission and with the stochastics observed in the system. Also this
approach models the dependency of electricity prices on fuel prices and it
can be used to derive both price forecasts and uncertainty ranges for the
future development of prices. The numerical results obtained show that the
fundamental model explains quite well the average prices observed outside
the peak hours and the combination of the fundamental and the stochastic
model provides both reasonable price forecasts and plausible volatility
estimates These can be used both for the operational management of
generation and trading portfolios and for assessing the risks associated with
these portfolios.

Still there is potential for further improvement of this modeling concept.
Notably a modeling of regime shifts, corresponding to situations with and
without capacity constraints is expected to improve the modeling quality
further. Additionally, a more detailed treatment of market power, possibly in
combination with a game theoretic approach would be of interest.
Furthermore, it should be analyzed how the model could be extended to
provide also consistent estimates of forward price volatility.

In contrast to many other game theoretic models to describe the
electricity markets, the model described in chapter 5 focuses on the retail
competition of vertically integrated companies. It thus allows assessing the
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importance of various factors on the competitive situation of combined
generation and retail companies. The numerical results obtained indicate that
both competitive cost structures and a sound market basis with loyal
customers are key factors for obtaining positive commercial results. It turns
also out that substantial extra profits for the suppliers are still possible even
in a competitive environment, especially in customer segments like
households with low price sensitivity. It has however been shown both
theoretically and numerically that this market segment is not necessarily an
attractive field for expansion plans, since customer switching can only be
obtained at high costs and competitors may well counteract acquisition
efforts through own price reductions.

As with many game theoretic models, the essential results are more
qualitative than quantitative and clearly further investigations are desirable
to obtain reliable estimates on the price sensitivity of the customers. Then
the tool could also become a worthy tool for quantitative analysis. On the
other hand, the derived global regularity properties make the basic model
also an attractive candidate for further refinement and extension, e.g. for the
inclusion of pure retail companies as separate players and for an analysis of
the interaction between wholesales and retail markets.

Chapter 6 has shown that operation planning in an incomplete market
structure such as the continental European one requires specific methods and
tools which take into account both the possibilities and the limitations of the
given market structure. Again the combination of traditional engineering
approaches for unit commitment and load dispatch with finance methods for
option valuation have turned out to provide appropriate and workable
approaches for solving the short-term operation planning problems. A
particular focus has thereby been laid on CHP systems, which even in
liberalized electricity markets require a simultaneous optimization of several
units given that heat cannot be purchased or sold on a short-term market. For
the long-term portfolio management also an approach has been developed
which allows determining the optimal hedge for a CHP system. The
numerical results indicate that the value of both conventional and CHP
plants is substantially higher under price uncertainty than determined
through deterministic planning models. This option value is particularly
important for plants with high variable costs, such as gas-fired units, which
will hardly operate at average prices but are an interesting option for coping
with high prices.

Future developments in this field should notably aim at developing
efficient decomposition approaches, which allow dealing with a broad range
of price and quantity uncertainty in reasonable computation time.
Furthermore the developed methods could be easily extended to distributed
generation systems, taking into account not only temporal but also spatial
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variations in supply and demand. In this context particular emphasis should
be laid on a combination of stochastic modeling of quantity risks (e.g. from
wind production) with stochastic optimization of power plant operation.

Given the high volatility for spot market electricity prices, risk
management plays a crucial role in the electricity industry. But so far mostly
approaches from the finance sector have been transposed to the electricity
market without sufficiently reflecting the specificities of this market.
Notably, a large number of products are traded on the forward and future
markets. But often these products have only limited liquidity and moreover
they do not cover fully the price risks of the underlying spot market
products. To cope with this situation, the concept of integral earnings at risk
(IEaR) has been developed, which includes both short-term trading risks and
the longer-term risks at delivery. It boldly corresponds to a combination of
value at risk (VaR) and profit-at-risk (PaR) methods that specifically
accounts for the possibilities and impossibilities for risk management in
electricity markets. The approach is applied to various power plant portfolios
and it is shown that hedging allows reducing substantially the short-term risk
but that the delivery risk remains substantial and could only be reduced if the
market for shorter-term forwards would become more liquid.

The developed approach offers a huge potential for application to the
diverse types of portfolios present in the electricity industry. In particular the
combination of price and quantity risks present in hydro storage power
plants or full service end user contracts should be analyzed in detail. Also
the development of accurate but time saving approximations for risk
assessment purposes is certainly a worthwhile task.

The technological uncertainties in the longer run are discussed in chapter
8, focusing on the fuel cell technology which is often perceived as a key
technology for the energy systems of the future. A combination of several
approaches, including technology analysis, use of experience curves, energy
demand analysis and operation simulation, allows assessing the potentials of
this emerging technology with much more detail. Obviously the uncertainty
cannot be fully removed but the analyses show that under favorable energy
price conditions fuel cells become an attractive option for investment in
industrial cogeneration at a price level of about Under less
favorable conditions (high gas and low electricity prices) investment cost
have to be below for a wider penetration of fuel cells into the
market. At the current stage, fuel cells are certainly not an opportunity for
doing large bets for utilities, but they are an alternative, which should be
scrutinized carefully, and limited engagements may represent a valuable
option for larger future investments.

The methodology as developed and applied in this chapter has certainly
specificities related to CHP and fuel cell technologies, but the general lines
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are also transferable to other new technology lines, such as photovoltaics or
biomass-fuelled plants. A topic, which requires further extended
investigations along these lines, are distributed energy systems combining
fuel cell and other decentralized cogeneration technologies with fluctuating
renewables and energy storage. Here detailed analyses on the interaction of
new generation and grid technologies with energy and reserve power
markets are needed.

The interactions between energy price developments and technology
choice are looked at in detail in chapter 9. The approach developed there
allows taking into account for fuel price uncertainty in the longer run and
proceeds by backward induction from possible long-term equilibria towards
today’s decisions. It is based on the principle of peak-load pricing but it
incorporates also the operation restrictions for power plants, taking up the
fundamental model developed in chapter 4. The methodology is applied in a
case study to the German market and it is shown that the results obtained
differ substantially from those obtained using conventional static or
deterministic planning approaches.

The model could be developed further to incorporate also the impact of
load (and fluctuating generation) uncertainty on optimal investment.
Furthermore, the model can in principle also cope with other types of
uncertainties such as technological or political uncertainty. Here future
research is needed to clearly identify the potentials and limitations of the
developed approach. Additionally investigations are needed on the
robustness of the computed investment-price equilibria. I.e. the question has
to be addressed, whether under the current market structures investments
will be done sufficiently early to prevent power shortages, given the
combination of substantial price uncertainty and long lead times required for
power plant planning and construction. This is certainly also the key
challenge for market design in the future - ensuring supply adequacy on
competitive markets at lowest possible costs.
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