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Abstract

When evaluating investments in energy supply and generation infras-
tructure nowadays, one is confronted with multiple sources of uncer-
tainty. Examples for such uncertainties are the liberalization of power
markets, regulatory uncertainties regarding CO2 pricing mechanisms or
the level of feed-in tariffs for renewable energies, and the volatility of
fuel prices. The objective of this thesis is to provide methods that allow
for an adequate consideration of uncertainties in the investment evalu-
ation while taking into account the potential benefits from investments
involving multiple energy carriers.

The consideration of multiple energy carriers is one of the key aspects of
the project ”Vision of Future Energy Networks” at ETH Zurich. By re-
garding different energy infrastructures, e.g. electricity, natural gas and
district heating networks, as integrated energy system, the project aims
at identifying hidden synergies and at revealing beneficial interactions
and conversion possibilities between different energy carriers.

In this thesis, methods from financial economics and financial engineer-
ing are applied and adopted in order to evaluate investments in multi-
carrier energy systems under uncertainty. This is done from two different
points of view. First, assuming a societal perspective, the analysis fo-
cusses on finding a portfolio of technologies which provides a certain
service area with all required energy carriers in an optimal way. For
this problem, mean-variance portfolio theory is applied and extended
with a scenario-based analysis of multi-energy portfolios. In the second
part of the thesis, it is assumed that an individual investor evaluates
a particular investment project consisting of assets for the generation
and possibly storage of multiple energy carriers. In this case a profit-
maximizing perspective is adopted. Applying a Monte Carlo method,
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vi Abstract

the flexibility of the conversion and storage devices is taken into ac-
count when determining the value of the investment.



Kurzfassung

Bei der Investitionsbewertung von Energieversorgungs- und Energieer-
zeugungsinfrastruktur ist man heutzutage mit mehreren Unsicherheits-
quellen konfrontiert. Beispiele für solche Unsicherheiten sind die Liber-
alisierung von Strommärkten, regulatorische Unsicherheiten bezüglich
CO2-Preisbildungsmechanismen oder des Niveaus von Einspeisevergü-
tungen für erneuerbare Energien sowie die Volatilität von Brennstoff-
preisen. Ziel dieser Arbeit ist es, Methoden zur Verfügung zu stellen,
die eine adäquate Berücksichtigung von Unsicherheiten bei der Investi-
tionsbewertung erlauben und gleichzeitig potentiellen Vorteilen von In-
vestitionen, die mit mehreren Energieträgern verbunden sind, Rechnung
tragen.

Die Betrachtung von mehreren Energieträgern ist einer der Schlüssel-
aspekte des Projekts ”Vision of Future Energy Networks” an der ETH
Zürich. Indem verschiedene Energieinfrastrukturen, z.B. Strom-, Gas-
und Fernwärmenetze, als integriertes Energiesystem betrachtet werden,
wird in dem Projekt versucht, verborgene Synergien zu identifizieren
und nützliche Interaktionen und Umwandlungsmöglichkeiten zwischen
verschiedenen Energieträgern aufzuzeigen.

In dieser Dissertation werden Methoden aus der Finanzwirtschaft und
dem Financial Engineering angewandt und angepasst, um Investitio-
nen in Multi-Energie-Systeme unter Unsicherheit zu bewerten. Dies
wird aus zwei unterschiedlichen Blickwinkeln getan. Zunächst wird eine
gesellschaftliche Perspektive eingenommen, wobei der Schwerpunkt der
Analyse darauf liegt, ein Technologieportfolio zu finden, das einem be-
stimmten Versorgungsgebiet auf optimale Weise alle benötigten Energie-
träger liefert. Für diese Fragestellung wird Portfoliotheorie angewandt
und mit einer szenariobasierten Analyse von Multi-Energie-Portfolios
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erweitert. Im zweiten Teil der Arbeit wird angenommen, dass ein einzel-
ner Investor ein bestimmtes Investitionsprojekt bewertet, das aus As-
sets für die Erzeugung und möglicherweise Speicherung von mehreren
Energieträgern besteht. In diesem Fall wird eine profitmaximierende
Perspektive eingenommen. Durch die Anwendung einer Monte-Carlo-
Methode wird die Flexibilität von Umwandlungs- und Speichereinheiten
bei der Bestimmung des Wertes der Investition mitberücksichtigt.
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Chapter 1

Introduction

1.1 Background and Motivation

Optimally designed energy infrastructures should be able to satisfy all
types of energy demand in an environmentally sustainable, reliable and
competitive way. Several challenges make it difficult to realize opti-
mal energy systems fulfilling all these criteria at the same time. One
of these challenges is the world’s primary energy demand, which has
been steadily increasing over the last decades and is projected to further
increase during the coming decades most notably in non-OECD coun-
tries [1]. In many industrialized countries a significant part of the elec-
tricity generation assets is approaching the end of its lifetime. Replacing
aging power plants while meeting a rising demand are considerable chal-
lenges. Accomplishing this task in a sustainable way that contributes
to climate change mitigation is even a greater challenge. Not only CO2

emissions and their negative impacts but also the uncertainty about the
amount of fossil fuel resources and their eventual finiteness represent
problems which have to be mastered on a long-term basis. Further-
more, the increasing share of new types of technologies that generate
energy in a decentralized and often fluctuating way raises the question
of how to integrate them into our current energy networks [2].

Motivated by the described challenges, the project ”Vision of Future
Energy Networks” (VoFEN) was initiated at ETH Zurich with the aim
of developing scenarios how optimal energy systems meeting the re-
quirements of the future should be designed. The key modeling concept

1



2 Chapter 1. Introduction

developed in the project is the energy hub [3]. An energy hub can be gen-
erally described as an integrated system of units being able to convert
and store multiple energy carriers. One of the key aspects in the project
is the consideration of interactions between multiple energy carriers, e.g.
electricity, heat and chemical energy carriers. As there exist untapped
synergies and complementary characteristics of different energy carriers,
different energy systems that are physically coupled with each other can
be optimized as an integrated system. Moreover, increased conversion
possibilities between different energy carriers can enhance the flexibility
in the dispatch of a power plant. The potential to increase both efficiency
and flexibility by considering multiple energy carriers represents an op-
portunity to increase the profitability of investments in multi-energy
generation assets.

While the systematic consideration of such benefits in the investment
planning can have a positive impact on the total value of the investment,
there are large uncertainties present in today’s market environment
which might compromise the profitability of an investment. One im-
portant source of uncertainty is the privatization of utilities and the lib-
eralization of power markets [4]. Not being part of vertically integrated
monopolies any more, generation companies have no longer the guaran-
tee to recover all costs from energy consumers. Furthermore, the future
price level in liberalized markets is unknown and volatile. Other forms
of uncertainty are more policy related. Among those are regulatory un-
certainties with respect to carbon capture and storage (CCS), nuclear
power, the duration and level of feed-in tariffs, and carbon pricing [5].
Security of supply is particularly a concern regarding gas. Furthermore,
new technological developments enlarge the portfolio of choices from
which the ”right” technologies have to be picked. And last but not
least, many elements of power plant costs have become very volatile in
recent years, e.g. CO2 costs under the European cap-and-trade system
or fuel prices.

It is the objective of this thesis to provide methods that allow for an
adequate consideration of the described uncertainties in the investment
evaluation whilst taking into account the potential benefits from invest-
ments that involve multiple energy carriers. Aiming for this objective,
two different perspectives are adopted. First, it is assumed that a central
planning entity strives to find a portfolio which provides the society with
all required energy carriers in an optimal way. The optimality criterion
can simply be least cost or can be composed of a number of different cri-
teria including economic, environmental, societal and technical aspects.
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Part I of the thesis deals with this type of analysis from a societal point
of view. Second, it is assumed that a single investor or entity evaluates
an individual investment project involving assets for the generation and
possibly storage of multiple energy carriers. In this case the objective
is to find those investment alternatives maximizing the value obtained
by the investment decision makers. Part II of the thesis presents the
methods used to analyze investments adopting this kind of perspective.

1.2 Main Contributions

This dissertation presents models and methods for the evaluation of in-
vestments in multi-carrier energy systems. Depending on the assumed
perspective of the investment decision makers, different groups of meth-
ods from financial economics are applied and extended.

The main contributions from part I of the thesis are the following:

• Mean-variance portfolio theory is applied and extended to portfo-
lios providing multiple energy carriers.

• Instead of using time series of historical cost data, the proposed
multi-energy portfolio model is based on a set of scenarios reflect-
ing uncertainties in the market and regulatory environment. This
ex-ante approach allows for incorporating factors such as expected
future prices of carbon emissions and fossil fuels, which have an
influence on future energy generation costs and thus on the return
of the investment in the generation portfolio.

• With the single-period version of the model, it is possible to calcu-
late efficient portfolios for a certain target year. Using the multi-
period extension of the model, bridging portfolios that enable an
optimal transition from today to a desired optimal portfolio in the
future can be determined.

• The multi-energy portfolio model is combined with the so-called
multi-criteria diversity analysis (MDA) [6]. This combined model
allows for the representation of the full spectrum of incertitude
and for the consideration of multiple investment criteria.

The main contributions from part II of the thesis can be summarized
as follows:
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• An energy hub is considered as a profit-maximizing entity that
converts and stores multiple energy carriers depending on the rel-
evant energy prices.

• The present value of an energy hub and its standard deviation are
calculated using a Monte Carlo simulation method which can han-
dle multiple stochastic factors such as energy prices. The method
takes into account a hub’s capability to flexibly adapt its dispatch
to volatile prices.

• The proposed Monte Carlo method for energy hubs is combined
with an optimal power flow (OPF) analysis. The nodal prices from
the OPF analysis are used to value energy hubs depending on their
specific location in the network.

• The model extension for hubs with storage elements allows for the
valuation of hubs as integrated systems of conversion and storage
devices.

1.3 Structure of the Thesis

The thesis is organized in two separate parts, which deal with investment
valuation for multi-carrier energy systems from two different perspec-
tives.

Part I: Assessment of Future Multi-Energy Portfolios

• Chapter 2 introduces the multi-energy mean-variance portfolio
model and explains the extension of the portfolio model to multi-
ple energy carriers as well as the scenario-based method of port-
folio analysis.

• Chapter 3 presents an extension of the portfolio model for multi-
ple periods. Based on a dynamic programming approach, optimal
transition paths towards desired future portfolios are determined.

• Chapter 4 describes the combination of the multi-energy portfo-
lio model with a multi-criteria diversity method, which allows to
explicitly take into account non-monetary aspects in the portfolio
assessment.
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• Chapter 5 discusses the main features of the multi-energy portfolio
model and its extensions and concludes Part I of the thesis.

Part II: Monte Carlo Investment Evaluation of Energy Hubs

• Chapter 6 introduces the energy hub Monte Carlo method, which
is used to value the operation of a hub being able to flexibly con-
vert multiple input energy carriers into multiple output carriers.

• Chapter 7 presents a method that can be used to take into account
locational price information such as nodal electricity prices in the
valuation process and to thus determine a hub’s value depending
on its position in the network.

• Chapter 8 describes how energy hubs that contain storage devices
in addition to elements for energy conversion can be valued with
the proposed Monte Carlo method.

• Chapter 9 summarizes the advantages and disadvantages of the
proposed investment evaluation method for energy hubs and con-
cludes Part II of the thesis.

1.4 List of Publications

The work presented in this thesis is primarily based on the following
publications:

1. F. Kienzle and G. Andersson. Efficient Multi-Energy Generation
Portfolios for the Future. In Proc. of the 4th Annual Carnegie
Mellon Conference on the Electricity Industry, Pittsburgh, USA,
March 2008.

2. F. Kienzle, E. Trutnevyte and G. Andersson. Comprehensive Per-
formance and Incertitude Analysis of Multi-Energy Portfolios. In
Proc. of IEEE PES PowerTech, Bucharest, Romania, June 2009.

3. F. Kienzle and G. Andersson. A Greenfield Approach to the Future
Supply of Multiple Energy Carriers. In Proc. of the IEEE PES
General Meeting, Calgary, Canada, July 2009.
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4. F. Kienzle and G. Andersson. Valuing Investments in Multi-Energy
Generation Plants under Uncertainty: A Real Options Analysis. In
Proc. of the IAEE European Conference, Vienna, Austria, Septem-
ber 2009.

5. F. Kienzle and G. Andersson. Location-Dependent Valuation of
Energy Hubs with Storage in Multi-Carrier Energy Systems. In
Proc. of the International Conference on the European Energy
Market, Madrid, Spain, June 2010.

In addition to these, some other articles related to this dissertation were
published:

1. F. Kienzle, G. Koeppel, P. Stricker and G. Andersson. Efficient
Electricity Production Portfolios Taking Into Account Physical
Boundaries. In Proc. of the 27th USAEE/IAEE North American
Conference, Houston, USA, September 2007

2. F. Kienzle, T. Krause, K. Egli, M. Geidl and G. Andersson. Anal-
ysis of Strategic Behaviour in Combined Electricity and Gas Mar-
kets Using Agent-based Computational Economics. In Proc. of the
1st European workshop on energy market modelling using agent-
based computational economics, Karlsruhe, Germany, October 2007.

3. F. Kienzle, M. Schulze, M. Arnold and P. Favre-Perrod. Energy
Hubs als Lösung für die Zukunft. Umwelt Perspektiven, Vol. 5, pp.
18-19, 2007.

4. F. Kienzle, P. Favre-Perrod, M. Arnold and G. Andersson. Multi-
Energy Delivery Infrastructures for the Future. In Proc. of the
International Conference on Infrastructure Systems, Rotterdam,
The Netherlands, November 2008.

5. P. Favre-Perrod, F. Kienzle and G. Andersson. Modeling and de-
sign of future multi-energy generation and transmission systems.
European Transactions on Electrical Power, n/a.
doi: 10.1002/etep.379, 2009.

6. F.Kienzle. Energy hub: una tendenza proiettata nel futuro. Nuova
Energia, Vol. 2, pp. 68-71, 2010.

7. Th. Krause, F.Kienzle, S. Art and G. Andersson. Maximizing Ex-
ergy Efficiency in Multi-Carrier Energy Systems. In Proc. of the
IEEE PES General Meeting, Minneapolis, USA, July 2010.
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Chapter 2

The Multi-Energy

Mean-Variance Portfolio

Model

In this chapter the relevance of mean-variance portfolio theory for energy
system planning is outlined. Subsequently, the scenario-based portfolio
model for portfolios providing multiple energy carriers is developed step-
by-step.

2.1 Benefits of diversification and relevance

of portfolio theory

The aim of any investment is to obtain an optimal ratio between risk
and return depending on the investor’s utility function. In the context
of investment analysis, risk is usually defined as variation of returns.
When looking at the expected risk and return of one particular asset,
high return generally involves high risk. By investing in more than one
asset, it is possible to benefit from diversification effects and to reduce
the variation of returns of the aggregate portfolio of assets compared
with the average of the variations of the individual assets. This is the so-
called portfolio effect. Mean-variance portfolio theory is a mathematical
formulation of the concept of diversification.

Energy system planning means taking investment decisions, and in-
vestors being confronted with the uncertainty of unpredictable economic

9



10 Chapter 2. The Multi-Energy Portfolio Model

outcomes commonly use portfolio theory to manage risk and maximize
portfolio return. In the former era, as generation portfolios of utili-
ties were primarily composed of well-established and technologically ho-
mogenous generating assets such as nuclear, hydro or fossil-fired plants,
considering risk characteristics would not have changed investment de-
cisions significantly [7]. When new ”fixed-cost” technology options, i.e.
technologies with a very low share of variable costs in the total gen-
eration costs, such as wind and PV are included, taking into account
risk characteristics becomes imperative [8]. Furthermore, when added to
a portfolio of relatively risky fossil fuel technologies, ”fixed-cost” tech-
nologies will surprisingly reduce overall generating cost at any risk level,
although their stand-alone levelized generation costs are higher. This
means that today’s energy system planners and policy makers should
emphasize less the costs of individual generating technologies and more
the costs of generating portfolios and strategies. Portfolio theory is an
adequate tool to carry out quantitative analysis in this respect.

For utilities or generation companies disposing of a certain generating
portfolio, it may prove difficult to realize an efficient portfolio result-
ing from a portfolio analysis within a short period of time. However,
portfolio-based energy system planning can reveal sensible targets to
aim at. This aspect is also in line with the concept of the VoFEN
project, which applies a so-called greenfield approach to energy systems,
i.e. based on today’s knowledge and possibilities a fictitious optimal sys-
tem is designed from scratch neglecting the current system structure [9].
In a second step, the differences between the present situation and the
desirable system are identified and ways how to realize this desirable
system via bridging systems are demonstrated. On that score, portfolio
theory is an appropriate method to determine how the optimal genera-
tion portfolio of the future should look like.

2.2 Fundamentals of portfolio theory

The long-term planning of energy generation systems involves taking
investment decisions under conditions of uncertainty. Portfolio theory
is a convenient tool to take investment risks into account and has been
applied to several studies in the electric energy sector (see, e.g., [10]-
[13]). In the context of this thesis, portfolio theory is used to describe a
set of generation options for multiple energy carriers.
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Portfolio theory is built on a set of standard assumptions which can
usually be considered to be valid in financial markets, e.g. the efficient
market hypothesis and the absence of transaction costs. If asset re-
turns are normally distributed, mean-variance portfolio theory can be
applied under any utility function. If one assumes that investors have
a quadratic utility function, the assumption of normally distributed re-
turns is not necessary [14]. Some of the standard assumptions may not
be crucial for the applicability of portfolio theory to ”real” assets. It
should be noted, however, that some of them may not be strictly anal-
ogous in the case of energy generation assets. One difference, e.g. is
that unlike financial assets, which are readily sellable, the liquidation of
generation assets may prove more difficult. Furthermore, the fact that
power plants are non-dividable assets built in relatively large discrete
unit sizes may cause discontinuities in the portfolio allocation. For the
analysis of large national portfolios, this may not pose significant prob-
lems. When analyzing portfolios exclusively containing small distributed
generation technologies, the non-divisibility of production facilities may
not be problematic even if the physical size of the portfolio is smaller.

Portfolio theory was developed by Harry Markowitz and aims at finding
efficient portfolio mixes that minimize risk for any given return level [15].
P refers to a portfolio composed of t technologies with i ∈ [1, ..., t]. The
allocation vector1 x indicates the share (percentage) of technology i in
a portfolio P :

x =








x1

x2

...
xt








(2.1)

Portfolio theory uses two quantities to characterize a portfolio. The first
one is the expected return rP . Let r denote the vector of expected returns
of the individual technologies:

r =








r1
r2
...
rt








(2.2)

With these definitions, the expected return of a portfolio rP can be cal-
culated as the sum of the expected returns of the individual technologies

1All vectors are represented in small letters and bold font.
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weighted by their respective share:

rP =

t∑

i=1

xiri = xT · r (2.3)

The second quantity used to describe a portfolio is the standard devia-
tion of its returns σP . The standard variation is a risk measure which
has been widely used in the context of electricity generation portfolios2

(see, e.g., [12],[13] and [16]). Generally, the linear association between
two variables can be described by the covariance. The covariance ma-
trix3 Σ contains the covariance values between the returns of any tech-
nology i and the returns of any other technology j for all i, j ∈ [1, ..., t]:

Σ =






Σ11 . . . Σ1t

...
. . .

...
Σt1 . . . Σtt




 (2.4)

Using the covariance matrix, the variance of a portfolio can be calculated
in the following way:

σ2
P =

t∑

i=1

t∑

j=1

xixjΣij = xT ·Σ · x (2.5)

Furthermore, the following constraints have to be satisfied:

t∑

i=1

xi = 1 (2.6)

x1, ..., xt ≥ 0 (2.7)

With the help of these relations, the so-called efficient frontier can be
determined by solving the following quadratic optimization problem for
various levels of returns rP :

Minimize : σ2
P = xT ·Σ · x (2.8)

2As the application of portfolio theory in this thesis is cost-based, standard de-
viation is a practical risk measure. In market-based approaches, other risk metrics
such as VaR or CVaR may also be appropriate concepts.

3All matrices are represented in capital letters and bold font.
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Efficient frontier

R
et
u
rn

Standard deviation (risk)

100 % asset A

100 % asset B

Minimum

variance

portfolio

Figure 2.1: Efficient frontier for a two-assets example.

subject to the constraints

xi ≥ 0 ∀ i ∈ [1, ..., t] (2.9a)

t∑

i=1

xi = 1 (2.9b)

with rP,min ≤ rP ≤ rP,max. Depending on the specific optimization
problem under consideration, further constraints can be included in (2.9).
The efficient frontier thus yields the vectors of portfolio allocation x in-
dicating those technology mixes which offer the lowest risk σP at any
given return level rP between rP,min and rP,max. Figure 2.1 shows an
efficient frontier (green dashed line) for a simple two-assets example and
points out the minimum variance portfolio. Given an investor’s prefer-
ences, e.g. as a set of indifference curves, the optimal portfolio allocation
x∗ can be determined.

Another useful and descriptive number to describe the association be-
tween two variables is the correlation coefficient ρij . It is calculated by
dividing the covariance by the product of the standard deviations of
asset i and asset j :

ρij =
covij
σiσj

(2.10)
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Figure 2.2: Risk and return of a two-assets portfolio as function of the
correlation ρ.

A correlation coefficient of +1 corresponds to a perfect positive linear
relationship between the returns of asset i and j. If ρij = −1, there is
a perfect negative linear relationship between the two variables. If the
variables are completely independent, the correlation coefficient is 0.
The inverse implication, however, does not hold true because the corre-
lation coefficient detects only linear dependencies between two variables.

By dividing investments into two or more assets that are less than per-
fectly correlated, one can benefit from the portfolio effect, i.e. risk can
be reduced without reducing the expected return at the same time. Fig-
ure 2.2 shows how the risk-return characteristic of a portfolio with two
assets changes when the correlation coefficient increases from −1 to 1. It
can be observed that a portfolio constructed with two assets, whose cor-
relation coefficient equals 1, yields no portfolio effect because risk and
return change linearly as the portfolio allocation changes from 100%
of asset A to 100% of asset B. The lower the correlation coefficient,
the greater is the portfolio effect. If there is a negative perfectly linear
relationship between assets A and B (ρ = −1), the investor has the
possibility to construct a riskless portfolio (σP = 0) with a certain re-
sulting return. In the example shown in figure 2.2, the return of the
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riskless portfolio is 14%.

2.3 Extension of portfolio theory to multi-

energy portfolios

In order to be able to apply mean-variance portfolio theory not only to
electricity portfolios but to portfolios providing multiple energy carriers,
a number of modeling extensions have to be made. First, the conversion
efficiencies of each technology with respect to each output energy, e.g.
the electric efficiency of a combined heat and power (CHP) plant, are
related to the overall efficiency of the converter.4 The resulting value is
the share of a certain energy output in the overall energy output of one
technology. For a technology i having a conversion efficiency ηki with
respect to output energy k and a total efficiency of ηi,tot being the sum
of all ηki, the share of output k in the total energy output of a converter
is:

Γki =
ηki
ηi,tot

(2.11)

With equation (2.11), the output ratio matrix Γ, which for the whole set
of technologies indicates the share with respect to each of the α energy
outputs, is defined:

Γ =






Γ11 · · · Γ1t

...
. . .

...
Γα1 · · · Γαt




 (2.12)

Let x be the portfolio allocation vector indicating the share (percentage)
of the t different technologies in the portfolio:

x =








x1

x2

...
xt








(2.13)

4The values for conversion efficiencies are chosen as average values over the as-
sumed lifetime of the power plants.
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Multiplying Γ with the portfolio allocation vector x yields the portfolio
energy carrier ratio xout:

xout =








xout,1

xout,2

...
xout,α







= Γ · x with

α∑

k=1

xout,k = 1 (2.14)

The values xout,k are the shares of each output energy k in the total
output of the multi-energy portfolio. Using equation (2.14) as constraint
in the portfolio optimization to calculate the efficient frontier, portfo-
lios providing the desired quantity of each output energy carrier are
determined.

2.4 A scenario-based multi-energy portfo-

lio model

Portfolio theory is a method that allows for finding efficient portfolio
mixes, which minimize risk for any given return level. When applying
portfolio theory, means and covariances of expected returns are com-
monly derived by a time series analysis of historical data. Applying this
ex-post point of view, one assumes that the past is a good ”adviser” for
the future and that it is possible to make inferences about the future by
studying the past. Relying on experience, however, may not necessarily
result in good decisions especially in areas where technology may induce
significant changes in the business environment [17]. In today’s energy
system environment, significant changes are ongoing and various factors
that have not existed before strongly influence the evolution of energy
systems [18]. By relying on historical data, the influence and risks in-
troduced by these relatively recent factors can not be sufficiently taken
into account. Furthermore, for a number of new generation technologies
which are currently emerging historical cost data may not be available.

In order to be able to derive efficient generation portfolios including
present-day developments and associated expectations for the future in
the analysis, an ex-ante method is proposed in this thesis: Instead of
using historical data, means and covariances of expected returns are
calculated from a set of scenarios for the future. This set of scenarios
is defined on the basis of different possible states of external drivers.
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External drivers can for instance be environmental concerns regarding
climate change, which has an effect on policy measures and thus on the
price of CO2 emissions, or geopolitical tensions, which have a bearing on
prices of primary energy sources. Possible states, e.g. ’high’, ’medium’
and ’low’, are assigned to each of the drivers considered in the analy-
sis. Depending on the number of drivers and possible states, a certain
number of scenarios results. These scenarios reflect and aggregate pos-
sible future characteristics of the business environment. The levelized
costs, i.e. the present value of costs per kWh, of energy generation Cts of
technology t in scenario s are calculated following the definition in [19]:

Cts = ftot·[fCI ·
CCI · fCR

Q
+fO&M ·CO&M

Q
+fF ·

CF

Q
+fEg

·CEg

Q
+fEl

·CEl

Q
]

(2.15)
where

CCI - capital investment costs
fCR - capital recovery factor
CO&M - operation and maintenance costs
CF - fuel costs
CEg

- external costs with global impact
CEl

- external costs with local impact
Q - annual plant output (kWh)
ftot - influence factor for total generation costs
fCI - influence factor for capital investment costs
fO&M - influence factor for O&M costs
fF - influence factor for fuel costs
fEg

- influence factor for global external costs
fEl

- influence factor for local external costs

As equation (2.15) shows, the levelized energy cost includes initial capi-
tal investment, the costs of continuous operation and maintenance, fuel
as well as external costs. The capital recovery factor fCR is a function
of the discount rate and of the plant’s life time. The values of the in-
fluence factors ftot, fCI , fO&M , fF , fEg

and fEl
reflect the state of the

external drivers considered in the analysis. This definition of influence
factors is not meant to be universally applicable. If a specific investment
analysis calls for the consideration of more (or fewer) relevant influence
factors, the cost function (2.15) can be adjusted accordingly. A base
scenario has to be defined, where, e.g., all influence factors have a value
of 1. The influence factors are dimensionless and indicate the value of a
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certain cost component in a particular scenario relative to its value in
the base scenario. If, for instance, fF is 1.0 in the base scenario, it will
have a higher value, e.g. 1.5, in a scenario with high prices of fossil fuels
indicating a fuel cost increase by 50% with respect to the base scenario.
To summarize, the steps to arrive at the energy generation costs of each
technology in each scenario are the following:

1. Define the set of external drivers that are to be considered in the
analysis.

2. Assign possible states (e.g. ’high’, ’medium’ and ’low’) to these
drivers.

3. Translate the set of states into values of the cost component in-
fluence factors by defining the corresponding cost increases or de-
creases relative to the base scenario.

4. Build up the set of scenarios considering all possible combinations
of states of external drivers.

5. Calculate the levelized energy generation costs of all technologies
in all scenarios according to equation (2.15).

The obtained cost values are then gathered in the matrix of total energy
generation cost Ctot:

Ctot =






C11 · · · C1s

...
. . .

...
Ct1 · · · Cts




 (2.16)

In each column, the matrix Ctot contains the generation costs of all
considered technologies in one of the defined scenarios.

Ctot represents the total cost of providing a certain amount of out-
put energy. In general, this output can be one single form of energy or
can consist of several energy carriers. In order to account for the value
of all energy carriers generated by a technology, the concept of a cost
bonus is used5. If the subsequent portfolio optimization is to be based
on electricity generation costs, one has to subtract a cost bonus for all

5As it is virtually impossible to derive the real cost share related to the production
of a certain energy carrier in the case of a multi-generation technology, one often
uses the market value of the produced energy carrier as cost bonus.
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energy carriers other than electricity from the corresponding values in
Ctot in the case of multi-generation technologies. For a CHP technol-
ogy, e.g., this means that a heat bonus has to be subtracted from the
total energy generation costs. Subtracting this cost bonus for all con-
sidered energy carriers different from electricity for all multi-generation
technologies yields the cost matrix C. The matrix C will then be used
for the portfolio optimization.

To be able to base the portfolio optimization on a ”return” quantity,
the values in C are inverted, i.e. return is defined as reciprocal of energy
generation costs and is thus expressed in ”amount of energy per mone-
tary unit”. Hence, the resulting return matrix R contains the inverted
values6 of generation costs of all t technologies in each of the s scenarios:

R =






1
C11

· · · 1
C1s

...
. . .

...
1

Ct1
· · · 1

Cts






=






R11 · · · R1s

...
. . .

...
Rt1 · · · Rts






(2.17)

According to estimates about the likelihood of the scenarios, individual
probabilities are assigned to each of the s scenarios. In this way higher
probabilities can be given to scenarios that are considered more likely
to occur. The individual probabilities are gathered in the vector p:

p =








p1
p2
...
ps








with
s∑

i=1

pi = 1 (2.18)

By varying the probabilities assigned to the individual scenarios, a sen-
sitivity analysis can be carried out in order to see how different as-
sumptions about the future affect the portfolio choice. In this way it
is possible to identify robust portfolios that continue to be economical
under a variety of uncertain future outcomes.

6Note that, depending on the values in C, the inversion could lead to an ill-
conditioned matrix R. However, no such situations have been encountered in the
application examples considered in this thesis.
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With the allocation vector x indicating the share of each technology in
the overall portfolio, the portfolio return rP becomes:

rP = pT ·RT · x (2.19)

The standard deviation σP being a measure for the portfolio risk can
be calculated as follows:

σP =
√
xT ·Σ · x (2.20)

with Σ being the covariance matrix. The elements of Σ are calculated
by means of R and p:

Σij =

s∑

k=1

∆ik ·∆jk · pk (2.21)

where
∆ik = Rik − R̄i (2.22)

Here, Rik denotes the return of technology i in scenario k, and R̄i is the
expected average return of technology i over all scenarios.

2.5 Calculation of the efficient frontier

The portfolio return rP and the standard deviation of portfolio return
σP are the two quantities that are used in the portfolio optimization to
determine the efficient frontier. The efficient frontier indicates all points
that represent Pareto efficient risk-return combinations [20]. In the case
of mean-variance portfolio optimization, the term ”Pareto efficient” ex-
presses that no portfolio on the efficient frontier is strictly dominated
by any other portfolio. This means that Pareto efficient portfolios are
those for which there are no other portfolios giving the same or greater
expected return and less risk at the same time. Using equations (2.19)
and (2.20), the formulation of the optimization problem for the calcu-
lation of the efficient frontier becomes the following:
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For feasible values of the total portfolio return rP :

Minimize
σ2
P = xT ·Σ · x (2.23)

subject to the constraints

xi ≥ 0 ∀ i ∈ [1, ..., t] (2.24a)

t∑

i=1

xi = 1 (2.24b)

Γ · x = xout,des (2.24c)

where xi is the share of technology i in the portfolio and xout,des is
the vector containing the desired shares of each output energy carriers.
Further constraints, e.g. limits on carbon emissions or maximum shares
of technologies, can easily be included in the equation set (2.24). Solving
this optimization problem yields an efficient frontier of technology mixes
for the generation of different energy carriers whose shares in the total
generated amount of energy are defined by equation (2.24c).

As the cost projections incorporated in each scenario are subject to un-
certainty, this uncertainty must be captured in some way by the model.
Researchers in finance have developed methods to mitigate prediction
errors on mean-variance portfolio allocations. Many of these methods
are based on resampling [21]. The term ”resampling” is used for a wide
category of methods that generate statistically similar artificial ”copies”
of an original data set in order to represent the possible range of un-
certainty in the original data set. This process is repeated many times
and in the end the average is taken over the various optimal resampled
portfolios. A commonly observed practical effect of resampling are more
diversified portfolios which should be more robust than traditionally op-
timized portfolios.

The resampling method used in this thesis follows the approach pre-
sented in [22]. The algorithm involves the following steps:

1. Resample artificial cost data from the original data in the cost
matrix C assuming a normal distribution with means Cts and a
chosen standard deviation σres reflecting the uncertainty in the
cost projections.

2. From this resampled cost data, compute the input data for the
portfolio optimization, i.e. the covariance matrix Σ and the set of
feasible portfolio returns rP .
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3. Using this input data, solve the quadratic optimization problem
(2.23) subject to the constraints (2.24) and call the resulting port-
folio allocation vectors on the efficient frontier x′

m with m being
the number of feasible return values for which the optimization is
carried out.

4. Repeat steps 1) to 3) n times and calculate the average over the
obtained n sets of allocation vectors x′

m to obtain the final vectors
xm of the efficient frontier.

The aim of using this resampling method in the context of an ex-ante
portfolio model is to mitigate the projection errors with respect to the
cost data in the individual scenarios. In this way robust multi-energy
generation technology mixes on the efficient frontier will be obtained.



Chapter 3

A Multi-Period Extension of

the Multi-Energy Portfolio

Model

In this chapter, the single-period multi-energy portfolio model presented
in the previous chapter is used as a basis for the multi-period extension
of the model. The method chosen for this model extension is based on
dynamic programming. Its usefulness in the context of a greenfield ap-
proach is described. Eventually, an application example illustrates the
presented method.

3.1 Greenfield approach

Generally speaking, ”greenfield approach” is a term used for planning
methods that neglect boundary conditions and restrictions given by ex-
isting system structures. This means that a virtual green field is consid-
ered where a new optimal system can be designed. A greenfield approach
is applied in order to be able to find solutions that are difficult to iden-
tify if starting from today’s systems. It is believed that these solutions
are more sustainable in the long run than mere upgrades of existing
systems. In this way new optima providing a better overall system per-
formance than gradual system changes are obtained.

The application of a greenfield approach in the context of future supply
of multiple energy carriers is illustrated in figure 3.1. In a first step, a

23



24 Chapter 3. A Multi-Period Extension
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Figure 3.1: Application of a greenfield approach to the planning of op-
timal future multi-energy portfolios and corresponding effi-
cient bridging portfolios. Figure adapted from [3].

green field is assumed, i.e. existing energy generation infrastructure is
neglected. By means of the (single-period) multi-energy portfolio model,
an optimal future portfolio, e.g. for the year 2050, is determined. In a
second step, multi-period optimization enables to determine bridging
portfolios that facilitate the transition from today’s portfolio to the
optimal future portfolio.

3.2 Dynamic programming

To be able to determine bridging portfolios from today to an optimal
future portfolio, a multi-period optimization problem is solved by means
of dynamic programming, which is a method for solving multi-stage
decision problems [23].

By applying dynamic programming, one can find an optimal sequence
of portfolios from the current portfolio x0 at time t=0 to a desired
optimal portfolio xT at time t=T, where the latter is determined within
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a greenfield approach by means of the single-period portfolio model. The
optimal sequence of portfolios can be found by maximizing the following
objective function:

T−1∑

t=0

(βt · ut(xt)− βt · fpen · τt(xt+1,xt, CCI)) + βT · UT (xT ) (3.1)

where

β - discount factor
ut - utility of a portfolio xt at time t
τt - transaction costs for portfolio rebalancing
fpen - penalty factor for the transaction costs τt
UT - utility of the terminal portfolio xT

This optimization problem is similar to a shortest path problem. But
instead of looking for the shortest path, the objective is to find the path
that maximizes the investor’s utility. The penalty factor fpen translates
the transaction costs τt into a utility value which is subtracted from
the utility of holding the portfolio xt. If the transaction costs are high,
this can lead to a lock-in effect [24], i.e. the portfolio allocation stays
constant because a rebalancing of the portfolio would lead to a high
loss of utility. In reality lock-in effects are caused by a mix of market,
technological and institutional factors imposing barriers to the diffusion
of certain technologies.

The utility of a portfolio depends on the individual risk preference char-
acteristics of an investor. We assume a risk averse investor acting ac-
cording to the following quadratic utility function [25]:

u(rP ) = a+ b · rP − c · r2P with b, c > 0 (3.2)

The transaction costs τt incurred by rebalancing the portfolio from the
allocation xt to the allocation xt+1 are assumed to be a function of
the absolute difference of the portfolio allocation vectors xt+1 and xt

and of the capital investment costs CCI of the respective technologies.
Furthermore, a difference is made between increasing and decreasing
the share of a technology. Increasing the share of a technology in the
portfolio may induce transaction costs, e.g. due to the preparation and
implementation of new investment projects. Decreasing the share of a
technology means selling power generation assets or liquidating shares



26 Chapter 3. A Multi-Period Extension

in a power plant. As this model only considers relative shares of tech-
nologies in a portfolio, load growth and the resulting increasing absolute
size of the portfolio are not explicitly taken into account. However, as
the main purpose of the model is to support long-term strategic plan-
ning, this issue does not represent an aspect limiting the practical use
of the model.

In theory, the profits obtained from divesting generation assets should
correspond to the liquidation value L, which is a function of the cap-
ital investment costs CCI and the remaining depreciation time. As, in
contrast to tradeable financial products, power generation assets are
tangible assets, it is unlikely that the full liquidation value L can be re-
covered. The following relationship for the transaction costs τt,i incurred
by the rebalancing of technology i is therefore assumed:

τt,i =

{
fbuy · CCI,i · |xt+1,i − xt,i| if |xt+1,i − xt,i| ≥ 0

fsell · Li · |xt+1,i − xt,i| if |xt+1,i − xt,i| < 0
(3.3)

The sum of all transaction costs τt,i is the total transaction cost τt in
equation (3.1). By solving equation (3.1), the optimal path through the
trellis in figure 3.2 is found. At each time stage between t=0 and t=T,
a set of N possible portfolios is available. The method used to find the
optimal path is called backward recursion. To be able to unfold the
recursion, the so-called value function VT of the previously determined
optimal future portfolio xT at time t=T is defined:

VT = UT (xT ) (3.4)

Starting from the node VT , the following recursive equation is solved
for t = T -1, T -2, ... :

Vt(xt) = max{βt · ut(xt)− βt · fpen · τt + βt+1 · Vt+1(xt+1)} (3.5)

This equation is called the ”Bellman equation”. Going backward in this
way until the initial portfolio x0, the overall problem is solved and those
bridging portfolios that enable the transition from today’s portfolio to
the desired future portfolio in an optimal way are determined.

As the concept of backward recursion relates very well to the charac-
teristics of a greenfield approach, where backcasting is used to derive
bridging systems from today’s system to an optimal future system, dy-
namic programming is an appropriate method to be applied in this
context.
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Figure 3.2: Application of dynamic programming to determine the op-
timal path from today’s portfolio to the desired portfolio at
the time instant t=T.
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3.3 Application example

In general the above presented multi-energy portfolio model together
with the multi-period optimization can be applied to an arbitrary num-
ber of energy outputs. In this section, the example of a portfolio provid-
ing 50% electricity and 50% heat is presented1, i.e. the vector compo-
nents of the portfolio energy carrier ratio xout are xout,el = xout,heat =
0.5.

For the sake of clearness, the available set of generating options is limited
to the following technologies:

Technologies with electricity as output

• T1: Photovoltaics (PV)

• T2: Wind onshore

• T3: Small hydro (run of river < 10 MW)

CHP technologies

• T4: Biomass (e.g. wood chips) CHP with extraction condens-
ing turbine

• T5: Natural gas CHP with extraction condensing turbine

Technologies with heat as output

• T6: Solar thermal collectors

• T7: Gas boilers

A multi-stage decision problem with two intermediate stages between
today and 2050, which is the target year of the greenfield approach, is
considered. These intermediate stages are the years 2020 and 2030. The
cost projections for 2020 and 2030 are based on data generated within
the CASES (Cost Assessment for Sustainable Energy Systems) project,
a co-ordination action funded by the European Commission [26]. As
CASES only provides data until 2030, the main part of the cost pro-
jections for 2050 was taken from [27] and [28].2 Tables 3.1, 3.2 and 3.3

1The shares of electricity and heat refer to the level of useful energy on the
consumer side.

2We are aware of the fact that the two different data streams may not use fully
consistent assumptions. For the purpose of this application example, however, we
assume the degree of consistency to be sufficient.
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provide the cost data of the base scenarios for the years 2020, 2030 and
2050. All cost data are given in Rp/kWh3 and include a heat bonus for
’Biomass CHP’ and ’Natural gas CHP’.

Table 3.1: Levelized generation cost projections for 2020 in Rp/kWh.

2020 CF CO&M CCI CEg
CEl

PV 0 5.88 41.62 0.21 1.61
Wind 0 1.75 5.22 0.02 0.08
Small hyro 0 1.90 9.34 0.02 0.13
Biomass CHP 4.66 0.65 0.59 0.19 1.12
Natural gas CHP 5.52 0.59 0.46 1.20 0.93
Solar thermal 0 2.00 18.00 0.07 0.08
Gas boilers 4.8 0.72 2.88 1.10 0.85

Table 3.2: Levelized generation cost projections for 2030 in Rp/kWh.

2030 CF CO&M CCI CEg
CEl

PV 0 4.58 32.42 0.28 1.76
Wind 0 1.73 5.15 0.03 0.08
Small hyro 0 1.90 9.34 0.03 0.15
Biomass CHP 4.66 0.65 0.59 0.27 1.32
Natural gas CHP 5.48 0.59 0.46 1.70 1.08
Solar thermal 0 2.00 16.00 0.07 0.08
Gas boilers 6.8 0.72 2.88 1.10 0.85

Table 3.3: Levelized generation cost projections for 2050 in Rp/kWh.

2050 CF CO&M CCI CEg
CEl

PV 0 1.43 10.07 0.28 1.76
Wind 0 1.60 4.80 0.03 0.08
Small hyro 0 1.90 9.34 0.03 0.15
Biomass CHP 4.66 0.65 0.59 0.27 1.32
Natural gas CHP 5.75 0.62 0.48 1.87 1.19
Solar thermal 0 2.00 14.00 0.07 0.08
Gas boilers 8.8 0.72 2.88 1.10 0.85

3100 Rp = 1 CHF; exchange rate: 1 Euro = 1.5554 CHF.
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The levelized generation costs are made up of the components given by
equation (2.15).

The set of scenarios is determined by defining possible states for the
respective cost influence factors and by assigning numerical values to
these states. The value of the cost influence factor fO&M is kept constant
(fO&M=1 in all scenarios), i.e. variations of operation and maintenance
costs are considered negligible in this application example. For the fac-
tors ftot, fCI and fF , two possible states (’high’ or ’low’) are defined.
The cost data for the base scenarios listed in tables 3.1, 3.2 and 3.3 cor-
respond to the ’low’ states, where ftot=fCI=fF=1 for all technologies.
The factors ftot, fCI and fF are generally technology-dependent, i.e.
their values in ’high’ states are defined individually for each technol-
ogy. Concerning the factors fEg

and fEl
, three possible combinations

are considered. The first one corresponds to the situation where no ex-
ternal costs are internalized, i.e. fEg

= fEl
= 0. The second possible

state involves the internalization of local external costs, i.e. fEl
= 1 and

fEg
= 0. In the third state, both local and global external costs are

internalized, i.e. fEg
= fEl

= 1. Considering all possible combinations
of states, a set of 24 scenarios results. In this application example, it is
assumed that all scenarios have the same probability, i.e. pi =

1
24 for all

s scenarios. In a real application example where concrete information
and estimates are available, the probabilities can be chosen accordingly.

From the electrical and thermal efficiencies of the CHP technologies,
the following output ratio matrix Γ results:

Γ =

[
1 1 1 0.39 0.49 0 0
0 0 0 0.61 0.51 1 1

]

(3.6)

Using these input data for the single-period portfolio model and solving
the optimization problem stated in equation (2.23), the efficient fron-
tier for the year 2050 is determined. All points on the curve shown in
figure 3.3 represent efficient risk-return combinations in the year 2050.

Figure 3.4 presents the corresponding portfolio allocations, i.e. the shares
of technologies xi at each risk level. To choose a portfolio from this ef-
ficient frontier, the risk preferences of the investor have to be taken
into account. We assume a risk averse investor acting according to the
coefficients of the utility function given in table 3.4.

With these coefficients, the portfolio providing the highest utility level
is at a risk level of σP = 0.009 kWh/Rp. This means that a portfolio at
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Figure 3.3: Efficient frontier of the year 2050.

Figure 3.4: Shares of technologies xi on the efficient frontier of the year
2050 for different risk levels σP . For readability reasons, only
the three technologies with the highest shares are indicated
directly in the figure. The other technologies can be identi-
fied with the help of the legend.
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Table 3.4: Coefficients of the utility functions of the years 2020, 2030
and 2050.

Year a b c

2020 0 3760.0 Rp/kWh 19498.3 (Rp/kWh)2

2030 0 8957.5 Rp/kWh 38899.7 (Rp/kWh)2

2050 0 2566.3 Rp/kWh 10463.1 (Rp/kWh)2

a relatively low risk level is chosen as target portfolio xT for the year
2050.

For 2020 and 2030, the intermediate stages of the multi-stage decision
problem, the efficient frontiers are calculated in the same way as for
2050, i.e. risk is minimized for N = 30 discrete return levels repre-
senting the range of possible return values. This means that for each
intermediate stage, a set of 30 portfolios is available among which one
has to be chosen for both 2020 and 2030 in order to determine the op-
timal transition path. The coefficients of the utility functions for 2020
and 2030 are also given in table 3.4. Due to a lack of availability of real
data of investors’ risk preferences, the coefficients of the utility functions
of equation (3.2) for the years 2020, 2030 and 2050 are calculated ac-
cording to certain assumptions: First of all, the coefficient a is assumed
to be zero. Furthermore, the value u = 100 is assigned to the portfo-
lio with the lowest risk on the efficient frontier. Finally, it is assumed
that the maximum utility is at a risk level of σP=0.004 kWh/Rp in
2020, at a risk level of σP=0.008 kWh/Rp in 2030 and at a risk level of
σP=0.009 kWh/Rp in 2050. Using these assumptions for the calculation
of the coefficients a, b and c for 2020, 2030 and 2050, the values given
in Table 3.4 result. As the boundary condition of a certain portfolio
existing today is assumed, no utility coefficients for choosing the initial
portfolio are needed.

To determine the optimal sequence of portfolios, the Bellman equa-
tion (3.5) is solved recursively. In this application example a discount
factor of β = 1 is chosen, which corresponds to a discount rate of
0%. By not discounting the utility from portfolios at a future point
of time, the wealth of future generations is valued in the same way
as the wealth of the current generation. This means that the results
for β = 1 represent the uppermost reference level concerning sustain-
ability considerations. Assuming an initial portfolio allocation vector

x0 =
[
0 0.2 0.3 0 0 0.05 0.45

]T
, the sequence of technology
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Figure 3.5: Sequence of technology shares xi from today to the year
2050.

shares xi shown in figure 3.5 results. Based on the assumed cost data and
scenarios, the shares of ’Wind’ and ’Solar thermal collectors’ strongly
increase until 2020, whereas the shares of ’Small hydro’ and ’Gas boil-
ers’ decrease. The share of ’Biomass CHP’ continuously rises from today
until 2030 and remains then virtually constant until 2050. Despite sub-
stantial expected cost reductions between 2030 and 2050, ’PV’ is not
present in the portfolio at any time step. The same is true for ’Natural
gas CHP’.

In this application example, no capacity constraints, which might be
present for example due to limited availability of certain input energy
carriers such as biomass, were considered. Furthermore, actual electric-
ity and heat load levels and their projected evolution in the future have
not been considered in this analysis. In a real application case, these
aspects have of course to be taken into account in order to determine
maximal shares of technologies in the portfolios. The corresponding ad-
ditional constraints can easily be included in the model formulation.





Chapter 4

Comprehensive Performance

and Incertitude Analysis of

Multi-Energy Portfolios

In this chapter, the multi-energy mean-variance portfolio (MVP) model
is combined with a so-called multi-criteria diversity analysis (MDA).
Solving the resulting optimization problem allows for identifying energy
generation technology mixes that both minimize the exposure to various
kinds of incertitude and maximize portfolio performance with respect to
multiple criteria.

4.1 Full spectrum of incertitude and mul-

tiple performance criteria

Applying a long-term perspective to the planning of energy supply in-
volves conditions of decision making that are characterized by different
kinds of incertitude. In this context incertitude includes different types
of situations one encounters when making decisions. Following the con-
cept presented in [29], the full spectrum of incertitude can be represented
as illustrated in figure 4.1.

Depending on the knowledge about possible outcomes and the asso-
ciated probabilities, a distinction is made between risk, uncertainty,
ambiguity and ignorance. The notion risk describes situations, where
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Figure 4.1: Knowledge about probabilities and outcomes and the asso-
ciated types of incertitude after [29].

possible outcomes are fully characterized and where there is confidence
for assigning probabilities to these outcomes. Uncertainty and ambiguity
are defined as areas, where there is either no basis for assigning prob-
abilities to well-defined outcomes, or where the characterization of the
outcomes themselves is equivocal. Eventually, ignorance refers to situa-
tions, where planners have both difficulties in concretely characterizing
possible outcomes and in finding a basis for assigning probabilities to
these poorly-defined outcomes.

The multi-energy mean-variance portfolio model presented in chapter 2
only considers the risk space. It applies mean-variance portfolio the-
ory to multi-energy generation portfolios assuming that probabilities
can be assigned to scenarios representing a set of well-defined possible
outcomes. However, the model neglects the three other types of incerti-
tude mentioned above, i.e. ambiguity, uncertainty and ignorance. In [6]
Stirling presents MDA being a concept measuring diversity and perfor-
mance based on multiple criteria. Conceiving incertitude as reciprocal
of multi-criteria diversity, this concept covers the space of uncertainty,
ambiguity and ignorance. MDA, however, does not exploit information
in the risk space.

With respect to performance criteria, MVP uses only economic quanti-
ties such as levelized energy generation costs for measuring the portfo-
lio performance. In contrast, MDA defines performance as function of
multiple criteria. Applying the MDA framework thus allows for simulta-
neously considering the economic, environmental and social dimensions
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of sustainability in the analysis by defining appropriate performance
criteria as well as the corresponding weights assigned to these criteria.
Furthermore, technical performance aspects can be taken into account
explicitly.

In order to overcome the limitations of both MVP and MDA and to
cover the full spectrum of incertitude, their combined application has
been proposed in [30]. In this chapter, the approach from [30] is adopted,
an optimization problem incorporating both MVP and MDA quantities
in a single objective function is formulated, and finally the model is
extended for the purpose of analyzing portfolios generating multiple
energy carriers. Following this approach, a model for comprehensive
performance and incertitude analysis of multi-energy portfolios is de-
veloped in this chapter.

4.2 Combined MVP and MDA model

In this section the combined application of the MVP and the MDA
model is presented. For this purpose, the MVP model is briefly recalled
and the principles and elements of the MDA model are described.

4.2.1 The mean-variance portfolio model

In order to combine the scenario-based portfolio model with the MDA
model, its main elements are briefly outlined again. For the sake of a
clear notation, the subscript MVP is added to all quantities referring
to the mean-variance portfolio model.

In doing so, the cost matrix CMVP containing the levelized generation
costs of the whole set of technologies in all scenarios becomes:

CMVP =






CMV P,11 · · · CMV P,1s

...
. . .

...
CMV P,t1 · · · CMV P,ts




 (4.1)

The rows of CMVP indicate the energy generation costs of a certain
technology in each of the s scenarios; the columns contain the cost values
for each of the t technologies in a particular scenario. Calculating the
reciprocal of each value in CMVP gives the return matrix RMVP which
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thus contains the expected returns of all t technologies in each of the s
scenarios:

RMVP =






RMV P,11 · · · RMV P,1s

...
. . .

...
RMV P,t1 · · · RMV P,ts




 (4.2)

In a next step individual probabilities are assigned to each of the s sce-
narios. These probabilities are listed in the vector pMVP:

pMVP =








pMV P,1

pMV P,2

...
pMV P,s








with

s∑

k=1

pMV P,k = 1 (4.3)

With the (t, 1)-dimensional allocation vector x indicating the share
of each technology in the overall portfolio, the portfolio return rMV P

becomes:
rMV P = xT ·RMVP · pMVP (4.4)

The standard deviation σMV P being the measure for the portfolio risk
is calculated as follows:

σMV P =
√

xT ·ΣMVP · x (4.5)

with ΣMVP being the covariance matrix. The elements of ΣMVP are
calculated according to (2.21).

The two quantities rMV P from (4.4) and σMV P from (4.5) will be used
as input for the combined MVP and MDA optimization problem.

4.2.2 The multi-criteria diversity analysis framework

The MDA framework is based on a similar concept as the MVP model.
While MVP minimizes risk, which is defined as standard deviation of
return, at any given level of portfolio return, the objective in the MDA
approach is minimizing portfolio uncertainty, ambiguity and ignorance
by maximizing diversity at any given level of portfolio performance. In
contrast to the MVP model, where economic quantities, namely lev-
elized generation costs, are the only measure for portfolio return, the
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MDA framework comprehends performance in a broader sense. Portfo-
lio performance is defined as function of multiple performance criteria
and calculated as:

gMDA = xT ·GMDA ·wMDA,perf (4.6)

where GMDA is a (t, nperf )-dimensional matrix with nperf being the
number of performance criteria. Each value Gi,j in GMDA is a normal-
ized performance measure (0 ≤ Gi,j ≤ 1) expressing the performance
of technology i with respect to performance criterion j. The (nperf , 1)-
dimensional vector wMDA,perf contains the relative weights given to
each performance criterion. The possibility to include multiple perfor-
mance criteria allows for extending the analysis from a purely cost-
based perspective to, e.g., a sustainability-oriented perspective aiming
at meeting economic, environmental and social criteria. Furthermore,
criteria relating to technical characteristics of energy generation tech-
nologies can be explicitly taken into account. Such technical criteria may
comprise the operational flexibility of power plants and the fluctuating
nature of energy generation.

MDA conceptualizes diversity as a direct means to deal with uncer-
tainty, ambiguity and ignorance. A main aspect of diversity are the
disparities between technologies. The concept of disparity makes use of
those attributes which are considered to represent essential differences
between technologies. Such an attribute can, e.g., be the ease of integra-
tion of a technology into buildings. The (t, ndisp)-dimensional matrix
AMDA gathers the normalized values of each disparity attribute with
regard to each technology. If a technology can, e.g., be easily integrated
into buildings, the corresponding value of the disparity attribute is 1.
If, by contrast, a building integration is impossible for a certain tech-
nology, the corresponding disparity value is 0. By means of AMDA and
the vector wMDA,disp containing the relative weights given to each dis-
parity attribute, the disparity matrix DMDA is determined. The values
DMDA,ij in DMDA are the Euclidian distances between the technolo-
gies i and j in the disparity space and are calculated as:

DMDA,ij =

√
√
√
√

ndisp∑

k=1

(ai,k − aj,k)2 (4.7)

where ndisp is the number of disparity attributes and ai,k is the weighted
disparity value of technology i with respect to attribute k.
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MDA portfolio incertitude, the analogous quantity to risk in MVP, is
defined as reciprocal of the portfolio diversity dMDA:

IMDA =
1

dMDA
=

1

xT ·DMDA · x (4.8)

Using the equations defined above, the MDA efficient frontier can be
calculated as follows:

For given possible values of the portfolio performance gMDA:

Minimize

IMDA =
1

xT ·DMDA · x (4.9)

subject to the constraints

xi ≥ 0 ∀ i ∈ [1, ..., t] (4.10a)

t∑

i=1

xi = 1 (4.10b)

4.2.3 Combined application of MVP and MDA

Instead of calculating separate MVP and MDA efficient frontiers, both
methods are combined in order to cover all types of incertitude be-
ing relevant in long-term energy planning. Furthermore, this combined
approach allows for taking into account a more comprehensive set of
performance criteria compared with the MVP model. The approach
presented in [30] is extended and a common optimization problem us-
ing the technique of minimizing a single aggregate objective function
being the weighted linear sum of the objectives is formulated. Thus, the
total portfolio performance becomes:

Gtot = Ψ · rMV P,norm + (1 −Ψ) · gMDA,norm (4.11)

where the factor Ψ (0 ≤ Ψ ≤ 1) expresses the weight given to MVP.
rMV P,norm and gMDA,norm are the normalized MVP return and MDA
performance, respectively. The normalized value qnorm of a quantity q
is calculated as follows:

qnorm =
q −min[q]

max[q]−min[q]
(4.12)
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The integration of the model extensions presented in chapter 2.3 allows
for determining efficient portfolios providing an arbitrary amount of
energy carriers with the combined MVP and MDA model. The resulting
optimization problem to calculate the comprehensive efficient frontier
considering both MVP risk and MDA incertitude is the following:

For a given value of Ψ and for feasible values of the total portfolio
performance Gtot:

Minimize

Itot = Ψ · σMV P,norm + (1−Ψ) · IMDA,norm (4.13)

subject to the constraints

xi ≥ 0 ∀ i ∈ [1, ..., t] (4.14a)

t∑

i=1

xi = 1 (4.14b)

Γ · x = xout,des (4.14c)

where σMV P,norm and IMDA,norm are the normalized MVP risk and
MDA incertitude, respectively. Itot is the total incertitude and xi is the
share of technology i in the portfolio. Equation (4.14c) ensures that all
portfolios generate the desired amounts of output energy carriers.

Using this optimization procedure, the combined method allows for cal-
culating efficient multi-energy portfolios that minimize the exposure to
the whole spectrum of incertitude and simultaneously maximize perfor-
mance with respect to multiple criteria.

4.3 Application example

In general the above presented multi-energy portfolio model combining
MVP and MDA is applicable to an arbitrary number of energy outputs.
In this section, the example of a portfolio providing 50% electricity
and 50% heat is presented. The considered set of technologies is the
following:
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Technologies with electricity as output

• T1: Wind

• T2: Small hydro

• T3: Photovoltaics (PV)

• T4: Fuel cell fired by natural gas

Technologies with electricity and heat as output

• T5: Internal combustion engine fired by biogas

• T6: Internal combustion engine fired by natural gas

Technologies with heat as output

• T7: Solar thermal collector

• T8: Gas boiler

The set of scenarios used in the scenario-based MVP model is derived
taking into account the influence of the following influence factors:

• F1: Cost of CO2 resulting from carbon policies

• F2: Increase in conversion efficiency as a result of energy-related
research efforts

• F3: Price of fossil fuels

Each of these factors can assume two different states - ’high’ or ’low’.
All possible combinations of states of influence factors result in the set
of scenarios shown in table 4.1.

Table 4.1: Scenarios and external influence factors.

Scenarios S1 S2 S3 S4 S5 S6 S7 S8

F1 high high high high low low low low
F2 high high low low high high low low
F3 high low low high high low low high

Table 4.2 provides the levelized energy generation cost data for all tech-
nologies in each scenario used in the MVP part of the analysis. Data
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Table 4.2: Levelized energy generation costs for all technologies in all
scenarios in [USD/MWh] based on data from [31].

S1 S2 S3 S4 S5 S6 S7 S8

T1 43.3 43.3 44.2 44.2 43.3 43.3 44.2 44.2
T2 39.7 39.7 40.5 40.5 39.7 39.7 40.5 40.5
T3 253.3 253.3 287.8 287.8 253.3 253.3 287.8 287.8
T4 86.8 67.5 74.5 96.4 70.7 51.4 58.4 80.3
T5 59.9 59.9 63.0 63.0 59.9 59.9 63.0 63.0
T6 81.4 64.7 66.0 83.0 77.8 61.2 62.4 79.4
T7 13.2 13.2 14.7 14.7 13.2 13.2 14.7 14.7
T8 16.8 13.9 14.0 17.0 10.4 7.5 7.6 10.6

from reference [31] served as basis for the scenario building, which was
done through variation of the different states of influence factors ac-
cording to equation (2.15).

In order to determine the return matrix RMVP needed as input for the
MVP part of the analysis, the reciprocals of the cost data values are cal-
culated. Another input for the MVP analysis is the probability vector
pMVP containing the probability values of all scenarios. In this generic
application example, equal probabilities for all scenarios are assumed,
i.e. pMV P,i = 0.125 ∀i = 1, ..., 8. In a specific application case, appro-
priate probability values reflecting available information and estimates
about future developments of external factors can be assigned.

For the MDA part of the analysis, the following performance criteria
are considered:

• Cost performance

• Environmental performance

• Public acceptance

• Long-term security

• System operation

While system operation relates to technical characteristics such as the
capability to support power system stability, the other criteria compre-
hend the economic, environmental and social aspects of sustainability.
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The disparity attributes considered in this application example are the
following:

• Type of the primary energy resource (fossil fuel or renewable)

• Ease of building integration

• CHP generation (simultaneous production of heat and electric
power)

• Output controllability

• Potentially subject to CO2 regulations (yes or no)

• Level of maturity of the technology

The numerical values for the MDA part of the analysis, i.e. the per-
formance matrix GMDA, the weight vector wMDA,perf , the disparity
matrix AMDA and the weight vector wMDA,disp, are provided in ta-
bles 4.3 and 4.4. If available for the considered technologies, performance
and disparity data from Annex B of reference [32] was taken. For the
other technologies, i.e. fuel cell, solar thermal collector and gas boiler,
own estimates were made.

Table 4.3: Technology performance values.

Cost Environ- Public Long- System
perfor- mental per- accep- term oper-
mance formance tance security ation

Weight 0.30 0.25 0.15 0.20 0.10

T1 0.70 0.80 0.60 0.90 0.30
T2 0.70 0.80 0.60 0.80 0.90
T3 0.10 0.90 0.60 0.90 0.40
T4 0.10 0.65 0.50 0.50 0.90
T5 0.70 0.80 0.60 0.70 0.60
T6 0.70 0.65 1.00 0.50 0.90
T7 0.80 0.90 0.60 0.90 0.50
T8 0.60 0.50 0.90 0.50 0.80

The electric and thermal efficiencies of the cogeneration technologies
result in the following output ratio matrix Γ:

Γ =

[
1 1 1 1 0.39 0.49 0 0
0 0 0 0 0.61 0.51 1 1

]

(4.15)
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Table 4.4: Technology disparity values.

Fossil Buil- CHP Output CO2 Level
fuel ding gene- controll- regu- of ma-

integr. ration ability lation turity
Weight 0.2 0.2 0.2 0.2 0.1 0.1

T1 0.0 0.0 0.0 0.2 0.0 0.5
T2 0.0 0.0 0.0 0.5 0.0 0.0
T3 0.0 1.0 0.0 0.1 0.0 1.0
T4 1.0 1.0 1.0 1.0 1.0 1.0
T5 0.0 1.0 1.0 0.8 1.0 0.5
T6 1.0 1.0 1.0 1.0 1.0 0.0
T7 0.0 1.0 0.0 0.2 0.0 0.5
T8 1.0 1.0 0.0 1.0 1.0 0.0

As the portfolio shall provide 50% electricity and 50% heat, the desired
portfolio energy carrier ratio xout,des is:

xout,des =
[
0.5 0.5

]T
(4.16)

In order to calculate comprehensive efficient frontiers and the corre-
sponding portfolio allocations for this application example, the opti-
mization problem (4.13) is solved for the given input data.

Figure 4.2 shows simulation results of a sensitivity analysis with respect
to the weighting factor Ψ. Efficient frontiers indicating Pareto optimal
performance-incertitude combinations were calculated for Ψ = 1 (pure
MVP analysis), Ψ = 0.5 (equal weights given to MVP and MDA) and
Ψ = 0 (pure MDA analysis). The three curves in figure 4.2 indicate the
maximum level of total normalized performance Gtot at each level of
total normalized incertitude Itot for the chosen values of Ψ.

Figure 4.3 shows the portfolio allocations on the purely MVP-based
efficient frontier (Ψ = 1). At all levels of total incertitude, the port-
folios exhibit a low degree of diversification. The maximum number of
technologies forming a portfolio is three. At the extreme ends of the
incertitude range, only two technologies are present in the portfolio -
the biogas engine and small hydro at minimum incertitude, and the gas
boiler and and small hydro at maximum incertitude. The low degree of
diversification can be explained by the fact that the correlation between
expected returns of certain technologies is relatively high. Therefore,
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Efficient frontier for Ψ = 0.0

Efficient frontier for Ψ = 0.5

Efficient frontier for Ψ = 1.0

Figure 4.2: Efficient frontiers for different values of the weighting fac-
tor Ψ. Ψ = 1.0: Whole weight assigned to MVP analysis.
Ψ = 0.5: Half of the weight assigned to MVP analysis and
half of the weight given to MDA. Ψ = 0.0: Whole weight
assigned to MDA.
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Ψ = 1

Figure 4.3: Portfolio allocations on the efficient frontier for Ψ = 1.0
(whole weight assigned to MVP analysis).

diversification does not lead to a significant reduction of incertitude
resulting in portfolios with a limited number of technologies.

Figure 4.4 presents the portfolio allocations on the efficient frontier for
Ψ = 0.5. At low incertitude levels, the portfolios consist of five tech-
nologies, i.e. the degree of diversification is higher than in the case of
Ψ = 1. With increasing incertitude, the degree of diversification de-
creases because the high number of technologies accompanied by low
incertitude levels is substituted with a limited number of technologies
providing high performance values. Solar thermal collectors and small
hydro provide the highest performance in the case of Ψ = 0.5 given the
criteria weightings chosen in this application example.

The portfolio allocations for the case Ψ = 0.0 are represented in fig-
ure 4.5. It can be seen that assigning the complete weight to the MDA
analysis results in the highest degree of diversification at low incertitude
levels. At an incertitude level of Itot = 0, the complete set of technolo-
gies contributes to the portfolio. As in the case of equal weights assigned
to MVP and MDA (Ψ = 0.5), diversification decreases with increasing
incertitude levels implying high performance levels.
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Ψ = 0.5

Figure 4.4: Portfolio allocations on the efficient frontier for Ψ = 0.5
(half of the weight assigned to MVP analysis and half of the
weight given to MDA).

Ψ = 0

Figure 4.5: Portfolio allocations on the efficient frontier for Ψ = 0.0
(whole weight assigned to MDA).
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Figure 4.6: Levelized portfolio energy costs along the efficient frontiers
for different values of the weighting factor Ψ.

Figure 4.6 displays the levelized energy costs of the portfolios on the
efficient frontiers for the different values of the weighting factor Ψ. For
Ψ = 1, which means that the total weight is given to the MVP part, the
levelized generation costs of the technologies and their variations in the
different scenarios are the only optimization criteria. Therefore, in this
case the costs are lower than for Ψ = 0.5 and Ψ = 0 for the majority of
the total incertitude range. Only at very low incertitude levels, the costs
for the pure MVP analysis are higher than in the other two cases. As the
MVP optimization seeks to minimize risk at given return or cost levels
respectively, this results in higher costs at low incertitude levels than in
the cases Ψ = 0.5 and Ψ = 0, where a lower incertitude level can not
only be reached by choosing technologies with low variations of costs,
but also by increasing the diversity of the portfolio being dependent on
the various disparity attributes. For the case Ψ = 0, i.e. the pure MDA
analysis, the cost curve is not monotonically decreasing with increasing
incertitude levels because cost is only one of several performance criteria
in the optimization problem.

A comparison of the results obtained with the three different values of
the parameter Ψ shows that the efficient frontiers, the corresponding
choices of technology options as well as the associated levelized energy
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costs strongly depend on the weight given to the MVP and MDA part
of the analysis. The weighting factor Ψ can be adjusted according to
the confidence in the cost projection scenarios (risk space) and the im-
portance given to the other elements of the spectrum of incertitude
(uncertainty, ambiguity and ignorance) as well as to performance crite-
ria other than cost. In this respect, the model presented in this chapter
represents a flexible planning tool for multi-energy portfolios.



Chapter 5

Discussion and conclusion -

Part I

In part I of this thesis, models and methods for the planning and assess-
ment of multi-energy portfolios from a cost-based societal perspective
have been presented. Classic mean-variance portfolio theory has been
the starting point for the model development. This theory had already
been applied to electricity generation portfolios. The models stated in
this thesis are a general extension of these applications and allow for an
integrated assessment of portfolios generating multiple energy outputs
such as electricity, heat, cooling, etc. Using an ex-ante method with a
set of several possible scenarios, the multi-energy portfolio model allows
for appropriately incorporating uncertainties about future developments
that can alter the economic performance of the considered generation
technologies. By assigning individual probabilities of occurrence to the
different scenarios and by analyzing them in an integrated way, energy
system planners can determine portfolios being the best answer to a set
of possible future developments as a whole instead of having to choose
a portfolio being only efficient for one single scenario. Furthermore,
the forward-looking character of the model allows for incorporating ex-
pected learning curve effects for currently emerging technologies which
could not be taken into account with classical models based on his-
torical cost data. In this way the scenario-based multi-energy portfolio
model provides a useful tool to determine efficient multi-energy gener-
ation portfolios for the future.

In a next step the multi-energy portfolio model has been extended with a
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dynamic programming approach allowing for determining optimal tran-
sition strategies that bridge the gap between today’s portfolios and op-
timal future portfolios resulting from a greenfield approach. In order to
periodically update the input data and to include newly available in-
formation, the analysis should be carried out at regular intervals along
the lines of receding horizon methods. Using the simple case of a port-
folio comprising a set of heat and power generation technologies, the
method has been applied and illustrated. To summarize, the proposed
multi-period extension of the portfolio model can be used as a decision
support tool with respect to the long-term rebalancing of multi-energy
generation portfolios.

The second extension of the multi-energy portfolio model is related to
the combination of mean-variance portfolio theory and multi-criteria
analysis. The resulting model allows for the assessment of portfolio
performance and incertitude in a comprehensive manner. Using this
method, efficient energy technology mixes for the generation of multi-
ple energy carriers can be determined, which minimize the exposure to
the full spectrum of incertitude. Furthermore, the possibility of includ-
ing multiple performance criteria allows for the identification of portfo-
lios satisfying the triple bottom line of sustainability, which comprises
economic, environmental and social criteria.

Concluding, it can be summarized that the multi-energy portfolio model
together with its extensions represents a valuable tool for the integrated
planning of multi-energy generation portfolios and provides valuable
support for policy and investment decision makers.



Part II

Monte Carlo Valuation of

Investments in Energy Hubs
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Chapter 6

The Energy Hub Monte Carlo

Method

This chapter introduces the second part of this thesis, where methods for
the assessment of multi-energy investment projects from an individual
investor’s perspective are presented. In this introductory chapter, it is
described how an energy hub can be modeled and valued with a Monte
Carlo method. For this purpose, the energy hub modeling concept is in-
troduced in a first step. In a next step, the valuation method making use
of Monte Carlo simulation is outlined. Eventually, the developed energy
hub Monte Carlo model is applied to compare two different hub config-
urations and to analyze the importance of some selected parameters in
a sensitivity analysis.

6.1 Background and motivation

In the past, different energy infrastructures have basically been operated
separately in most cases. However, a trend towards increasing integra-
tion can be observed in recent years. An example for this development
is the rising number of distributed CHP plants, which establish a con-
nection between gas, electricity and, in some cases, district heating net-
works. The VoFEN project, to which this thesis contributes, aims at
systematically analyzing systems that involve multiple energy carriers.
As mentioned in chapter 1, the key concept in this project is the energy
hub. Generally speaking, an energy hub is an integrated system of units
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electricity

natural gas
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district heat

electricity

heating

cooling

Energy Hub

Inputs
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(loads and/or

network infeed)

Figure 6.1: Example of an energy hub with the following elements: Elec-
tric transformer, microturbine fired by natural gas, heat ex-
changer, wood chips furnace, heat storage and absorption
chiller.

allowing for the conversion and storage of multiple energy carriers. An
illustrative example of an energy hub is shown in figure 6.1.

In part II of this thesis, an energy hub is considered as a profit-maximiz-
ing multi-energy generator which converts a certain number of input
energy carriers into multiple output energy carriers. On the one hand,
its elements can be viewed as multi-staged modular investment oppor-
tunities, i.e. a hub can be upgraded step-by-step with further elements.
On the other hand, an energy hub provides operational flexibility in the
sense that one output energy carrier can be provided by using different
input energy carriers. Another more evident aspect of operational flexi-
bility is that the energy hub can be kept idle if input and output prices
are such that it would not be profitable to operate it. In liberalized en-
ergy markets, fluctuating energy prices and the related financial risks
have gained significant importance. In the coming years, the volatility
of energy prices is expected to increase further due to aspects such as
fluctuating infeed from renewable energy sources, increasing scarcity of
fossil fuels, and rising speculative trade with energy commodities. There-
fore, the volatility of prices will become an essential factor to consider
for investment decisions.

A method that takes into account the flexibility to react to volatile
market prices is Monte Carlo simulation [33]. In contrast to determin-
istic models, Monte Carlo methods use stochastic models to represent
those sources of uncertainty that may have a potential impact on the
asset value. When using Monte Carlo valuation methods, uncertainty
can even represent a positive factor as a driver of value because flexi-
ble operation allows for both limiting downside risks and exploiting the
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upside potential of price volatility.

Electricity prices in competitive markets show a relatively high short-
term volatility. One important reason for the high volatility of electricity
prices compared with other energy carriers is the fact that electricity
cannot be stored easily at low cost. Other energy carriers such as nat-
ural gas or heat, for which technically feasible and economical storage
solutions exist, exhibit a much lower price volatility. One focus of the
VoFEN project is to analyze interactions and synergies between differ-
ent energy carriers and to design systems that are able to take advantage
of their complementary characteristics in a technical but also economic
respect.

Monte Carlo methods have been widely applied to electricity generation
assets as well as to cogeneration plants [34]-[37]. In this thesis, by ap-
plying this class of methods to the energy hub concept, the Monte Carlo
valuation approach is extended and generalized for an arbitrary number
of input and output energy carriers. In this way a Monte Carlo valuation
method for multi-energy generation plants is provided focussing on the
value of operational flexibility offered by an energy hub.

6.2 Valuation of energy hubs

6.2.1 The energy hub modeling concept

The following description of the energy hub concept is based on [38].
The energy hub concept is a generic model describing the conversion
of multiple input energy carriers into multiple output energy carriers.
This conversion can be realized by one or several converter devices. The
energy hub model aggregates the mapping from energy inputs to en-
ergy outputs in the so-called converter coupling matrix C. Considering
the general representation of an energy hub in figure 6.2, the relation
between all power inputs Pin and all power outputs Pout can be for-
mulated as follows:
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Figure 6.2: Energy hub model of a set of converters with input powers
P in
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β , . . . , P in
ω and output powers P out

α , P out
β , . . . , P out

ω .
Adapted from [38].

In the general case, the entries of the coupling matrix represent both
converter efficiencies and so-called dispatch factors. When the total in-
put of one energy carrier is split up to several converters, these dispatch
factors define the percentage of the total input that is dispatched to a
certain converter. For example in the case of two converters using the
total input power Pα, a dispatch factor of να1 = 0.6 means that 60% of
Pα are dispatched to converter 1 and 40% to converter 2.

Integrating the energy hub model in the Monte Carlo method that is
described in the following subsection allows for the valuation of multi-
energy generation plants.

6.2.2 The Monte Carlo investment valuation method

This section develops some essential ideas underlying Monte Carlo meth-
ods and their application to asset valuation.

Generally speaking, Monte Carlo methods make use of techniques that
use probability distributions and the corresponding random numbers to
solve problems. Monte Carlo methods represent a class of stochastic al-
gorithms which are often used when a deterministic problem formulation
is not appropriate or when the problem cannot be solved analytically.

A common application of Monte Carlo methods is the pricing of deriva-
tives such as options. For such an application, prices of equities in an
efficient market are modeled as random variables. Although these prices
show causal relationships with fundamental economic processes, they
exhibit random characteristics, which makes them very difficult to pre-
dict. The same is true for energy prices. They are essentially causal and
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depend on the balance between supply and demand, but measuring and
analyzing the various factors influencing the price formation process is
too difficult a task. Although we might be able to forecast some fun-
damental characteristics of the price development such as the average
change in price over a certain period, an exact estimate of the price of
an energy carrier one year from today would rely on pure luck. Due to
this lack of information to make a more precise forecast, energy prices
can be modeled as random variables just like equity prices.

One of the most relevant tools to study stochastic systems is simulation.
Simulation is the analysis of a real-world process or system based on
a mathematical model. As a perfect representation of the real world
is practically impossible, one always has to make assumptions about
the system that is modeled. Simulation methods are generally efficient
for models of great complexity that use few assumptions. Thus, they
allow for a more accurate representation of the real world. Furthermore,
sensitivities of the system to various factors can be analyzed by changing
model parameters.

For the application in this thesis, a Monte Carlo method is applied
that repeatedly evaluates a deterministic model using sets of random
numbers as inputs. Such a method is often used when the model is
complex, nonlinear, or involves many uncertain variables. By using ran-
dom inputs, the deterministic model essentially changes into a stochastic
model. Many simulations are carried out to evaluate the model, and the
law of large numbers ensures that the model estimate converges to the
correct value as the number of simulations increases [39]. The main dis-
advantage of Monte Carlo methods directly results from the law of large
numbers: a significant amount of computing time is often needed for a
good approximation of the ”true” value.

In view of the adequacy of Monte Carlo methods for complex valuation
problems with multiple sources of uncertainty, this method was chosen
for valuing multi-energy generation plants. Figure 6.3 illustrates the un-
derlying principles of the method. The prices of all input and output
energy carriers are modeled as random variables. The Monte Carlo tech-
nique consists in simulating several thousands of possible price paths for
these energy carriers. For that, price process models such as log-of-price
mean reversion or the Pilipovic model [40], which assumes a two-factor
representation of the price behavior, are assigned to the considered en-
ergy carriers. The energy hub is modeled following the concept described
in section 6.2.1. This concept incorporates the ability of an energy hub
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Energy hub model

Present value

Energy price 1 Energy price 2 ... Energy price n

Figure 6.3: Schematic showing the underlying principles of the Monte
Carlo valuation method for energy hubs.
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to flexibly react to volatile prices of input and/or output energy carri-
ers and to adapt its dispatch accordingly. In contrast to deterministic
models, where only the most likely outcomes are considered, the Monte
Carlo method explicitly takes into account the operational flexibility of
an energy hub. One part of this flexibility consists in the option to keep
the energy hub idle if an operation is not profitable. Furthermore, since
one output energy carrier can possibly be generated using several input
energy carriers, the dispatch of energy inputs can be optimized, which
provides another form of flexibility. Making use of these operational op-
tions, energy hubs are able to profit from the upside potential of price
uncertainty while they will not suffer to the same extent from the down-
side risk. Using the random energy prices as input to the simulation,
the profits obtained by the operation of the energy hub are calculated
for each set of price paths. Based on these profits, the energy hub values
are calculated for each individual simulation run, discounted to a chosen
date, and averaged. In this way the expected present value of an energy
hub is determined.

6.2.3 Energy price modeling

Using the Monte Carlo method, in principle any price process can be
chosen to model energy prices. The flexibility of the Monte Carlo method
even gives the possibility to assign different price paths to different en-
ergy carriers. A simple approach, which represents the main character-
istics of the energy price processes, is to model the energy prices as
log-of-price mean reversion processes. With this assumption the natural
logarithm of a certain energy carrier can be expressed as follows:

dy = κ(b− y)dt+ σdz (6.2)

where y is the natural logarithm of the energy carrier price π, κ is
the mean reversion rate, b is the long-term equilibrium value of y, σ
is the price volatility and dz is a random normally distributed variable
with a mean of 1 and a variance of dt. The discrete approximation
of equation (6.2) is used to generate price paths for the Monte Carlo
simulation:

yt+1 = yt + κ(b − yt)∆t+ σǫ
√
∆t (6.3)
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where ǫ is a normally distributed random variable with a mean of 0 and
a variance of 1.

Correlations between price paths of different energy carriers are taken
into account applying the Cholesky decomposition to the correlation
matrix (cf. appendix A in [41]). By means of this decomposition method,
the correlation matrix Ω is factorized:

Ω = LLT (6.4)

where L is a lower triangular matrix. In order to generate a vector ǫcorr
with normalized variates being correlated according to the correlation
matrix Ω, a vector ǫ of independent normalized variates is generated
in a first step. Multiplying this vector ǫ with the matrix L obtained by
Cholesky decomposition yields the vector ǫcorr:

ǫcorr = Lǫ (6.5)

ǫcorr contains one entry per energy carrier. A sample of correlated gas,
electricity and heat prices generated in this way is shown in figure 6.4.

6.2.4 Optimal dispatch and calculation of energy

hub values

The first step in the calculation of the value of a multi-energy generation
plant is to compute the daily profits from operation. Assuming a daily
time step for the energy price simulation1 and an operation of the plant
during nhours hours per day, the daily profits Fd for each set of simulated
price paths of the input and output energy carriers can be computed:

Fd =
((
Pout · πout

)
−
(
Pin · πin

))
· nhours (6.6)

where Pout and Pin are the column vectors of the output and input
powers respectively, and π

out and π
in are the row vectors of the cor-

responding prices of input and output energy carriers at a certain time
step of the price simulation.

1The time resolution of the energy price simulation can easily be changed to other
time steps, e.g. to hourly or weekly time steps, depending on the time horizon of the
analysis.
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Figure 6.4: Correlated gas, electricity and heat prices (∆t=24h) with
volatilities σgas = 0.4, σel = 0.5 and σheat = 0.1, and
correlation coefficients ωgas,el = 0.4, ωgas,heat = 0.8 and
ωel,heat = 0.2.
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The input and output powers are determined by optimizing the dispatch
of the multi-energy generation plant. For this purpose, the energy hub
model is used. In the model presented in this thesis, optimal opera-
tion means maximization of daily profits. The simulated energy prices
are used as input to the optimization. For each set of simulated energy
prices, i.e. at every time step of the simulation, the following optimiza-
tion problem is solved:

Maximize
f
(
Pin,ν

)
=

((
Pout · πout

)
−
(
Pin · πin

))
(6.7)

subject to
Pout −CPin = 0 (6.8)

and

Pout
min ≤ Pout ≤ Pout

max (6.9a)

0 ≤ ν ≤ 1 (6.9b)

by varying Pin and ν depending on the energy prices π
out and π

in.
Equation (6.9a) ensures that minimum and maximum output limits of
the converters are respected. The vector ν gathers all dispatch factors
which are defined according to the hub configuration and the number
of energy carriers that are shared among several devices [42]. At each
simulation time step, the value of the objective function f

(
Pin,ν

)
is

used to calculate the daily profits Fd according to equation (6.6). As the
daily profits are determined via an optimal dispatch, the daily profits
Fd directly equal the daily payoffs Bd. In a situation where no critical
loads have to be supplied in any case, negative profits are excluded
by the optimization algorithm and the minimum profit is 0 (energy
hub kept idle)2. If another method, which does not inherently exclude
negative profit values, is used to calculate the daily profits Fd, the daily
payoffs become

Bd = max [Fd; 0] (6.10)

The daily payoffs on each set of paths of simulated energy prices are
discounted and summed up for the whole depreciable life of the plant T
to obtain the present value (PV) of the energy hub for each individual
simulation run:

Brun =

T∑

t=0

(
Bd,t · e−rt

)
(6.11)

2If there are critical loads that have to be supplied by all means, situations can
occur where the energy hub has to be operated although this leads to financial losses.
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r is the continuous risk-adjusted discount rate. Continuous discounting
is used because it is an adequate approximation for the actual daily
discounting. Furthermore, it facilitates potential model refinements, e.g.
the consideration of time-varying discount rates.

Eventually, the value of the energy hub is obtained by averaging the
payoffs of all N simulation runs:

V =

N∑

n=1

Brun,n · 1

N
(6.12)

The value of the energy hub V can then be compared with its capital
investment costs I. If V > I, the investment is profitable given the
assumptions made in the modeling process. If V < I, the investment
costs exceed the value of the energy hub, and one would disregard an
investment in this energy hub configuration.

Including an optimal dispatch in the valuation method implies rela-
tively high computational efforts. However, as the time horizon of the
investments to be valued is at least several years or rather decades, this
aspect should not represent a prohibitive barrier. By taking into ac-
count optimal adaption of generation dependent on given energy prices,
a detailed representation of an energy hub’s operational flexibility is ob-
tained. This feature of the presented model is of particular importance
given the fact that real-time pricing is expected to play a major role in
future electricity systems.

6.3 Application example

6.3.1 Comparison of two different energy hub con-

figurations

Using the above described Monte Carlo valuation method, two different
energy hub configurations are analyzed - a basic energy hub with a CHP
unit and a more flexible energy hub being composed of a CHP and a
gas furnace. Figure 6.5 depicts both configurations.

The technical characteristics of the CHP unit and the gas furnace are
listed in table 6.1. The rating of the gas furnace is such that it can can
generate 30% of the heat power provided by the CHP at rated capacity.



66 Chapter 6. The Energy Hub Monte Carlo Method
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Figure 6.5: Two energy hub configurations with a) a CHP unit and b)
a CHP unit and a gas furnace.

Table 6.1: Converter parameters.

CHP unit

Electrical efficiency ηCHP,el = 0.3
Thermal efficiency ηCHP,heat = 0.5

Rated electrical capacity P out,CHP,el
max = 60 kW

Gas furnace

Thermal efficiency ηGF,heat = 0.9
Rated thermal capacity P out,GF

max = 30 kW

The coupling matrix Cbasic for the basic configuration with the CHP
is very simple:

Cbasic =

[
ηCHP,el

ηCHP,heat

]

=

[
0.3
0.5

]

(6.13)

The coupling matrix Cflexible for the flexible configuration includes the
dispatch factor ν because the total natural gas input is split up in two
parts - the part ν · P in

gas going to the CHP and the part (1 − ν) · P in
gas

that is dispatched to the furnace:

Cflexible =

[
ν · ηCHP,el

ν · ηCHP,heat + (1− ν) · ηGF,heat

]

=

[
ν · 0.3

ν · 0.5 + (1− ν) · 0.9

]

(6.14)

The parameters for modeling the prices of the three energy carriers
natural gas, electricity and heat as mean reversion processes are given
in table 7.1.
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Table 6.2: Parameters of mean reversion processes.

Gas

Price volatility σgas = 40%
Mean reversion rate κgas = 1.69
Initial price πgas,0 = 0.054 CHF/kWh

Electricity

Price volatility σel = 50%
Mean reversion rate κel = 1.69
Initial price πel,0 = 0.12 CHF/kWh

Heat

Price volatility σheat = 10%
Mean reversion rate κheat = 1.69
Initial price πheat,0 = 0.065 CHF/kWh

A mean reversion rate of 1.69 means that the half-life3 of the mean
reversion process is t1/2=ln(2)/1.69 years ≈ 5 months. The data for
the initial prices are based on tariffs from the gas supplier in the city
of Zurich Erdgas Zürich for natural gas (as of April 2009), from the
municipal electric utility of the city of Zurich ewz for electricity on the
medium-voltage level (as of January 2009) and from the district heat
supplier in Zurich Fernwärme Zürich for district heat (as of January
2009). It is assumed that the levels to which energy prices revert back
in the long-term are equal to the initial prices, i.e. bi = ln(πi,0) for all
energy carriers i. The correlation matrix for the energy carrier prices is
assumed to be as follows:

ρ =





ρgas,gas ρgas,el ρgas,heat
ρel,gas ρel,el ρel,heat
ρheat,gas ρheat,el ρheat,heat



 =





1 0.4 0.8
0.4 1 0.2
0.8 0.2 1



 (6.15)

Furthermore, it is supposed that the energy hub operates during eight
hours per day, i.e. nhours = 8. This choice is made because the flexible
energy hub is expected to operate similarly to a peaking plant. The
payoffs are discounted at a risk-adjusted discount rate of 7%.

3The half-life is the time it takes for the price to revert half way back to its
long-term level from its current level if no more random shocks arrive.
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Figure 6.6: Distribution of the simulated present values of the basic en-
ergy hub configuration with CHP unit.

As the coupling matrix Cbasic does not contain any dispatch factors, no
optimal dispatch has to be carried out. Note that natural gas is the only
quantity that can be varied in this case. In a first step, it is assumed that
the CHP is always operated at full capacity. With this assumption the
daily profits Fd, which may become negative, are calculated. In a next
step, the valuation is done directly according to equation (6.10). Simu-
lating 1500 sets of daily energy prices over an assumed depreciable life of
20 years and valuing the energy hub with the above described method,
one obtains the distribution of present values of the basic energy hub
configuration shown in figure 6.6.

The basic energy hub configuration has a mean present value of 97 540
CHF and a standard deviation of 16 117 CHF (16.5%). Supposing in-
vestment costs of 1360 USD/kW (≈ 1700 CHF/kW4) for the CHP unit
including the heat recovery system [43], this results in total investment
costs of about 100 000 CHF. This means that, given the made assump-

4Used exchange rate (from June 2004): 1 USD = 1.25 CHF



6.3. Application example 69

0.4 0.6 0.8 1 1.2 1.4 1.6 1.8

x 10
5

0

0.0333

0.0667

0.1000

0.1333

0.1667

Present value of the Energy Hub [CHF]

R
el

at
iv

e 
fr

eq
ue

nc
y

Figure 6.7: Distribution of the simulated present values of the more flex-
ible energy hub configuration with CHP unit and furnace.

tions, one would rather not invest in this energy hub configuration.

The value of the flexible energy hub configuration with CHP and ad-
ditional furnace is computed using the optimal dispatch procedure de-
scribed in section 6.2.4, i.e. at each simulation time step the optimal gas
input power and the optimal dispatch factor are determined depending
on the input and output energy prices given from the price simulation.
Applying the presented Monte Carlo valuation method, the distribution
of present values results as depicted in figure 6.7.

The additional flexibility offered by the gas furnace increases the present
value to 103 080 CHF. This is about 5500 CHF more than for the basic
hub configuration. The standard deviation is 17 042 CHF (16.5%), which
- in relative terms - is the same as for the basic configuration.

Having this quantitative information at hand, an investor can com-
pare the two alternatives with respect to present values, involved risk
expressed by the standard deviation, and capital investment costs. In
this way the method provides valuable decision support and enables in-
vestors to make decisions taking into account the financial risks arising



70 Chapter 6. The Energy Hub Monte Carlo Method

4 5 6 7 8 9 10
0.75

0.8

0.85

0.9

0.95

1

1.05

1.1

1.15

1.2

1.25
x 10

5

Discount rate [%]

A
m

ou
nt

 o
f m

on
ey

 [C
H

F
]

 

 
Present value of the Energy Hub
Capital investment cost

Figure 6.8: Sensitivity of the energy hub’s present value to the discount
rate.

from energy price volatility. Furthermore, by means of comparing hub
configurations with different converter devices, promising structures for
the design of future energy systems can be identified.

6.3.2 Sensitivity analyses

In order to determine the main parameters influencing the value of an
energy hub, sensitivity analyses with respect to the discount rate, the
volatility of the electricity price and the correlation between electricity
and gas prices have been carried out for the basic hub configuration.

Figure 6.8 shows the energy hub’s present value as a function of the dis-
count rate ranging from 4% to 10%. The dashed line indicates the total
capital investment cost for the 60 kW CHP unit still assuming costs
of approximately 1700 CHF/kW. It can be observed that the break-
even discount rate is slightly below 7%. This means that for lower dis-
count rates, the investment would be profitable whereas at discount
rates higher than 7%, one would not invest. Furthermore, it can be seen



6.3. Application example 71

30 40 50 60 70
9

9.2

9.4

9.6

9.8

10

10.2

10.4

10.6

10.8
x 10

4

Electricity price volatility σ
el

 [%]

A
m

ou
nt

 o
f m

on
ey

 [C
H

F
]

 

 

Present value of the Energy Hub
Capital investment cost

Figure 6.9: Sensitivity of the energy hub’s present value to the volatility
of the electricity price σel.

that the discount rate has a significant influence on the value. Choos-
ing, e.g., a discount rate of 10% instead of 7% decreases the value of
the project by about 20 000 CHF. Interpreting the discount rate as
reinvestment rate, a company considering the investment can value the
energy hub at a discount rate that corresponds to the rate of return for
the company’s investments on average and then compare the obtained
value with the capital investment cost. In this way the opportunity cost
of the energy hub investment is confronted with the average profitability
of the company’s projects.

The solid line in figure 6.9 depicts the present value of the energy hub as
a function of the electricity price volatility σel. Please note that the scale
of the axis of ordinates is different from the scale used in figure 6.8. If σel

increases - ceteris paribus - the value of the energy hub increases, too.
A higher volatility of the electricity price increases the number of times
the energy hub can benefit from upwards price fluctuations by making
use of its operational flexibility. However, the downside risk does not
increase to the same extent because the energy hub is not operated if an
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Figure 6.10: Sensitivity of the energy hub’s present value to the corre-
lation between electricity and gas ρel,gas.

operation would entail financial losses. Thus, although high volatility is
commonly associated with risky markets where the probability for losses
is high, the higher volatility of the electricity price together with the
flexibility of the energy hub adds value to the investment opportunity.

Finally, the sensitivity of the energy hub’s present value to the correla-
tion between electricity and gas prices is analyzed. The results of this
analysis are shown in figure 6.10. For the sake of readability, the scale
of the axis of ordinates is again different from the ones used in fig-
ure 6.8 and figure 6.9. For increasing correlation values, one can observe
a decrease in the energy hub’s present value. This can be explained by
the fact that an increasing correlation between both prices decreases
the number of situations where high electricity prices coincide with low
natural gas prices. Hence, a high correlation between gas and electric-
ity makes the energy hub less profitable. This means that the present
value of a multi-energy generation plant is higher in an environment
with loosely correlated prices of energy carriers.

Comparing the results of the three sensitivity analyses shows that the
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value of the energy hub investment is very sensitive to the chosen dis-
count rate whereas it is less sensitive to the electricity price volatility
and the correlation between electricity and gas prices.





Chapter 7

Location-Dependent

Valuation of Energy Hubs

In this chapter an approach to incorporate information about locational
energy prices into the energy hub Monte Carlo valuation model presented
in the previous chapter is proposed. This approach consists in using
the nodal energy prices resulting from an OPF analysis of multi-carrier
energy systems as input to the Monte Carlo valuation model. In this
way energy hubs can be valued depending on their specific location in a
network.

7.1 Relevance of locational prices for in-

vestment planning

The value of any energy generation asset is obviously dependent on the
level of energy prices at the place where it is located. On the one hand,
the costs of the energy carriers being used as inputs to the conversion
processes may vary among different regions or countries. On the other
hand, the price at which energy can be sold also depends on the specific
location where it is produced. This directly influences the revenues that
can be realized by operating a generation asset. Thus, the investment
in a certain technology generally results in different profits depending
on the siting. Seen from a different perspective, at a given location one
technology might be more profitable than another one considering the

75
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specific local price levels. Furthermore, not only the average price level
but also other attributes like the price volatility or the frequency of
price spikes may be dependent on the location in the grid.

It is therefore crucial to take into account locational price information
in the investment planning process. This is particularly true for the
planning of distributed generation whose capability to be used in nu-
merous locations throughout the grid potentially represents its greatest
value [44]. Location-specific price characteristics become even more im-
portant for the planning of multi-energy generation assets, where the
prices of certain energy carriers like heat often heavily depend on the
location where they are provided.

The profitability of an energy hub investment generally depends on mul-
tiple interrelated spreads between different energy prices. The valuation
method for energy hubs presented in chapter 6 accounts for this aspect.
In the following sections of this chapter it will be illustrated how infor-
mation about locational price characteristics can be incorporated into
the energy hub Monte Carlo valuation model.

7.2 Nodal prices in multi-carrier energy sys-

tems

In order to calculate locational prices in multi-carrier energy systems,
the modeling and optimization framework presented in [38] is used.
There, the multi-carrier optimal power flow is defined as ”[...] the de-
termination of an optimal operating policy of an energy system and its
complete state, including transmission and conversion of multiple energy
carriers within security constraints.” The following description of the
multi-carrier optimal power flow problem is directly adopted from [38].
By solving the corresponding optimization problem, the energy flows in
a multi-energy system characterized by a certain topology and network
parameters as well as the hubs’ coupling matrices Ci, are optimized.
The variable i denotes the hub number. Solving the optimization prob-
lems means determining the optimal hub inputs Pin

i , dispatch factors
νiαk and network power flows Fα for given hub loads Li. Here, α denotes
the energy carrier and k the converter.

In general, the multi-carrier optimal power flow is a nonlinear con-
strained optimization problem. In [38], the flows in the electricity sys-
tem are modeled using an AC power flow model. Gas flows between two
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nodes are modeled as a function of the pressures at these nodes and a
constant k reflecting the properties of the pipeline and the fluid. How-
ever, the general problem formulation allows for using other models for
the modeling of energy flows. The objective function can generally be
composed of several quantities that are either maximized or minimized.
For the application in this thesis, the objective of the multi-carrier opti-
mal power flow is the minimization of total energy costs. Several system
constraints limit the feasible region of the optimization problem. The
power flow balances of the hubs and of the networks result in a set
of equality constraints. Inequality constraints are given by limitations
on the network flows Fα and on the hub inputs Pin

i . Also the input
powers of individual converters Piαk can be limited. Further inequality
constraints regard the dispatch factors νiαk, which have to be between
0 and 1. The resulting set of inequalities is part of the general problem
statement. In concrete application cases, constraints on other system
quantities, e.g. voltage and pressure limits, or compression ratio and
flow limits of gas compressors, can be included straightforwardly.

With these definitions, the general formulation of the multi-carrier op-
timal power flow problem, where the objective function may depend on
the energy hub inputs Pin

i , the dispatch factors νiαk and the network
power flows Fα, becomes the following:

Minimize
f
(
Pin

i , νiαk,Fα

)
(7.1)

subject to
Li −Ci P

in
i = 0 (7.2)

and

Pin
i,min ≤ Pin

i ≤ Pin
i,max (7.3a)

Fα,min ≤ Fα ≤ Fα,max (7.3b)

Piαk,min ≤ νiαkPiα ≤ Piαk,max (7.3c)

0 ≤ νiαk ≤ 1 (7.3d)

When the optimization objective consists in minimizing total energy
cost, one type of results are the marginal objective vectors Ψi and Λi

at the different hubs i. Ψi denotes the vector of locational marginal
prices of the energy carriers at the node connecting hub i with the net-
work. This means that Ψi contains the prices of the energy carriers at
the input of hub i. The vector Λi, by contrast, contains the marginal
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costs related to the energy carriers at the output of hub i. In the fol-
lowing section, it will be described how the locational energy prices at
the hub input and output resulting from an OPF analysis of an inter-
connected hub network can be used for a location-dependent valuation
of individual energy hubs.

7.3 Incorporating locational prices in the

investment valuation method

In order to be able to value energy hubs considering their specific loca-
tion in a network, locational energy prices obtained from a multi-carrier
OPF analysis are incorporated in the energy hub Monte Carlo valuation
model. As these prices reflect network characteristics such as transmis-
sion losses, line congestions or voltage limitations, this approach allows
for an adequate consideration of network- and location-specific aspects
in the investment assessment. Using this method, it can be analyzed
how investments in multi-energy generation assets at a certain location
in the network are affected by

• changes in the topology of the network(s)

• line capacity enhancements

• changes of generation and/or demand throughout the network

As projections of future load growth or plans for the construction of new
lines are often available, such parameters can be included in an OPF
analysis covering the expected lifetime of the energy hub investment. In
this way relevant factors influencing the energy price level at a specific
location and thus impacting on the profitability of the investment can
be taken into account in the valuation process.

As the energy hub concept mainly focusses on the modeling of rela-
tively small and decentralized technologies, an energy hub is assumed
to be a price taker, i.e. it is small compared to the rest of the installed
generation capacity in the network. With this assumption, the location-
dependent valuation of an energy hub can be split into two stages. In a
first step a multi-carrier OPF analysis of an interconnected hub system
is carried out. This analysis yields the prices at the different nodes in the
network based on long-term fundamental developments. The obtained
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nodal energy prices are then used for the Monte Carlo valuation method
where future prices are represented by exogenous stochastic processes
such as the log-of-price mean reversion process model. In the mean re-
version model, the nodal prices from the OPF analysis are assumed to
represent the long-term average values around which prices fluctuate
and to which prices revert back. Hence, the natural logarithms of the
nodal prices are used as values for the parameter b in (6.2) and (6.3).
If an energy carrier is an input to hub i, the corresponding element of
the vector Ψi is used as value for the parameter b. In the case of output
energy carriers, b equals the respective element of the vector Λi.

Applying this two-stage procedure for the location-dependent valuation
of energy hubs includes the fundamental long-term view on the system
as well as short-term stochastic influences on energy prices and the hub’s
capability to flexibly react to them.

7.4 Application example

As described above, the first step of the location-dependent valuation
consists in an OPF analysis to determine the nodal energy prices. In
this application example, which is based on [45], we consider the system
shown in figure 7.1. Each of the four regions R1 to R4 has a certain
demand for heat and electricity and is connected to electricity and gas
networks. The local energy conversion devices available in the regions
are represented in an aggregated way by the energy hub configuration
shown in figure 7.2. Each hub contains a gas furnace and a CHP unit.
The latter one establishes a physical link between the natural gas and
the electricity network.

The complete system data for the networks, hubs, generators, gas source
and compressors is given in appendix A. Using this system data and
assuming an annual electricity load growth of 2% in region R4, a multi-
carrier OPF is run for each year of a period of 20 years to analyze the
effect of the increasing load on nodal energy prices. This analysis is done
for two different cases. The first case is the system depicted in figure 7.1
without the electricity line from node 1 to node 4. In the second case
it is assumed that an electricity line from node 1 to node 4 is built and
goes into operation after 10 years.

In a next step the resulting yearly sets of nodal energy prices are used as
long-term mean values b for the log-of-price mean reversion price model,
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Figure 7.1: System with four hubs interconnected by a natural gas and
electricity system. The four hubs represent the regions R1
to R4.
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Figure 7.2: Energy hub with a CHP unit and a gas furnace.



7.4. Application example 81

which is used for the valuation of individual energy hubs placed in one
of the four regions. The other parameters of the mean reversion price
processes of the three considered energy carriers are given in table 7.1.

Table 7.1: Parameters of mean reversion processes.

Price volatilities
σgas = 40% σel = 50% σheat = 10%

Mean reversion rates
κgas = 1.69 κel = 1.69 κheat = 1.69

Price correlations
ρgas,el = 0.4 ρgas,heat = 0.8 ρel,heat = 0.2

Figure 7.3 shows an example of simulated electricity, heat and gas prices
in region R4. One notes that the prices fluctuate at different levels of
volatility around their corresponding mean values, which have been de-
termined by the multi-carrier OPF analysis. Due to the commissioning
of the electricity line between node 1 and node 4 after 10 years and
the resulting possibility of direct power transmission from the cheap
generator G1 to node 4, the average electricity price at node 4 drops.
Also the average gas and heat prices slightly decrease at t = 10 years.
It is assumed that the total generation portfolio installed in the system
stays constant. Therefore, besides the price drop due to the construction
of the new line, the annual electricity load growth of 2% in region R4
leads to a slow but steady increase in energy prices over time. For all
four hubs, price paths like in figure 7.3 are calculated for each individual
run of the Monte Carlo simulation based on the specific nodal prices of
electricity, gas and heat at the four nodes, which are used as long-term
mean values b for the log-of-price mean reversion price model.

Valuing the hubs according to the method described in chapter 6.2 with
a total of 2000 runs for the Monte Carlo simulation gives the results
shown in figure 7.4. The distribution of present values of energy hubs in
the regions R1 and R3 is similar for both cases. The hubs in region R2
have a higher mean value for the case with the electricity line from node
1 to 4 being in operation after 10 years. This is due to the fact that gas
prices in region R2 fall after the commissioning of the electricity line
while electricity prices stay roughly at the same level. Thus, region R2
becomes more interesting for investments. Hubs in region R4 have a
lower mean present value with the new line because electricity prices at
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Figure 7.3: Example of a set of simulated price paths in region 4. The
dotted red curve depicts the electricity price, the solid green
curve is the heat price and the dashed blue curve represents
the gas price.

node 4 drop when the line is put into operation due to the possibility
of direct power transmission from the cheap generator G1 to node 4.

The application example illustrates that the proposed method allows
for seamlessly integrating location-dependent price information into the
valuation model. Considering such information, the impact of an energy
hub’s position in a network on its economic value can be analyzed.
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(b) Line Built

Figure 7.4: Subfigure (a) shows the results for the hub values when no
line is built. Subfigure (b) shows the hub values with the
electricity line between R1 and R4. (PV = present value)





Chapter 8

Valuing Energy Hubs with

Storage Devices

In this chapter, the energy hub Monte Carlo valuation model presented
in chapter 6 is extended in such a way that energy hubs containing stor-
age devices can be valued. The corresponding modeling extensions are
described and the valuation method being based on the extended model
is illustrated with an application example.

8.1 Purpose of storage in the context of

multiple energy carriers

Energy storage devices can serve many different purposes. They can,
e.g., be used for emergency power supply in the case of interruptions
in the supplying grid. Power quality can also be improved by storage
devices through correcting load voltage profiles. In [46], the potential of
using energy storage devices to compensate forecast errors related to the
output of non-dispatchable generation such as wind or solar photovoltaic
plants is analyzed. The function of the storage is then to transform the
uncertain generation of non-dispatchable generators into a deterministic
network infeed. Other studies investigate specific issues associated with
energy storage devices, e.g. the impacts of energy storage in distribution
grids with high penetration of photovoltaic power [47], or the value of
combining energy storage and wind in short-term energy and balancing
markets [48].

85
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Several studies investigating energy storage with an economic focus as-
sume that storage is used for arbitrage [49], [50]. This assumption is
also made for the extension of the energy hub Monte Carlo model being
described in this chapter. In general terms, arbitrage is defined as at-
tempt to profit from exploiting price differences. These price differences
can occur between different markets or between different points in time.
Here, the focus is on both of these aspects. Arbitrage between different
energy markets is possible because, depending on the hub configuration,
the conversion elements of an energy hub provide redundancy in supply
in the sense that one output energy carrier can be provided by using
different input energy carriers. Let us consider an energy hub contain-
ing, e.g., a heat pump with electricity as input and a CHP unit with
natural gas as input. Such a hub can produce heat with the heat pump
at times of low electricity prices and use the CHP for heat (and elec-
tricity) production at times of high electricity prices. One can think of
this capability as a ”fuel” switching option which allows for exploiting
variable price differences between different energy markets. The second
aspect of arbitrage is the attempt to profit from price differences be-
tween different points in time. For this aspect of arbitrage, the storage
elements of a hub are used. A lithium-ion battery, e.g., can be operated
in such a way that electrical energy is stored at times of low electricity
prices and consumed or fed back to the grid at times of high electricity
prices. Such an operation of a storage device allows for shifting the de-
mand for a certain energy carrier to low-price periods or for increasing
the output in high-price periods. In this case, the energy carrier that is
subject to price variations is stored. However, one can also imagine a
situation where a certain energy carrier is stored in order to allow for
exploiting volatile price movements of another energy carrier. A CHP
unit in combination with a heat storage, e.g., can be operated in such
a way that one tries to maximize the profits from selling the electricity
output. The heat storage is then used to accommodate the produced ex-
cess heat and to supply it to the heat load at times when heat demand
is high. One can see that adding storage elements to an energy hub
further increases the flexibility provided by redundant conversion possi-
bilities and allows for arbitrage both between different energy markets
and between different points in time.

Generally speaking, the operation of an energy hub with storage de-
vices depends on multiple interrelated spreads between prices of input
and output energy carriers. Depending on these price spreads, the hub’s
conversion elements are dispatched and the storage levels are adapted.
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Whereas other studies focus on the storage of individual energy carri-
ers like natural gas and crude oil [51] or electricity [52], modeling an
energy hub as an integrated unit of conversion and storage elements
for multiple energy carriers allows for an analysis taking into account
complex interrelations between different energy carriers. From a me-
thodical point of view, the operational optimization and valuation of
storage devices is often done applying dynamic or stochastic program-
ming techniques [53], [54]. As described in section 6.2.2, Monte Carlo
methods are adequate for complex valuation problems with multiple
sources of uncertainty. Therefore, the Monte Carlo method outlined in
section 6.2.4 will be used and extended for the valuation of energy hubs
with storage devices. The corresponding modeling adaptations will be
described in the following section.

8.2 Monte Carlo method for energy hubs

with storage devices

8.2.1 Modeling of energy hubs with storage devices

Like the basic energy hub model presented in chapter 6, the modeling
concept for energy hubs with storage devices is based on [38]. Each
storage element is characterized by a certain charging efficiency ηcharge,α
and a certain discharging efficiency ηdischarge,α, where α denotes the
stored energy carrier. Here, it is assumed that all storage devices are
connected to the output side of the hub1. The power exchange of the
energy carrier α from the hub output to the storage or vice versa is
denoted as Mα. Depending on the direction of the storage power flow
Mα, the storage efficiency ηstorage,α becomes:

ηstorage,α =

{
ηcharge,α if Mα > 0
ηdischarge,α if Mα < 0

(8.1)

Denoting the storage energy content as Eα, the relation between the
storage power exchange Mα and the change in the storage energy con-
tent during a period ∆t becomes:

ηstorage,α ·Mα =
dEα

dt
≈ ∆Eα

∆t
, Ėα (8.2)

1A more general storage model for energy hubs, which also takes into account the
connection of storage devices at the hub inputs or between converters, is presented
in [38].
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With M being the vector of all storage power flows, the power balance
at the hub output results as follows:

Pout +M = CPin (8.3)

This equation states that the power flows to (or from) the storage de-
vices and the hub outputs sum up to the powers provided by converting
the hub inputs. The individual element of the vector M related to the
storage of energy carrier α is calculated as follows:

Mα =
1

ηstorage,α
Ėα (8.4)

By rearranging equation (8.2) and stating it for all storable energy car-
riers, one obtains the following relation:
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where S is the storage coupling matrix. The individual entries of S are
derived according to equation (8.2) and reflect the storage efficiencies
ηstorage,α depending on whether the storage is charged or discharged.
Hence, the storage coupling matrix describes how changes in the storage
energy contents affect the hub output flows. Figure 8.1 illustrates the
power flows in an energy hub containing conversion and storage devices.

Inserting equation (8.5) into equation (8.3) results in the following re-
lation:

Pout = CPin − S Ė (8.6)

This equation represents an energy hub model that takes into account
the conversion and storage of multiple energy carriers. This model serves
as a basis for the valuation method for energy hubs with storage devices,
which will be described in the following section.

8.2.2 Valuation method for energy hubs with stor-

age devices

As for the basic energy hub Monte Carlo model described in chapter 6,
the first step in the valuation process is the calculation of the daily
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Figure 8.1: Graphical illustration of the energy hub model with conver-
sion and storage devices and the corresponding power flows.

profits obtained from operating the energy hub. In order to adequately
represent the operational behavior and flexibility of an energy hub with
storage, a daily time resolution of load and price profiles is not sufficient
any more. Instead, load and price profiles should be given with an hourly
or even quarter-hourly resolution2. The daily profits Fd then result as
the sum of the individual profits in each of the Nt time periods of a day:

Fd =

Nt∑

t=1

((
Pout

t · πout
t

)
−
(
Pin

t · πin
t

))
(8.7)

The optimal input powers, dispatch factors and storage contents in each
time period are determined by maximizing the profits from operating
the energy hub. The optimal output powers then result from those three
quantities. Like in the case of the basic model without storage, the
simulated energy prices π

out
t and π

in
t from a Monte Carlo simulation

are used as input to the optimal dispatch problem. For each set of
simulated energy prices, the maximum daily profits are determined as
follows:

2Of course, the model allows for choosing any other adequate time resolution.
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Maximize

f
(
Pin

t ,νt,Et

)
=

Nt∑

t=1

((
Pout

t · πout
t

)
−
(
Pin

t · πin
t

))
(8.8)

subject to

Pout
t −CPin

t − S Ėt = 0 (8.9a)

E(t = 1) = E1 (8.9b)

E(t = Nt) = ENt
(8.9c)

and

Pout
min ≤ Pout

t ≤ Pout
max (8.10a)

0 ≤ νt ≤ 1 (8.10b)

Emin ≤ Et ≤ Emax (8.10c)

Mmin ≤ Mt ≤ Mmax (8.10d)

by varying the input powers Pin
t , the dispatch factors νt and the storage

levels Et depending on the energy prices π
out
t and π

in
t . The equality

constraints (8.9) comprise the power flow balances at the hub output and
two set of equations guaranteeing that the storage devices have the de-
sired level of energy at the beginning and at the end of each optimization
period. For a sustainable storage operation, one would set E1 = ENt

.
Equation (8.10a) ensures that minimum and maximum output limits of
the converters are respected. The vector νt in (8.10b) gathers all dis-
patch factors which are defined according to the hub configuration and
the number of energy carriers that are split up [38]. At each simulation
time step, the value of the objective function f

(
Pin

t ,νt,Et

)
corresponds

to the daily profits Fd. Equations (8.10c) and (8.10d) state the limita-
tions of the storage devices regarding their energy contents and their
input or output powers respectively.

Besides the modifications in the formulation of the optimization problem
described above and the different time resolution of the energy prices,
e.g. hourly or quarter-hourly, the procedure to determine the value of
energy hubs with storage is the same as the one described in chapter 6
for hubs without storage. Therefore, based on the daily profits Fd, the
value of energy hubs with storage is calculated in an analogous way
according to equations (6.10) to (6.12). The subsequent application ex-
ample illustrates the application of the procedure described above to
the valuation of energy hubs with storage.
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8.3 Application example

In order to illustrate the procedure for valuing energy hubs with storage
devices, the proposed method is applied to three different hub config-
urations: a hub with a CHP unit only, a hub with a CHP unit and a
heat storage, and a hub with a CHP unit and an electricity storage. The
CHP and storage parameters are listed in table 8.1.

Table 8.1: CHP and storage parameters.

CHP unit

Electrical efficiency ηCHP,el = 0.33
Thermal efficiency ηCHP,heat = 0.57
Rated electrical capacity P out

max,CHP,el = 20 kW

Storage (heat and electricity)

Min./Max. energy content 0.5/10 kWh
Min./Max. power −3/3 kW
Charge/Discharge efficiency 0.9/0.9
Standby losses 0.1 kW

Please note that for the sake of a clear illustration of the method the
storage parameters in this application example are the same for heat
and electricity storage although this might implicate suboptimal stor-
age capacities. It is assumed that a hub has to be operated in such a
way that it always guarantees the supply of the heat load depicted in
figure 8.2. The hub’s electricity output is flexible and only limited by
the CHP’s electrical capacity. The whole produced electrical energy is
assumed to be sold to the market with the aim of profit maximization.
The base profiles of the prices of all energy carriers are also shown in fig-
ure 8.2. The base prices for gas and heat are constant over the day. For
the electricity base prices, a 3-level time-varying (Time-of-Use) tariff
structure is assumed.

For the valuation these base price profiles are multiplied with a random
scaling factor, which is calculated for each day of a run in the Monte
Carlo simulation according to equation (6.3). For this application the
variables yt and yt+1 in equation (6.3) are not the natural logarithms of
the energy prices themselves but the natural logarithms of the scaling
factors. Therefore, the long-term equilibrium values bi are equal to 1.
The random scaling factors only influence the magnitude of the base



92 Chapter 8. Valuing Energy Hubs with Storage Devices

0 5 10 15 20 25
0.04

0.06

0.08

0.1

0.12

0.14

0.16
E

ne
rg

y 
pr

ic
e 

[C
H

F/
kW

h]

Hour of the day

 

 

0 5 10 15 20 25
0

1

2

3

4

5

6

H
ea

t l
oa

d 
[k

W
]

Gas price
El. price
Heat price
Heat load

Figure 8.2: Base profiles of energy prices and heat load, given at an
hourly resolution.

prices profiles and do not change them in any other way. Thus, the
scaling factors establish the price spreads between the different energy
prices at different points of time. As these price spreads are determining
the operation of storage devices being used for arbitrage, this relatively
simple price model is expected to reflect the main factors influencing
the economic value of a storage device. However, the general model
formulation allows for the use of any more sophisticated price model if
this is required. Instead of assuming a simple 3-level Time-of-Use tariff
structure, one could, e.g., simulate the effect of a variable tariff where
prices change on an hourly or even quarter-hourly basis.

The remaining parameters for the mean reversion process are assumed
to be the same as for the application example in chapter 7 (see table 7.1).
The depreciable life of the hubs is assumed to be 20 years. In order to
limit simulation times to a reasonable range, i.e. from a couple of hours
up to one day with a 2.83 GHz quad-core desktop processor, only one
year of operation is simulated and it is assumed that this year is repre-
sentative for the whole lifetime of the plant. Valuing the three energy
hub configurations under consideration with 2000 simulation runs gives
the results shown in figure 8.3 to figure 8.5.
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The energy hub configuration without storage (figure 8.3) has a mean
present value of 4754 CHF and a standard deviation of 31%. Due to the
heat load the energy hub has to supply, there is no flexibility in operation
with the configuration without storage. Electricity is produced by the
CHP and sold to the market whenever there is demand for heat.

The mean value of the energy hub configuration with heat storage (fig-
ure 8.4) is 5320 CHF at a standard deviation of 34%. The higher value
of this configuration results from the operational flexibility provided by
the heat storage. At times of high electricity prices when the CHP’s elec-
tricity output is most valuable, more electricity can be produced, and
the heat storage is used as a buffer for the simultaneously generated
heat, which can later be supplied to the heat load.

Finally, the energy hub with electricity storage (figure 8.5) offers the
possibility to directly exploit price fluctuations in the electricity market.
While the CHP unit is operated to guarantee the supply of the heat load,
the electricity storage is used to maximize the profits in the electricity
market. With the electricity storage it is possible to directly profit from
the time-varying electricity prices and from the relatively high volatility
of electricity prices compared with gas and heat prices. Therefore, this
configuration provides the highest value with 5454 CHF at a relatively
low standard deviation of 27%.

The application example shows that with the energy hub approach it
is possible to value integrated flexible systems of conversion and stor-
age devices in an adequate way. Furthermore, the energy hub valuation
model allows for assessing the value of adding different types of storage
to existing conversion devices.
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Figure 8.3: Energy hub without storage. Subfigure (a): Energy hub
configuration; subfigure (b): Distribution of present values
(PV).
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Figure 8.4: Energy hub with heat storage. Subfigure (a): Energy hub
configuration; subfigure (b): Distribution of present values
(PV).
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Figure 8.5: Energy hub with electricity storage. Subfigure (a): Energy
hub configuration; subfigure (b): Distribution of present val-
ues (PV).



Chapter 9

Discussion and conclusion -

Part II

Part II of the thesis presented a Monte Carlo valuation method for
energy hubs with distributed generation and storage. This energy hub
valuation model represents a generalization of Monte Carlo applications
to power generating assets or CHP plants. The chosen simulation ap-
proach for the valuation of energy hubs allows for handling the high
complexity involved with stochastic prices of multiple energy carriers.

A general drawback of Monte Carlo methods is the computational effort
needed in order to obtain a sufficiently good approximation of the true
value. Depending on the available computing power, this might limit
the applicability of the proposed method in certain cases. However, as
processors are getting faster and cheaper over the years, the problem
of disposing of sufficient computing power is expected to decrease. Fur-
thermore, the scale of the investments to be made as well as their long
time horizon, i.e. the expected lifetime of the power plants, justifies to
put substantial effort into the investment analysis.

Using the energy hub approach, it is possible to value integrated systems
of conversion and storage devices with an arbitrary number of energy
inputs and outputs in an adequate way. Furthermore, the model al-
lows for a seamless integration of location-dependent price information.
Hence, energy hubs can be valued considering their specific position in a
network. In contrast to deterministic capital budgeting techniques such
as the net present value method, the Monte Carlo approach takes into
account strategic and operational flexibility in the analysis. Thus, it is
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not only based on the most likely or representative outcomes. Consider-
ing the operational flexibility of power plants is particularly important
given that real-time pricing is expected to play a significant role in the
operation of future electric power systems. The ability of distributed
generation units being possibly combined with storage devices to react
to changing prices is adequately valued with the energy hub Monte Carlo
model. The proposed method can thus provide valuable information for
investment decisions with regard to flexibly controllable generation and
storage units in future energy systems.



Chapter 10

Outlook

The outcomes of this thesis might serve as a basis for further research.
This last chapter gives a brief overview of further aspects that could be
studied based on the proposed models and methods.

The main focus of the work presented in part I of this thesis is on the
development of a scenario-based portfolio model and its application to
portfolios providing multiple energy carriers. However, it would be of
interest to address further aspects.

In the presented mean-variance portfolio model, the return of a technol-
ogy is defined as the reciprocal of its levelized generation costs, i.e. the
model is purely based on the cost of providing energy. One direction for
future work could be to develop a profit-based model. In [55], a portfo-
lio model is presented that defines return on the basis of the difference
between the revenues obtained by selling the electric power generated
by the portfolio on a power exchange and the associated costs. On the
one hand, such an approach would introduce the complexity of having
to make estimates about the future level of electricity prices in addi-
tion to the estimates about future generation costs. On the other hand,
such an approach would allow for an analysis from the perspective of a
profit-oriented investor.

Another aspect that would deserve additional attention concerns the
detailed representation of technology characteristics relevant for the op-
eration of a power system. One issue related to this aspect is the differ-
ence between installed capacity and actual energy delivery of fluctuating
energy sources like wind. In [56], this aspect is taken into account treat-
ing wind as negative load. The authors provide a model that is able to
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optimize the generation portfolio for a given load profile with the load
factors of the installed technologies being determined by the model it-
self. Incorporating such features in the multi-energy portfolio model
could be of particular interest because the consideration of multiple en-
ergy carriers and possible conversions between them offers a possibility
to buffer fluctuations introduced by intermittent energy sources.

The main purpose of the models presented in part II of this thesis is
the location-dependent valuation of energy hubs with conversion and
storage devices. Due to the flexibility of the modeling approach, several
further issues could be addressed in the future based on the proposed
method.

One aspect, e.g., is the increasing share of fluctuating energy sources like
wind or photovoltaic power plants in electricity generation portfolios.
In the light of this development, demand response is expected to be an
important element in future power systems. The proposed energy hub
Monte Carlo valuation model could be extended by taking into account
the possibility of demand side management. In [57], Coles and his co-
authors analyze the benefits of combining modular generation, storage
and demand-side management with a specific focus on electricity. Com-
bining the extended energy hub model presented in [58], which includes
the modeling of demand side management options, with the energy hub
Monte Carlo method would result in a tool allowing for the integrated
valuation of generation, storage and demand-side management of multi-
ple energy carriers. Using this tool, one could not only value individual
energy hubs, but also clusters of multiple hubs which provide demand
response while converting and storing multiple energy carriers at the
same time.

Another aspect is related to the networks the hubs are connected to.
In the approach presented in chapter 7, they are assumed to be given
as fixed boundary conditions. However, it could also be analyzed how
a high number of decentralized generation and storage units at the dis-
tribution level influences the energy flows on superior network levels. In
doing so, it could be assessed to which extent network congestions on the
transmission level could be relieved by energy hubs flexibly converting
and storing energy at the distribution level. Such an increased flexibility
at the distribution level might even make obsolete network expansions
at upper network levels. In [59], an electricity network expansion plan-
ning approach that assesses the value of deferring transmission network
investments while investing in small-scale generation on the distribution
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level is proposed. The energy hub Monte Carlo model would allow for
a similar analysis of network expansions in multi-energy systems taking
into account interdependencies between different energy networks, e.g.
between the electricity and the natural gas network.





Appendix A

System parameters of the

4-region system

Table A.1 provides the data of the system used in chapter 7.4. Electric-
ity transmission lines are modeled as Π-section equivalents with series
impedances Zmk and shunt admittances Ymk. The generators and the
gas source are assumed to have quadratic cost functions with the pa-
rameters ai, bi and ci. The constant k for the gas pipelines includes
properties of the fluid as well as of the pipe. kC12

and kC13
are the com-

pression ratios of the compressors C12 and C13. Gas pipeline flows are
modeled following the approach from [38]. Vm is the voltage at node m;
pm is the corresponding pressure in the gas network. PGi

and QGi
are

the active and reactive power outputs of generator i.
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Table A.1: 4-region example system parameters.

Element data

el. line 1-2 Z12 = 0.3 + j0.9 pu, Y12 = j1.5 · 10−6 pu
el. line 1-3 Z13 = 0.2 + j0.6 pu, Y13 = j2.5 · 10−6 pu
el. line 2-4 Z23 = 0.1 + j0.4 pu, Y23 = j3.5 · 10−6 pu
el. line 3-4 Z23 = 0.1 + j0.4 pu, Y23 = j3.5 · 10−6 pu
el. line 1-4 Z23 = 0.1 + j0.4 pu, Y23 = j3.5 · 10−6 pu
Generator G1 slack type, V1 = 1∠0◦ pu, aG1

= 0 mu,
bG1

= 10 mu/pu, cG1
= 0.0010 mu/pu2

Generator G2 PQ type, aG2
= 0 mu, bG2

= 12 mu/pu,
cG2

= 0.0012 mu/pu2

All gas pipelines k = 4
C12, C13 kC12

= kC13
= 0.5 pu−1

Gas source N slack type, p1 = 1 pu, aN = 0 mu,
bN = 5 mu/pu, cN = 0 mu/pu2

CHP ηCHP,el = 0.30, ηCHP,heat = 0.40
Gas furnace ηGF,heat = 0.75
Loads Lel,i = 1 + j0.1 pu + 2% annually for region R4,

Lheat,i = 2 pu

Limitations

Nodes 0.9 ≤ |Vm| ≤ 1.1 pu
m = 2, 3, 4 0.8 ≤ pm ≤ 1.2 pu
Generator G2 0 ≤ PG2

≤ 4 pu, 0 ≤ |QG2
| ≤ 4 pu,

0 ≤ |PG2
+ jQG2

| ≤ 5 pu
C12, C13 1.2 ≤ pm

pk
≤ 1.8
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BIBLIOGRAPHY 109

[47] J. V. Paatero and P. D. Lund. Impacts of energy storage in distri-
bution grids with high penetration of photovoltaic power. Interna-
tional Journal of Distributed Energy Resources, 3(1), 2007.

[48] G. N. Bathurst and G. Strbac. Value of combining energy storage
and wind in short-term energy and balancing markets. Electric
Power Systems Research, 67(1):1–8, 2003.

[49] R. Walawalkar, J. Apt, and R. Mancini. Economics of electric
energy storage for energy arbitrage and regulation in New York.
Energy Policy, 35(4):2558–2568, 2007.

[50] K. H. Ahlert and C. van Dinther. Sensitivity analysis of the eco-
nomic benefits from electricity storage at the end consumer level.
In IEEE PowerTech Bucharest, 2009.

[51] J. W. Byers. Commodity storage valuation: A linear optimization
based on traded instruments. Energy Economics, 28(3):275–287,
2006.

[52] F. Graves, T. Jenkin, and D. Murphy. Opportunities for electricity
storage in deregulating markets. The Electricity Journal, 12(8):46–
56, 1999.

[53] D. K. Maly and K. S. Kwan. Optimal battery energy storage sys-
tem (BESS) charge scheduling with dynamic programming. IEE
Proceedings on Science, Measurement and Technology, 142(6):453–
458, 1995.

[54] P. Mokrian and M. Stephen. A stochastic programming framework
for the valuation of electricity storage. In 26th USAEE/IAEE North
American Conference, Ann Arbor, Michigan, USA, 2006.

[55] C. Wenk and R. Madlener. An efficient investment portfolio for the
Swiss electricity market. ETH Zurich CEPE report series, CEPE
report no. 8, 2007.

[56] E. Delarue, C. De Jonghe, R. Belmans, and W. D’haeseleer. Ap-
plying portfolio theory on the electricity sector: Installed capacity
versus actual electricity generation. In IAEE European Conference
2009, Vienna, 2009.

[57] L. R. Coles, S. W. Chapel, and J. J. Iamucci. Valuation of modular
generation, storage, and targeted demand-side management. IEEE
Transactions on Energy Conversion, 10(1):182–187, 1995.



110 BIBLIOGRAPHY

[58] P. Ahcin and M. Sikic. Simulating demand response and en-
ergy storage in energy distribution systems. In POWERCON,
Hangzhou, China, 2010.

[59] P. Vasquez and F. Olsina. Valuing flexibility of DG investments
in transmission expansion planning. In IEEE PowerTech, pages
695–700, Lausanne, Switzerland, 2007.



Curriculum Vitae

March 10, 1980 Born in Tübingen, Germany
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