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Abstract
This thesis considers price modeling aspects in European, mainly German
power markets. In particular, it focus on day-ahead price modeling, the calculation of the hourly price forward curve and the impact of renewable energy
sources on the price profiles and market structures.
The market liberalization in Germany leads to the need of new methodologies
and tools to price electricity contracts, measure market risk and enable quantitative analysis of markets and portfolios. This has become even more important since 2006, when the kick-in of the support scheme driven large scale
deployment of renewable energy sources occurred in Germany. As a result,
the market dynamics and price structures change frequently over time. Several
methods and algorithms for price modeling, price forecasting and quantitative
analysis are presented.
The first part of the thesis presents methods to model the merit-order-curve
based on exponential- and heat-rate models. In addition, we present a model
for long term load forecasting with hourly resolution based on weather, seasonal patterns and economic growth. Both together form the basis of the fundamental models of power prices.
The second part consists of methods and algorithms to model the hourly price
forward curve. First a modeling approach which is robust against non-normally
distributed data and shows significant better performance than models with the
normality assumptions is presented. The second contribution is the modeling
of the hourly price forward curve for market coupling or nodal pricing markets. In this approach, all hourly price forward curves are estimated together
in one optimization problem based on aggregated demand and supply curves.
The third aspect is the introduction of systematic quality measurement for the
hourly price forward curve. Qualitative and quantitative criteria for the hourly
price forward curve test, which ensures a certain quality of the curve, are presented.
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Abstract

The third part is the quantitative analysis of the impact of renewable energy
sources on the power market price structures. This thesis presents a new
method for non-linear estimation of renewable energy sources feed-in as a
basis for our analysis. Based on the previous methods presented in this thesis,
an analysis of the merit-order effect as a result of large quantities of feed-in
tariff subsidized renewable energy sources is performed. Additionally recommendations for how to overcome the problem in the short term and also
in a post-”Erneuerbare-Energien-Gesetz” scenario are presented. Finally the
thesis provides an analysis of the effect of renewable energy sources feed-in
on the economic value of storage. In this analysis is is shown, that storage
facilities are unprofitable with an increase feed-in of photovoltaic.

Kurzfassung
Diese Doktorarbeit untersucht verschiedene quantitative Modelle für die Europäischen Strommärkte, wobei der Fokus der Modelle auf dem deutschen
Strommarkt liegt. Aus der Marktliberalisierung in Deutschland und anderen
Staaten resultiert ein Bedarf an neuen Modellen und Werkzeugen für die Bewertung von Verträgen, die Messung von Marktrisiken und die generelle quantitative Analyse von Märkten und Portfolios. Insbesondere die intensiven Subventionen erneuerbarer Energien und der damit verbundene schnelle Ausbau von Wind und Photovoltaik seit 2006 verstärkt die Marktdynamiken und
ändert nachhaltig die traditionellen Preisstrukturen an den Strommärkten. Wir
diskutieren drei Gruppen von Anwendungen, fundamentale Preismodelle, Berechnungsmodelle für die Hourly Price Forward Curve und Analysen der Effekte der erneuerbaren Energien auf die Märkte und Preisprofile.
Im ersten Teil der Arbeit behandeln wir die Modellierung von Elektrizität als
handelbaren Rohstoff und Fundamentalmodelle zur Preismodellierung. Für
die Modellierung der Grenzkostenkurve diskutieren wir verschiedene Modelle auf Basis der Exponentialfunktion als auch basierend auf Grenzkosten der
fossilen Energieträger. Des Weiteren präsentieren wir ein Modell zur Lastmodellierung auf Stundenbasis welches neben den klassischen Faktoren wie
Saisonalität und Wetter das Wirtschaftswachstum in Form von industrieller
Produktion in die Vorhersage einbezieht.
Der zweite Teil der Arbeit behandelt verschiedene Modelle und Methoden zur
Berechnung der Hourly Price Forward Curve. Die erste Methode beschreibt
die Berechnung der Hourly Price Forward Curve als reines Zeitserienmodell.
Der Fokus liegt auf Berechnungs- und Schätzmethoden, die robust gegen nicht
normalverteilte Daten sind und signifikant bessere Performance zeigt als nicht
robuste Modelle.
Der zweite Aspekt ist die Herleitung der Berechnung der Hourly Price Forward Curve in Märkten mit Market Coupling oder Knotenpreisen. Der Algoix
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rithmus berechnet alle Hourly Price Forward Curves der beteiligten Märkte
basierend auf aggregierten Preiskurven in einem Optimierungsproblem.
Den dritten Aspekt bildet die Qualitätsmessung der Hourly Price Forward Curve. Wir entwickeln den ersten Ansatz systematischer Tests zur Sicherstellung
der Qualität der Hourly Price Forward Curve und präsentieren eine Gruppe
von qualitativen und quantitativen Regeln zur Qualitätssicherung.
Der dritte Teil der Arbeit enthält quantitativen Marktanalysen zu Auswirkungen des Ausbaus erneuerbarer Energien auf die Strommärkte und die Produktionsportfolios. Der erste Aspekt ist die Analyse des Merit-Order-Effektes, ein
Resultat der Fördermechanismen der erneuerbaren Energien, der zu sinkenden
Preisen am Day-Ahead Markt führt. Wir präsentieren Analysen zu diesem
Effekt und präsentieren Lösungsansätze zur Abschwächung des Effektes in
der Zeit der Förderung durch das Erneuerbare-Energien-Gesetz. Des Weiteren
analysieren wir die Marktstruktur für die Zeit nach der Förderung durch das
Erneuerbare-Energien-Gesetz und zeigen, dass unter der Annahme gewisser
Kosten für Betrieb und Wartung ein wirtschaftlicher Betrieb in einem kompetitiven Markt möglich ist.
Den zweiten Aspekt bildet die Bewertung von flexiblen Kraftwerken und Speichern mit Fokus auf Pumpspeicherkraftwerke. Wir präsentieren Methoden und
Analysen zur Bewertung der Kraftwerke und die Sensitivität auf den Peak/OffPeak Spreads. Aufgrund der Verringerung des Spreads, hauptsächlich getrieben durch den Ausbau der Photovoltaik geriet das traditionelle Betriebsmodell
der Pumpspeicherkraftwerke unter Druck und gefährdet die Wirtschaftlichkeit
der Pumpspeicherkraftwerke.
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Chapter 1

Introduction
1.1 Background and Motivation
In the past, energy supply was considered natural monopolies. Based on the
EP directive 96/92/EG in 1996 [11] the transformation of the European energy
markets from monopolies to liberalized markets began. Based on the essential
facility doctrine, in the same way as for telecommunication, distribution and
generation of electricity was decoupled. In Germany the process was defined
by the Gesetz über die Elektrizitäts- und Gasversorgung (Energiewirtschaftsgesetz - EnWG) (EnWG) and the access of the producers to the distribution
systems are regulated by the BNETZA. As a result, competition in generation,
trading and sales is in place and the transmission and distribution girds are
regulated monopolies. To organize the competition, electricity markets were
implemented in several countries including the possibility of cross boarder
trading and transfer.
Several different markets were implemented to procure the same commodity,
electricity, over different horizons from long-term products with several years
into the future, over day-ahead markets to intra-day markets with a horizon of
15 minutes before delivery. Electricity became a tradeable good with a large
variety of tradeable (exchange traded and over-the-counter (OTC)) products.
Those products include simple linear products such as forwards and futures,
standard options of forward contracts and also complex options and structured
products such as swing options and virtual power plantss (VPPs). All market
1
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participants face price uncertainty, therefore procurement and hedging has become a challenge for all market participants. To handle the tasks of procurement, hedging, risk management and the valuation of complex products such
as VPPs and physical assets with optionality such as pumped storage hydro
plants (PSHPs) new quantitative methods and models for analysis, prediction
and simulation must be developed, tested and deployed.
The thesis starts with an introduction to arbitrage-free pricing theory for electricity and continues with the derivation of several models for the hourly price
forward curve (HPFC). Furthermore we investigate the impact of renewable
energy sources (RES) on the electricity markets and end with the valuation
scheme for physical assets with optionality, mainly PSHPs.
Section 1.2 summarize the contributions of the thesis and Section 1.3 presents
the outline of the thesis.

1.2 Contributions
The three topics of the thesis are introduction to fundamental price modeling,
the calculation of the hourly price forward curve (HPFC) and the application
of the HPFC and other presented methods to analyze markets with a high share
of renewable energy sources (RES). The four main contributions are:
• The first algorithm which allows the calculation of the HPFC under market coupling or nodal pricing. The algorithm constructs all HPFCs of
the coupled areas simultaneously based on demand and supply curves
of the markets as well as the transfer capacities between the markets. In
addition, the algorithm allows the use of aggregated demand and supply
curves if the full curves are not available.
• The research field of systematic quality criteria for HPFC is developed
in this thesis. We present general criteria on the HPFC and recommendations for quantitative and qualitative tests for the HPFC.
• The large scale deployment of RES is driven by several government
support schemes. Depending on the support scheme the effects on the
markets are different. The thesis provides qualitative and quantitative
analysis of the effects on the merit-order-curve (MOC).

1.3. Outline of the Thesis

3

• Estimation of several days ahead feed-in of uncertain RES such as wind
and photovoltaic (PV) is crucial for trading and grid operation. PV in
particular has a very characteristic profile: zero feed-in during night,
and non-linear dependencies of environmental influences on the feedin. In the thesis we develop a support vector machine (SVM) which
incorporates additional constraints which allows a higher PV prediction
quality over existing time series methods.

1.3 Outline of the Thesis
The thesis is organized in three parts, each with several chapters, plus an introduction and conclusion part.

Chapter 2, Data Sources: provides an overview of the data used in the
thesis and some data manipulation remarks such as the calculation of norm
data and the treatment of daylight saving time.

Part I, Modeling Electricity Markets and Prices: This part gives an introduction into the theory of electricity pricing, the power markets and the
modeling of load and prices.

Chapter 3, Electricity as a Commodity: This chapter gives and introduction into arbitrage free pricing theory of electricity. The theory is the basis
of electricity price modeling and the arbitrage free construction of the hourly
price forward curve (HPFC).

Chapter 4, Design and Modeling Approaches of Power Markets:
markets modeled and their characteristics are described in this chapter.

The

Chapter 5, Merit-Order-Curve Modeling: This chapter gives an introduction into the modeling of the supply curve, the so called merit-order-curve
(MOC) based on fundamental data information.
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Chapter 6, Load Modeling: The load modeling as the second part of the
fundamental model is introduced in this chapter and important load characteristics are discussed.
Part II, Hourly Price Forward Curve Modeling: The HPFC modeling
part is the core part of the thesis and is organized in the following chapters:
Chapter 7, Hourly Price Forward Curve Modeling Fundamentals: An
introduction to the modeling of the HPFC is provided as basis for the following chapters, which describe several challenges and topics of the HPFC.
Chapter 8, Statistical Hourly Price Forward Curve Models: This chapter
describes the modeling of the HPFC as a pure statistical model. Historic price
data such as the day-ahead prices are non-normal distributed; therefore, the
focus of the proposed framework is the robustness of the estimators against
non-normal distributed data.
Chapter 9, Combined Prediction and Estimation Hourly Price Forward
Curve Models: The classic approach in time series modeling is the separation of training the model from the prediction based on the trained model.
The new approach presented in this chapter combines the training and estimation steps in one optimization problem. This ensures the feasibility of the
estimation problem based on the provided historical data for the learning.
Chapter 10, Combined Fundamental and Statistical Hourly Price Forward Curves: In time series modeling one traditionally distinguishes between statistical and fundamental model approaches, both with their specific
weaknesses. In this chapter we present an approach which combines fundamental models with statistical models to exploit the strength of statistical
models but also incorporate the strong fundamental basis of electricity modeling.
Chapter 11, Hourly Price Forward Curve Models for Market Coupling:
This chapter presents the first approach of modeling the HPFC for market coupling. We use elements of the presented approaches of the previous chapters
on HPFC to derive the algorithm for HPFC under market coupling conditions.

1.3. Outline of the Thesis
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Chapter 12, Hourly Price Forward Curve Quality Measures: The aspect
of systematic HPFC quality management is one of the major contributions of
this thesis. We derived several qualitative and quantitative quality criteria for
the HPFC in this chapter.

Part III, Renewable Energy and Electricity Markets: This part presents
several applications of the HPFC as a price and value modeling tool in markets
with a high share of renewable energy sources (RES) feed-in.

Chapter 13, Renewable Energy Deployment Introduction: The increasing share of RES generation in the generation portfolio is the declared goal
of several countries around the world. One of the major challenges of this
goal is the integration of RES in the electricity markets. This chapter gives an
introduction to the deployment of RES and the effects on the market.

Chapter 14, Feed-In Prediction of Renewable Energy Sources: For trading and operations, the prediction of RES feed-in is key. Especially the prediction of photovoltaic (PV), as a result of the typical daily/night cycle, is a
challenge for time series models. We present a modified version of a support
vector machine (SVM) with linear constraints to overcome these problems in
typical methods. Then we build a low data intensity framework with significantly better prediction quality as the basis for the work with RES prediction.

Chapter 15, Effects of Renewable Energy Feed-In on the Power Markets:
In the current market setup the, support scheme covered, RES production
is also settled in those markets, but with the economic distortion of support
schemes. As a result the price structures change. We will discuss the resulting
changes and give ideas how the regulator can lower the effect of RES on the
market.

Chapter 16, Storage Plants and the Effect of Renewable Energy Sources:
The changes on the price structure as a result of large scale RES deployment
has effects on the business case of storage facilities. The chapter show the decrease of profitability of storage facilities as a result of RES which contradicts
the general opinion, that RES and storage are ideal partners.
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Chapter 17, Closure and Outlook: In the last chapter we provide a conclusion of the work and give an outlook of open research aspects in the presented
research.

1.4 List of Publication
In the following present the publications resulted from this research project in
chronological order
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M. Hildmann, G. Caro, S. Rossi, D. Daly, and G. Andersson What Makes a
Good Hourly Price Forward Curve? 10th International Conference on the
European Conference on Energy Market. IEEE Transactions, 2013.
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Germany by Data Decomposition and Time Series Analysis, IEEE Power &
Energy Society General Meeting, San Diego, CA USA, 2012
M. Hildmann, E. Kaffe, Y. He, and G. Andersson, Combined Estimation and
Prediction of the Hourly Price Forward Curve, 2012 IEEE Power & Energy
Society General Meeting. IEEE, 2012

1.4. List of Publication

7

G. Caro, M. Hildmann, D. Daly, A Quantitative Analysis of Weather Effects on
Traded Volume in the Swiss Energy Spot Market, 9th , International Conference
on European Energy Market (EEM) 2012, Florence, Italy
M. Hildmann, A. Ulbig, F. Herzog, G. Andersson, Electricity Grid In-feed
from Renewable Sources: A Risk for Pumped-Storage Hydro Plants 8th International Conference on European Energy Market (EEM) 2011, Zagreb, Croatia
G. Caro, J. Cornel, M. Hildmann, D. Daly, and F. Herzog, A Quantitative
Analysis of the Electricity Market in Switzerland 8th International Conference
on the European Energy Market (EEM) 2011, Zagreb, Croatia
M. Hildmann, F. Herzog, D. Stokic, J. Cornel, and G. Andersson, Robust
Calculation and Parameter Estimation of the Hourly Price Forward Curve,
17th Power Systems Computation Conference (PSCC), Stockholm, 2011.

Journal
M. Hildmann, A. Ulbig, G. Andersson Modeling of Merit Order Curve of the
European Energy Exchange Market in Germany, IEEE Transactions on Power
Systems
Y. He, M. Hildmann, F. Herzog, G. Andersson Modeling the Merit Order
Curve of the European Energy Exchange Power Market in Germany IEEE
Transactions on power systems, vol. 28, no. 3, pp. 31553164, 2013.

Working Paper
M. Hildmann, S. Rossi Optimal Sizing and Valuation of Flexible Storage
Plants using Stochastic Optimal Control

Reports
M. Hildmann, B. Pirker, C. Schaffner, D. Spreng, A. Ulbig Pumpspeicher im
trilateralen Umfeld Deutschland, Österreich und Schweiz

Chapter 2

Data Sources
In order to fulfill regulatory demands, the amount of publicly available data
increases. The use of this data allows better analysis and increases the market’s
transparency. The data used in this thesis can be organized in three major
groups:
• Market data (price and volume) of electricity, fossil fuels and CO2
• Production and grid related data
• Environmental data
Price and volume data for energy-only power markets is provided by European
energy exchange (EEX) and European power exchange (EPEX), where EPEX
provided data for day-ahead and intra-day markets and EEX provides long
term future contract information. Natural gas, hard coal and CO2 prices are
provided by EEX as well. Table 2.1 summarized the used energy-only market
data. Ancillary services information is provided by the transmission system
operators (TSOs) [12] including capacity reward, called energy and delivered
energy compensation.
Production and grid related data is provided by the EEX transparency platform1 [16], and the TSOs [12]. The EEX transparency platform publishes
1 The

platform was launched in October 2009 but some older information is available [15].
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Table 2.1: Summary of market data
Data Time-Series
Unit
Source
Day-ahead spot prices e/MW
[13]
Intra-day spot prices
e/MW
[13]
Future products prices e/MW
[14]
Natural gas prices
e/MW
[14]
Hard coal prices
$/t
[14]
CO2 prices
e/t
[14]

available generation capacity, historic production, and scheduled and unscheduled generation outage per fuel-type2 and renewable energy sources (RES)
feed-in by type. Grid information, such as cross-border transfer capacities
and transmission lines outages is published on the European network of transmission system operators for electricity (ENTSO-E) transparency platform
[16]. Vertical load, the flow from the high-voltage transmission grid (380kV220kV) to the distribution grid, is provided by the TSOs. Table 2.2 summarizes the particular data. If not stated otherwise, all time-series data is converted to hourly resolution.
Table 2.2: Summary of production and grid data
Data Time-Series
Unit
Source
Available Generation Capacity
MW
[15]
Schedules outage
MW/type
[15]
Unscheduled outage
MW/type
[15]
Historical production
MW
[15]
Wind power production
MW
[12, 15]
Solar power production
MW
[12, 15]
Vertical load
MW
[12]
Total load
MW
[16]
Cross-boarder capacity
MW
[16]
Import/export
MW
[16]
Hard Coal prices are from the Antwerp-Rotterdam-Amsterdam (ARA) hub
and provided in $/t. The $/e exchange rate is provided by the Fed [17]. The
transformation from metric-ton of coal to e/MWhthermal is done by the as2 Since August 6th 2011, the nuclear capacity of the moratorium is no longer reported in EEX
transparency platform.

2.1. Norm Data
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Figure 2.1: Realized and norm temperature. The data to the right of the
vertical bar is predicted data. Daily max (red), average(blue) and min (black)
values are shown. Source: [1].
sumption of the equivalent of 6.69 MWh of thermal energy per metric ton [18].

2.1 Norm Data
To calculate future weather expectations, average weather data, the so called
norm weather is used. The norm weather is defined as the average of several
past realization. I.e the daily norm temperature Tnorm (d, y) is defined as
Tnorm (d, y) = Ey∈Dd,y [T (d, y)]

=

FDd,y

∀d,

(2.1)

where d represents the days and y represents the years. Together they form the
set Dd,y . Several time horizons and weightings can be used for the calculation.
In this thesis, we use 30 years equally weighted data.
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2.2 Daylight Saving Time
Electricity data is of hourly granularity or even higher. As a result, Daylight
Saving Time (DST) must be handled properly. The change to daylight saving
time and back is standardized in the EU. Daylight saving time begins at the
last Sunday in March, when the clock will be moved ahead from 02:00 to
03:00 during the night and the day consists of 23 hours only. The change back
to standard time is performed on the last Sunday of October. At his day, the
clock falls back from 03:00 to 02:00 in the night and the consists of 25 hours.
Table 2.3 summarizes the information.
Table 2.3: Daylight saving time changes in the
time change
day
clock change
standard time → DST
last Sunday of March 02:00 → 03:00
DST → standard time last Sunday of October 03:00 → 02:00
At EPEX, those dates have 23 or 25 hours respectively. In the majority of
the calculations, the time is handled including daylight saving time. However
some calculations are performed without daylight saving time for the sake of
easier data handling. In this case, the redundant hour in March is deleted and
the missing hour in October is generated by replicating the 02:00 hour. Since
both hours are off-peak hours the error is, for the majority of the calculations,
negligible. If not stated otherwise, the correct daylight saving time is used.

Part I

Modeling Electricity Markets and
Prices
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Electricity as a Commodity
In economic terms, electricity, power as well as energy, are tradeable commodities on specialized markets. As for other commodities, several products
involving power are traded. From short- and long-term linear energy contracts (futures and forwards), over plain vanilla options and exotic options up
to structured contracts and products on electricity/fossil fuels spreads such as
spread of electricity and gas (spark spread) and spread of electricity and hard
coal (dark spread). Compared to other energy-related goods such as oil or
natural gas, electricity has certain unique characteristics:
• Electricity cannot be stored economically in a large scale.
• Production and consumption must be in balance at all times.

3.1 Arbitrage-Free Pricing
This chapter is based on [19] and is used as an introduction to arbitrage-free
pricing theory. For a more detailed discussion, readers are referred to [19]
and [20]. As a result of being a non-storable good, the standard future pricing
method, pricing the future F (T −τ ) by discounting the current day-ahead spot
price S0 (t) and storage costs U (t) with interest rate r and time to maturity T
and future time τ as F (t) = (S0 (t) + U (t))e−r(T −τ ) is not possible [21].
The authors of [19] propose another method based on the ability to produce
power. In that concept, the true underlying of the products is the physical
15

16

Chapter 3. Electricity as a Commodity

ability to produce power. Financial assets mimic the physical production [19].
In a liquid market, the market price of a financial product determined on the
basis of the physical ability to produce power can be considered the fair price.
The estimated value of a future F̂ (t) is given by
" T
#
X
F̂ (t) = Eu
R̂(u) ,
(3.1)
u=t+1

where R̂(u) is the expected revenue of a contract at time u [19].
This modeling approach has two major issues:
• The information on the production structure has to be known.
• The approach does not directly reflect seasonality.
In reality, the quantities of the products, their cost structure and therefore their
revenue streams are usually unknown. The only information available consists
of prices of a variety of exchange traded products. The second problem is the
fact that the approach cannot replicate seasonality. In spite of these problems,
the approach of [19] forms the theoretical basis for the fundamental market
models described in Chapter 5 and is a major topic of the thesis, namely the
construction of the hourly price forward curve (HPFC).

3.2 Seasonal Modelling
Electricity load varies greatly between seasons. The electricity prices are a
result of supply and demand and since electricity cannot be stored, the prices
are also highly varied. We observe the following main load patterns
• Day/night cycle
• Weekday/weekend pattern
• Summer/winter seasonality
with the demand being lower during the night, on weekends and in summer1 .
In addition, there are some additional patterns such as those observed during holidays, most characteristic are Christmas and Easter, which differ from
1 Lower demand in the summer in northern Europe is a result of the small amount of air conditioning. Other countries with milder winters and hotter summers may show different seasonal
patterns.

3.3. Power Markets and Grid Operations

17

the standard patterns: they typically show a lower demand. This topic is discussed in detail in Chapter 5 and in Chapter 12. While traditionally the price
seasonality was almost exclusively driven by demand, there are markets where
seasonality or fluctuation is introduced by the production. The main seasonal
drivers on the side of production are:
• Hydro production (run-of-river (ROR) as well as seasonal storage) with
water levels vary throughout the year
• Photovoltaic (PV) production is depending on the day/night cycle and
summer/winter seasonality
• Wind production depending on the summer/winter seasonality
The majority of the electricity markets are organized in hourly increments.
Any profile which is not reflected by a product traded on a liquid market will
therefore be priced on an hourly basis to reflect the various patterns. The
modeling and estimation of those patterns are discussed in Chapter 5 and in
Part II.

3.3 Power Markets and Grid Operations
Electricity is traded as a commodity at specific exchanges and in over-thecounter (OTC) trading. In addition to the electricity procurement, the underlying physical transport grid has to be managed. Analogous to all transportation systems, the capacity of the grid is finite, and congestions may occur as
a result of electricity trading. Market setups with and without the inclusion of
the grid congestions are described in Chapter 4.

3.4 Ancillary Services
Aside from the procurement of electricity for consumption, a large variety of
products exists for the transmission system operator (TSO) to control the grid.
Detailed models of the ancillary services markets are beyond the scope of this
thesis.

Chapter 4

Design and Modeling Approaches
of Power Markets
With the liberalization of power production that occurred in the 1990s in Europe, the installation of power markets became necessary. Electricity thus became a commodity with a high impact on the power production structure and
the electricity consumption behavior with the requirement of market design.
As they are of relatively young age, power markets are still under constant
development. This chapter describes the design and structures of the energy
only markets.

4.1 Power Market Structures
Power markets can be sub-national, national or multi-national markets. The
market design is driven by the country size but also by the local needs and
characteristics. Therefore, the structure of power markets differs, both in principal design and in detail, from one area to another. Nevertheless, a categorization of energy-only markets regarding several aspects is necessary for the
research presented in this thesis. The categories are based on the following
criteria:
• Pricing scheme: The market can be organized as a nodal pricing or as
an area pricing market.
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• Delivery dates and periods: Delivery periods range from several years
ahead long-term forward products, over day-ahead, to a few minutes for
intra-day markets.
• Reimbursement: Compensation may only cover the delivered energy or
the reserved capacity and reliability as well.
• Mandatory pools: Are there exchange markets and over-the-counter
(OTC) trading for physical procurement, or is there just one mandatory
pool?

4.1.1 Pricing Scheme
Pricing is generally based on one of two schemes:
• Regional pricing
• Nodal pricing
In a regional pricing framework, the underlying grid structure is not considered at all in the settlement schemes. It is in the jurisdiction of the transmission
system operator (TSO) to operate the grid based on the market settlement with
manual redispatch if necessary. As a result, the prices in the market are equal,
and independent of the zones inside the market. In the nodal pricing framework on the other hand, the grid connections and any congestion between the
nodes are part of the pricing mechanism. If a line between two nodes is congested, the two nodes usually have different prices, even if they belong to the
same market. A detailed discussion of both pricing frameworks and their advantages and disadvantages is given in [22]. A special case of a nodal pricing
market is the coupling of two, or more, markets. In that case each one of the
coupled markets is considered a node, and the same framework as in nodal
pricing is used between the markets.
If not stated otherwise, in this thesis the models are based on the regional
pricing assumption.

4.1.2 Delivery Periods
Power markets show a great variety between different countries. For the research presented in this thesis, we rely on data of the German power market
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which is described in Section 4.2. However, most of the markets have three
product categories:
• Long-term futures and forward markets
• Day-ahead and intra-day markets
• Ancillary services markets
Long-term futures are comparable to futures traded in the commodity markets
such as those of oil and natural gas. The products are standardized and can
be traded at exchanges such as the European energy exchange (EEX) or OTC.
They exist as physical delivery or financial contracts, and differ from one market to another.
Day-ahead and intra-day1 are energy-only markets. The day-ahead markets
are organized as day-ahead auctions of hourly packages and the intra-day market is continuously traded up to a few minutes before delivery, in hourly packages. The majority of the day-ahead markets are based on pay-as-settled principles. As a result of the continuous trading in the intra-day markets, where
not all bids are known at any time, only pay-as-bid schemes are possible. As
for the long-term products, the short-term products may exist as pure financial
or physical delivery products.
Ancillary services cover several market-traded products for frequency control,
voltage control, power loss compensation and reactive power compensation.
The main difference between the market setup of ancillary services and that of
long- and short-term power markets is the fact that the provision of capacity is
rewarded as well. Due to technical limitations, the ancillary services markets
are even more local than the energy-only markets.
The focus of this thesis are the energy-only markets. For the valuation of
power plants, the ancillary services prices and volumes are introduced as exogenous variables and the details are explained in the corresponding section.

4.2 German Energy-Only Markets
The German power market is the best developed market in Europe next to
the NordPool market because of its long existence and the size of the market.
Based on the well developed market, the market size, decent transparency and
1 In

the USA the intra-day market is referred to as real-time market.
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the large amount of interconnections the market became the most important
power market in Europe. We therefore select it as the basis for the majority of
the research presented in this thesis.

Future and Forward Products
The long-term products in Germany can be divided into two groups: forwards
and futures. Forwards are physical delivery products and are traded OTC.
They exist as standard products comparable to futures, but also almost any
duration and profile is available OTC. On the other hand, future products are
pure financial traded products2. At the present time the EEX offers a variety
of daily, monthly, quarterly and yearly futures. A detailed list of products and
delivery period can be found in [23]. The explicitly used products are specified
in the corresponding sections.

Day-Ahead and Intra-Day Markets
The day-ahead market is organized in an auction of hourly products for the
next day. While both, physical delivery and pure financial markets exist, only
the physical market can be considered liquid in Germany [13]. The day-ahead
market is a member of the Central-Western-European market coupling (CWE)
setup. The market is organized as a pay-as-settled market. In contrast to
the day-ahead market, the intra-day market is a continuously-traded, physical
delivery market only. The products are hourly products and can be traded up
to 45 minutes prior to delivery. The intra-day market is organized as a pay-asbid market. Both day-ahead and intra-day markets are located at the EPEX.
Since both the short-term market and the long-term market are not organized
as mandatory pools, OTC trading is possible in both markets.

4.3 RES Support Schemes
The large-scale deployment of renewable energy sources (RES) is politically
enforced in many countries around the world. The majority of RES production in Germany is wind and photovoltaic (PV). Since wind and PV production
2 Future products are traded at the EEX for Germany and France, while day-ahead and intraday products are traded at the European power exchange (EPEX).
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have not been economically profitable in small scale, the large scale deployment is motivated by government support schemes. A variety of government
support schemes exists in different countries with different characteristics.
The three major schemes are [24]:
1. Feed-in tariffs
2. Market premiums
3. Quota systems
The main focus of this research is Germany and surrounding markets, where
only feed-in tariffs (FITs) and market premiums are common. FIT guarantee
the RES producer a fixed price for the energy delivered, which is independent of the market price. In addition, the feed-in of RES is privileged over
conventional sources and deviations from the forecasts are not covered by the
producer. The market premium offers the RES producer a premium on the settled market price. In contrast to FIT, market premium subsidized energy has
no feed-in privilege over conventional electricity sources and the forecast error
has to be covered by the producer. In Germany, the producers can currently
switch from one scheme to the other on a monthly basis. A more detailed
introduction into the support schemes is given in later sections when used.

4.4 Market Modeling
This section gives an brief overview of the main types of market models. More
detailed descriptions are given in Chapters 5 and 8. In this thesis two types of
modeling techniques are used:
• Fundamental market models
• Statistical market models

4.4.1 Fundamental Market Models
Fundamental market models depict the underlying market structures and behaviours based on supply and demand. Compared to financial markets such as
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stock markets, where the underlying mechanics are unknown, electricity markets are based on underlying physical principles and the modeling of demand
and supply curve is possible based on those underlying laws.
The supply curve, or merit-order-curve (MOC), is modeled as a marginal cost
curve, mainly based on the fuel costs and on the efficiency of the power plants.
For markets with a production portfolio consisting mainly of fossil fuel plants,
this modeling of the MOC is quite efficient. If the production portfolio is
mainly driven by hydro and RES the marginal cost estimation is less straightforward, but still possible.
The demand curve is mainly modeled based on seasonal- and environmental
factors. As discussed in Chapter 3, the main demand drivers are structural
variations based on consumers behavior, such as day/night cycles and weekday/weekend patterns and summer/winter seasonality. Further, the temperature plays an important role, since heating is a major electricity consumer.
While fundamental models are useful in many aspects of electricity modeling,
their main downsides are the complexity of the model, the large amount of information required and, from a financial modeling approach point of view, the
incapability of volatility estimation. A detailed introduction into fundamental
models is given in [25].

4.4.2 Statistical Market Models
Compared to fundamental models, statistical models do not model the underlying market mechanics. They work directly on the price or load time series
and characterize the time series as a stochastic process. In this thesis, the
majority of the models are auto-regressive with external inputs (ARX) and
auto-regressive moving average with generalized autoregressive conditional
heteroscedasticity and external inputs (ARMA-GARCH-XY) and are trained
on past data. As statistical models, time series models can estimate volatility
and also require less data than pure statistical models. The main downside is
the slow reaction to market structure breaks, and the lack of incorporating underlying physical information. Detailed descriptions of a large variety of time
series models and approaches of fitting are given in [26] and [27].

Chapter 5

Merit-Order-Curve Modeling
This chapter is based on publication [2].

5.1 Analysis of the Merit-Order-Curve
Fundamental models use the demand and supply and match the volumes to
model the market price. The load curve represents the demand and the meritorder-curve (MOC) represents the supply curve. The standard model for the
MOC is a simple exponential function [25]. We discuss extensions of the
standard model which suits our needs, especially the possibility to replicate
negative prices. A detailed overview of the variety of fundamental models
available is given in [25].

5.1.1 Market Analysis
This section provides an analysis of the price driving factors for the German
European energy exchange (EEX) market and is used to prepare the basis for
the modeling approach. While the models are built for the German market,
the overall concept is applicable to the majority of liberalized power markets.
For modeling we use German market data from January 1st 2010 to March
30th 2012. Figure 5.1 shows the spot price and the production of conventional
and nuclear power plants in Germany. Figure 5.2 shows the renewable energy
sources (RES) feed-in, import/export and the outages. These are the inputs for
25
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the MOC model.
As shown in Figure 5.1, the load L(t) of the transmission grid fell considerably in 2011 compared to the previous year. The transmission grid load L(t)
is defined as the vertical load Lv (t) plus the export E(t),
L(t) = Lv (t) + E(t),

(5.1)

where a negative export is import and is shown in Figure 5.2a. The vertical
load Lv (t) is the load between the transmission grid layer and the distribution
grid layer and can be understood as the net demand of the EEX market. The
decreasing demand L(t) from 2011 on could be explained by the imports and
the increasing RES feed-in as shown in Figure 5.2a1 .
On the supply side, due to the shutdown of 5.1GW of nuclear production as a
result of the Fukushima incident in mid-March 2011, the available production
decreased substantially during 2011, see Figure 5.2b. This shutdown changed
the German export E(t) drastically from export to import, as shown in Figure 5.2a; in May 2011, another 6.5GW of nuclear power was temporarily
unavailable as a result of long-term planned maintenance with a resulting historical low of available nuclear production in Germany of 5.5GW.
The consolidated view of the market, shown in Figure 5.1b, illustrates the fact
that the necessary load almost always remained in the area between available
generation capacity of lignite and of coal. This implies that the price is determined mostly by the marginal cost of coal and gas plants.

5.1.2 The Effect of Wind and Solar Power Feed-In
We illustrate the impact of RES using a number of snapshot days. The energy
feed-in from RES has a significant impact on the EEX market. Figure 5.3b
illustrates the fact that RES feed-in has substantially lowered the vertical load.
This imaginary vertical load L′v (t) is defined as L′v (t) = Lv (t)+W (t)+R(t),
where W (t) is the wind production and R(t) the solar production. This load
does not reflect the overall system load since additional production, conventional and other RES, such as bio-mass, is not considered, but illustrates the
overcapacity of conventional production, which covered almost the full load
until ten years ago. On the snapshot day May 8th 2011, wind and photovoltaic
W (t)
R(t)
(PV) ratios L
′ (t) and L′ (t) constitute more than 50% of the production, see
v

1 RES

v

is also settled at the European power exchange (EPEX), even if the majority of the RES
production is connected to the distribution grid. The effect of RES on the market is discussed in
detail in Part III.
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Figure 5.1: Overview of EEX market from 2010 to early 2012: (a) day-ahead
spot prices, (b) market supply and demand: available generation capacity of
conventional plants (stacked from bottom to top are nuclear, lignite, coal and
natural gas), and load data of transmission grid L(t). Source: [2]
Figure 5.3c. While the wind production reduces the overall price level as a
result, PV significantly reduces the mid-day price peak, since the majority of
the PV coincides with the consumption peak, see Figure 5.3a. The effect of
the RES feed-in on storage plants is discussed in Chapter 16.
Negative Prices as a Result of RES Feed-In
An unique effect of subsidized RES production are negative prices. The effect
is illustrated using the snapshot day 1st of January 2011, see Figure 5.4. As on
the majority of holidays the overall electricity consumption is lower than on
average days. The low consumption on this day coincides with high feed-in of
wind power with a maximum of 14GW this day with a minimal demand L(t)
of 23GW. This is substantially less than the 36GW of base load production
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Figure 5.2: Price-driving factors of EEX market from 2010 to early 2012: (a)
wind and solar feed-in, and export. The negative values of export represent
import; (b) unavailable generation capacity of different fuel types: stacked
from bottom to top are nuclear, lignite, coal, and natural gas outages. Source:
[2]

capacity of lignite and nuclear. The available capacity of nuclear power during
that day was 18GW. Since lignite power plants are less flexible than other
plants, it is expensive to turn them off. As a result, to ensure the continues
operation of the plants, they enter the market with a negative bid for a number
of hours. Figure 5.4a shows the spot price S(t) of –34e/MWh for two hours at
this day as a result of demand dropping under the combined volume of lignite
and nuclear. Figure 5.4b shows the production schedule for the different fuel
types. The hard coal and gas plants reduce their production to a minimum and
also the production of lignite and nuclear plants were reduced significantly.
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Figure 5.3: Snapshot view of the EPEX market from May 5th to 11th 2011: (a)
day-ahead spot prices, (b) the areas stacked from bottom to top are vertical
load Lv (t), wind feed-in W (t), and solar feed-in R(t); the two curves at
the bottom are wind feed-in (green) and solar feed-in (yellow), (c), the areas
stacked from bottom to top are the ratios of solar R(t) and wind W (t) to
restored vertical load [Lv (t) + W (t) + R(t)]. Source: [2]

5.1.3 Effect of Fuel Prices and CO2 Prices
Fuel and CO2 prices have a significant effect on the EPEX day-ahead prices.
Figure 5.5a shows the day-ahead price trend S̃(t) from 2006 to 2010, represented by the one-year moving-average of daily prices S(t) (red) and also the
moving-average of the natural gas prices (orange). The correlation between
the two curves is 0.93. The offset of the two figures is not constant. This is the
result of the variation in CO2 costs. Figure 5.5b shows the CO2 price during
that period; this price reflects the variation of the offset.
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Figure 5.4: Snapshot view of the EEX market on January 1st 2011: (a) dayahead spot prices, (b) price-driving factors: the thin horizontal lines stacked
from bottom to top are the available generation capacity of nuclear, lignite,
coal, and natural gas; the two thick dashed curves are the historical production of nuclear and lignite; the thick green curve at the bottom is historical
wind power feed-in; the thick grey curve in the middle is the grid load L(t).
Source: [2]

5.2 Merit-Order Curve Modeling
Based on the empirical analysis of the market, we propose and test some candidates to model the MOC with the important characteristics of the EPEX
market. Figure 5.6 shows the scatter plot of day-ahead prices against demand
for the year 2010, which is the market data implied MOC. The x axis in Figure 5.6 represent the load and the y axis the day-ahead prices S(t), where the
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Figure 5.5: Spot prices, fuel prices, and CO2 prices: (a) from bottom to top
are coal prices, natural gas prices, and power spot prices; and the embedded thick-dashed curves are moving average curves of rectangular window of
length 365 days; (b) prices of CO2 emission certificates. Source: [2]
load is normalized and given by
l(t) =

L(t)
Lmax

(5.2)
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replacements
where Lmax = max{L(t), t ∈ [1 T ]} = 65GW, and t = 1 is the first hour of
January 1st 2010. Figure 5.6 shows that prices increase rapidly if l(t) exceeds
0.9. This is approximately the point beyond which the gas turbines must cover
the load. When the load l(t) dips below 0.6, the prices tend to negative. This
is the point in which the load falls below the available inflexible base load
capacity of lignite and nuclear.
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Figure 5.6: Calibration of the merit-order-curve models against in-sample
2010 data: (blue) scatter plot price S(t) against load l(t), (red) calibrated
exponential model, (orange) calibrated hyperbolic sine model, (green) calibrated dual-exponential model. Source: [2]

5.2.1 Test of Model Performance
To compare the performance of the different models, we use two performance
measures, namely
• Statistical distance measures
• Information criterion
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The information criterion, in addition to the distance measures, is necessary
to test if additional parameters result in a better description of the time series,
or just in a better noise fit.
Statistical Measures
To compare the quality of the price forecast Ŝ(t) with the realized price S(t),
we use three statistical measures. The R2 is defined as
i2
Pt=T h
S(t) − Ŝ(t)
t=1
R2 = 1 −
,
(5.3)
Pt=T
2
t=1 S̃(t)
and the root mean squared error (RMSE) as
v
u t=T h
i2
u1 X
S(t) − Ŝ(t) .
RMSE = t
T t=1

(5.4)

The mean absolute error (MAE) is defined by
MAE =

t=T
1 X
S(t) − Ŝ(t)
T t=1

(5.5)

and as an absolute value measure based on the Laplace distribution it is robust
against outliers [28].
Information Criteria
The quality (goodness) of fit increases with the number of model parameters.
To take the number of parameters into account in the valuation, two information criteria are used, the Akaike information criterion (AIC) and the Bayesian
information criterion (BIC). The AIC is defined as
!
Pt=T
2
[S(t)
−
Ŝ(t)]
2
t=1
AIC = ln
+K ,
(5.6)
T
T
where K is the number of model parameters. The second information criterion, the BIC, is the stricter criterion and is defined as
!
Pt=T
2
ln(T )
t=1 [S(t) − Ŝ(t)]
BIC = ln
+K
.
(5.7)
T
T
The calculated values for the models are given in Table 5.2.
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5.2.2 The Exponential Model
The first model to predict the day-ahead price S(t) is the classic exponential
model given by
l(t)−a
(5.8)
S̃(t) = e b + ε̃(t)
where a is the horizonal shift and b is the scaling factor [25]. The noise term
ε̃(t) is assumed to be ∼ N (0, σ 2 ). The day-ahead price estimation Ŝ(t) is
l(t)−a
therefore given by Ŝ(t) ≡ e b .
The reasons for using the exponential function are the simplicity of the model
with only two parameters a and b and the capability of capturing the essential
characteristics of the price structure, i.e., ddlŜ ∝ Ŝ. The fit is performed by nonlinear least-squares, as well as the forthcoming models. Figure 5.6 shows the
result of the model fit to historical data, while Table 5.1 summarizes the parameters and t-statistics. For the middle part of the MOC (0.6 ≤ l(t) ≤ 0.9),
the performance of the single exponential function is satisfactory, whereas, for
the high-price area l(t) > 0.9, the fitting is not satisfactory. The second problem with the exponential function is the fact that it cannot capture the lower
and especially negative prices.
Table 5.1: Estimated parameters of the merit-order-curve models. Source: [2]
a

b

-0.860

0.421

69

131

Hyperbolic Sine

0.720

0.051

44.300

t-Stat

1257

450

391

Dual Exponential

0.694

0.063

53

Models
Exponential
t-Stat

t-Stat
Fuel-Adjusted HR
t-Stat

c

d

f

1.144

0.145

53.658

21

37

23

56

0.830

0.099

0.697

0.125

3.063

63

13

48

18
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5.2.3 The Hyperbolic Sine Model
Since the exponential function alone is not satisfactory, we apply a hyperbolic
sine function to the data. The authors of [29] proposed the hyperbolic sine
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Table 5.2: In-sample performance of the models. Source: [2]
R2
Models

MAE

RMSE

BIC

AIC

(e/MWh)

Exponential

0.69

6.05

7.79

4.106

4.105

Hyperbolic Sine

0.62

6.42

8.57

4.299

4.297

Dual Exponential

0.75

5.39

7.02

3.901

3.897

Fuel-Adjusted HR

0.79

4.73

6.36

3.706

3.702

transformation for stochastic modeling of day-ahead prices with respect to
negative prices. The hyperbolic sine function extends the exponential function
by a symmetrical exponential function in the negative part and is given as
S̃(t) =

e

l(t)−a
b

− e−
2

l(t)−a
b

+ c + ε̃(t)

(5.9)

where a and b represent the horizontal shift and the scaling in the same way
as in the exponential function. The new parameter c reflects the vertical shift,
and as in the exponential model ε̃(t) is ε̃(t) ∼ N (0, σ 2 ) white noise. Figure 5.6 shows the fit of the hyperbolic sine function (orange) with the estimated parameters summarized in Table 5.1 and the in-sample statistics shown
in Table 5.2.
Figure 5.6 shows that the hyperbolic sine curve (orange) fits, both upper and
lower parts of the data, better than the exponential model and it also allows
the modeling of negative prices. The statistical measures in Table 5.2, however, indicate that the hyperbolic model shows a worse performance than the
exponential model. This is because the exponential model fits the median of
the data better than the hyperbolic sine function and this area represents the
majority of the MOC.

5.2.4 The Dual Exponential Model
The hyperbolic sine model shows worse performance in the median part of
the MOC. This limitation can be resolved by the extension of the hyperbolic
sine model to the dual exponential model. The problems of the hyperbolic
sine function to replicate the median of the MOC are due to the fact that the
function uses the same curvature to model both the upper and the lower part of
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the MOC. The hyperbolic sine model (5.9) can easily be extended by adding
different curvature terms to the exponential functions by adding two additional
degrees of freedom to model both areas of the MOC and is referred to hereafter
as dual exponential model. The model is defined as
S̃(t) =

e

l(t)−a
b

− e−
2

l(t)−c
d

+ f + ε̃(t)

(5.10)

where a, b, c, d are parameters of the two exponential functions, see the exponential model, and f represents the vertical shift. As for the other models ε̃(t)
is ∼ N (0, σ 2 ) white noise. The dual-exponential model is shown in green
in Figure 5.6. The dual-exponential model uses different curvatures for the
upper and the lower parts of the MOC and adequately fits the full range of the
MOC. Table 5.2 shows that all quantitative measures of the model improve
significantly across the board.

5.2.5 The Fuel-Adjusted Heat-Rate Model
The three models presented model the MOC as the supply side part of the
model but still in a time series fashion without considering the physical underlying processes. Most crucial, the models do not include the main price driving factors of fossil fuel oriented power markets fuel and CO2 prices [30, 31].
While there are several possible methods to incorporate fuel cost, in this chapter we show an extension of the dual-exponential model. In Part II another
possibility is discussed. The fuel-adjusted heat-rate model is defined as
S(t) = Pfuel (t) · fhr (l(t)) + ε̃(t),

(5.11)

where Pfuel (t) is the fuel price adjustment and ε̃(t) is ∼ N (0, σ 2 ) white noise.
The function fhr (x) represents the heat-rate curve of the specific market as a
function of the load. The heat rate is the conversion factor, how much fuel
(MWhthermal ) is needed to produce one unit (MWhelectrical ) of electricity2 . In
this model we introduce the dual exponential function as the heat-rate curve
x−a

− x−c

d
+ f , which is used to model the heat-rate curve of
fhr (x) = e b −e
2
the market. Because day-ahead prices reflect the marginal cost of generating
electricity, which is the heat rate of marginal generators multiplied by the
component of fuel cost and CO2 emission cost [31, p.53], the natural way to
model the MOC is to multiply the heat-rate curve by a factor representing fuel
costs and CO2 costs.

2 The

inverse of heat rate

1
fhr

is the efficiency of power plants η.
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Figure 5.7: Calibration of the fuel-adjusted heat-rate model against insample 2010 data: (a) the estimated fuel-adjusted heat-rate model (red) vs.
the simpler dual-exponential model (green), (b) the estimated heat-rate curve
fhr (l): market-implied heat-rate data (blue) vs. estimated heat-rate curve
(red). Source: [2]
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Figure 5.8: Evaluation of the calibrated fuel-adjusted heat-rate model against
the out-of-sample 2011 data: (a) fuel-adjusted heat-rate model (red) vs. the
simpler dual-exponential model (green), (b) evaluation in heat-rate domain:
market-implied heat-rate data (blue) vs. estimated heat-rate curve (red).
Source: [2]

5.2. Merit-Order Curve Modeling

39

As discussed in Section 5.1.1, the majority of the time, the price-setting power
plants are coal power plants. Therefore, the adjustment Pfuel (t) includes the
cost of coal and the coal-specific cost of CO2 emission and expands the model
to
Pfuel (t) = Pcoal (t) + 0.3831 × Pco2 (t),
(5.12)
where the factor 0.3831 (metric ton/MWhthermal ) is the amount of CO2 emitted
by burning one MWhthermal of hard coal3 . In general, it is possible, to introduce more than one fuel adjustment, but the results from Section 5.1.1 and the
model tests with model selection algorithms only support the use of coal.
Table 5.1 shows the parameters of the resulting model (5.11) and Figure 5.7a
shows the in-sample fit performance. Including the fuel and CO2 costs significantly increases the performance of the model compared to the basic dualexponential model, and the quantitative measures shown in Table 5.2 support
the observation.
Beside the pure modeling of the MOC, an important advantage of the fueladjusted heat-rate model is the fact that it explicitly models the heat-rate curve
fhr (l). This is a direct indicator of the efficiency of the power market power
plant portfolio. This allows the market implied heat-rate curve fhr (l) to be
estimated empirically, which is shown in Figure 5.7b. The market-implied
heat rate s(t) is defined as
s(t) =

S(t)
Pfuel (t)

(5.13)

The estimated heat-rate curve fhr (l) indicates a median of 0.7 and a coal plant
heat rate of 2.71 (MWhthermal /MWhelectrical ). This implies an efficiency of
37% and is close to the average efficiency of German coal plants reported
in [32, p.58] to be about 40%.

5.2.6 Out-of-Sample Results
In the previous section, the model performance was validated in-sample on
a training set from 1st of January 2010 to 31st of December 2010. This section we describes the out-of-sample (OOS) performance of the four models
tested on the time window from 1st of January 2011 to 31st of December
2011. For the OOS test, the model parameters are trained with the data of
the year 2010, and since the forecasting performance of the day-ahead price
3 assuming

a 70% carbon content of coal.
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is important, the estimations Ŝ(τ ) were calculated with fuel price data from
2011. Table 5.3 summarizes the OOS results for the same measures as those
of the in-sample test. For each model, its OOS performance is consistent
with its in-sample performance shown in Table 5.2. These results indicate
robustness of the models as long as no significant structural breaks occur in
the market. As for the in-sample tests, the performance of the fuel-adjusted
heat-rate model is the best of the four models. Figure 5.8a shows the OOS
performance of the fuel-adjusted heat-rate model and of the dual-exponential
model. The dual-exponential model systematically underestimates the price.
This is a result of increasing fuel prices during 2011, and this information is
only available to the fuel-adjusted heat-rate model. Figure 5.8b indicates that
the market-implied heat rate (5.13) is captured also reasonably by the fueladjusted heat-rate model.
Table 5.3: Out-of-sample performance of the models. Source: [2]
R2
Models

MAE

RMSE

(e/MWh)

Exponential

0.52

7.75

9.43

Hyperbolic Sine

0.37

8.34

10.80

Dual Exponential

0.58

7.15

8.80

Fuel-Adjusted HR

0.76

5.10

6.70

Chapter 6

Load Modeling
This chapter is based on publication [3].

6.1 Introduction and Analysis of the Driving
Factors
This chapter describes the second element of the fundamental model next to
the merit-order-curve (MOC) shown in Chapter 5. Figure 6.1 shows the supply
and demand curve, where the demand curve is modeled in this chapter. As for
the MOC, there are several possibilities for load models. In this chapter we
describe a modeling approach on hourly resolution used for pricing in the
thesis. The load model is designed considering all information necessary for
pricing, in particular modeling seasonality on an intra-day, a weekly and a
yearly basis.
The model is built for the German European energy exchange (EEX)/European
power exchange (EPEX) market, but the general principle can be used for
the majority of the liberalized markets. As input arguments, we use historic
load data, seasonality factors representing yearly, weekday/weekend and the
day-night cycle patterns, temperature and finally, for the long-term outlook,
economic growth factors such as gross domestic product (GDP) data.
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Figure 6.1: Schematic example of supply and demand curves of the power
market. Source: [3]

6.1.1 Analysis of the Driving Factors
Figure 6.2 shows the hourly load of Germany from 2006 until 2011 and the
weekly and hourly patterns. The goal of the model is the replication of those
patterns, since they are crucial for all non-standard contracts. Electricity demand is a complex process with a lot of different actors and numerous exogenous factors involved. Based on the work of [33, 34] we show that the load
can essentially be described by three elements:
• Seasonality (intra-day, weekly and yearly effects).
• Temperature.
• Economic trends.
For the analysis we use the full years 2006 until 2011 of Germany load data
provided by European network of transmission system operators for electricity
(ENTSO-E) [35]. Temperature data was obtained from the Germany weather
agency [36] for 61 weather stations and was equally weighted averaged for the
analysis.
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Figure 6.2: Overview of the German hourly electricity load, including a zoom
to a weekly level. Source: [3]

6.1.2 Load Variability
Seasonal patterns have the strongest impact on the load profile. Figure 6.3
shows the fast Fourier transformation (FFT) of the hourly load time series
and identifies 1) the intra-day pattern, 2) the weekday/weekend period and
3) yearly seasonality. Figure 6.4 shows the typical summer intra-day pattern,
with the higher mid-day and the lower evening peaks1 and also the traditionally lower consumption during holidays, in this case the Easter holiday. The
second aspect, the weekly seasonality, is given by the weekday and weekend
cycles and public holidays, which are treated as Sundays in this analysis. Figure 6.2 shows the variation of the average load pattern throughout the year,
with the lower demand in the summer and the higher load demand during the
winter because of fewer daylight hours and the demand due to heating. The
Christmas week, however, is an exception from the normal pattern and shows
significant lower consumption relative to the year.

6.1.3 Weather
The temperature is the second important driving factor of the load. According
to [37] the majority of the load forecast models use temperature data only
1A

detailed analysis of the intra-day pattern shapes over the year is provided in Part II.
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Figure 6.3: FFT of German hourly load time series; fundamental frequencies
and their harmonics. Source: [3]
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Figure 6.4: Example of the weekly and daily load pattern for Germany during
Easter 2007. Source: [3]

as exogenous variables, and only a few use additional information such as
humidity [38]. Since the forecasting in this paper is long-term based on norm
weather or on weather simulation, we rely on temperature only. Figure 6.5
shows the scatter plot of total consumption vs. daily averaged temperature
for working days. At lower temperatures, the load is likely to be higher and
thus shows a negative correlation. Because the daily average temperature in
Germany rarely rises above 20 ◦ C there is only a small need for cooling and the
demand of electricity does not increase during the summer. The dependency
between load and temperature is not linear, but a linear fit is a good enough
approximation for the majority of the data.
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Figure 6.5: Scatter plot of the total consumption versus average daily temperature of Germany for 2006-2011. Source: [3]

6.1.4 Economic trends
In every economy the power consumption increases with economic growth,
especially if a significant share of the economy is industrial production [39].
In Germany the industrial sector accounts for more than 40% of the overall
electricity consumption [40]. The classic economic growth indicator is the
GDP. The data quality of GDP is deemed to be insufficient, as only quarterly
reports are available, frequent data revisions and overall measurement difficulties with the GDP. Therefore, we use German industrial production predictions as an indicator of economic growth. Industrial production is reported
monthly and can be obtained from [41]. Figure 6.6 shows the GDP and industrial production indicators for Germany in combination with a significant
decrease in load demand in 2008 and 2009 as a result of the economic crisis.
Figure 6.7 shows the linear relationship between monthly average load and
industrial production, which makes industrial production a suitable candidate
for a economic trend factor.

6.2 Methodology and Modeling
As in many statistical and fundamental models, we use a two-step modeling
approach. We first model the daily average based on daily binary factors modeling the seasonality, see Chapter 8 for a detailed description of the approach,
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Figure 6.6: Half-year moving averages for load, industrial production and
GDP for Germany. Source: [3]
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Figure 6.7: Monthly average load against industrial production indicator in
Germany for 2006-2011. Source: [3]

temperature and economic growth. In a second step, we model the hourly fluctuation around the daily average. As shown in Section 6.1.3, the relationships
among temperature, industrial production and load are almost linear. Yearly
and weekly seasonality as well as holidays are modeled by binary factors [4].

6.2. Methodology and Modeling
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(d)

The daily average load Lt

is modelled as
X
(d)
Lt = α +
βn Xt,n + ǫt ,

(6.1)

n

where α is the average value, βn the linear factor loading, Xt,n the factor
matrix with n factors, and ǫ the remaining residuals. For the daily average
load the time index t is in daily resolution. The factor matrix contains the
seasonality indicator variables, temperature, industrial production and three
lags of the historical load to model the auto-regressive (AR) behavior of the
load. Another common method to model the seasonality is the use of sinusoidal functions, but these models cannot model periodic events that occur on
varying dates, such as Easter, and is therefore less useful for the needs of this
problem. In addition, with a factor model the influence of every factor can be
estimated, not only the, therefore we use the factor model (6.1).
The model parameters are estimated by minimizing the norm ||Lt − L̂t ||p .
Under the assumption of a linear model (6.1) and based on the assumption of
normality we use the p = 2 norm or ordinary least squares (OLS) regression:
X
min
(yt − ŷt )2
(6.2)
t

Since the load data does not display significantly heavy tails, the normality
assumption holds and we do not suffer from any robustness problems with
OLS [28].

6.2.1 Daily Model
The daily load is modeled using the factor model (6.1) with the factors shown
in Table 6.1. The results of the model are shown in Section 6.3.
Table 6.1: Factors for daily load modeling. Source: [3]
seasonality month indicators, weekday indicators
weather
average temperature
economics
industrial production
statistic
autocorrelation lags
(d)

The model parameters of the daily model α(d) and βn are estimated using
(6.2).
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6.2.2 Hourly Model
(d)

Based on the estimated parameters α(d) and βn , the remaining daily residuals
rd are given by
(d)
(d)
rt = Lht − α(d) − βn(d) Xτ,n
(6.3)
where Lht denotes the load on an hourly basis and the daily estimation is
removed from every hour of the corresponding day. Since the daily model
already covers yearly seasonality and the weeekday/weekend patterns, the
hourly model is based on a pure statistical auto-correlation (AC) model. The
AC can be formulated as an AR model [42], and therefore follows the same
structure as (6.1).

6.2.3 Combined Daily and Hourly Model
(c)

(d)

The combined load L̂t is composed of the daily and hourly model L̂τ and
(h)
(h)
L̂t and the unexplained residuals ǫt as

(c)

(h)

L̂t =L̂(d)
τ + L̂t
(h)
ǫt =

(c)
Lt

−

and

(6.4)

(c)
L̂t .

(6.5)

This model allows modeling and simulation of the load for several years into
the future on an hourly basis incorporating external inputs such as temperature
and economic growth.

6.3 Results of the Load Model
The model forecast quality is tested in-sample as well as out-of-sample (OOS),
using the quality measures as for the MOC shown in Section 5.2.1 and mean
absolute prediction error (MAPE) in addition. The test set consists of German
load data from 2006 until 2011 [35]. The model proposed in Section 6.2 is
tested with German load data from 2006 until 2011 [35]. Daily and hourly
prediction data are tested independently. Figure 6.8(a) shows the daily model.
The model captures the yearly seasonality well with a higher load in the winter, and the weekly seasonality, with a higher load during weekdays, as well.

6.3. Results of the Load Model
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(b) In-sample fit of the model in a two-week window

Figure 6.8: In-sample prediction of daily and hourly model. Source: [3]
The day/night intra-day patterns are captured by the hourly model as shown
in Figure 6.8(b).
Table 6.2 shows the in-sample statistical measures R2 , mean absolute error
(MAE) and MAPE. As a result of the strong seasonality, the R2 with 0.975 is
naturally high. It indicates the fact that almost all information is captured with
the linear model in-sample. MAE as well as MAPE are acceptably small and
thus can serve as a benchmark for the OOS prediction.
Figure 6.9(a) and Figure 6.9(b) show the OOS predictions of the daily and the
hourly model. As a training set data from the period of the years 2006-2010
is used. For the prediction of the year 2011, calendar information and temperature is necessary. The future calendar information is known. The future
temperature is modeled as German norm temperature calculated as the average of the years 1973-2010. The forecast for industrial production is publicly
available from [39] and used as external input. Figure 6.8(a) shows the daily
out-of-sample prediction. The model captures the overall load level, the yearly
seasonality and the weekly pattern well. Figure 6.8(b) indicates that the model
captures the intra-day pattern of the hourly load also in the OOS test. As an
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additional test, a holiday weekend is used. Figure 6.8(b) shows the data of
the Easter weekend of 2011. The model correctly predicts a lower load during
the public holidays Friday and Monday and also captures the day/night cycle
during the holiday weekend.
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(a) Out-of-sample prediction of daily model
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Figure 6.9: Out-of-sample prediction of daily and hourly model. Source: [3]
Table 6.2 shows the comparison of the statistical measures for in-sample and
OOS. The OOS results are less good, as expected, but are still small with a
MAE of 2.23 GW and a MAPE of 4.35%. The R2 of 0.935 indicates that the
OOS models also carries almost all deterministic information.
Finally the characteristics of the residuals ǫ are analyzed for a possible simulation and are shown in Table 6.3.
The central moments indicate that the remaining distribution is not exactly
normal since the skewness is non-zero and the kurtosis is unequal to three.

6.3. Results of the Load Model
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Table 6.2: Evaluation of in-sample and out-of-sample model performance.
Source: [3]
In-sample Out-of-sample
Measurement
2006-2010
2011
MAE
1.09 GW
2.23 GW
MAPE
2.05%
4.35%
R2
0.975
0.935
Table 6.3: Central moments of the residuals 2011. Source: [3]
Central Moment
Std
Skewness Kurtosis
Value
10.02
–0.567
1.85

Even if the data is non-normal distributed, we can ignore this because the
distribution is relatively close to a normal distribution and the influence of
the deviation is smaller than other model uncertainties. If the deviation from
normality becomes problematic, the residuals can be modeled as another analytical distribution or be simulated based on bootstrapping [43].
Even if more complex models for long-term load prediction and simulation
are available, the model characteristics of the proposed model should be sufficient for the need of forward pricing and hourly price forward curve (HPFC)
calculation.
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Part II

Hourly Price Forward Curve
Modeling
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Chapter 7

Hourly Price Forward Curve
Modeling Fundamentals
Part I describes the market setup and pricing frameworks. As a result of the
non-storability of electricity and the resulting problems with the standard future pricing methods F (t) = (S0 (t) + U (t))e−r(T −τ ) [21] another method to
calculate long-term prices on an hourly basis is necessary. The method has to
capture
• all variations (winter/summer seasonality, weekday/weekend pattern and
day/night cycles),
• external information like temperature, wind, precipitation and solar radiation, and it
• must be arbitrage-free on the traded future products, see Chapter 3.
The standard method used to build average hourly price profiles is the hourly
price forward curve (HPFC) [44, 45]. Since the future realization of weather
is unknown, the HPFC represents the price profile based on norm weather,
see Section 2.1. As a result, since a realized year does not represent the average year, the HPFC most likely does not come to realization. The use of the
average is the only method which does not imply a guess on the realization.
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7.1 Construction Fundamentals
The most popular construction methodology for the HPFC is a two-step process consisting of:
1. Estimation of the hourly profile
2. Application of the future products
The standard method is discussed in detail in Chapter 8, a procedure to build
the HPFC in one procedure is shown in 9, and the HPFC with market coupling
(MC) is introduced in Chapter 11.

7.1.1 Hourly Profile
The seasonality and the external information of the HPFC are carried in the
hourly profile. The hourly profile is a weighting of the hours relative to each
other, where the overall price level of the HPFC is adjusted in each subsequent
step with the application of the future products. The seasonality includes all
three major deterministic power price variations: winter/summer seasonality,
weekday/weekend pattern and day/night cycles, as well as special daily patterns such as those of the Christmas or Easter holidays. Several methods are
available to replicate the deterministic variations. The classic procedure is the
use of Fourier series based on sinusoidal functions to replicate the variations
as harmonious functions of different frequencies. The main downside of the
Fourier series is its incapability to replicate holidays such as Easter [2]. In
the thesis, we use binary factors identifying the seasonality as independent
factors in the regression. The procedure is introduced in detail in Chapter 8.
Chapters 5 and 6 show the effect of weather on the prices. While the temperature mainly affects the load, wind and photovoltaic (PV) production affect
the supply curve. As a result, temperature must be included in the HPFC and
in markets with high levels of renewable energy sources (RES) feed-in, wind
and PV must also be included. The common way to introduce external factors,
such as the weather factor, is the use of factor models estimated with linear
or non-linear regression techniques. The following chapters shows several
methods to include external factors in the profile estimation.
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7.1.2 Application of the Future Products
The HPFC can be build up the maturity of the farthest traded future products.
As discussed in [19] these products mimic the arbitrage-free price based on the
available production capacity and costs. While the hourly profile carries the
weighting of each hour, the overall price level is carried by the future products.
To ensure the arbitrage freeness of the HPFC, the average price of the HPFC
must be equal to the price of the corresponding future price Fk of the Future
Fk where the union of sets Fk form the entire set F.
Et∈Fk [HPFC(t)]

=

FFk

∀k.

(7.1)

7.1.3 Difference Between the HPFC and Day-Ahead Price
Forecast
Since the HPFC overlaps with the day-ahead price prediction short time-horizons,
it is important to point out the fundamental difference between the HPFC and
the day-ahead price prediction. A key aspect of the HPFC is the fact that
since it reflects prices based on average weather expectations over the years,
it is an average price curve based on average environmental variables. It is
possible to build the near end of the HPFC to be conditional on weather forecasts to ensure a behavior closer to the day-ahead forecast [6]. As a result of
the fundamental difference between the underlying data, the HPFC cannot be
back-tested with realized day-ahead price data, since the HPFC never comes
to realization. This is because no year represents exactly the average year
and makes quality checks of the HPFC a difficult topic as well. The quality
management of the HPFC is discussed in Chapter 12.

Outline of the HPFC Modeling Part
Part II about HPFC modeling consists of the following chapters:
• Chapter 8 discusses pure statistical HPFC models in the classic two-step
approach and the question of robustness.
• Chapter 9 discusses the estimation of the HPFC in a one-step optimization problem, which allows the use of external constraints on the HPFC.
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• Chapter 10 introduces a combined fundamental and statistical model to
calculate the HPFC.
• Chapter 11 discusses the HPFC modeling under market coupling conditions.
• Chapter 12 discusses the topic of HPFC quality checks.

Chapter 8

Statistical Hourly Price Forward
Curve Models
This chapter is based on reference [4].

8.1 Statistical HPFC Modelling
In this chapter, we show the construction of the hourly price forward curve
(HPFC) based on the two-step approach elements:
1. Profile estimation:
(a) Estimation of the daily profile
(b) Estimation of the hourly profile
2. Application of future product prices
The profile is modeled as a statistical time series model in the two steps daily
profile and hourly profile. Short-term electricity markets are volatile markets
with price spikes, skewness and are heavy tailed. Since September 2008, negative prices are allowed in the day-ahead market in Germany and they are
realized several times a month. This realization of negative prices excludes
the use of logarithmic prices for statistical conditioning of the time series. In
addition, the non-normal distribution of the prices requires the use of robust
59
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parameter estimation [28].
For the estimation of the daily profile, we use daily seasonal indicators to
model summer/winter seasonality, weekday/weekend patterns as well as temperature and wind production1. The estimation of the hourly profiles is based
on expected data of different clusters of comparable days. We first develop
the estimation framework based on the mean by using the average over the
observed realizations. This technique is not robust against outliers and heavytails. Based on the mean estimation framework we develop the robust estimation framework based on the median, implying the Laplace distribution [28].
Price spikes in one hour of the day highly affect the daily mean estimation,
hence this hour dominates the mean estimation for positive and negative values as well. Those outliers also affects the calculation of all expectations and
also the behavior of the regression algorithms. It is shown that using the median as a basis for the expectation value estimation increases the robustness
and also avoids the generation of negative daily averages [4].

8.2 HPFC Calculation via the Mean
The HPFC is a forecast of hourly price profiles, mapped arbitrage-free to liquid traded standardized future contracts in the corresponding time interval.
Futures are available as peak, off-peak and base products, where peak and
off-peak combined are the base product. The arbitrage-free constraints can be
constructed for peak and off-peak products independently or only for the base
product. Both methods are correct methodology-wise, but the peak/off-peak
method incorporates more information.
To allow the application of future products, the profile mean must represent
the neutral element to the operation applied. Technically, the modeling can
be performed fully on hourly resolution without the separation into daily and
hourly profiles, but if we face limitations on data, i.e. unavailable hourly data
or computation time issues, the standard modeling approach is the independent modeling of two steps, the daily model and the hourly model2 .
The daily profile yd (t) is defined as
yd (t) = ȳd (t) + εd (t),

(8.1)

with the expected value y¯d (t), the time t on a daily resolution and where εd (t)
defines a white noise (wn) process with zero expectation and a finite variance
1 Renewable energy sources (RES) production in Germany has become an important factor,
therefore wind is included as an explanatory variable for the production of electricity.
2 Chapter 9 shows an approach based directly on an hourly resolution.
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σd2 , i.e. εd (t) ∼ wn(0, σ 2 ). The daily profile represents the deviation from the
expected value y¯d (t). The hourly profile is defined as
yh (t, j) = ȳh (t, j) + εh (t, j),

(8.2)

with the expected value y¯h (t, j) and where εh (t, j) defines a white noise process with zero expectation and a finite variance σh2 , i.e. εh (t, j) ∼ wn(0, σ 2 ).
The index j represents the different clusters and the time t is on an hourly resolution. The hourly profile is the deviation from the expected value y¯h (t, j).
The yearly profile ya (k) is defined as
ya (k) = ȳa (k) + εa (k),

(8.3)

where εa (k) defines a white noise process with zero expectation and a finite
variance σa2 , i.e. εa (k) ∼ wn(0, σ 2 ) and k represents the years. The yearly
profile is the deviation from the expected value ȳa (k).
The future product price is the market expectation of the power for the corresponding period, therefore, the daily profile yd (t) and hourly the profiles
yj (t, j) are representing the weights for every hour of the future contract F (t).
The HPFC prediction for future days τ and hours j is modeled as
HPFC(τ, j) = ȳd (τ )ȳh (τ, j)Fτ,j .

(8.4)

To allow the construction as a multiplying process and the application of the
future products, the expected values of ȳd (τ ) and ȳh (τ, j) have to satisfy the
conditions Eτ [ȳd (τ )] = 1 and Ej [ȳh (τ, j)] = 1.

8.2.1 Daily Profile Estimation
The estimation ȳˆd (t) of the expected daily profile ȳd (t) based on the mean is
calculated by normalizing the hourly day-ahead prices of St,j as
ȳˆd (t) =

PN oH(t)
j=1

Sh (t, j)

N oH(t)

bj [Sh (t, j)],
=E

(8.5)

where t represents the days and j the hours. The variable N oH(t) represents
b denotes the empirically estimated expectathe number of hours a day3 and E
tion.
3 The

hours of the day are a variable because of daylight saving time, see Section 2.2
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The estimation of the expected yearly profile ya (k) is defined by the equation
ȳˆa (k) =

PN oDk

yd (t) b
t=1
= Et [yd (t) |t ∈ Kk ],
N oD(k)

(8.6)

where N oD(k) is the number of days a year4 . The index k represent the years
and Kk is the set of all data of the k year. The sets Kk form together the entire
set K. Given the yearly profile ya (k) the normalized daily profile ya (t) is
defined by
yd (t)
ya (t) =
= fa (t) + ϑa (t),
(8.7)
ya (k)
where ϑa (t) defines a white noise process with zero expectation and a finite
b a (t)] = 1. For the normalized
variance σa2 , i.e. ϑa (t) ∼ wn(0, σa2 ) and E[y
daily profile estimation ŷt (d), we propose a model with a deterministic part
fˆd (t) and a stochastic part ϑd (t):
ŷt (d) =

ȳˆd (t)
= fˆd (t) + ϑd (t).
ˆ
ȳa (k)

(8.8)

To incorporate temperature, wind and seasonal factors, we model the deterministic part with a linear factor model fˆd (t) of the form
fd (t) = α + βXd (t),

(8.9)

where α ∈ R represents the average value and β ∈ Rw×1 represents unknown
parameters. The data for Xd ∈ Rw×t represents the independent parameters.
We estimate the parameters and the estimated expected daily factor as follows:
fˆd (t) = α̂ + β̂Xd (t).

(8.10)

The usage of the mean as a average operator assumes the process to be normal
distributed. We use the corresponding maximum likelihood estimator (MLE)
and the ordinary least squares (OLS) regression to determine the conditional
expectations. This OLS is the regression equivalent of the non-conditional expectation by using an sample average.
The predictions of the dependent variable yd (τ ) for the future time τ are calculated with the estimated parameters α̂ and β̂ as
ŷd (τ ) = α̂ + β̂d Xd (τ ).
4 One

(8.11)

have to consider in the calculations that leap years have 366 days instead of 365.
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The independent variables are calculated using norm data as shown in Section
2.1. To ensure the condition Et [yd (t)] = 1, the predicted daily average must
be normalized by the predicted yearly profile
fˆd (τ |τ ∈ K) =

ŷd (τ |τ ∈ K)
b
Eτ [ŷd (τ ) |τ ∈ K]

8.2.2 Hourly Profile Calculation

=

ŷa (t)
.
b
Ek [ŷa (k)]

(8.12)

The hourly profile yh (t, j) completes the price model (8.4). The hourly profiles yh (t, j) which carry the intra-day price profile information have to be
estimated. The intra-day profiles reflect the day and night cycles based on behavior such as cooking around noon, illumination in the evening and so on. A
detailed discussion of the shape of the intra-day profiles is given in Chapter
12. To ensure statistically significant data for the calculation, hours of statistically similar days are packaged together in clusters U where Uk is a set which
contains hourly data of days which belong to a cluster of statistically similar
days, i.e. days which exhibit similar behaviors, such as summer weekdays.
The union of sets Uk forms the entire set U.
With the given clusters Uk , the hourly profile yh (t, j, k) can be calculated by
the equation
S(t, j)
yh (t, j) =
,
(8.13)
yd (t)
and the corresponding hourly profile by
b t [yk (t, j) |t ∈ Uk ],
ȳˆd (t, j, k) = E

(8.14)

where Uk denotes the appropriate cluster of comparable days and satisfies the
condition
b j [yh (t, j)] = 1.
E
(8.15)
Several methods for clustering the data are available, but the detailed discussion is beyond the scope of this chapter, please refer to [43].

Given the normalized factor estimation fˆd (t) and the hourly profile estimation
ȳˆh (t, j), the hourly residuals Φh (t, j) are given by
Φ̂h (t, j) = S(t, j) − ȳˆa (t)ȳˆh (t, j)fˆd (t),

(8.16)
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and the relative residuals φh (t, j), which are normalized, are given by
φ̂h (t, j) =

S(t, j)
Φ̂h (t, j)
=
− ȳˆh (t, j)fˆd (t).
ˆ
ȳa (t)
ȳˆa (t)

(8.17)

The relative residuals have the same dimension than the factors.

8.2.3 Building the HPFC
To calculate the HPFC, the future product prices have to be weighted with the
calculated profiles yd (t) and yh (t, j) at the corresponding time:
HPFCh (τ |τ ∈ Fc , j|j ∈ Fc )
= fˆd (τ |τ ∈ Fc ) ȳˆh (τ |τ ∈ Fc , j|j ∈ Fc ) F (τ |τ ∈ Fc ),

(8.18)

where F(c) is the set of days which are the days during the delivery time of
the future product c, i.e. all days of the year 2016 belong to the future contract
with delivery time in the year 2016. The sets F(c) together form the entire set
F.

8.3 Estimation via the Median
Using the mean as an average operator assumes that the distribution of the
underlying process is normal. As discussed in Section 8.1 electricity dayahead prices have non-normal distribution, see Figure 8.1. Since the usage of
the mean and the OLS estimator is not bias-free, a robust estimator is necessary [28]. In this section we propose the calculation of the expectation using a
median estimator instead of the average estimator and the use of least absolute
deviation (LAD) as the MLE, based on the Laplace distribution.

8.3.1 Median as Robust Estimator of Expectations
The median Mn [x] is defined as

x n+1
n odd
b n [x] =
2
M
1
n
n
2 (x 2 + x 2 +1 ) n even,

(8.19)
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Figure 8.1: Histogram of hourly German electricity spot prices compared
with the normal distribution. Source: [4].
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where x1 ≤ . . . ≤ xn . Median and mean absolute deviation (MAD) are based
on the Laplace distribution with the propability density function (PDF)
1 − |x−µ|
(8.20)
e b ,
2b
where µ represents the center of the distribution (equivalent to the mean in the
normal distribution) and b represents the deviation (equivalent to the variance
in the Normal distribution) with the PDF
(x−µ)2
1
f (x|µ, σ) = √
e− 2σ2 .
(8.21)
2πσ
f (x|µ, b) =

The maximum log-likelihoodnestimator (MLLE)
of the Laplace distribution is
PT xt −µt o
| and is derived as follows:
defined as L(x) = minµt
t=1 | b
l(x)

= max
µt

loge l(x)
L(x)
L(x)

t=1

= max
µt

= max
µt

n

o
f (xt |µt , b)

loge

T
Y

t=1

T
nX
t=1

= max
µt

T
nY

T
nX

o
f (xt |µt , b)

o
loge f (xt |µt , b)
loge

t=1

1
xt − µt o
−|
| ,
2b
b

(8.22)


1

where 2b = const, µt denotes the conditional expectation and b > 0 constant over time, the MLLE is given by:

L(x) =

max

L(x) =

min

µt

µt

n

−

T
X
xt − µt o
|
|
b
t=1

T
nX
xt − µt o
|
| .
b
t=1

(8.23)

With the assumption of a linear model µt = −α−βXt and xt = yt the MLLE
is equal to the MAD regression defined as
X

T
N
X
L = min
| yt − α −
βi Xt,i | .
(8.24)
α,β

t=1

i=1

8.3. Estimation via the Median

67

b and the median M[x]
b
As shown in [46], the mean E[x]
can be estimated by

and

T
nX

b
E[x]
=

arg min

b
M[x]
=

arg min

x̄

x̄

t=1

o

(8.25)

o
|xt − x̄| .

(8.26)

(xt − x̄)2

T
nX
t=1

8.3.2 Median-Based Models
Corresponding to the mean models in Section 8.2, we introduce the medianb j [St,j ] represents the calculation of the sample
based model. The operator M
bj [St,j ]. As
median, corresponding to the sample average calculation symbol E
for the mean-based models, where the condition Et [yt ] = 1 must hold at all
times, for the median estimation the condition Mt [yt ] = 1 must hold at all
times. Analogously to (8.5), the daily average is defined as
b j [St,j ].
ȳˆd (t) = M

(8.27)

b t [yd (t) |t ∈ K],
ȳˆa (k) = M

(8.28)

The yearly profile ya (k) is defined by

where k is the index of the years. Given the yearly estimation ya (k), the
normalized daily estimation yt can be defined correspondingly to the mean
estimation as
yd (t)
yt =
,
(8.29)
ya (k)
where the condition Mt [yt ] = 1 must hold at all times.
The hourly profile ȳh (t, j) for given clusters U is calculated by
b t [yh (t, j) |t ∈ Uk ] ∀ k,
ȳˆh (t, j, k) = M

(8.30)

where Uk denotes the appropriate cluster of comparable days with the condition
b j [yh (t, j)] = 1.
M
(8.31)
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8.3.3 Estimation and Model Selection
Corresponding to the mean estimator for the normal distribution, we introduced the robust median estimator based on the Laplace distribution, see Section 8.3. The consistent MLLE for the parameter estimation problem (8.10)
based on the Laplace distribution is the LAD estimator (8.24). Unlike the unconstrained OLS optimization problem, the LAD optimization problem cannot be solved analytically. However, the LAD optimization problem can be
formulated as a linear program (LP) [47] of the structure

min

e,f,α,β

s.t:

T
X

et + ft

(8.32)

t=1

yt − α −
e, f > 0

N
X
i=1

βi Xt,i = et − ft

∀t = 1...T
∀ t = 1 . . . T.

The LAD problem 8.32 does not include model selection. To prevent overfitting of the factor model, we extend the LAD estimator with model selection.
The idea of model selection is to separate the variables which actually carry
deterministic information from the variables which fit only noise but improve
the result because of more parameters. Several methods are available to tackle
the problem. While the widely used stepwise regression has been proved to
be suboptimal [43] and computationally intensive, regularization approaches
are optimal and computationally efficient. To solve the estimation and model
selection problem in one step, we use the the l1-regularization framework, also
known as least absolute deviation with least absolute shrinkage and selection
operator (LAD-LASSO), based on the work of [48], [49] and [50]. The LADLASSO is defined as

min
α,β

X
T
t=1

|

|yt − α −

{z

N
X
i=1

regression

Xt,i βi | + T
}

|

N
X
i=1

λi |βi |

{z

regularization

}



(8.33)

with λ ≥ 0. The value of λ is estimated in a prior process based on the
Schwartz-Bayesian information criterion (SBIC) [50]. The optimization problem 8.32 stays a LP and is therefore numerically efficient to solve.
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Figure 8.2: Realized German day-ahead prices. Source: [4].

8.4 Comparison of Mean and Median Estimators
The estimators are tested on German day-ahead prices shown in Figure 8.2.
As independent factors Xd (t), we use calendar information to cluster the days
of a year in seasonal, monthly patterns and also in different days, to replicate
the different price patterns of the days in the week. As weather information,
we use average temperature, heating degree day (HDD), cooling degree day
(CDD) and wind speed. For the learning data set, we use realized data and
30-year norm data for the prediction5. The reference temperature for HDD
and CDD calculation depends on the country. The spot prices are provided by
the European power exchange (EPEX) and the historical weather information
is furnished by Bloombergr .

5 The

HDD and CDD set points are country-dependent. In this chapter, we use 18◦ C

70

Chapter 8. Statistical HPFC Models

The estimation of the expected daily profile ȳˆd (t) is based on a factor model
to capture seasonality and weather information, hence this information is not
included in the hourly profile ȳˆh (t, j). The hourly expected profile ȳˆh (t, j) is
modeled as a weighting function of the expected daily estimation ȳˆd (t) and
captures only the day/night cycle. The focus of this chapter is the comparison
of the mean and median estimators with the focus on robustness, therefore, we
discuss the following aspects in our analysis of the estimators:
1. Effects of negative hourly prices on the daily estimation ȳˆd (t),
2. Residuals of the daily estimation ȳˆd (t),
3. Impact of outliers in the day-ahead prices on the HPFC calculation,
4. Truncation of the data instead of robust estimation.
The majority of the discussion concerns the robustness of the estimator. The
truncation of the data is discussed briefly, since it is the classic way to compensate for the lack of robustness.

8.4.1 Large Negative Hourly Prices
Figure 8.2 shows the hourly day-ahead prices from 2008 to 2010 in Germany.
Several occurrences of negative prices are noted, especially during the weekends. We take the 4th of October 2009 as a snapshot day as an example.
The histogram of the 4th of October is shown in Figure 8.3 with 20 hours of
positive day-ahead prices and four hours of negative prices. The figure also
shows the fit of a normal distribution to the data. If the estimation is performed
with the assumption of the normal distribution, the four negative hours, especially the –500.02 e/MWh dominate the OLS estimation, see 8.3. As a result,
the daily average estimation ȳˆd (t) is –13.63 e/MWh just because of the one
outlier. Assuming the Laplace distribution with heavy tails, in contrast to the
mean estimation setup, the median estimator, results in an estimation for ȳˆd (t)
of 17.17 e/MWh. Independently from the hourly estimation ȳˆh (t, j), the negative daily average estimation of ȳˆd (t) results in a negative weight of the full
day6 .

6 The robustness problem of the estimation, the negative day is also a problem of the construction as a multiplicative model. The construction of an additive model is briefly discussed at the
end of the chapter.
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Figure 8.3: Histogram of German day-ahead prices on the 4th of October
2009. Source: [4].
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Figure 8.4: Daily in-sample residuals of the LAD-LASSO estimation. Source:
[4].

8.4.2 Residuals of the Estimations
In addition to the robustness of the median estimator, the robustness against
tail events, outliers and over-fitting of the model selection and performance
of the LAD-LASSO has to be discussed. To do so, we discuss the in-sample
residuals of the LAD-LASSO shown in Figure 8.4. The residuals Φt , defined
in (8.16), are the unexplained part. As shown in Figure 8.4, the negative daily
estimations ȳˆd (t) and the resulting negative normalized daily estimation ŷd (t)
of the mean estimator are treated as noise by the LAD-LASSO [4]. This is the
result of the absolute value cost function which is less affected by tail events
and outliers.

8.5. Additive Models
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8.4.3 Impact of Outliers on the hourly price forward curve
Given the estimations of ȳˆd (t) and ŷ(t), we discuss the effect on the calculation of the HPFC. Qualitative checks such as correctness of weekends, holidays and seasonal prediction of the daily factor model fd (t) = αd + βd Xd (t).
The effect of an estimation bias in ȳd (t) as a result of tail events is shown in
Figure 8.5, which contrasts the HPFC estimation with mean and median estimators. A good example is the month of September of 2009 when a group
of nuclear power plants in France were unexpectedly disconnected from the
grid. That incident resulted in unusually high day-ahead prices in Europe for
September. Figure 8.5 shows the overestimation of this event by the mean estimator and the resulting high prices in the HPFC. The overestimation of the
September prices by the mean estimator results in a negative price prediction
in the HPFC because of a wrong value of ȳd (t) and of the resulting yd (t).
This result is economically not reasonable since a negative price in average
would result in a planned shutdown of plants and the resulting shortage would
increase the prices. The HPFC calculated by the median estimates of ȳd (t)
and yd (t) results in a much more compact curve without negative prices and
the miss-prediction of ȳd (t).

8.4.4 Truncation of the Data
A widely used method to treat non-normal distributed data is to filter the outliers beforehand. If done so, one must define the thresholds for the truncation.
Those thresholds have to be defined empirically. With the introduction of additional empirically set parameters, the danger of over-fitting and in-sample optimization increases dramatically. In comparison, the median estimator does
not need any data processing or additional parameters and allows this operation on a purely statistical basis.

8.5 Additive Models
The model used for the comparison of the estimators is based on a multiplicative model HPFC(τ, j) = ȳd (τ )ȳh τ, jFτ,j . A negative prediction of an
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Figure 8.5: HPFC calculated based on mean (black) and median (red) estimators. Source: [4].
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expected daily profile ȳd (τ ) by construction, for all hours, the profile is mirrored. A way to deal with this issue is the use of additive models in which the
higher weighted hours of a negative day would be compensated by the hourly
profile ȳh τ, j. Which model to use cannot be decided easily and depends a
lot on the market structure and other processes, however Table 8.1 gives an
overview of the models and can be used as a guideline to identify suitable
models for the data.
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Table 8.1: Model comparison of mean and median based estimation. Source: [4].
Model Element

No
1

Mean based model
ȳˆd (t) =

3
4

ȳˆa (k) =

PN oD

yt =
yt =

6

yd (t)
ya (k)

b j [St,j ]
ȳˆd (t) = M

St,j
yd (t)

yd (t)
NoD

5

Median based model

bj [St,j ]
=E

yh (t, j) =

bt [yh (t, j) |t ∈ U]
ȳˆh (t, j) = E
bt [yd (t) |t ∈ K]
=E

St,j
yd (h)

Name
daily average
normalized hours

b t [yh (t, j) |t ∈ U]
ȳˆh (t, j) = M

hourly profile

b t [yd (t) |t ∈ K]
ȳˆa (k) = M

yearly average

yd (t)
ya (k)

yd (t)
ya (k)

yt =

= f t + ϑt

yt =

yd (t)
ya (k)

normalized daily average

= f t + ϑt

measurement equation

7

fˆt = α̂ + β̂X

fˆt = α̂ + β̂X

regression equation

8

ŷτ = α̂ + β̂Xτ

ŷτ = α̂ + β̂Xτ

prediction equation

fˆτ =

9
Daily Prediction
10
11
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St,j
NoH

ht,j =

2
Normalize

PN oH

fˆτ =

ŷτ
b
Eτ [ŷτ ]

Φ̂t,j = St,j − ŷa (k)ȳˆh (t, j)fˆt
φ̂t,j =

Pˆhi(t,j)
ŷa (k)

=

St,j
ŷa (k)

− ȳˆh (t, j)fˆt

ŷτ
b τ [ŷτ ]
M

Φ̂t,j = St,j − ŷa (k)ȳˆh (t, j)fˆt
φ̂t,j =

Φ̂(t,j)
ŷa (k

=

St,j
ŷa (k)

− ȳˆh (t, j)fˆt

normalized factors
residuum equation
relative residuals

Hourly Profile

12

bt [yh (t, j) |t ∈ Uk ],
ȳˆh (t, j, k) = E

bt [yk (t, j) |t ∈ Uk ],
ȳˆh (t, j, k) = E

hourly profile

HPFC Calculation

13

HPFCh (τ, j) = fˆd (τ )ȳˆh (τ, j)P (t)

HPFCh (τ, j) = fˆd (τ )ȳˆh (τ, j)P (t)

apply futures

Chapter 9

Combined Prediction and
Estimation Hourly Price Forward
Curve Models
The following chapter is based on reference [1].

9.1 Combined Estimation and Prediction
In Chapter 8, we present the standard approach of hourly price forward curve
(HPFC) modeling, where the HPFC is modeled in a two-step process, and
profile estimation and prediction are also separated and performed in the following order:
1. Estimation
(a) Daily profile estimation
(b) Hourly profile estimation
2. Prediction
(a) Daily profile prediction
(b) Hourly profile prediction
(c) Weighting of the future products with the profiles
77
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This approach has three major weaknesses
1. Estimation of daily and hourly profile is decoupled
2. Estimation and prediction are decoupled
3. Constraints on hourly prices cannot be applied
The decoupling of the daily and hourly profile prediction results in two problems. Miss-predictions of the daily profile affect the overall profile and the
separation reduces the degree of freedom in the fit. The decoupling of estimation and prediction is probably the most important weakness of the model.
The dynamics and market regimes of electricity markets change quite often,
mainly because of government actions. As a result, the estimation of the model
parameters does not allow any reasonable price prediction. With the combination of the prediction and the estimation in one optimization problem, the
estimation and prediction must form a feasible set which can guarantee that
the prediction allows the calculation of the HPFC. The application of additional constraints on the HPFC, i.e. from fundamental price models such as
in [25,51], from stochastic models such as in [52,53], or even hard constraints
from regulations can be applied. In the following, we derive the model and
the formulation as an linear program (LP).

9.2 Combined Hourly Price Forward Curve Construction Methodology
As discussed in Chapter 8, the day-ahead prices as a basis for the price dynamic estimation is non-normal distributed. Figure 9.1 and Figure 9.2 show a
full year of German day-ahead prices and the histogram from 1st of October
2010 to 30th of September 2011. This set of data is also to be the test set for
the combined estimation algorithm.
To overcome the limitations discussed in Section 9.1, the calculation of the
HPFC is done on an hourly basis and the estimation and prediction is combined in one optimization problem. For the estimation, we also use the robustness techniques introduced in Chapter 8. The estimation is done by using
the least absolute deviation (LAD) based on the Laplace distribution, which is
robust against non-normal distributed data and also often shows a lower variance compared to the ordinary least squares (OLS) [54]. In a second step,
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Figure 9.1: Hourly Germany day-ahead prices from 1st of October 2010 to
30th of September 2011. Source: [1].
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Figure 9.2: Histogram of German day-ahead prices from 1st of October 2010
to 30th of September 2011. Source: [1].
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we add a model selection in the form of an l1-regularization formulated as a
least absolute deviation with least absolute shrinkage and selection operator
(LAD-LASSO) regression problem. In the case of many predictors, a smaller
subset of the coefficients which exhibit the strongest effect, could be sufficient
to achieve a well-performing model [1]. The implementation of the problem
as an LP directly allows the introduction of linear constraints. In general, it
is possible to add non-linear constraints, but this would result in a non-LP
optimization problem, which is more expensive to solve, may not be convex,
and therefore may not guarantee a globally optimal solution. In addition, integer variables and constraints can be added to the problem to implement a
regime switching model. This chapter focuses on the proof of principle of
the combined problem with continuous variables. Another motivation for the
combined model is the possible combination of a statistical and a fundamental model based on additional constraints from the fundamental model. The
validation of the HPFC is a very ambitious task which is discussed in detail in
Chapter 12.

9.2.1 Problem Definition
The HPFC is an average hourly price forecast arbitrage-free to the traded future products which includes seasonality (intra-day, weekly- and yearly pattern) and environment information such as temperature, wind speed and solar
irradiation. The arbitrage-free condition can be constructed on the base future
or, to incorporate more information, on peak and off-peak hours. The hourly
price profile yh (t) is defined as
yh (t) = ȳh (t) + εh (t),

(9.1)

with the average value ȳh (t) and where εh (t) defines a white noise wn process
with zero expectation and a finite variance σh2 , i.e. εh (t) ∼ wn(0, σh2 ). For
the future price estimation ŷh (τ ), we propose a model with a deterministic
average ȳh (τ ) and a stochastic part εh (τ ) given as
ŷτ = ȳˆh (τ ) + ϑh (τ ),

(9.2)

where ϑh (τ ) defines a white noise wn process with zero expectation and a
finite variance σh2 , i.e. ϑτ ∼ wn(0, σh2 ). For the deterministic element ȳˆh (τ ),
a linear factor model of the form
yh (t) = α +

N
X

n=1

βn Xh (t, n)

(9.3)
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is proposed, where α and β are the parameters to be estimated. The independent parameters X ∈ RT ×N are assumed to be known and the expected
hourly profile ȳˆh (τ ) is given by
ȳˆh (τ ) = α̂ + β̂Xh (τ, n).

(9.4)

The parameters α and βn are estimated by minimizing the norm
min
α,β



J
X
βj Xh (t, j)kp ,
kyh (t) − α −

(9.5)

j=1

where p denotes the p-norm. As discussed in Chapter 8 we use the LAD
estimator and therefore the one norm k · k1 which forms the linear estimation
problem
min
α,β

X
T
t=1

yh (t) − α −

J
X
j=1


βj Xh (t, j) .

(9.6)

The prediction of the future price profile ŷh (τ ) is calculated using the estimation of the α̂ and β̂ and the factor set X̂h (τ, j) as follows:
ŷh (τ ) = α̂ +

J
X

β̂j X̂h (τ, j),

(9.7)

j=1

where the factor set X̂h (τ, j) is estimated in an a-priori process with norm factors and calendar information which are assumed to be known. The arbitragefree condition on the future prices Fk is formulated as
Eτ [ŷh (τ |τ ∈ K)] = FK ,

(9.8)

where ŷh (τ |τ ∈ K) is a set which contains all hours corresponding to the
delivery period of the future product Fk . The sets Fk together form the entire
set K [1].

9.3 Formulation of the Optimization Problem
Given the equations (9.1) though (9.8) above, we derive the linear optimization
problem. It consists of the elements
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1. LAD estimator optimization,
2. Estimation of the parameters α̂ and β̂ as defined in (9.6),
3. Prediction of the hourly price profile ŷh (τ ) as defined in (9.7) and
4. The arbitrage-free condition ŷh (τ |τ ∈ K) to future prices F (k) as defined in (9.8).
For the l1-norm approximation we use the LP formulation given in [55], of
the form
min

e,f,α,β

s.t:

T
X

e+f

(9.9)

t=1

yh (t) − α −
e, f ≥ 0

N
X
i=1

βi Xt,i = e − f

∀t = 1...T
∀ t = 1 . . . T,

with the slack variables e, f ∈ Rt×1 . The problem has the standard LP form
min {cT x}

(9.10)

x

s.t Aeq x = beq
Aineq x = bineq
lb ≤ x ≤ ub.
The optimization vector x of (9.9) and (9.10) is introduced as
x = [α, β T , eT , f T , ŷτT ]T .

(9.11)

In the estimation equation, the sum of the absolute values of (9.9) has the cost
function vector c of
(9.12)
c = [0, 0, 1, 1, 0],
the linear equality constraints
Aeq = [1, Xt , I, −I, 0] ,

beq = [yh (t)] ,

(9.13)

and the lower bound
lb = [−∞, −∞, 0, 0, −∞] ,

(9.14)
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where −∞ represents no lower bound.
The prediction equation
ŷτ = α̂ +

N
X

β̂n Xτ,n

(9.15)

n=1

forms an additional equality constraint

Aeq = [1, Xτ , 0, 0, −I] ,
The arbitrage-free condition
X

τ ∈K

beq = [0] .

ŷτ |τ ∈K = FK · N oHK ,

(9.16)

(9.17)

where N oHK is the number of hours of the given cluster K, is also represented
by an equality constraint
Aeq = [0, 0, 0, 0, A] ,

beq = [FK , N oHK ]

where A is a block-diagonal matrix of the structure

1...1 0...0 ... 0...0
 0...0 1...1 ... 0...0

A=
..
..
..

.
.
.
0...0 0...0

... 1...1





.


(9.18)

(9.19)

The full optimization problem for the combined estimation and prediction is
therefore given as
c = [0, 0, 1, 1, 0]
(9.20)

for the objective function,

1 Xt I
Aeq =  1 Xτ 0
0 0 0




I 0
yt
0 I  and beq =  0 
0 A
FK

(9.21)

for the linear equality constraints and the lower bound
lb = [−∞, −∞, 0, 0, −∞].

(9.22)

The problem does not have any inequality constraints, but those can be added,
e.g. to introduce conditions on the HPFC such as no negative prices or marginal
costs are permitted. This means that price constraints for lower and upper
prices can be added as box constraints of the form
lower price limit ≤ yh (t) ≤ upper price limit.

(9.23)
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Model Selection via the LAD-LASSO
The LAD estimation problem can be extended by model selection via the
LAD-LASSO introduced in Chapter 8 to prevent over-fitting. In Chapter 8
the weighting parameters λi are estimated using the Akaike information criterion (AIC) or an Schwartz-Bayesian information criterion (SBIC) where the
SBIC is the harder selection criterion, see [56, 57]. The optimization problem
(9.21) is extended to form the LAD-LASSO by adding the β to the X matrix
in (9.6) as follows:
X (mod) = [X T , XT ]T ,
(9.24)
where X is defined as




X=


β1
0
..
.

0
β2

...
0
..
.

0

0

. . . βN ,

where N represents the number of factors.

0
0
..
.







(9.25)

9.4 Performance of the Model
The performance of the combined estimation and prediction is tested on German electricity day-ahead prices provided by [13]. For the estimation, the data
of the year from 1st of October 2010 until 30th of September 2011 is used as
shown in Figure 9.1 above. Table 9.1 shows the German future products provided by [23] which are used for the performance test. The day-ahead market
as well as the future market can be assumed to be liquid. The independent
factors used for the representation of seasonality and external influences are
shown in Table 9.2. If the data resolution is higher than one hour, the data
is averaged to an hourly basis; if the resolution is lower than hourly, the last
known value is used for the following hours. As future weather data for the
HPFC calculation, norm data calculated on a basis of 30 years of historical
data, is used, see Section 2.1. We use daily mean temperature, daily maximum temperature, daily minimum temperature, heating degree day (HDD),
cooling degree day (CDD) and wind speed in this model. The prediction of
the HPFC yh (τ ) is performed on the period from 1st of October 2011 until
30th September 2012. Daylight Saving Time (DST) is automatically included
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Table 9.1: Future base products used for the HPFC with prices from 30th of
September 2011. Source: [1].
Product
delivery period
price [e/MWh]
Oct11
October 2011
58.15
Oov11
November 2011
62.84
Dec11
December 2011
62.03
Jan12
January 2012
63.23
February 2012
62.64
Feb12
Mar12
March 2012
59.14
Q212
April 2012 - June 2012
51.80
Q312
July 2012 - September 2012
51.94

Table 9.2: Independent factors for Germany used in the model performance
test. Source: [1].
Factor
resolution source
Seasonal factors
hourly
calculated
Vertical load
15 minutes transmission system operators
daily
Bloombergr
Average temperature
Maximum temperature
daily
Bloombergr
Minimum temperature
daily
Bloombergr
daily
Bloombergr
HDD
CDD
daily
Bloombergr
Wind speed
daily
Bloombergr

in the correct way on hourly basis.
The following aspects of the combined prediction and estimation of the results
of the prediction ȳˆh (τ ) are discussed, since they represent the major quality
checks for the proof of principle of the algorithm:
1. Arbitrage-free condition
2. Replication of the intra-day profile and seasonal pattern of ŷh (τ ),
3. Robustness and parameter estimation and
4. Truncation of the data.
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Figure 9.3: HPFC estimation with LAD-LASSO and peak and base future
products. Source: [1].
The arbitrage-free condition (9.8) is automatically satisfied in the problem
formulation, since any feasible solution satisfies the arbitrage-free condition.
Figure 9.3 shows the HPFC prediction with peak and base future products and
the HPFC prediction yh (τ ). In addition to the calculation method, a visual
inspection confirms the arbitrage-free condition.
The three seasonal patterns the HPFC prediction ŷh (τ ) must replicate are:
• Day/night cycles
• Weekday/weekend patterns
• Winter/summer seasonality
Figure 9.4 shows two winter weeks of the HPFC. The winter seasonality is
shown with the two intra-day peaks at noon and in the evening and the typical
higher winter evening peak as part of the day/night cycle. The pattern also
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correctly replicates the peak/off-peak hours1. The peak/off-peak spread in
Figure 9.3 is set by the spread of peak and base future products, where the
off-peak future is calculated as a linear combination of peak and base as
Foff-peak =

Fbase · NoHbase − Fpeak · NoHpeak
,
NoHoff-peak

(9.26)

where F(·) is the corresponding future product price and NoH(·) represents
the corresponding number of hours of the future products. The traded prices
of peak and off-peak products may not exactly match the base future price,
but as long as the difference is smaller than the bid-ask spread, no arbitrage
opportunities exist.
The weekly seasonality patterns represent the weekday/weekend price spread
as well as the spread of different days, i.e. a Sunday average price is lower
than a Saturday average price. Typically, the highest electricity prices occur
on Tuesday, Wednesday and Thursday, followed by Monday and Friday. Figure 9.4 clearly shows this typical behavior.

9.4.1 Estimator Robustness and Model Selection
Figure 9.5 shows the LAD estimation of the HPFC without model selection
(blue) and the estimation with LAD-LASSO with model selection (red). The
independent factors contain several factors with high correlation or equivalent information such as temperature and HDD. The LAD-LASSO estimated
a smoother model. The reason is the fact the LAD-LASSO does not generate any spread positions and prevents over-fitting, which is not the case for
the LAD estimation [4, 28]. The increase in calculation time including the
regularization is negligible.

9.4.2 Problem Size and Calculation Time
The testing set of the problem is one year of learning data and one year of
prediction for the proof of principle. Generally, the HPFC is calculated until
the end of the available future products, which in Germany is seven years. The
size of the optimization problem is mainly dependent on the number of hours
1 The peak-hour definition varies from one country to another. In Germany, the peak hours are
defined to be 8:00 - 20:00.
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Figure 9.4: Two weeks of hourly HPFC in November. Source: [1].
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Figure 9.5: Comparison of the HPFC prediction estimated with LAD (blue)
and LAD-LASSO (red). Source: [1].
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Table 9.3: Optimization problem dimension per year of data. Source: [1].
estimation prediction
variables
3T
T
equality constraints
T
T
inequality constraints
0
T-1

T . Table 9.3 shows the scaling of the problem with the number of hours. With
T = 8760 hours per year, the problem stays below 200’000 variables and can
be solved with LP solvers without any problems.
In general, it is possible to build the optimization problem (9.27) using the
2-norm in case the electricity markets evolve towards normally distributed
prices; resulting in the OLS problem given by
min
α,β

X
T
t=1

yt − α −

J
X

βj Xt,j

j=1

2



.

(9.27)

Since the problem is constrained it cannot be solved analytically and must be
solved numerically as a quadratic program (QP) of the form


1 T
T
min
x Qx + q x
(9.28)
x
2
s.t Aeq x = beq
Aineq x = bineq
lb ≤ x ≤ ub.
The matrix Q is of the form Q̃Q̃T , which means that the condition Q  0
holds and therefore the optimization problem is convex. The scaling of 3T
is only for the approximation of the sum of absolute values for the LAD, the
OLS optimization problem scales linearly with T .

Chapter 10

Combined Fundamental and
Statistical Hourly Price Forward
Curves
In this chapter, we describe the construction of the hourly price forward curve
(HPFC) in a combined fundamental and statistical approach. The idea behind
this approach is to take advantage of the strength of both models. This chapter
is the introduction for Chapter 11 where we use demand and supply curves
models to calculate the HPFC under market coupling conditions.

10.1 Fundamental & Statistical Demand and Supply Curves
The idea is to combine fundamental and statistical approaches to model the
underlying price building mechanism based on supply and demand curves.
The supply curve is represented by the merit-order-curve (MOC) and the demand curve is represented by the load curve, see Chapter 5. In general, the
approach is satisfactory for any power market as long as a meaningful MOC
can be calculated. This is not the case for markets with a significant volume
of subsidized renewable energy sources (RES) since they do not bid with their
MOC, or in markets where the marginal costs as such are not transparent, such
as nuclear plants or monopoly markets, see Chapter 15. As for the statistical
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models, the combined model relies on seasonal components and external inputs such as temperature, wind and photovoltaic (PV) feed-in and outages.

10.1.1 Demand Curve Modeling
To estimate the load for the price setting mechanism, the following components are taken into account:
1. Seasonality
2. Weather effects
An example for the demand curve Lh (t) based on the indicators on hourly
resolution as
Lh (t) = aw Wh (t) + ap Xp,h (t) + awd Xwd,h(t),

(10.1)

where a are the weighting factors, X the binary seasonal indicators with the
indexes p, wd which represent peak/offpeak and weekday/weekend. Weather
information also carries the long term yearly summer/winter seasonality. The
load is based only on pure consumption driven factors. Technical and economic factors, like outages are not part of Lh (t). They will be introduced
in the supply curve. As external weather factors we use mean temperature,
daily maximum temperature, daily minimum temperature, cooling degree day
(CDD), heating degree day (HDD), humidity, wind and precipitations.

10.1.2 Supply Curve
The supply curve is modeled by the marginal costs. For Germany, with the
support schemes feed-in tariff (FIT) and market premium we assume a marginal
cost of –3000e/MWh for PV and around 0e/MWh for wind feed-in, since the
majority of the wind is supported by the market premium scheme. This is
less than the marginal cost of any other power plant, even run-of-river (ROR).
Given the production portfolio of Germany, the price settlement is done in the
area of the MOC where hard coal and natural gas are present [2]. The supply
curve model given as
M Ch (t)= bl Lh (t) + bng (N Gh (t) + κng CO2 h (t))
+bhc (HCh (t) + κcoal CO2 h (t))
+bout OU Th (t) + bex EXh (t) + b0 ,

(10.2)

10.2. Hourly Profile Calculation
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where b0 is constant, b the weighting factors and κ the amount of produced
CO2 conditional on the fuel type. For the export EXh (t) a positive number
represents export and a negative number represents import. A power plant outage is represented by OU Th (t). The outage is available based on power plant
type, but in this model we use information an aggregated value on the load,
which artificially increases the load by the size of the outage. Both demand
and supply models can be estimated via regression techniques and model selection, see Chapter 8.
This approach has to be adapted depending on the country to reflect their
unique characteristics. The two main adjustments in European countries are
the following:
1. In small countries, the surrounding countries strongly influence the prices.
As a result, the surrounding countries must be included in the models as
external factors.
2. Storage plants with mainly natural inflows such as hydro storage plants:
the marginal costs of these plants must be calculated via the water value
and cannot be directly inserted like fuel costs for fossil fuel plants.
Switzerland is an example for such country. In this case, the price is based
on the prices of the surrounding countries Germany/Austria, France and Italy
(GE, FR, IT) and the value of the hydro production as
M Ch (t) = bDE Ph,DE (t)+bF R Ph,F R (t)+bIT Ph,IT (t)+bhp HP (h)(t)+b0 ,
(10.3)
where hp represents the marginal costs of pumped storage hydro plant (PSHP)
and storage hydro plant (SHP). For PSHP the marginal cost are the storage
costs and for SHP the water value, which almost only depends on reservoir
level and size [58]. We assume, that the hydro production is small compare to
the market volume; therefore there is no feedback loop on the price by on the
storage plant actions.

10.2 Hourly Profile Calculation
Given Lh and M Ch (t) the German normalized day-ahead price profile P̄h (t)
is given as
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P̄DE,h (t)=bl L̄DE,h (t) + bng (N Gh,DE + κng CO2 h (t))
+bhc (HC h,P (t) + κng CO 2 h (t))

(10.4)

+bOut OutDE,h (t) + bEx ExDE,h (t) + b0 .
Using the average as normalization the normalized price profile is equivalent
to
E[PDE,h (t)]=bl E[LDE,h (t)] + bng (E[N Gh,DE ] + κng E[CO2 h (t)])
(10.5)
+b(E[HCh,P (t)] + κng E[CO2 h (t)])
+bOut E[OutDE,h (t)] + bEx E[ExDE,h (t)] + b0 .
Where the weather and seasonal information is introduced by the load. The
efficiency of fossil fuel plants is assumed to be independent from the temperature. Because of several support schemes. RES feed-in is almost never the
price setter at the moment and therefore neglected as producer in the price
calculation.

10.3 Arbitrage-Free Condition
The determined average hourly price profile does not carry the level information. This information is carried by the future prices. To guarantee that
the HPFC is arbitrage-free with respect to the underlying price forward curve
(PFC), the condition given as
Eτ |τ ∈K [HP F Cτ ] = FK ∀F ∈ P F C.

(10.6)

must hold. A possible approach to achieve this is to impose
E[P̄τ |τ ∈K ] = 1

(10.7)

for each instrument in the PFC.
As for the one step model in Chapter 9, the arbitrage-free condition can be
imposed for base or peak and off-peak futures. If peak and off-peak futures
are used, one has to ensure that the scaling, especially in the boundary regions
from peak and off-peak hours is monotonic to match the quality criteria of the
HPFC, see Chapter 12 for a detailed discussion.

Chapter 11

Hourly Price Forward Curve
Models for Market Coupling
The following chapter is based on reference [5].

11.1 Market Coupling and its Effect on the HPFC
In the last chapters we have discussed several hourly price forward curve
(HPFC) calculation methods for single price areas without market coupling
(MC) or nodal pricing. The literature does not offer any models which incorporate several pricing zones with implicit capacity auctions for market coupling or nodal pricing. In Europe, the NordPool market was the first European market incorporating market coupling and two time zones. Nowadays,
with the Central-Western-European market coupling (CWE) several countries
in central Europe have coupled markets with implicit capacity auctions. As
a result, the need for an HPFC incorporating the implicit auctions for transfer volume and the resulting possible congestion increases, since the different
price levels and the structures of the neighboring price zones directly impact
the electricity price level and structure in each price zone. Since the price
profiles are driven by the underlying production and demand structure of the
countries, the implicit auctions affect the shape of the HPFC.
In this chapter we propose a construction method for the HPFC which incorporates the market coupling algorithm based on normalized bid/ask curves.
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The proposed algorithm is demonstrated on the French and German electricity markets with the data provided by [13].

11.2 Methodology and Modeling
In Chapter 10 we introduced the calculation of the HPFC based on demand
and supply curves. In order to take the effect of MC into account, we will
extend the method for MC. Because MC represents a direct feedback loop of
the prices of the coupled countries based on the transfer capacity congestion,
the HPFCs of all countries participating in the MC must be calculated simultaneously based on supply(ask) and demand(bid) curves. The calculation is
performed in three steps:
1. Calculation of normalized bid and ask curves to consider the impact of
seasonality for all participants
2. Calculation of the hourly profile by the application of the MC algorithm
to the normalized bid and ask curves of all participants
3. Weight the future contracts with the calculated arbitrage-free hourly
profiles.
These steps are explained in the following subsections.

11.2.1 Calculation of Normalized Bid and Ask Curves
In this chapter we denote the bid curve as BVB ,PB ,country (t), which consists of
the volume VB and the corresponding price P and the ask curve AVA ,PA ,country (t)
analogously. Those curves represent the load and price curve introduced in
Chapter 10. In the framework of this chapter, the countries modeled are Germany and France, identified by the subscripts FR and GE. Before the profiles
can be computed, the bid and ask curves have to be prepared to address the
following issues:
1. Renewable energy sources (RES) feed-in, especially photovoltaic (PV)
is offered with the minimum bid of –3000e/MWh as a result of feed-in
tariffs (FITs)

11.2. Methodology and Modeling
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2. The cross-border trades are part of the bid curve
The first aspect are the RES. Because of the fluctuation of the majority of
the RES production, wind and PV, the profiles based on the average values
are not useful. This is particularly the case if the RES share is high and the
market structure changes quickly. To increase the robustness of the profile
calculation, we separate the trades from the RES and form special clusters
for RES which are treated independently from the normal trade clusters. The
majority of the RES production can be identified by the low negative bids
of –3000e/MWh, therefore we consider all –3000e/MWh bids as RES. Since
April 2012 the majority of the wind production left FIT and moved to a market
premium support scheme [8]. As a result, the wind bids are not –3000e/MWh
bids anymore and group around zero or slightly positive and therefore are
considered as ”normal” bids. The identification of these bids is challenging
and beyond the scope of this thesis. The volume of –3000e/MWh is removed
from the ask volume
VeA,D (t) = VA,DE (t) − W (t) − PV(t),

(11.1)

VB,GE,nMC (t)= VB,GE (t) − H(t)
VB,F R,nMC (t)= VB,F R (t) + H(t),

(11.2)
(11.3)

where VA,DE (t) is the ask volume for Germany, W (t) is the wind feed-in
volume and PV(t) is the PV feed-in.
The second aspect concerns the cross-border trades, denoted by H(t), where
a positive volume indicated trades from Germany to France are included in
the bid curves. In order to apply the MC algorithm in the HPFC calculations,
the effect of cross-border trading has to be removed from the bid curve, the
bid volumes without cross-boarder trading are denoted by VB,GE,nMC (t) and
VB,F R,nMC (t), respectively, and are defined as

where VB,GE (t) and VB,F R (t) are the bid curves prior to MC. As shown in
Chapter 8, the bid and ask curves are clustered in c curves of statistically
comparable clusters. Given these clusters, the averages of the curves can be
computed separately for all participants over each cluster c and are given by
eGE (t|t ∈ c)], and B
eGE (t) = {VB,GE,nMC (t), P } (11.4)
B GE,c = Et [B
eF R (t|t ∈ c)], and B
eF R (t) = {VB,F R,nMC (t), P } (11.5)
B F R,c = Et [B
eGE (t|t ∈ c)], and A
eGE (t) = {VA,GE (t), P }
AGE,c = Et [A
eF R (t|t ∈ c)], and A
eF R (t) = {VA,F R (t), P }.
AF R,c = Et [A

(11.6)

(11.7)
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11.2.2 Prediction of Normalized Bid and Ask Curves
Given the normalized bid and ask curves (11.5) through (11.7), the future bid
and ask curves for the HPFC predictions can be calculated. Before the final
curves are calculated, the volume must be corrected by the prediction of the
RES feed-in, since this volume was removed earlier. The corrected volume
ADE,c is calculated based on the clusters c by
ADE,c = {Ve A,DE,c + W m,m∈c + PVm,m∈c , P },

(11.8)

ÂGE (τ |τ ∈ c)= AGE,c

(11.9)

where W mW (t) and W mPV (t) are average wind and PV predication and mW
and mPV denote statistically comparable clusters of RES feed-in1. With the
corrected volume, the bid and ask curves are given by

B̂GE (τ |τ ∈ c)= B GE,c
ÂF R (τ |τ ∈ c)= AF R,c

B̂F R (τ |τ ∈ c)= B F R,c .

(11.10)
(11.11)
(11.12)

For the weather prediction, as well for the temperature, wind and PV production, norm data is used as shown in Section 2.1.

11.2.3 HPFC Calculation with Market Coupling
For most markets, the exact bid and ask curves are unknown; only aggregated
data is available. As a result, the MC algorithm implemented as a non-linear
mixed integer programming (NLMIP) for CWE cannot be applied directly,
because this is only possible if the single bids are available. Instead, we use
net export curves (NECs) to simulate MC. This method is defined in [59, 60].
Since the NECs represent the relation between trading volume and the market
clearing price, they show the willingness of the market to import and export
electricity at different market prices. The NEC is determined by the volume
spread between how much suppliers are ready to produce and how much consumers are ready to pay at various prices [5]. Figure 11.1 illustrates these concepts. The interception of the NEC with the price axis is the isolated market
1 The fluctuating nature and the high deployment speed make the use of single RES time points
statistically difficult because of the high variation. To overcome the problem, we cluster the
available RES data into statistically comparable clusters. I.e one cluster contains all time points of
the 10% wind speed quantile. The reader is referred to [43] for a detailed discussion on clustering
methods.
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Figure 11.1: Calculation of the NEC. Source: [5].
price, whereas in Figure 11.2 the two-market scenario is shown where market B imports from market A. The interception point of the inverted NEC of
market B and the NEC of market A is the optimal trading volume. The common clearing price of the two markets PMC is achieved when the amount E in
Figure 11.2 is exported from market A into market B. If the available crossborder capacity is insufficient and congestion of the line occurs, the price PMC
is settled at the congested maximum capacity. This congestion results in the
remaining price difference between the markets A and B.
To calculate the HPFC we apply the concept of NEC to the normalized bid and
ask curves. The NEC for Germany and France N ECGE (τ ) and N ECF E (τ )
are given by
N ECGE (τ )={V̂A,GE (τ ) − V̂B,GE (τ ), P }
N ECF R (τ )={V̂A,F R (τ ) − V̂B,F R (τ ), P }
={VN EC,F R (τ ), P }.

(11.13)
(11.14)
(11.15)

Note that in contrast to the convention defined in [59, 60], the NEC of the
exporting country is reversed:
N ECF R,rev (τ ) = {−VN EC,F R (τ ), P },

(11.16)

where N ECF R,rev (τ ) is the reversed French NEC. The advantage of this
reversal is the fact that the interception point of the two curves corresponds to
the economic flow. The interception point is now calculated for all τ by
NECGE,τ ∩NECFR,flip,τ = {(Hτ ,PêGE,τ ),(Hτ , Pê FR,τ )}.

(11.17)

NEC Market B
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NEC Market A

Price (€/MWh)

Chapter 11. HPFC Models for Market Coupling Conditions

Price (€/MWh)

102

NEC Market A

PMC

Import B = Export A
Export (MWh)

E Trading volume
(MWh)

Figure 11.2: Determination and optimization of trading volumes with NEC.
Source: [5].

The operator ∩ is defined as the interception of the two NECs including the
cross-border capacity constraint
AT CF R/GE (τ ) ≤ H(τ ) ≤ AT CF R−GE (τ ),

(11.18)

where AT CF R/GE (τ ) is the available transmission capacity from France to
Germany and AT CGE/F R (τ ) in the opposite direction and Hτ the optimal
trading volume. The market clearing prices with the trading volume H(τ ) for
all τ are denoted by PêGE (τ ) and Pê F R (τ ), where the market price is equal to
Pê GE,τ = PêF R,τ if there is no congestion.

11.2.4 Normalized Price Profile
For the calculation of the HPFC, the predictions P̂ (τ ) must be normalized to
be an arbitrage-free weighting for the future products
h
i
Eτ P̂τ |τ ∈F = FF ,

(11.19)
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as discussed in Chapter 8. The HPFC is calculated by
\ GE (τ |τ ∈ F)=
HPFC
\ F R (τ |τ ∈ F)=
HPFC

PêGE (τ |τ ∈ F)
h
i FF
Eτ PêGE (τ |τ ∈ F)

PêF R (τ |τ ∈ F)
h
i FF .
Eτ PêF R (τ |τ ∈ F)

(11.20)

(11.21)

11.3 Performance of the HPFC with
Market Coupling
In the following, we discuss the model performance of the HPFC model with
market coupling. We focus on the following quality criteria of the HPFC:
1. Correct replication of the intra-day patterns
2. Weekly seasonality: weekend prices are lower than weekday prices
3. Yearly seasonality: lower summer than winter profiles
4. Feedback of the market coupling on the prices profiles
This must hold for both countries. Figure 11.3 shows a snapshot of a summer week and Figure 11.4 of a winter week of the HPFC of Germany and
France. The day and night patterns are well captured for both countries, with
the typical mid-day and evening peaks where the evening peak is higher in
the winter. The figures also show the typical weekday/weekend pattern with
lower weekend prices. The summer/winter seasonality with higher price levels in the winter is also covered with an average winter peak price level of
around 55e/MWh and a summer peak level of around 45e/MWh.

11.3.1 Effects of Coupled Markets on the HPFC
The consideration of cross-border transfer capacity via MC must have an effect on the HPFC compared to the independent HPFC calculation without
market coupling. Figure 11.5 shows the HPFC calculation with and without
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Figure 11.3: Comparison of the German and the French HPFC in a winter
week. Source: [5].
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Figure 11.4: Comparison of the German and the French HPFC in a summer
week. Source: [5].
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Figure 11.5: Comparison of the HPFC with (solid line) and without (broken
line) the application of MC for France. Source: [5].
MC for France and Figure 11.6 for Germany. Both figures show the adjustment effect in the HPFC with the consideration of the two markets. The high
winter prices in France, which are a result of heating with electricity in France,
are decreasing due to the overall lower winter prices in Germany and the coupling of the two markets. In return, the German market prices increase. Since
the cross-boarder capacity is congested, the prices move closer together but
are not equal. The same effect is shown in the summer where, as a result of
the PV feed-in, the overall low price in Germany is increased as a result of
MC and the correspondingly higher price in France in the summer.
The proposed algorithm takes the MC settlement mechanism into account and
calculates all HPFC in one algorithm correctly including capacity limitations.
The algorithm with the French-/German day-ahead market using data from the
European power exchange (EPEX) and the European energy exchange (EEX)
shows the expected price leveling effects of the HPFC calculation with market
coupling, while it preserves the characteristic price shapes of each country.
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Figure 11.6: Comparison of the HPFC with (solid line) and without (broken
line) the application of MC for Germany. Source: [5].

Chapter 12

Hourly Price Forward Curve
Quality Measures
This chapter is based on reference [6].

12.1 HPFC Quality Measures
In Chapters 7 to 11 we present several methods for the arbitrage-free hourly
price forward curve (HPFC). For profitable trading in electricity markets, especially for long-term non-standard contracts, it is necessary to capture the
deterministic variations (winter/summer seasonality, weekday/weekend patterns and day/night cycle) on all time scales in the forward curve term structure. In this chapter we discuss quality criteria for the HPFC. The standard
quality check method for valuation of a time series model is out-of-sample
(OOS) back-testing. The HPFC is an artificially constructed hourly profile
curve which will never come into realization. The day-ahead prices are set
on an hourly basis, but the day-ahead prices are used to settle the difference
from the expectation while the HPFC describes the expectation. Therefore the
day-ahead prices cannot be used to back-test the curve. While several publications are available that describe the construction of the HPFC there are none
addressing the analysis of the correct evaluation of HPFC quality. In the following, we discuss the question of what a good HPFC should contain. The
core aspect of this chapter is the judgment of the quality of an HPFC once it is
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constructed. Examples include the validation of a seasonal profile shape, holiday coverage and the impact of renewable energy sources (RES). We propose
a set of specific measures which can be used as a general benchmark of HPFC
quality. In addition we discuss the suitability of the HPFC for various applications. A number of examples from the German, French and Swiss markets
are used to illustrate the arguments presented [6].
The three main application and the corresponding quality criteria of the HPFC
we discuss in this chapter are:
• Pricing of non-standard products
• Average for price scenario simulations
• Power plant valuation
In general, the use of several HPFCs for different purposes is possible. For
consistency reasons, best-practice rules enforce the use of the same HPFC
for all purposes in a company (trading, risk management and valuation). A
trader’s risk must be measured on the same basis as his exposure. This implies
the following challenges in construction and quality checks of the HPFC:
1. How to benchmark the HPFC, and what are reliable and quantitative
quality measures?
2. How to build an HPFC which replicates the correct seasonality?
3. How to build an HPFC if no liquid futures are available?
4. How to estimate profiles in changing markets (e.g. Germany with a
large deployment of RES)?
5. How should the short end1 of the HPFC be handled in comparison to
the day-ahead market?
Due to the nature of the the HPFC being an expectation curve and will never
come to delivery, the specification of quality measurements for the HPFC is
very challenging. The classic quantitative back-testing and prediction error
measurements such as mean square error (MSE) cannot be applied. We thus
have to rely on qualitative measures for the HPFC separated in the following
four aspects:
1 The

short end of the curve refers to the area of the curve which is the closest to delivery
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1. Difference between HPFC and day-ahead price prediction
2. Hourly profile characteristics
3. Effects of uncertain RES with feed-in tariff (FIT)
4. Future product application

12.1.1 Difference between HPFC and Day-Ahead Price
Forecast
In contrast to the day-ahead price prediction, the key aspect of the HPFC is
the fact that it reflects prices based on normal weather expectations and structural considerations on the market. While this holds for the full HPFC it
becomes particulary important at the short end of the curve when the curve
comes close to a day-ahead price realization. The day-ahead price is based
on the short-term weather forecast, while even at the short end the HPFC is
constructed with norm weather. Although it is possible and perhaps more elegant to make the short end conditional on weather or load forecast (rather
than norm weather), an attempt to incorporate the full dynamics of the dayahead market still does not make sense [6]. Forwards are most of all hedging
instruments, the forwards prices incorporate risk premia, and the trading is
performed in a market that is different from the day-ahead market. This is
the reason, why the realized day-ahead prices cannot be used as benchmarks
for the HPFC, nor can the HPFC replace a dedicated day-ahead price forecast
model [6].

12.1.2 Hourly Profile Characteristics
The hourly profile is the weighting of the hours of the curve and therefore
carries all the information about the shape of the HPFC except the price level.
The price level is carried by the future products as shown in Figure 12.1. The
hourly profile must fulfill the following requirements:
• Deterministic variations (winter/summer seasonality, weekday/weekend
patterns and day/night cycle)
• Country properties
• Continuous hourly profile
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• Negative prices
• Robustness against outliers and over-fitting
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Figure 12.1: German HPFC on 28th of January. For the yearly future determination 2014, the seasonal pattern is fully covered by historical profiles.
Source: [6].

Deterministic Variations
The most important hourly profile property is the seasonal patterns. The three
resolutions intra-day, weekday/weekend and yearly seasonality must be incorporated. While the variations of the off-peak hours are rather small during the
year, the peak hours show a notable seasonal behavior. Figure 12.2 shows a
typical winter (blue) and a summer (red) week. The figure shows the different intra-day peaks with the higher evening peak in the winter and the higher
mid-day peak in the summer as well as the almost non-existent evening peak.
While the mid-day peak is due mainly to cooking, the evening peak is a result
of the additional consumption for cooking and lighting during the evening in
the winter. Since the profile is built based on norm weather, a winter peak
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should reflect an average winter condition rather than extreme events occurring in certain winters, see Figure 12.2.
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Figure 12.2: Winter and summer weekly profiles for Germany, in December
and June, respectively. They contrast by a spread peak/off-peak more important in Winter and a drop in price in the middle of the day for the summer
profile, related to the small amount of cooling in Germany. Source: [6].
Due to the lower consumption during the weekend, the weekly pattern differ
mainly between weekdays with higher prices and weekends with lower prices.
Holiday prices are almost in line with weekend prices and in most of the models are treated as Sundays. Figure 12.3 shows a weekly pattern in Germany
during the Christmas period, where the holidays on the 25th and 26th of December are shown. This behavior also holds for other holidays such as Easter,
because the price difference is mainly due to working hours. Bridging days
and days with extensive vacations such as the days between the Christmas holidays and New Year’s Eve can be integrated by lowering the prices for those
specific days. The weekly pattern is important mainly for storage facilities
with storage capacities of a few days since the operators have to store and produce electricity based on the price patterns, especially by store during cheaper
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Figure 12.3: Profiles are adapted for national holidays and bridging days:
Christmas and St. Stephen Day 2013 (the 25th and 26th of December) are
handled like Sundays. The Monday and Tuesday before Christmas (the 23rd
and 24th ) and the Friday (27th ) have the profile of a regular week day but at a
lower level (i.e bridging days). Source: [6].

As the last seasonality, the yearly seasonality has to be reflected, especially the
higher demand occurring in winter due to heating and shorter daylight periods.
This pattern is mainly linked to the temperature during the year and the angle
of the earth to the sun as a measurement for the daylight hours. The yearly
seasonality becomes more important for the usage of the HPFC far away into
the future, where only yearly future products exist and the summer/winter
cycle has to be covered fully by the profile. As long as monthly and quarterly
future products exist, they carry the seasonal price changes. Since the yearly
seasonality is mainly driven by the temperature, the shape of the profile during
the year depends on the temperature.
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Country Properties
The definition of peak and off-peak hours differs among countries as well as
special characteristics of the consumers in this market. The general framework of seasonality given in Section 12.1.2 holds. In general, the majority of
the yearly seasonality is linked mainly to temperature. The same is true for
the weekly seasonality, which is linked mainly to working days; as long as
the weekday/weekend definition is the same, the pattern is the same. The exceptions are due to the fact that national holidays may differ among countries.
The main differences among several countries exist in the intra-day profiles2 .
While the classic mid-day and evening peaks exist in most countries, France
is an example that illustrates a deviation from the standard intra-day pattern
as a result of national policies. While both standard peaks exist, in France we
observe an additional daily peak at 22:00 as a result of a centralized signal to
trigger electric heating [6]. It is due to a rule that was implemented to support
the large number of nuclear power plants with limited flexibility in France.
The lower overall load during the night is compensated with an extra demand
for heating. The hourly profile has to reflect this structural peak.

Continuous Hourly Profile
If the HPFC is constructed with peak and off-peak futures independently, in
contrast to just using the base future, the continuity of the profile must be
ensured. One possible discontinuity may be due to the hourly weighting in
the profile when the peak/base spread is low and some off-peak hours show
a higher price than the peak hours3. Figure 12.4 shows an example of a discontinuous profile during the change from off-peak to peak. The last off-peak
hour is higher than the first peak hour because of a surplus weighting of the
off-peak hour which was never observed in the past.

Negative Prices
The large-scale deployment of RES sometimes results in negative prices in
the day-ahead market, especially during days with low demand and high RES
2 In countries with with a high share of photovoltaic (PV), the pattern also changes significantly. This aspect is discussed in Section 12.1.3.
3 While this is not impossible in theory, a higher off-peak price was never observed, except
from negative prices because of RES.
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Figure 12.4: Example of a poor price profile construction: shifted profiles
between the off-peak and the peak hours. The 8-am discontinuity does not
belong to a structural peak but is due to the catenation of two disconnected
profiles. Source: [6].

feed-in. Under the current market setup, the only reasons for negative prices
are prioritized RES and the fact that it is cheaper for large steam-cycle plants to
pay money for an hour than to shut down the power plant. While the negative
prices occur in the day-ahead market, the HPFC should not show any negative
prices, at least not in clusters. A negative price in the HPFC would mean that
the RES feed-in, on average over time, is higher than the overall load. Even
in Germany, this is currently not the case. The HPFC may show some negative price hours during Christmas holidays or as a statistical relic, but clusters
of negative prices in average would mean, that the prices are systematically
negative during that average period. This situation is economically not feasible; power plant operators would react by scheduling multi-hours shut-downs
during that period and therefore should not be observed in the HPFC [6].
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Robustness Against Outliers and Over-Fitting
Chapter 8 discussed the robustness of the generation methodology of the HPFC
against outliers and over-fitting of unique events. This discussion contains two
aspects. It must be
1. Robust against heavy-tailed price distributions on hourly basis, and
2. Robust against over-fitting of exceptional effects on a long-term basis.
The profiles of the HPFC are supposed to represent the average price profile.
An average profile should not show any spikes, since the market would adapt
to any systematically occurring spikes. The spikes occurring in the day-ahead
prices are results of large unexpected external inputs such as very low temperatures or power plant shutdowns and thus do not represent the average.
Anyhow, since the amount of data is limited, the estimation algorithms must
be robust and may not assume one spike to be a realization of the average.
The second aspect is the robustness against single longer-period events. For
instance in September 2007 several power plants in France where disconnected from the grid on short notice. As a result, the power prices in Germany
were higher than usual in September. Such a behavior cannot be explained
by standard external effects such as weather and therefore the HPFC cannot
incorporate such an outlier.

12.1.3 Effects of Uncertain RES with FIT
The deployment of RES subsidized by FIT, in Germany mainly PV since April
2012, results in special price profile structures. This is a result of the second
aspect of FIT where the electricity generated by FIT supported RES must be
prioritized over conventional generation. Since the design of support schemes
is under national jurisdiction, the deployment rate of the RES portfolio and its
effects on the price profiles differs from one country to another. Since 2012
the majority of the wind power producers switched from FIT to market premia, and the privileged feed-in over other power sources affects only PV. The
effects on the day-ahead prices are the following:
PV production occurs exclusively during daylight hours, which are also the
peak hours with a higher demand, especially during weekdays. This fact first
results in a decreasing peak base spread [10] and, second, in a reduction of the
the mid-day peak, particulary during the summer. Those effects must be reflected in the HPFC profile. Compared to PV, wind is not coupled to daylight
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hours. Because of the low marginal costs of wind production and the existing
market premium, hours with zero or even negative day-ahead prices occur in
periods of low demand and high wind feed-in [7]. This is particulary the case
on Sundays and holidays. Full days of negative day-ahead price hours, such as
those observed during Christmas 2012, do not reflect the average price profile
and thus should not occur in the HPFC.

12.1.4 Future Product Application
The second step of the HPFC calculation is the application of the future products to the hourly profile with the following important properties:
• Arbitrage freeness
• Overlapping products and liquidity
• Artificial products and over-the-counter (OTC) products
The most important property of the HPFC is the arbitrage freeness on the
available future products. For the shorter end of the curve, overlapping future
products exist, namely a quarterly product and the three monthly products of
the same period, see Figure 12.5. To prevent arbitrage opportunities in the
market, the three monthly products are arbitrage-free to the corresponding
quarterly product. The real prices do not exactly match, but as long as the
price difference is lower than the bid/ask spread, arbitrage opportunities do
not exist. The average quarterly price covering 2015 is set to 0.01ehigher
than the yearly futures, illustrating the no-arbitrage-free condition between
the granularity of the different futures, and its better suitability for matching
seasonal demand. From a methodology point of view, both three monthly or
one-quarterly products can be used to build the HPFC. Since the quarterly
product represents the weighted average of the three monthly products, the
latter contain more information than the quarterly product. The higher resolution products are thus better suited to incorporate the additional information
in the HPFC.
Especially on the long end of the curve, the liquidity of the products is low.
A market becomes more efficient with higher liquidity. Therefore the price
building mechanism of the low-liquidity or even illiquid products is inefficient. The choice between several overlapping products exists on the short
end of the curve and more liquid products incorporate a better price information in the curve.
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Figure 12.5: Base-load futures curve for Germany on the 28th of January
2014. The short-term weekly futures have a low liquidity and may therefore
not be used as an arbitrage-free condition, see Figure 12.1. The curve is
truncated at 2015, where the availability of the quarterly futures ends. Source:
[6].
In some countries, no exchange traded future products exist or they are illiquid. To calculate the HPFC for those countries, the information of the price
levels must be taken from other sources. Three methods are common:
• Use liquid and suitable foreign products plus transfer capacity cost,
• Use OTC products,
• Build artificially constructed products based on proxies.
The use of foreign future products is the most common approach. As an example, for the calculation of the Swiss HPFC, German future products can
be used, plus the cost for the cross-border transfer capacity. The argument for
this method is the strong relationship to the physical and economic setup of the
electricity markets. However, the method also has certain weaknesses. This
method can only be used if the transfer capacity is auctioned independently
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from the electricity and the overall capacity amount is sufficient. In addition,
the auction periods must match the duration and periods of the foreign future
products.
The second method is the use of non-standard OTC products. The products
are not standardized and not liquid, therefore the challenge in OTC-traded
electricity products is the collection of the correct prices. Even for the same
product, several market prices are available from different brokers and electricity traders. If there is no other choice than the use of OTC products, the
reliability of the data has to be checked carefully.
The third method is the construction of artificial products based on the traded
futures in neighboring markets, for example by regression on the day-ahead
market [58]. The calculated futures based on proxy products must satisfy certain constraints in relation to the prices quoted in the surrounding countries.
If the cross-border capacity is limited, the price in the importing country must
be higher, if no congestion exists the prices in a liberal market must be equal.

Part III

Renewable Energy and Electricity
Markets
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Chapter 13

Renewable Energy Deployment
Introduction
With the liberalization of the electricity markets, many countries and states in
Europe and the USA started support schemes for the large-scale deployment
of renewable energy sources (RES). The idea behind the support schemes is
to make the investment in RES profitable, even if in the beginning the deployment costs are higher than the market prices.
Figure 13.1 and Figure 13.2 show the capacity and energy generation of wind
and photovoltaic (PV) units over time in Germany. With a combined installed
capacity of around 65 GW as of mid-2014, the production of RES is settled
on the day-ahead market. With the current installed capacity of RES and the
underlying support schemes, the effects on the day-ahead market and price
structure are significant and also affect the operation and value of existing
power plants.

13.1 Renewable Energy Support Schemes
The two basic support schemes for RES were introduced in Section 4.3. For
the discussion on the effect on the market structure and on the existing power
plants, we take a closer look on the deployment of RES over time. Since
January 2010, the support scheme for the majority of the RES production in
Germany, wind and PV, has been two-fold [61]. A PV producer can switch between the support schemes feed-in tariff (FIT) and market premium for direct
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Figure 13.1: Evolution of installed capacity of wind and PV units in Germany.
Source: [7].
sales on a monthly basis. The FIT pays a constant, predefined amount to the
producer without regard to the market price. Furthermore, the FIT guarantees
feed-in priority over conventional generation [1]. The transmission system operator (TSO) sells the FIT generation at the day-ahead market and also covers
the RES forecast error. To ensure the settlement of the FIT generation, the
TSO enters the market with a bid of –3000e/MWh. The market premium is
direct sale organized via third parties [61]. It does not include the prioritized
feed-in over conventional sources, and the forecast error must be handled by
the third party. Figure 13.3 and 13.4 show the development over time of the
participation in the two support schemes. As shown in Figure 13.3, in 2012
the majority of wind power producers switched from the FIT to the direct sales
support scheme because the direct marketing support scheme became preferable for wind plant operators. This is a result of the better forecast quality for
wind production based on the strong auto-correlation of the wind feed-in [8].
The following chapter will discuss the effects of RES feed-in on the market
and also on the value of storage.
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Figure 13.2: Evolution of annual feed-in of wind and PV units in Germany.
Source: [7].
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Figure 13.3: Wind & PV volumes sold via the FIT scheme. Source: [8].
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Chapter 14

Feed-In Prediction of Renewable
Energy Sources
This following Chapter is based on reference [9].
The prediction of renewable energy sources (RES) generation is a key challenge for the integration of RES. This covers the long-term forecasts for investment and deployment planning, medium-term predictions for trading and
operation planning to short-term forecasts of the actual grid operation and
intra-day trading. Depending on the scope of the prediction, the methodology used varies from fundamental models over decomposition into harmonic
functions to auto-regressive integrated moving average with external inputs
(ARIMAX) models [62]. In this chapter we introduce a prediction method
that predicts on hourly basis up to several weeks ahead based on an autoregressive moving average with external inputs (ARMAX) model. To capture
the linear and non-linear characteristics of the photovoltaic (PV) time series,
we introduce a constrained version of the support vector machine (SVM).

14.1 PV Time Series
A model of the PV time series in the area of power markets must capture the
characteristics of the PV feed-in. Figure 14.1 shows the typical pattern of PV
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feed-in with the daily zero feed-in during the night. Especially the zero feedin during the night is a challenge for the estimation algorithms and is hardly
achievable without boundary constraints.
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Figure 14.1: Multi-scale seasonality of PV time series. Source: [9].
Box constraints (lb ≤ x ≤ ub) have to be implemented in the learning algorithms which, in the case at hand, is a regression algorithm. Linear regression methods such as ordinary least squares (OLS) or least absolute deviation
(LAD) suffer from a lack of flexibility for time variation and cannot replicate any non-linear dependencies. Non-linear methods such as artificial neural
networks (ANN) are common methods to overcome this problem. However,
they suffer from over-fitting and non-convexity problems1. SVM is a kernelbased machine learning method. A result of the kernel, which is defined as a
quadratic problem of the form φφ′ , it is positive semi-definite and therefore is
convex by definition [63, 64]. In this chapter, since electricity trading is done
on hourly resolution, we show the modeling of PV feed-in based on a nonlinear ARMAX model with an hourly resolution. The underlying equation of
1 Special formulations of the ANN such as the SVM may be convex, but the general ANN is
non-convex
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PV feed-in is given by
yh (t) = yh (t) + ǫh (t),

(14.1)

where yh (t) represents the PV feed-in with the average y h (t) and ǫh (t) is
a white noise (WN) process with zero expectation and a finite variance ǫ ∈
(0, ϑ2 ). The PV feed-in prediction ŷt is given by
ŷh (t) = ŷ h (t) + χh (t),

(14.2)

where ŷh (t) represents the PV feed-in prediction with the average y h (t) and
χh (t), where χh (t) is a WN process with zero expectation and finite variance χh (t) ∈ (0, ϑ2 ). The estimated average is written as the function of a
regression vector xh (t) ∈ Rn :
ŷ h (t) = f (xh , t).

(14.3)

PV feed-in depends on several factors. The amount of diffused radiation received on earth is correlated to cloud cover, temperature and precipitation.
Additionally, the PV time series of the two-year test sample shows a significant degree of cross-correlation (CC). Finally, PV feed-in shows patterns on
multiple scales, especially the day/night cycle with an hourly resolution. To
provide a meaningful set of external variables xh (t), we analyze the three
main characteristics of PV feed-in:
• Cross-correlation and auto-correlation
• Temperature
• Seasonality on different frequencies

Seasonality on Different Frequencies
Figure 14.1 shows the variation of PV feed-in, especially the PV intra-day
pattern with the mid-day peak and nightly zero feed-in. The figure also shows
the yearly seasonality patterns for the weeks between March 2012 and June
2012, whit its increased daylight hours.
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Temperature
The temperature of a region is a proxy of diffused radiation and cloud cover
and therefore a good proxy for PV feed-in. The correlation between PV time
series and temperature is shown in Figure 14.2. The figure shows 400 hours
of PV feed-in and the corresponding mean temperature of the day. A high
temperature is mostly an indicator for high PV feed-in.
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Figure 14.2: Correlation of PV feed-in and mean temperature. Source: [9].
Cross-Correlation and Auto-Correlation
Figure 14.3 shows the glscc, and Figure 14.4 the 24-hour lag auto-correlation
(AC), between PV feed-in for 2012 (March-June) and 2011 (March-June).
The blue lines show the 95% confidence bounds and the significance of the
CC.
Both characteristics are very significant and have to be introduced as external
variables in the problem.
Based on this data analysis above, we propose the following external time
series as inputs for the model. The model we propose to use is a non-linear
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Figure 14.3: Cross-correlation of PV time series. Source: [9].
auto-regressive model with external inputs (NARX)) estimated by a linearconstrained SVM with the following input factors:
1. Auto-regressive terms with a lag of 24 time steps
2. Past data: Previous two years of PV feed-in on an hourly basis.
3. Weather data: maximum temperature Thmax (t), minimum temperature
Thmin (t), mean temperature Thmean (t), heating degree day (HDD) Hdh (t),
cooling degree day (CDD) Cdh (t) and precipitation P Ph (t)
4. Seasonality factors: monthly and intra-day seasonality are captured by
indicator variables as in [65].

14.2 SVM with External Constraints
As discussed above, the zero feed-in during the night is almost impossible to
achieve without using lower limit constraints. In addition, the installed capacity of PV represents an upper bound for the possible feed-in. To introduce
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Autocorrelation function for PV time series
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Figure 14.4: Auto-correlation function of PV time series for March 2012
(number of lags = 24). Source: [9].
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those boundaries and also allow non-linear relationships to be exploited in the
model, we present a formulation of a SVM with linear constraints. While this
framework allows general linear equality and in-equality constraints, for the
PV prediction, we apply only installed capacity as an upper bound and zero
feed-in as a lower bound. The SVM optimization problem with additional
linear constraints described in this section is based on the classic SVM introduced by [63] and the continued work of [64] and [66].
To formulate the optimization problem, it is necessary to introduce the constraints in the beginning of the formulation of the SVM problem. The primal
problem of the SVM is given as
N

X
1 T
w w+c
(ξk + ξk⋆ )
2

min

Jp (w) =

s.t.

yk − wT φ(xk ) − b ≤ ǫ + ξk , k = 1, . . . , N
wT φ(xk ) + b − yk ≤ ǫ + ξk⋆ , k = 1, . . . , N

w,b,ξ,ξ⋆

k=1

xik , ξk⋆ ≥ 0, k = 1, . . . , N,

(14.4)

where {xk , yk }N
k=1 represents the training set, N the number of training points
and φ the feature space. The variable c represents the regularization parameter
for the slack variables ξk and ξk⋆ .
The dual form of (14.4) is given as
max
⋆
α,α

Jd = −
−ǫ

s.t.

N
X

N
1 X
(αk − α⋆k )(αl − α⋆l )K(xTk xl )
2
k,l=1

(αk + α⋆k ) +

k=1

N
X

N
X

k=1

yk (αk − α⋆k )

(−αk + α⋆k ) = 0

k=1

αk , α⋆k ∈ [0, c] ,

(14.5)

where αk and α⋆k are Lagrange multipliers and K represents the kernel defined
as K(xk , xl ) = φ(xk )T φ(xl ). During the reformulation of the problem from
primal (14.4) to dual (14.5), the non-linear effects are moved to the kernel
and (14.5). Because of the quadratic construction the kernel (φ(xk )T φ(xl )),
(14.5) is always positive semi-definite and therefore convex.
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The estimated function f (x) can now be written as
f (x) =

N
X

k=1

(αk − α⋆k )K(x, xk ) + b.

(14.6)

Note that the estimation function (14.6) is only a function of the Lagrange
multipliers αk and α⋆k and the kernel function K(x, xk ). Hence, one does
not need to know the underlying feature space φ(x). Chapter 9 shows the
estimation and prediction in one combined optimization algorithm. The SVM
with linear external constraints can be adapted in the same way. To do so, the
primal optimization problem of SVM must be modified to
N

X
1
(ξk + ξk⋆ )
Jp (w, ξ, ξ ) = wT w + c
2
⋆

min

w,b,ξ,ξ ⋆

k=1

yk − wT φ(xk ) − b ≤ ǫ + ξk , k = 1, . . . , N

s.t:

wT φ(xk ) + b − yk ≤ ǫ + ξk⋆ , k = 1, . . . , N
ξk , ξk⋆ ≥ 0, k = 1, . . . , N

(14.7)

wT φ(xτ ) + b ≤ ψ, τ ∈ S, S ⊆ [N + 1, . . . , M ]

where τ represents the future time for which we want to add constraints. The
parameter M represents the forecast period and ψ defines the constraint. All
other parameters are defined along (14.4). To solve the problem, we transform
the primal problem (14.7) into its dual formulation which is given as:

max
⋆

α,α ,γ

Jd = −
N
X

N
1 X
(αk − α⋆k )(αl − α⋆l )K(xk , xl )
2

M
X

k,l=1

(αk − α⋆k )γτ K(xk , xτ )

k=1 τ =N +1
N
X

−ǫ

s.t:

(αk + α⋆k ) +

k=1

N
X

(−αk + α⋆k ) +

k=1

αk , α⋆k ∈ [0, c]

N
X

k=1

M
X

yk (αk − α⋆k ) −

τ =N +1

γτ = 0

(14.8)
M
X

τ =N +1

γτ ψ
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where αk ,α⋆k and γk represent the Lagrange multipliers of the dual problem
and K the kernel. However, in order to solve the constrained estimation as the
dual problem, the dual problem must be explicitly formulated every time constraints are added or modified. Additionally, it might not be possible to write
the dual problem in terms of kernel functions for every type of constraint [9].
The authors of [66] proposed to solve SVM by explicitly defining the feature
space. This so-called random feature space with randomly selected parameters can be interpreted as a merger of the concept of extreme learning machine
(ELM) and SVM. Readers are referred to [67] for a detailed introduction to the
ELM approach. That approach is analogous to defining a new feature space
where the hidden layer acts as a transformation from the input vector space to
the hidden neurons space [9]. For example, assuming a sigmoidal function,
the feature space can be defined as:
1
, i = 1, . . . , h
φi (xk ) =
1 + exp(−wi .xk − b)


φ(xk ) = φ1 (xk ) φ2 (xk ) . . . φh (xk )

(14.9)

Using the mapping function φ(.) : Rn → Rh , the input vector xk ∈ Rn is
mapped to the h-dimensional space Rh . The authors of [68] propose the use
of explicitly defined feature spaces to formulate an extreme support vector
machine (ESVM). Applying this technique, since the feature mapping space
is known, the optimization problem (14.7) can be solved without kernels. The
knowledge of the feature mapping allows the external constraints to be formulated as part of the optimization problem rather than solving the dual problem
that utilizes the kernels but which must be reformulated with any change in
the constraints. In [66] the kernel of the ELM is introduced based on random
feature spaces. Those can enable the use the fixed-size support vector machine
(ESVM) approach for the efficient use of large data sets.
In [66] the ELM kernel is defined as
k(xk , xl ) =

1
φxk φxl
p

where φ is defined according to Equation (14.9).
In our analysis we use the random feature space based formulation of the
SVM. This formulation allows the optimization problem to be solved without the explicit derivation of the dual problem, and we can solve the problem
(14.7) based on the known feature mapping.
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14.3 Proof of Principle of the Method
The proposed method and the resulting prediction of PV is demonstrated with
load data provided by the transmission system operator (TSO) Tennet with a
resolution of 15 minutes averaged to an hourly resolution. The PV feed-in data
used covers a full year from March 2012 until February 2013 and is shown in
Figure 14.5. The auto-regressive (AR) number of lags is set to 24 hours which
represents a full day. The training set is the period from March 2012 to January
2013, while the period of February 2013 is used for the out-of-sample (OOS)
prediction test.
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Figure 14.5: PV time series from March 2012 to February 2013. Source: [9]
The weather data used is provided by Bloombergr on a daily basis. For the
hourly calculations, every hour uses the temperature of the day. As a benchmark, we use a constrained formulation of the linear OLS regression and the
results are compared by mean square error (MSE) and mean absolute prediction error (MAPE) as statistical measures.
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Table 14.1: SVM tuning parameters
Parameter
value

h
5,000

c
1,000,000

Table 14.2: In-sample statistical measures. Source: [9]
Measure
MAPE
MSE

OLS
0.61
343

SVM
0.5
279

14.3.1 Results
Figure 14.6 shows the in-sample prediction of the constrained SVM in comparison to the constrained OLS. Both algorithms where trained in the unconstrained setup and only the prediction period is constrained. Table 14.1 shows
the tuning parameters for the SVM, the number of hidden nodes h and the
regularization factor c, see (14.9) and (14.7). As discussed in [67] the number of hidden nodes h is negligible as long as h is in the magnitude of the
in-sample data. The tuning parameter c is set to a high number to minimize
the slack variables ξk and ξk⋆ . Table 14.2 show the MSE and the MAPE of the
in-sample fit for both algorithms. As expected, the in-sample fit of the SVM
is better because of the higher degree of freedom of the non-linear framework.
The higher degree of freedom comes with a higher risk of over-fitting the problem. Figure 14.6 indicates that the prediction of the SVM does not over-fit the
problem.
In the OOS prediction setup, the non-negative constraint is activated. Figure 14.7 shows the results of the OOS predictions of both the constrained
SVM and the constrained OLS. The non-negative price constraint holds for
both. Next to the OOS prediction the PV feed-in realized is shown. While the
SVM does not show a clear trend of any systematic over-or underestimation of
the PV feed-in, the constraint OLS over-predicts the feed-in most of the time.
The statistical measures of the OOS predictions are shown in Table 14.3. In
both measures, the SVM outperforms the OLS method. Given the superior
statistical measures of the SVM and the active non-negative constraint, the
proposed algorithm is sufficient for the requirements formulated in this thesis.
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In−sample simulation results
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Figure 14.6: In-sample simulation results of PV time series. Source: [9]

Table 14.3: Out-of-sample statistical measures. Source: [9]
Measure
MAPE
MSE

OLS
0.85
516

SVM
0.82
393
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Out−of−sample simulation results
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Figure 14.7: Out-of-sample simulations of PV time series for February 2013.
Source: [9]

Chapter 15

Effects of Renewable Energy
Feed-In on the Power Markets
The content of this chapter is based on reference [7].
In this chapter we discuss the effects of the two main renewable energy sources
(RES) sources in Germany, wind and photovoltaic (PV) on the energy-only
electricity markets. Both wind and PV are under government support schemes
defined by the ”Erneuerbare-Energien-Gesetz” (EEG).

15.1 RES Production as Part of the Day-Ahead
Market
With an installed capacity of 65 GW, wind and PV cannot be treated as an
exotic energy source anymore [7]. The support schemes in place, feed-in tariff
(FIT) and feed-in premium, gives RES production an economic advantage
over conventional sources as discussed in 13.1. That economic advantage has
effects on all three markets
• Future market
• Day-ahead market
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• Intra-day market
albeit with different intensity. A future product over a certain period of time
reflects the price average over a certain time period discounted by the time.
The main effect on the future market are price reductions, because of overcapacities resulting from subsidized RES deployment and over-capacities of
conventional base load plants. The over-capacity has two reasons. First, the
fast deployment of RES production in the last five years did not allow the market participants and producers to adapt quickly enough. The second reason is
the existence of too many base-load power plants, built in the first decade of
the 21st century as a result of overly optimistic economic growth expectations.
The second effect on the future market is the decreasing peak/base spread
which is mainly a result of higher PV feed-in during peak hours (decreasing
peak prices) and, to a certain amount, the phase-out of nuclear power (increasing off-peak prices).
The forecast errors of RES result in changes of the power plant schedules.
Before ancillary service electricity is used to settle the difference, a portion
of the errors can be settled on the intra-day market. As a result, the intra-day
market significantly increased in volume over the recent years [13]. Because
of the continuous trading scheme, the lack of order book data, and the volume
increase as a result of RES deployment, a more detailed analysis of the effects
of RES cannot be performed currently.
The majority of RES is settled over the day-ahead market and therefore shows
the greatest effects1 . In comparison to the intra-day market, the day-ahead
market is an auction once a day for all products of the next day and, at least
in an aggregated form, the price curve data is available. The reader is referred to Chapter 11 for a detailed analysis of the price curve. In this chapter,
we will discuss the major effect of subsidized RES production on the dayahead market, the so-called merit-order effect (MOE). The FIT, because of
compensation independent from the achieved market prices, decouples the
RES power from the day-ahead market prices. To ensure the settlement of the
FIT subsidized electricity, the transmission system operators (TSOs) require
–3000e/MWh for the energy2. As a result, the merit-order-curve (MOC) is
shifted to the right by the amount of FIT RES. The result is a lower average
day-ahead market price level. Also, negative day-ahead prices occur during
1 The settlement at the day-ahead market is mandatory only for FIT subsidized RES but to
reduce price risks, also feed-in premium RES is settled over the day-ahead market.
2 –3000e/MWh is the current minimum day-ahead price allowed at European power exchange
(EPEX) for the German market zone, other countries limit the minimum price at zero
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several hours a month. The shift of the MOC, especially during the peak
hours, caused by the PV feed-in results in lower peak prices. Flexible power
plants, such as gas-fired units, cannot be operated profitably if the peak prices
are below their marginal costs. While flexible gas-fired power plants are only
affected by the peak price level, storage facilities, such as pumped storage hydro plants (PSHPs), generate profit over the peak/base spread, which is also
decreasing, and storage facilities cannot be operated profitably either. Market
premium supported RES will not bid with –3000e/MWh since the prices are
not fully decoupled, but the effect is comparable to the effect of the FIT, especially if the market premium is high enough.
In the long run post-EEG scenario, all kinds of support schemes for RES are
likely to be phased out, RES units will thus have to compete in a normal market setup. In the mid-term, the market structures have to be adapted to reduce
the effect of RES deployment. Along with [7], we analyze the MOE for both
producers and consumers.

15.1.1 Producer Perspective
In a short- and mid-term perspective, a fully RES-covered energy economy
cannot be established. Until the RES production and sufficient storage can
cover the load demand, conventional power plants are necessary in combination with the production by RES. On the other hand, because of the support
schemes, RES has an economic edge over conventional production, which results in a lack of profitability for flexible fossil-fuel plants and short-term storage facilities such as PSHPs as well [7]. The effects of RES on power plants
are discussed in Chapters 16. The market setup must be adapted to ensure
the continued deployment of RES and also ensure the necessary profitability
of conventional plant and storage facilities. A widely discussed proposal is
the implementation of capacity remuneration by the introduction of capacity
markets. In addition to the energy delivered, this would reward power plants
for providing a capacity guarantee [69]. The main argument against capacity
markets is the fact that a capacity market is an additional subsidy mechanism
which increases market inefficiencies. Several sources claim that energy-only
markets are sufficient for markets with even higher RES shares [70] and therefore, the adaption of the energy-only markets for a higher share of RES is
preferable.
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15.1.2 Consumer Perspective
In Germany, the FIT turned out to be highly effective in encouraging the largescale deployment of wind and PV. In particular, the PV deployment in the recent years as shown in Figure 13.1, is remarkable. In the end, the consumers
have to finance the support schemes regardless the type of scheme. In Germany, this is done via an extra fee on power consumption, called the ”EEG
Umlage” [71]. Since the RES production is traded at the day-ahead market,
for the two support schemes the following costs have to be paid:
• FIT: The cost difference between the day-ahead market price achieved
and the guaranteed FIT
• market premium: The market premium, which is independent of the
day-ahead market price achieved
While the paid market premium is independent of the day-ahead price, the FIT
results in the paradox situation that decreasing day-ahead prices increase the
cost for RES deployment. Figure 15.1 shows the development of the ”EEG
Umlage” and its significant increase over time. In Germany, the consumer
prices are higher than in most European countries even though the wholesale
electricity prices are lower than in most European countries3. From a consumer point of view, any further increase of the ”EEG Umlage” has to be
prevented. To do so, the intervention in the market has to be decreased by
limiting the MOE as a result of RES feed-in.

15.2 Market Volume and RES Production
In the case of Germany, the majority of power procurement is performed with:
1. Long-term forward contracts over-the-counter (OTC)
2. Day-ahead hourly contracts EPEX
3 It has to be stated that other effects have decreasing influences on the day-ahead prices,
such as over-capacities of conventional plants, low CO2 taxes and several exceptions for large
industrial energy consumers.
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Figure 15.1: EEG difference costs 2010-2013 and the estimation for 2014.
Source: [8]
In 2011 the Germany/Austrian day-ahead market zone clearing volume at
EPEX was 224 TWh [7] compared to a total consumption of 613 TWh. Only
36.5% of the consumption in the Germany/Austria market zone is traded over
the day-ahead market [7]. In contrast to the distribution of the overall volume 100% of the RES production (101 TWh in 2011) enters the day-ahead
market [7].
Figure 15.2 shows the net load of Germany vs. the feed-in of subsidized RES
in green and the subsidized RES feed-in vs. the day-ahead market volume in
blue. While the RES share is never higher than 30% of the overall load, the
RES share of the day-ahead market is significantly higher.
This analysis shows that the effect of RES integration on the day-ahead market
could be significantly reduced by an increase of the day-ahead market volume.
This could be achieved by a transfer volume from the physical long-term OTC
market to the day-ahead market. One of the reasons to trade long-term physical procurement contracts is to lock in the price and reduce future price risks.
The same effect could be achieved by the use of exchange traded futures for
hedging and day-ahead procurement for the physical delivery. The NordPool
market represents a market with a significantly higher relative volume traded
at the day-ahead market [72]. The NordPool market with a capacity of approximately 440 TWh represents around two thirds of the Germany/Austria
market, which has approximately 610 TWh [73]. Figure 15.3 shows the comparison of the NordPool market and the Germany/Austrian day-ahead volume.
Because of the higher relative volume at the NordPool day-ahead market, the
MOE of RES feed-in is significantly reduced in the NordPool market. This
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Figure 15.2: Histograms of subsidized RES feed-in versus German net load
demand volume (green) and versus EPEX day-ahead volume (blue) in 2011.
Source: [7]
would also hold for the German/Austrian market zone, where the MOE could
be significantly lower with an increase of the day-ahead volume [7]. A possible solution would be the introduction of a mandatory pool for the day-ahead
market for physical procurement and the use of the already existing pricehedging mechanism via exchange traded future products.

15.3 Effect of RES Marginal Costs on the
Supply/Demand-Curve
In Section 15.2, we analyzed the MOE as a result of high shares of RES in
the day-ahead market. This regulatory approach would help in the short term
with a slight increase of RES and the current support schemes. In a postEEG scenario where the majority of the power is produced by RES, support
schemes of old units run out and new units are no longer subsidized. RES units
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Figure 15.3: Evolution of day-ahead market shares in EPEX German/Austrian market zone and NordPool region. Source: [7].
then have to bid with competitive prices to finance operation and investment of
the plants. In this scenario, even though RES does not have typical fuel cost, as
do fossil fuel plants, the bids would be significantly above zero to cover their
costs and generate their marginal income. The main two cost components are:
1. Balancing cost for the prediction error
2. Other costs, e.g. maintenance costs
The balancing is done first on the intra-day market with a more accurate prediction and the remaining realized error will be settled by the TSO which
charges control energy. Therefore the prediction error balancing costs consist
of two elements:
1. Settlement of the short-term forecast error at the intra-day market
2. Cost for control energy of ancillary services activities of the TSO
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As discussed in Section 15.1 an analysis of the cost structure of the intra-day
market is difficult to conduct because of the continuous trading and the lack
of orderbook data. An ex-post analysis of the intra-day market cost and a
detailed analysis of the ancillary services costs is given in [8]. The focus of
this thesis is the MOE. For the analysis of the MOE we assume a total cost
including operational costs, forecast error balancing and maintenance (O&M)
cost. The authors of [73–75] propose marginal costs for wind (onshore) in the
range of 15-27 e/MWh and 22-33 e/MWh for PV depending on the country.
References [73, p. 102] show an O&M median for the OECD countries of
17 e/MWh for onshore wind and 23 e/MWh for PV [7]. The analysis of the
MOE is based on the following assumptions:
• All RES are placed as low negative bids, i.e. –3000e/MWh, at the dayahead market, to ensure the settlement of the energy as part of the EEG
subsidy4 .
• Marginal operation costs for wind of 26.85 e/MWh and 22.54 e/MWh
for PV are assumed as proposed in [73].
• There is no distinction between on-shore and off-shore wind. At the
time of the analysis less than 2% of the installed wind capacity is offshore. In the future, this distinction has to be made and different costs
for off-shore and on-shore wind have to be taken into account.
• Only wind and PV are analyzed, because they represent the majority of
the RES feed-in in Germany.
• There is no feedback of the price changes to the procurement behavior.

15.3.1 Methodology
Until the end of 2011, wind and PV are mainly under the FIT scheme. Therefore the feed-in was settled by the TSO at the day-ahead market with a bid
of –3000e/MWh to ensure the settlement of the bids5 . To analyze the market
structure of the day-ahead market under the assumption of competitive bidding
of RES, we have to analyze the structure of the MOC under competitive prices.
4 While

this is only the case for FIT-subsidized RES the method to replace the bids works accordingly with market premium bids, but they are harder to identify. In the period of the analysis,
the majority of the RES production participated in the FIT scheme
5 During the year 2012, the majority of the wind production switched from FIT to direct sales
support scheme, as shown in 13.1
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To do so, we restructure the MOC by replacing the –3000 e/MWh bids in the
supply curve based on the wind and PV prediction volume with the assumed
marginal cost bids and reorder the supply-curve. The demand curve stays unchanged, since there is no feedback on the demand bidding scheme assumed.
The day-ahead prices will now be calculated based on the modified supply
curve according to the EPEX settlement algorithm [76]. Figure 15.4 shows the
realized supply curve and the modified curve for a night hour with a visible
jump for wind energy bids and the resulting power market supply/demandcurve [7]. Since the majority of the wind power plants switched from FIT to
direct marketing (market premium instead of FIT) during 2012, as shown in
Figure 13.4, the wind bids for this period can be assumed to be zero instead of
–3000e/MWh.
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Figure 15.4: Modified supply, supply and demand curve for 1st of January
2011 (hour 1). Source: [7]
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15.3.2 Changes in the Price Profiles
We analyze the changes in the day-ahead market price profiles based on the
recalculated supply-curve with the following scenarios:
1. Wind feed-in only is settled via marginal costs, PV stays at –3000 e/MWh
2. PV feed-in only is settled via marginal costs, wind stays at –3000 e/MWh
3. Both wind and PV feed-in are settled via marginal costs
4. PV feed-in volume is doubled, wind volume stays the same
We discuss the new price structure and its effect based on three types of power
plants:
1. conventional base-load power plants (fossil fuel and nuclear)
2. flexible fossil-fuel plants
3. storage facilities with no or negligible natural in-flows
Figure 15.5 shows the day-ahead market prices under the assumption that
only wind is settled with the assumed marginal costs while PV stays at –
3000 e/MWh, which results in two notable effects. First, the negative dayahead prices have vanished. Figure 15.5 also shows that, for the majority of
the hours in the data set used, the wind marginal costs (black) are the pricesetting bids. Still, for several hours the settlement price remains below the
marginal costs of wind units. In those hours the feed-in from conventional
power plants is cheaper and their production volume is sufficient and therefore, wind power bids are not taken into account.
Figure 15.6 shows the same analysis as before, but with a supply/demandcurve with assumed marginal costs for wind (17 e/MWh) and PV(23 e/MWh)
feed-in. In this scenario PV marginal costs become the new price setter for the
majority of the hours since the wind production and the production of cheap
fossil fuel plants is not sufficient to cover the demand and will therefore be
considered before PV.
Finally, Figure 15.7 shows the day-ahead prices calculated with assumed marginal
costs for PV. The analysis shows that PV feed-in with assumed marginal
costs does not change the overall settlement except in a few hours where PVassumed marginal costs are high enough not to be considered [7].
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Figure 15.5: Comparison of day-ahead prices realized with FIT (zero
marginal costs) and day-ahead prices with assumed marginal operation costs
(for wind feed-in only). The black line indicates the assumed marginal costs.
Source: [7]

15.3.3 Effects of the New Price Structure on the Producers
In addition to the RES production, the German production portfolio consists
mainly of power plants of the following types:
1. Base-load power plants such as nuclear, lignite and hard coal
2. Peak-load power plants, mainly powered by natural gas
3. Storage plants without natural inflows, currently almost exclusively PSHP
Figure 15.6 shows the vanishing of negative prices as soon as wind production faces operational costs and also that in some hours, wind production is
not even considered because conventional sources are cheaper. The base-load
power plant situation improves significantly with these changes even without the installation of a capacity market. In addition, the lack of negative
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Figure 15.6: Comparison of day-ahead prices realized with FIT and dayahead prices with marginal costs (for wind and PV feed-in). The black line
indicates the assumed marginal costs. Source: [7]
prices helps to decrease losses of large steam-cycle plants. Because of their
in-flexibility or the must-run rule because of participation in secondary control energy delivery, a significant group of base-load power plants must stay
connected to the grid even in hours with negative prices. The vanishing of
those negative price hours reduces their loss during those hours.
The second category, flexible natural gas-fired6 units and storage plants with
mainly natural inflows, operate almost exclusively during expensive peak hours.
Since the assumed marginal costs for wind and PV are below the marginal
costs the situation for gas-fired plants does not change at all. Larger storage
plants can also participate in the delivery of primary and secondary control ancillary services as an additional source for profit. Especially symmetric control
energy schemes favor storage facilities, since the average value of asked negative and positive asked energy is almost zero. As a result, beside the obligation
6 Crude-oil power plants also belong to this category, but since they have higher marginal costs
than natural gas power plants they are not considered.

15.3. Effect of RES Marginal Costs on theSupply/Demand-Curve

153

200
realized spot
modified spot
150

Spot price [in e/MWh]

100

50

0

−50

−100

−150

−200
Apr11

Jul11

Oct11

Feb12

May12

Aug12

Nov12

Time [with hourly granularity]

Figure 15.7: Comparison of day-ahead prices realized with FIT and dayahead prices with marginal costs (for PV feed-in only). The black line indicates the assumed marginal costs. Source: [7]
to be synchronized all the time, they do not lose extra energy in the storage.
As result of this, the participation in ancillary services is profitable as soon as
the reimbursement for ancillary services is larger than the opportunity costs of
being synchronized with the grid7 .
The effect on storage plants with no natural inflows, such as PSHP, depends
mainly on the peak/base spread, since they have to buy power cheaply and sell
it for a higher price. Marginal costs for wind and PV increase the off-peak
prices and therefore we observe a decreasing peak base spread. The effects on
pure storage and the changes in value is discussed in Chapter 16.
Consumer Perspective
Since the costs of FIT is directly linked to day-ahead market prices achieved,
the overall increase of day-ahead market prices lowers the costs for RES sub7 The

actual opportunity costs variate depending on the technology used.
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sidies. Costs for the coverage of the forecast error of wind and PV generators are still present and will remain part of the grid tariffs for FIT. Since
the long-term guarantee of 20 years for the FIT the cost of RES will continue
to depend on the day-ahead price. A way around this would be to make the
market premium more attractive than FIT and encourage RES producers to
move to market premia to decouple the cost of the support schemes from the
day-ahead prices. Given the experience of market premia support schemes
with wind production in the last years, a transition to a competitive market in
a post-EEG scenario seems possible.

15.4 Conclusion
The integration of RES into the liberalized markets is an important step with
the current and increasing shares of RES in the production portfolio. We
present analyses for
1. Short/mid-term horizon: Increase of the day-ahead market volume to
reduce the MOE
2. Long-term horizon: Analysis of a market with marginal cost of wind
and PV
Both analyses indicate, that the transition of the electricity markets to higher
shares of RES is possible without the introduction of capacity markets. The
proposed actions are the increase of the relative volume of the day-ahead market to limit the MOE in the short- and mid-term horizon. In the long run,
with the phaseout of RES support schemes, the price structure will adapt to
the new situation of the RES in which they face a competitive market situation
and have to be profitable without support schemes.

Chapter 16

Storage Plants and the Effect of
Renewable Energy Sources
This chapter is based on reference [10].

16.1 Introduction
In Chapter 15 we discussed the effect of renewable energy sources (RES) on
the price structure of the day-ahead market. One of the two effects was the decreasing peak/base spread as a result of decreasing peak prices because of photovoltaic (PV) feed-in. The decreasing spread is particulary problematic for
storage facilities and is discussed in this chapter. For demonstration purposes
we use the period from 2006 until 2010, since the PV in Germany increased by
500% during this period and clearly shows the effect of the decreasing spread
as a result of PV feed-in.

16.2 Storage Facilities Business Case
Obviously, storage facilities are an ideal complement to RES since they can
store energy in times of excessive production and produce electricity during
the absences of RES. Aside from being a natural match to RES in a liberalized
market, storage facilities have to be operated profitably.
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The analysis in this chapter assumes storage facilities without natural inflows
and all production must be stored forehand. Currently, such plants are almost exclusively pumped storage hydro plant (PSHP), since they are the only
large-scale, economically feasible, storage facilities in existence. However,
the analysis holds for all storage facilities.
The economical concept of storage facilities is to arbitrage the price spread
between periods of low and high prices. In addition to their function as statistical price arbitrage providers, pumped-storage units are good candidates
for secondary and tertiary control, and an increasing number of PSHP provide
ancillary services. In this chapter, we analyze the effect of the core business
of pumped-storage units and point out the risk due to increasing RES electricity feed-in, based on a deterministic analysis. A generalized framework for
storage plant valuation with stochastic valuation methods is shown in [77]
For the analysis we cluster the data in the cluster sets. Altogether, 15 data
clusters Ku=1...3,j=1...5 are constructed. The first cluster set ku,j contains all
hours of one full year from the set of the given five years 2006 to 2010. The
second cluster set ku,j contains the hours of the month of January, representing
a winter month of every year. The last cluster set ku,j contains the hours of
the month of July of every year, representing a summer month. The hourly
profile S̄ˆu,j (t) is calculated as
S̄ˆu,j (h) = Êt [St |t∈Ku,j (h) ] ,

(16.1)

where Ku,j contains the data of the given clusters u, j, and h represents the
hour index. The clusters Ku,j together form the entire set K. The yearlyaveraged relative hourly day-ahead price profile s̄u,j (h) is calculated by
"
#
St |t∈ku,j (h)
s̄ˆu,j (h) = Êt
.
(16.2)
Êh [St |t∈uu,j (h) ]
Figure 16.1 shows the yearly-averaged relative daily day-ahead price profile
s̄u,j (h) and the PV feed-in averaged over the day. As expected, the PV feedin peak coincides with the day peak and therefore with the peak of the dayahead price at noon (13th hour). In those five years, the relative hourly peak
day-ahead prices continuously decreased from 1.46 in 2006 to 1.24 in 2010.
During the same time, the yearly PV feed-in has increased by 500%, from
around 2 TWh in 2006 to 10 TWh in 2010. Since PV feed-in significantly
depends on the season, we analyze winter and summer seasons independently
of each other. The PV effect on the merit-order-curve (MOC) of the dayahead market is most dominant during the hours of 10-15, and it is almost
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certain that PV is at least one of the driving factors of the decreasing peak/base
spread. Figure 16.1 shows the averaged day-ahead price profile for the year
2007, which represents a break in the overall scheme of decreasing peak/base
spreads over the years. A possible explanation for this break is the increase of
day-ahead prices as a result fossil fuel price increase, hard coal and natural gas
in particular, in 2007 which was ended by the economic crisis in the beginning
of 2008.
The peak/off-peak spread ζ, defined as
ζ=

avg peak price
,
avg off-peak price

(16.3)

decreased from a value of 1.59 in 2006 to 1.33 in 2010. This represents an
overall reduction of 16.4%1 as shown in Table 16.1. This decrease of ζ directly
affects the profitability of storage facilities, since they lower the statistical
arbitrage opportunities from the peak/off-peak spread and therefore the profit,
under the assumption that the other factors stay the same.
We will illustrate the effect with a case study: Given is a PSHP with a full
circle efficiency η of 80%. The earnings of the statistical arbitrage of the
peak/off-peak spread then depend on the average relative peak/base-spread ζ.
With the efficiency η of 80% the power plant must procure η1 = 1.25 units of
electricity for every unit of electricity to produce. The average statistical net
arbitrage potential ∆net for a given year by
∆net

=
=

avg peak price −

1
η

· avg off-peak price

avg off-peak price



1
base
ζ−
· Pday−ahead
.
η

!

base
· Pday−ahead

(16.4)

In the case study, the statistical net arbitrage potential as the important figure
decreases from 17.06 e/MWh in 2006 to 3.71e/MWh in 2010, which is a
decline of 78%, as shown in Table 16.1. The traditional business model of
statistical arbitrage is at stake [10]. The results presented have been derived
based on a deterministic point of view. They do not include the activities at
the intra-day market and the ancillary services markets. A method to include
those markets in the analysis is shown in [77].
1 The

outlier in the year 2007 is not considered
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Figure 16.1: Hourly average day-ahead price over the full years for 2006 to
2010. Source: [10]
Table 16.1: Yearly peak/base-spread ζ and net arbitrage potential ∆net .
Source: [10]
e
e
base
Year
ζ
∆net [ MW
Pday−ahead
[ MW
h]
h]
2006
2007
2008
2009
2010

1.59
1.64
1.51
1.46
1.33

17.06
15.00
17.12
08.09
03.71

50.79
37.99
65.76
38.85
44.49

16.3 Storage Plants Situation Discussion
The effect of large-scale RES deployment and especially the deployment of
PV in Germany on the day-ahead market decrease the statistical arbitrage
opportunities for storage facilities because of a decreasing peak/base-spread.
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Figure 16.2: Mean of hours of the years 2006 to 2010 in June. The blue bars
are the average PV during the hours. Source: [10]

Recently, the situation has become even more problematic and several PSHP
projects are on hold because of a lack of expected profitability. While the decreasing peak/base spread mainly affects Germany, the surrounding markets
are also increasingly affected as a result of market coupling, as discussed in
Chapter 11.

Chapter 17

Closure and Outlook
Closure
In the first part of the thesis we present methodology and methods to model
the merit-order-curve (MOC) and the load demand on hourly basis, which
are the basis for the work in this thesis. For the MOC we showed several
approaches from simple exponential models to heat-rate models which can
model all aspects of the German MOC. For the load model, we presented a
linear approach for long-term load forecast up to several years in the future
with hourly resolution. This approach includes, next to weather and seasonality, economic growth, which in this case, is indicated by German industrial
production. Both models show good performance and may be used for research purposes beyond this thesis.
The second part is on hourly price forward curve (HPFC) modeling. We presented several new methods to model the HPFC based on statistical and fundamental models. The first chapter focuses on robustness of statistical measures against non-normal distributions, one of the characteristics of electricity
prices. We introduces distance measures based on the Laplace distribution
and also regression techniques which are robust against outliers and integrate
model selection. The robust models show superior modeling capabilities compare to standard statistical models.
The second model is a combined estimation and prediction approach which
solves both problems in one optimization. The advantage of this approach is
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first, the guarantee that an estimated factor set is a feasible solution for the
HPFC prediction and second, additional constraints on the HPFC can be included with ease. We presented the proof of principle for this approach and
leave the extension of the model to future research.
The third aspect is the construction of the HPFC under market coupling conditions. We developed an algorithm which calculates all HPFCs of the coupling
area in one optimization problem based on aggregated demand and supply
curves. The results of the test case, based on Germany/Austria and France
day-ahead price curves, shows the expected results including the correct deterministic variations on all frequencies and the feedback of the prices from
one area on another as a result of market coupling (MC) and transmission line
congestion. The approach is set up as a linear program (LP) and computational efficient.
The last aspect is the HPFC quality measurement. Since the HPFC is an expectation curve, back-testing is not possible. We derived a set of measures for
the HPFC to ensure certain quality standard for the HPFC.
In the third part of the thesis we discuss the impact of renewable energy
sources (RES) on the power markets using quantitative methodology from the
previous parts.
We first propose a new method to predict RES feed-in based on the classic
support vector machine (SVM) extended by linear constraints. We derive the
algorithm and test the framework on German photovoltaic (PV) data with a
linear constraint regression as a benchmark. The new method outperforms the
linear method by around 20% as a result of the capability of capturing nonlinear relationships in the factor model.
The second aspect is the effect of support scheme driven, large scale RES
deployment on the electricity market and its participants. We analyzed the socalled merit-order effect (MOE) in the day-ahead market as a result of support
schemes and provided an analysis which shows the behavior of the day-ahead
market in a post-EEG scenario. As a short term solution, we suggest a mandatory pool for the day-ahead market. For the long run, we show that RES
without support scheme backup can be integrated into a competitive market
as long as their costs, mainly operation and maintenance costs, are above a
certain threshold.
The last aspect is the effect on the profitability of storage facilities. We present
an analysis of the decreasing peak/base spread a result of PV feed-in and the
phase out of cheap base load nuclear power plants. We provide several deterministic analysis and show the critical spreads for the statistical arbitrage
concept.
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Outlook
Power markets are in constant transformation. This is the case in well developed markets because of massive technology changes such as RES as well as
in markets which are in the beginning of the liberalization process. In addition no power market is equal to another, since the market design has to reflect
the characteristics of the market areas in matters of production portfolios, RES
support schemes, surrounding countries and consumer behavior. We presented
a range of quantitative methods which may be used and improved by future
researchers to continue research on existing and new power markets.
Consumers and producers can profit from future research in the area of power
markets. The ”Energiewende” and the resulting needs for the integration of
RES is one of the most ambitious German projects. It basically means that
the centralized grid and production infrastructure which evolved for over 200
years, has to be replaced by a decentralized structure. This will require new
market designs and analysis of future situation where the work of this thesis
can be a starting point.
The author also want to direct the view of future researchers to the area of
regulatory needs, where quantitative analysis may be require, i.e. to provide
validation techniques for support schemes, detect market manipulation and
analyze the market power of new market participants, such as RES aggregations.
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