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Abstract

The introduction of large amounts of wind power into power systems will increase
the production uncertainties due to unforeseen wind power production variations.
This will have a significant impact on the required balance management quanti-
ties. The most suitable power source to balance fast production or consumption
variations is hydropower because of its flexibility and low operational costs.

This thesis addresses the problem of trading of electricity on the daily market
from a hydropower producer perspective in a system with large amounts of wind
power. The overall aim is to present models that can be used in the trading decision
process. This thesis describes models within three different areas:

1. Modeling of the demand for balancing power by using deterministic and
stochastic models. The stochastic models are based on stochastic differen-
tial equations.

2. Modeling of prices on the day-ahead and real-time markets using determin-
istic and stochastic models. The stochastic models are based on time series
modeling.

3. Short-term hydropower scheduling of trading decisions. These problems are
formulated as stochastic optimization problems where the market prices are
random variables.

The first two can be used to simulate the impact of wind power on various market
prices, while the third simulates how the hydropower producer responds to market
prices. Thereby, the thesis presents the necessary models for short-term scheduling
of hydropower for a future system with significant amounts of wind power.

This thesis concludes that the proposed price models are sufficient to reflect the
relevant price properties, and that the proposed short-term hydropower scheduling
models can be used to simulate the actions taken by the hydropower producer in a
system with significant amounts of wind power. This is also supported by the case
studies in the appended publications.

Key words: Electricity market, hydropower scheduling, wind power, optimization,
stochastic process.
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Sammanfattning

Med storskalig integration av vindkraft i kraftsystem följer ökade produktion-
sosäkerheter. Detta p̊a grund av oförutsedda variationer i vindhastighet, vilket leder
till motsvarande variationer i kraftproduktion. S̊adana variationer leder till en ökad
efterfr̊agan p̊a reglerkraft. För denna reglering används främst vattenkraft p̊a grund
av dess flexibilitet och l̊aga driftskostnader.

Denna avhandling betraktar den dagliga handeln med elektrisk energi fr̊an ett
vattenkraftägarperspektiv. Problemställningen är hur vattenkraftägaren ska agera
p̊a en marknad där en stor del av produktionen härstammer fr̊an vindkraft. Det
övergripande målet är att beskriva modeller som kan användas i beslutsprocesser
för krafthandel inom dessa ramar. Avhandlingen behandlar följande tre omr̊aden:

1. Modellering av behovet av reglerkraft med deterministiska och stokastiska
modeller. De stokastiska modellerna är baserade p̊a stokastiska differentialek-
vationer.

2. Modellering av timvisa priser p̊a den dagliga förhandsmarknaden (allmänt
kallad spot-marknaden) och realtidsmarknaden. B̊ade deterministiska och
stokastiska modeller har utvecklats, där de stokastiska är baserade p̊a tidsse-
rianalys.

3. Korttidsplanering av vattenkraft för handel p̊a spot-marknaden och realtids-
marknaden. Dessa problem är formulerade som stokastiska optimeringsprob-
lem, där marknadspriserna antas vara stokastiska.

De tv̊a förstnämnda kan användas för att simulera vindkraftens p̊averkan p̊a mark-
nadspriserna. Korttidsplaneringsmodellerna simulerar vattenkraftägarnas svar p̊a
prissignaler. Därmed inkluderar avhandlingen de modeller som krävs för korttid-
splanering av vattenkraft för ett framtida system med stora mängder vindkraft.

Avhandlingen drar slutsatserna att de föreslagna prismodellerna är
ändamålsenliga för att modellera de betraktade priserna. Rörande planeringsmod-
ellerna dras slutsatsen att dessa kan användas för att simulera vattenkraftägarens
agerande för olika niv̊aer av installerad vindkraft i systemet. De fallstudier som
presenteras i de bifogade publikationerna stödjer dessa slutsatser.

Nyckelord: Elmarknad, vattenkraftplanering, vindkraft, optimering, stokastisk
process.
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Dissertation

This doctoral thesis includes an introduction of trading of electricity, price model-
ing and short-term hydropower scheduling. A previously unpublished short-term
hydropower scheduling model is presented in chapter 6. The following appended
publications follow the introduction:

Publication I

M. Olsson and L. Söder, ”Optimal regulating market bidding strategies in
hydropower systems”, Proceedings of the 15th Power Systems Computation
Conference (PSCC), Liége, Belgium, August 22-26, 2005.

Publication II

J. Matevosyan, M. Olsson and L. Söder, ”Hydropower planning coordinated
with wind power in areas with congestion problems for trading on the spot
and the regulating market”, Electric Power Systems Research, Vol. 79, No. 1,
January 2008.

Publication III

M. Olsson and L. Söder, ”Modeling real-time balancing power market prices
using combined SARIMA and Markov processes”, IEEE Transactions on
Power Systems, Vol. 23, No. 2, May 2008.

Publication IV

M. Olsson and L. Söder, ”Estimating real-time balancing prices in wind power
systems”. Proceedings of the 2009 Power Systems Conference and Exposition,
Seattle, Washington, USA, March 15-18, 2009.

Publication V

M. Olsson, M. Perninge and L. Söder, ”Modeling real-time balancing de-
mands in systems with wind power using stochastic differential equations”.
Manuscript, 2009.

Publication VI

M. Olsson and L. Söder, ”Modeling power prices in wind power systems using
non-constant mean and volatility models”. Submitted, 2009.
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Chapter 1

Introduction

This chapter introduces the topics of this thesis, defines the scope and objective,
and presents the scientific contributions.

1.1 Background

D
uring the last decades, the interest for renewable electric power resources has
grown rapidly due to increasing oil and coal prices as well as for the issue of

global warming. The renewable power source, besides hydropower, that currently
is of the greatest interest in the Nordic power system is wind power.

The amounts of wind power in the world have increased during the last years and
the integration of new wind power production resources is foreseen to continue [1].
As an example, the installed wind power production capacity within EU increased
with 15% during 2007 and the level of installed capacity at the end of the year
reached 64,949 MW in the area [2]. In the Nordic countries, Denmark has the
largest installed capacity as well as the largest share of the annually electric energy
production represented by wind power. In 2007, Danish wind power produced
7.171 GWh corresponding to 19.3% of the power production in the country [3]. In
Sweden, the amount of wind power is low. During 2007 less than 1% (1.431 GWh
out of 145.087 GWh) of the annual electric energy production originated from wind
power. However, there is a great interest for increasing the amounts of wind power
in the Swedish system and energy levels of 20 TWh/year have been discussed [4],
[5].

The rapid development of wind power raises the need for new decision support
tools for market actors and tools for performing simulations of volumes and prices
for authorities, system operators and market players. For authorities and system
operators, this is important in order to analyze the operation of the power system
in terms of both technical and economical issues. For producers, this is important
in the decision making process to allocate energy to various market places. These

1
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Figure 1.1: Wind power and hydropower. Photographer: Krister Carlsson.

market places include day-ahead and intra-day markets, but also real-time markets
on which unforeseen variations in production and consumption can be balanced.

The impact of wind power on the day-ahead spot market arises from the low
operational costs of wind power. Thereby, the introduction of new wind power can
lead to lower prices on this market. On the other hand, one consequence of inte-
gration of wind power is an increased demand for real-time balancing power due
to unforeseen variations in wind power production. This will lead to more extreme
real-time balancing market prices. Since producers, and possibly also consumers,
through various market solutions provide balancing power, the increase in the de-
mand for real-time balancing power is of great interest for these market actors.

The most suitable power source for the continuous balancing of the power system
is hydropower because of its flexibility and low operational costs. Hence, in systems
with a large share of hydropower, as e.g. the Nordic system, this is the power source
that is most commonly used for real-time balancing. Therefore, the focus of the
research presented in this thesis is on hydropower in a market environment with a
significant amount of wind power production. Furthermore, a producer perspective
is assumed. This leads to questions regarding how to allocate electric energy to
the various market places from a single actor perspective. In order to decide this,
the impact from wind power on these market places must be analyzed. Also, the
allocation decisions made by the producer are performed under uncertainty since
the market prices are not known when the decisions are made. The prices are
thereby assumed to be stochastic.

The decision making problems presented in this thesis are formulated as opti-
mization problems [6], in which an objective function is maximized or minimized
under certain constraints. When stochastic variables are introduced into the opti-
mization problem, the resulting problem is denoted a stochastic optimization prob-
lem [7], [8]. In such problems, the stochastic variables must be approximated by
a discrete and finite set of scenarios, usually referred to as a scenario tree1, which

1Also the denotation event tree is used.
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should represent the desired stochastic properties of the uncertain parameters in
a relevant manner. There exist several approaches for creating scenario trees and
which of them that is suitable depends on the properties of the stochastic variables
as well as on the properties of the optimization problem at hand. More on scenario
trees can be found in section 6.1.

The overall aim of this thesis, is to model a future situation with significantly
larger amounts of wind power integrated into the power system. Hence, the models
generating scenario trees should be able to capture the price characteristics in such
market situations. The main approach for creating scenario trees in this thesis is
based on Monte Carlo simulation2. This require stochastic models suitable for such
simulations. Therefore, the major part of this thesis is dedicated to stochastic mod-
eling of day-ahead spot prices and real-time market prices. These models should
be able to reflect various market situations with different levels of wind power.

Other approaches than Monte Carlo simulation for generation of scenarios can
however also be applicable. These include e.g. adjustment of historical time series
to reflect the considered market situation. Such models are also included in this
thesis.

Summarizing the above, this thesis considers the following questions:

a) What will the impact of the inclusion of wind power be on day-ahead spot
prices?

b) How will the wind power inclusion affect the real-time balancing prices?

c) How should a hydropower producer change the bidding strategies to the con-
sidered market places if a significant amount of wind power production was
introduced in the system?

Thereby, the main topics in this thesis are price modeling and short-term hy-
dropower scheduling.

1.2 Objective and scope

The work presented in this thesis was performed within the research project enti-
tled ”Management of wind power and hydropower on the daily electricity market”
(Elektra project 3688). The main aim of this project was to develop models that
can be used in the planning process at a hydropower producer in systems with large
amounts of wind power. As the project title indicates, the considered time horizon
is 24-36 hours and hence, the scheduling is a short-term problem.

As the project progressed it became obvious that one of the main challenges
lies within the modeling and simulation of volumes and prices reflecting a future
system with large-scale integration of wind power. Therefore, the focus has been on

2Monte Carlo simulation refers to generation of realizations of the stochastic variables or
processes.
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modeling and simulation of day-ahead and real-time balancing prices, since these
constitutes signals onto which market actors react.

Throughout the thesis, the following main assumptions are made:

i) The considered hydropower owner is a price-taker. This implies that the
actions taken by the producer will not affect the market prices.

ii) The time horizon considered in the simulations and optimizations are 24-36
hours.

iii) Only physical trading of electricity is considered. Financial trading, which
often is performed on longer time horizons, is not included in the suggested
models.

iv) The future wind power production levels considered are significant, but still
moderate in the sense that the current behavior of the market can be extrap-
olated to reflect the future market situation.

v) Transmission is neglected. Hence, neither transmission losses nor congestion
are considered in the developed models. Thereby, the modeled day-ahead
prices are the system prices.

1.3 Scientific contributions

The scientific contributions of this thesis lies within the fields of modeling of real-
time balancing demands, price modeling, modeling the impact of wind power on
market prices, and short-term hydropower scheduling. These contributions can be
summarized according to the following:

• Stochastic model of real-time balancing prices. This model uses a combined
approach of SARIMA and Markov processes in order to model the intermit-
tent behavior of real-time balancing market prices. Presented in publication
III and applied in paper II.

• Modeling the impact of wind power on the continuous demand for balancing
power. Models representing various loads and production in continuous time
are used to capture the impact of wind power integration on the required
real-time balancing power levels. A detailed description can be found in
publication V.

• Modeling and simulation of the impact of wind power on market prices. A
deterministic model treating real-time balancing prices is presented in publica-
tion IV. Stochastic models considering the impact on day-ahead and real-time
market prices are presented in publication VI.
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I II III IV V VI New
Wind power X X X X

Hydropower X X X

Spot prices X X X

Real-time prices X X X X X X

Balancing demands X X

Deterministic modeling X

Stochastic modeling X X X X X X

Time series X X X X

Stochastic diff. eq. X

Optimization X X X

Table 1.1: Items considered in the various publications. The roman numbers refers
to the appended publications, and ”New” refers to the previously unpublished
model presented in chapter 6.

• A short-term hydropower planning model, including risk management, for
allocation of energy levels to the day-ahead spot market and the real-time
balancing market. Outlined in paper I and a further developed model is
presented in chapter 6.

The scientific contributions are also illustrated in Table 1.1, showing in what
publications various prices, demands, production sources and mathematical tools
are considered.

1.4 Thesis outline

The main focus in this thesis is on modeling. Therefore, the developed models
are presented in the following chapters, but the case studies are presented in the
appended publications only. The remaining chapters of this thesis are organized
according to the following:

Chapter 2 presents background considering electricity as a commodity, including
the special characteristics of electric power and how these are reflected in the
market structure. Also, a short introduction to wind power forecasting is
given.

Chapter 3 describes models of the impact of wind power on the real-time balanc-
ing demand. Contributions from publications IV and V are presented in this
chapter.

Chapter 4 is on the topic of price modeling. Here various classes of price models
are presented and contributions from publications III, IV and VI are included.
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I II III IV V VI New
Chapter 2
Chapter 3 X X

Chapter 4 X X X X

Chapter 5 X X

Chapter 6 X X

Chapter 7

Table 1.2: Compilation of the location of the scientific contributions in the thesis.
The roman numbers refers to the appended publications, and ”New” refers to the
previously unpublished model.

Chapter 5 presents models of the impact of wind power on day-ahead and real-
time market prices. Contributions from publications IV and VI are included
in this chapter.

Chapter 6 presents the topic of short-term hydropower scheduling. This in-
cludes generation functions, physical-economical limitations and integrated
risk management. The model presented in publication I is described in this
chapter. Also, a further developed and previously unpublished model is pre-
sented.

Chapter 7 which closes the thesis, includes conclusions and possible future work.

The contributions of the different publications are spread between the different
chapters, and therefore a compilation is presented in Table 1.2.

1.5 Algebraic symbols

A few general comments concerning symbols used in this thesis:

• Stochastic variables are denoted in uppercase letters, e.g. Γ, while realizations
are denoted in lowercase letters, e.g. γ.

• Variables in continuous time have the time argument within parentheses,
e.g. P (t), while discrete time is indicated with subscripts, e.g. Pt.

• Matrices and vectors are denoted using bold fonts, e.g. A and x.

• Upward and downward balancing are indicated with the superscripts ”↑” and
”↓” respectively. These superscripts are often left out to avoid repetition since
the mathematics surrounding upward and downward balancing are similar for
most cases.

Notation of variables, parameters etc. that are used locally in the various chap-
ters are presented at first occasion. Below follows a list of items used in various
chapters of this thesis.
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R Set of real numbers.
R+ Set of positive real numbers, R+ = {x : x ∈ R, x ≥ 0}.
R− Set of negative real numbers, R− = {x : x ∈ R, x ≤ 0}.
I(A) Function taking value 1 if the logical expression A is true, otherwise 0.
E[·] Expectation operator.
Var[·] Variance operator.
B Backshift operator.
Λt, λt Day-ahead spot price, hour t, [¤/MWh].
Ξt, ξt Day-ahead spot volume, hour t, [MWh/h]
At, at Real-time balancing price variables, hour t, [¤/MWh].
Bt, bt Intermittent behavior of the real-time balancing price, hour t.
∆t, δt Difference between day-ahead and real-time price, hour t, [¤/MWh].
Γt, γt Real-time balancing volume, hour t, [MWh/h].
D(t) Continuous demand for balancing power, time t, [MW].
P (t) Base production, time t, [MW].
Q(t) Base hydro-thermal production, time t, [MW].
W (t) Wind power production, time t, [MW].
L(t) Base load, time t, [MW].

L̂nt Forecasted base load hour t, performed at hour t− n, [MWh/h].

Ŵn
t Forecasted wind power production for t at hour t− n, [MWh/h].

The algebraic symbols used throughout this thesis and the various appended
publications differs from each other. In appendix A, tables are presented showing
the corresponding symbols used in the different publications.





Chapter 2

Background

In this chapter, background concerning electricity as a commodity and market ar-
chitectures is given. Also, a short introduction on wind power forecasting and the
value thereof is given.

2.1 Electricity as a commodity

E
lectricity is generally traded as an energy quantity over a specific time period,
as for example MWh/h. This implies that a trading period must be defined.

On most power exchanges as e.g. Nord Pool [9], EEX [10], Omel [11] and PJM
[12], electric energy is traded on an hourly basis. Also, half-hours are used in some
systems, i.e. UK [13] and Australia [14]. For simplification it is assumed throughout
this thesis that trading is performed hourly, but the presented models can be applied
to any period length.

Electricity has a two properties that distinguish it from most other commodities:

i) Electricity is distributed through a common network with limited capacity.
This means that a producer and a consumer signing a contract for physical
delivery must be connected to the same grid.

ii) It is not possible to store electric energy efficiently. This implies that the
consumption must momentarily be covered by the available production.

The first property raises questions regarding whether different actors should
build their own grids or if one common grid should be used. Since the investment
costs for building power lines are high, it is beneficial to use one common grid for all
users even though the operator of this grid will have a monopoly. The operation of
one common grid results in questions regarding transmission pricing and congestion
management. The models presented in this thesis all neglect the influence of the
transmission network. The interested reader can learn more in e.g. [15], [16], [17]
and [18].

9
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Prod. & 

purchased

Cons. & 

sold

Figure 2.1: The task of a balance responsible actor is to balance the produced and
purchased energy with the consumption and sold energy for each hour. Imbalances
between these must be managed economically afterwards on the after market. The
physical momentary balance is the task of the system operator.

The second property of electricity as a commodity, i.e. balance management in
power systems, constitutes the foundation for the research presented in this the-
sis. From a technical perspective, the momentary balance management problem
is solved by a frequency control system [19], which at all times adjusts the pro-
duction or consumption in the system. To handle the economics, the denotation
balance responsibility is introduced. A balance responsible actor is economically
responsible for being in balance for each hour. This means that the actors’ hourly
energy production plus purchased energy must equal the hourly consumption plus
sold energy quantities for each individual hour. Any deviations between these two
hourly quantities are compensated for on an after-market, the so-called balance
settlement.

The momentary physical balance of the system is the responsibility of the Sys-
tem Operator (SO). if the SO also owns and operates the transmission system, the
term is extended to Transmission System Operator (TSO)1. In order to keep the
continuous balance in the system, the SO must be able to control spinning reserve
and may also organize balance markets to manage short-term operation changes.

Even though electrical energy is the most common commodity on the power
market, it is not the only one. Examples of other commodities are financial con-
tracts, production capacities and transmission rights. These commodities are not
within the scope of this thesis. Interested readers can find more information in
e.g. [20], [21] and [22].

Market structure

Market structures for physical trading of electricity differs somewhat between, and
also within, different power systems. Some of the most typical market places are
described below. In Figure 2.2 a time line for the various possibilities of physical

1In Sweden the TSO is Svenska Kraftnät.



2.1. ELECTRICITY AS A COMMODITY 11

Day-ahead market 

closes
Operational hourReal-time balancing 

market closes

Intra-day trading

Release of prices 

and quantities

Day before delivery day Delivery day

...
Bilateral trading

Figure 2.2: Time line for physical trading.

trading of power is shown, including the market places considered in this thesis.
Further readings on electricity markets and economics can be found in e.g. [23].

Ahead markets

Ahead markets are the market places where actors can trade power in advance,
i.e. before the start of the actual delivery hour. This trading can be performed by
bilateral contracts, usually long-term contracts, or on the day-ahead spot market.
Day-ahead spot markets are pool markets to which actors submit hourly bids for
a number of trading periods ahead. Typically, bids corresponding to the different
hours of the next day are submitted the day before the day of delivery as shown
in Figure 2.2. Calculations of the hourly prices and traded volumes are then per-
formed by the market operator. When these calculations have been executed, prices
and volumes are released to the market actors. Typically, this is exercised in the
afternoon the day before delivery day.

There exist two main alternatives to calculate the prices and traded quantities:

i) Uniform marginal pricing.

ii) Locational marginal pricing (LMP).

In markets applying uniform marginal pricing, all the supply and demand bids are
aggregated into hourly supply and demand curves. The intersection of the supply
and demand curves for a specific hour defines the price and traded energy quantity
for that hour [24]. All transactions are performed according to these hourly prices,
which are referred to as the system prices. In markets applying LMP, the prices the
different actors are subjected to are dependent on where in the power system the
actor is located. The prices are calculated as the dual variables of an optimization
problem which maximizes the benefit for the society under the constraints of node
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balances and transmission limitations [25], [26]. Hence, in systems applying uniform
marginal pricing, the transmission system is not considered, while if applying LMP,
information regarding the transmission system is included in the price calculations.

The Nordic power market apply uniform marginal pricing, but with some influ-
ences of LMP in such a way that transmissions between a few predefined areas are
considered. This approach is denoted zonal pricing and can be described as follows:
First the system price is calculated, whereafter controls of the transmission limits
are performed. If the traded energy quantities result in transmission limit viola-
tions between the predefined areas, the volumes and associated prices are adjusted
according to the transmission limits. Hence, in the exporting area the production
will be decreased and vice versa for the importing area. This is also referred to as
market splitting.

If having bilateral contracts between areas with different prices, the price dif-
ference must be managed. The price difference multiplied with the volume is some-
times called congestion charge. How this is handled depends on market rules and
negotiations between the parties signing the contract. One alternative is to use
contracts for difference (CfD) to hedge the price difference [27]. In the Nordic sys-
tem, physical bilateral trading between areas is forbidden; only the SO:s can trade
across the borders of the predefined price areas.

After the day-ahead spot market has closed and the traded energy quantities
and prices have been published for the different trading periods, trading on so-
called intra-day markets can be performed. Trading on such markets can usually
be performed until one or a few hours before the start of the operational hour
(see Figure 2.2). Trading on intra-day markets is performed due to various reasons,
such as non-accepted bids on the spot market, unforeseen shut-downs of production
units, or updated wind and temperature forecasts. On the Nordic market, actors
can trade power through bilateral contracts on the intra-day market place Elbas
[28], which opens after the release of the prices and quantities that has been traded
on the spot market and closes one hour before the trading hour.

More on day-ahead and intra-day markets in Europe can be found in [29].

Real-time markets

In order to keep the balance between production and consumption in the system
within the delivery hour, the SO can use technical systems and trading. The techni-
cal systems automatically change the production at certain power stations equipped
with frequency sensitive equipment according to grid frequency changes [19]. The
technical system can be combined with a market place, where power can be pur-
chased or sold in order to balance the system, or to free capacity in the power
station equipped with frequency sensitive equipment. These market places are re-
ferred to by different names in different systems; e.g. real-time balancing market in
PJM [30], real-time energy market in New England [31], frequency control ancil-
lary services (FCAS) market in Australia [14], and regulating market in the Nordic
system [28]. A compilation of balance management in Europe can be found in [32].
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In the considered market structure, the SO can balance the system by accept-
ing bids consisting of a specified amount of power in MW and price in ¤/MWh.
Balancing bids can either be upward bids, corresponding to the SO purchasing
power to increase the production in the system, or downward bids, corresponding
to selling power to decrease the production in the system. The above considers
changes in production, but also consumption changes can be traded. These bids
can be submitted until shortly before the start of the operational hour as depicted
in Figure 2.2.

The real-time balancing power market price settlement differs between systems.
Here, two major principles are described:

• Pay as bid: On some real-time markets, the actors are paid according to the
price in the bids, meaning that all accepted bids pays, or are getting paid,
according to different rates.

• Marginal price: In this alternative, the actors are paid according to a price set
by the most extreme bid accepted during the trading period, i.e. the marginal
price. This means that all accepted bids of the same type of balancing during
a trading period are paid the same price. Thus, accepted upward regulation
bids are paid according to the most expensive upward bid accepted, and
downward regulation bids are paid according to the price of the cheapest
accepted bid during the trading period.

The models in this thesis treats markets where the marginal price principle is
applied, implying that all actors pay/are paid according to a price set by the most
extreme bid accepted during the hour. Further, upward and downward balancing
are assumed to be treated separately. Thereby, two prices are defined for each hour:

• Upward balancing price: The marginal price for upward balancing during the
hour.

• Downward balancing price: The marginal price for downward balancing dur-
ing the hour.

Countries having real-time balancing markets applying marginal price settle-
ment includes Australia [14], the Nordic countries [28], Spain [32] and the Nether-
lands [33].

There might be situations where no balancing bids of a certain type are called
during the hour. The corresponding price is then undefined. An example from
the Nordic regulating power market can be studied in Figure 2.3, where for the
majority of hours, only one regulating price is defined. There are also a few hours
where no price is defined at all, and an hour where both upward and downward bal-
ancing prices are defined (hour 7). Hours where both upward and downward prices
exist correspond to hours where both types of balancing were required. Upward
and downward balancing are not performed simultaneously, but there can e.g. be
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Figure 2.3: Market prices from the Nordic electricity market, price area Sweden,
January 15, 2005. Day-ahead spot market prices are represented by the black line
and the real-time market prices are in gray. The downward balancing prices are
lower than and the upward prices are higher than the day-ahead prices.

situations where upward balancing is required in the beginning of the hour and
downward balancing at the end of the hour, and thereby both prices are defined.

In the Nordic system, the secondary frequency control is performed by trading
on the so-called regulating market to which actors in Finland, Sweden, Norway and
Denmark submit bids. Bids for a specific hour can be submitted up to 30 minutes
before the start of the hour. The prices of the bids are constrained by the system
price for the same hour in such a way that the upward prices must be higher than
the system price, and downward prices must be lower than the system price [28].

After markets

When trading electricity ahead, the actors do not know what is going to happen
during the trading period. For example, the consumption may deviate from the
expected level or a power plant may fail to deliver the expected amount of energy.
Such unforeseen events will result in imbalances between the traded energy and the
actual production/consumption. These imbalances must be managed so that the
actors are paid, or pay, according to the actual production or consumption. This
balance settlement is usually a task of the SO and is performed on the after market.
The work in this thesis does not include after markets. The interested reader can
find more information in [23] and [34].
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2.2 Wind power and uncertainties

The uncertainties associated with wind power production originate from uncertain-
ties in wind speed forecasts. This in combination with the rapid development of
wind farms generate a need for better wind power production forecasting methods.
The higher the forecast reliability is, the lower the balancing costs in the system will
be. In the case of large-scale integration of wind power this can imply substantial
savings for the wind farm owners as well as better overall efficiency of the system
[35], [36], [37]. Different wind power forecast techniques are presented in e.g. [38],
[39] and the state-of-the-art literature review [40].





Chapter 3

Wind power and balancing

demands

In this chapter, the impact of the introduction of wind power on real-time balanc-
ing market demands is discussed. Contributions from publications IV and V are
presented in this chapter.

3.1 Introduction

T
he inclusion of wind power into the power system has a significant impact on the
need for real-time balancing power due to the stochastic nature of wind power

production. However, the unpredictable wind power production variations can also
sometimes help the system in the real-time balancing process. This because that
an unforeseen event can be balanced by another unforeseen event in the opposite
direction. If, for example, the load is subjected to an unforeseen increase at the
same time that the wind power production is subjected to an unforeseen increase,
these two events will to some extent cancel out each other. This is here referred to
as counter balancing.

The overall aim of this thesis is to present models concerning hydropower
scheduling in systems with wind power for trading on the daily electricity mar-
ket. This includes trading on the real-time balancing market. Hence, the models
presented in this chapter are aiming at modeling the impact on real-time balancing
demands, which can be used to estimate the impact on real-time balancing prices.
Two main modeling approaches are used in this chapter:

• Model D1: This model takes historical hourly real-time balancing demands
and adjust these to a future situation with wind power. The model has
an hourly time resolution and requires some assumptions regarding counter
balancing occurring during the hour. Presented in publication IV.

17
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• Model D2: This model simulates the need for real-time balancing by modeling
various loads and production in continuous time. By varying the amounts of
wind power in the system, the need for balancing power for different wind
power levels can be simulated. By studying the time continuous demand for
balancing power, hourly balancing demands can be derived. Presented in
publication V.

Research concerning the impact of wind power on real-time balancing energy
quantities include [41] and [42]. The authors of these publications use a time
resolution of one hour and do not explicitly consider counter balancing within the
hour. In [43], a simulation model of the impact of wind power production on
operation of the power system is presented. However, the presented model does
not include any randomness and has another scope than the model proposed in this
thesis. In papers [44], [45], [46] and [47], detailed models of wind turbines or farms
are presented to analyze the interaction between the power system and the wind
farms. In theory, such models can be used to estimate the increased demand for
real-time balancing power associated with the integration of wind power. However,
simulating a system with such accuracy for a e.g. 24 hour period is not possible
in practice due to the computational time. Generally, these types of simulation
models treat time frames of a few seconds in length.

In [48], an optimization model for minimization of the real-time balancing cost
in systems with uncertain wind power forecasts is presented. The proposed model
suggests what balancing bids to call and when this should be performed. The model
in [48] and the models presented in this chapter address the same problem from
different perspectives. The model in [48] focuses on optimizing the bids given the
load and the scheduled production, while the models presented here simulate the
hourly and continuous demands for balancing power.

3.2 Model D1: Impact of wind power on hourly balancing

demands

The model proposed in publication IV includes a energy quantity model and a price
model. The quantity model is described below, the price model is presented in 4.3
(model P1), and an application of these models for estimation of the impact of
wind power on real-time balancing prices is described in 5.3. Hence, the aim of the
model described below is to be used in this context.

The real-time balancing quantity model in publication IV considers all demands
as hourly energy levels. The main idea is to take historical real-time balancing
demands and adjust these to reflect a future situation with significantly more wind
power. Hence, this model treats the changes in demand rather than the demand
itself. This model does not include any stochastic modeling.

To perform these adjustments, hourly wind power forecast errors representing
the future wind power production must be available. Such forecast errors can
either originate from other systems having installed wind power, or be generated
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Combinations of (b↑t , b
↓
t )

(0, 0) (0, 1) (1, 0) (1, 1)

wt < 0 w̃t = wt w̃t = g(wt, γ
↓
t ) w̃t = wt w̃t = g(wt, γ

↓
t )

wt > 0 w̃t = wt w̃t = wt w̃t = g(wt, γ
↑
t ) w̃t = g(wt, γ

↑
t )

Table 3.1: Calculation of the adjusted wind power forecast errors w̃t for combina-
tions of wind power forecast errors and current balancing market situations.

by simulation using e.g. the model presented in [49]. The following is required as
input to the model:

• Wind power forecast errors, wt ∈ R.

• Real-time balancing demands (γ↑t ∈ R+, γ
↓
t ∈ R+).

The proposed energy quantity model calculates the changes in real-time bal-
ancing demands (∆γ↑t ∈ R,∆γ↓t ∈ R) caused by the wind power forecast errors.
This includes the wind power forecast errors themselves, but also possible counter
balancing. Hence, as a result of the counter balancing, some part of the wind power
forecast error will be eliminated. To what extent these decreases should be per-
formed depends on when during the operational hour the imbalances occurs. Since
this model considers an hourly resolution, some assumptions must be made of how
to model this type of balancing.

To handle counter balancing, the adjusted wind power forecast error, w̃t is
introduced. Depending on the values of (b↑t , b

↓
t ) and sgn(wt), w̃t equals either wt or

a function g(wt, γt) according to Table 3.1. The function g(wt, γt) is chosen by the
assumption that the share of the wind power forecast error that can be balanced
with unforeseen events in the opposite direction, is related to the ratio between the
balancing demand γt and the absolute value of the forecast error |wt| according to

g(wt, γt) = h
( γt
|wt|

)
wt, (3.1)

where h( γt

|wt|
) : R+ 7→ (0, 1).

In order to complete the quantity adjustment, the function h( γt

|wt|
) needs to be

decided. For convenience let rt = γt

|wt|
. h(rt) can be chosen arbitrarily but should

fulfil the following:

• h(0) = 1. This means that if |wt| ≫ γt, the percentage of wt that is counter
balanced is small.

• limrt→∞ h(rt) = κ ∈ (0, 1), implying that if γt ≫ |wt|, the maximum share of
wt that is balanced is 1 − κ.

• Further, the amount of wind power forecast errors that can be balanced is
bounded by the real-time balancing demand of the opposite direction. Hence,
if rt < 1 ⇔ γt < |wt| ⇒ h(rt) ≥ 1 − γt

|wt|
= 1 − rt.
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Figure 3.1: Examples of reduction functions. The horizontal dotted line represents
the κ level, and the sloped dotted line corresponds to the requirement h(r) ≥ 1− r.

Functions fulfilling these requirements are e.g. piecewise linear functions and the
function

h(r) = 1 −
ar

1 + br
, (3.2)

where a ∈ (0, 1], b > 0 and a
b

= 1 − κ. Examples of this and a piecewise linear
function can be found in Figure 3.1

The counter balancing will result in adjusted wind power forecast errors, which
are less or equal (if no counter balancing have taken place) in magnitude compared
to the original wind power forecast errors. If any counter balancing has occurred,
the reduction of the real-time balancing quantity in the opposite direction can be
calculated. These reductions are denoted ∆γcounter↑

t and ∆γcounter↓
t . The final

changes ∆γ↑t and ∆γ↓t can then be expressed in terms of ∆γcounter↑
t , ∆γcounter↓

t and
w̃t. The adjusted quantities are then given by

γ̃↑t = γ↑t + ∆γ↑t , (3.3)

γ̃↓t = γ↓t + ∆γ↓t . (3.4)

Thereby, the impact of wind power on the hourly real-time balancing energy
quantities can be calculated.

3.3 Model D2: Impact of wind power on continuous

balancing demands

This section summarizes the models presented in publication V. The overall aim is
to model the continuous change in demand for balancing power in a system where a
large share of the production originates from wind power. The main question here is
how integrating more wind power into the system will affect the continuous demand
for balancing power. The models presented in publication V encompass stochas-
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tic representations, and can be used analytically and in Monte Carlo simulations.
Applications of the described models include e.g. the following:

• Derivation of probability distributions of the continuous demand for balancing
power. By calculating such distributions for e.g. different cases of wind power
integration levels, the impact of wind power on various stochastic properties
of the demand for real-time balancing demand can be analyzed.

• Monte Carlo simulation of the demand for real-time balancing power. This
is applicable in the context of real-time balancing price simulations, where
the demand for balancing power is used as input signals. Such models are
presented in chapter 4. These price models can be used for the creation
of scenario trees, which are used in e.g. hydropower scheduling models as
described in chapter 6.

In time discrete models with e.g. an hourly time resolution, assumptions regard-
ing what happens during the hour becomes necessary to consider counter balancing.
Since this can occur at any time and span a time period of arbitrary length, mod-
els in continuous time are more suitable to capture this. The models of various
loads and production presented in publication V are therefore in continuous time
and are based on stochastic differential equations (SDE) [50], [51]. The load model
presented below and in publication V is described in detail in [52] by M. Perninge.

Modeling

In order to capture the real-time balancing demand, the loads and production
are modeled excluding all measures taken for frequency control. Hence, primary,
secondary and tertiary control are all excluded from the models in this section.
This is indicated by referring to base load and base production. To clarify base load
and base production, various schematic production and load curves are illustrated
in Figure 3.2. The lines in the figure represent the following:

• The solid lines represent the planned production (black line P1) and forecasted
load (gray line L1).

• The dashed black line P2 corresponds to the base production including e.g. un-
foreseen shut-downs of units and variations in wind power production.

• The dashed gray line L2 is the base load.

• The dotted line PL is the real load, which is equal to the real production,
including frequency control. Note that since L2 and PL do not coincide, also
the load contributes to the frequency control in this figure.

The overall aim is to model the difference between P2 and L2, i.e. base pro-
duction minus base load, which is equal to the need for real-time balancing. This
demand is denoted D(t) ∈ R and is the actual need for frequency control at time
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Figure 3.2: Load and production curves. The black lines corresponds to production,
where P1 is the planned production and P2 is the base production P (t). The grey
lines correspond to loads, where line L1 represents the forecasted load and L2 the
base load L(t). The line PL represents both the production and consumption when
frequency control is included.

t. Note that this process is in continuous time. D(t) can be calculated as the
difference between the base production P (t) and the base load L(t),

D(t) = P (t) − L(t), t ≥ 0. (3.5)

The base load is described in detail in [52] by M. Perninge. A short description is
also included in publication V. L(t) is modeled as the sum of a function representing
the mean of the load and a stochastic process:

L(t) = µ(t) +X(t) ∈ R+. (3.6)

The mean µ(t) ∈ R+ should resemble the continuous variation of the base load
between various trading hours in order to get the typical load characteristics. µ(t)
is modeled by using the discrete cosine transform (DCT) [53]. X(t) represents the
deviation of the load from µ(t) and is modeled with a SDE of Ornstein-Uhlenbeck
type [51] as

dX(t) = −αX(t)dt+ σdB(t), α ∈ R+ (3.7)

where B(t) is a Brownian motion. This SDE can be solved by applying Itô’s formula
[50] and the solution is given by

X(t) = e−αt
(
X(0) +

∫ t

0

σeαsdB(s)
)
, (3.8)

where X(0) is the initial value for the base load deviation from the mean and the
integral is taken in the Itô sense.

The base production P (t) consist of two main parts:
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• Controllable production denoted Q(t). This production can be controlled but
can still suffer from unforeseen shut-down of units due to e.g. failures. This
corresponds to the hydro-thermal generation in the considered system.

• Uncontrollable production denoted W (t). This production can not be con-
trolled. In the developed models, only wind power production is included in
W (t). Run-of-the-river hydropower generation can possibly also be included
here. The individual plants are here assumed to be very small compared to
W (t) and therefore unforeseen shut-down of units are not regarded.

The wind power production is assumed to have an asymmetric distribution
function. To reflect these asymmetries and still remain in a well established ana-
lytical framework, the model of W (t) assumes that the wind power production is
log-normally distributed. W (t) is accordingly modeled as

W (t) = eω(t)+U(t) ∈ R+, (3.9)

where ω(t) ∈ R+ is an algebraic function representing the mean of lnW (t), and
U(t) ∈ R is an Ornstein-Uhlenbeck process similar to X(t) for the base load. Hence,

dU(t) = −ηU(t)dt+ νdB(t), t ≥ 0 (3.10)

where B(t) is a Brownian motion. Thereby, U(t) is normally distributed and is a
diffusion, which can be expressed as

U(t) = e−ηt
(
U(0) +

∫ t

0

νeηsdB(s)
)
. (3.11)

The function ω(t) should reflect any seasonal behavior of the wind power produc-
tion. However, ω(t) is assumed to be constant in this thesis.

The model of the controllable generation Q(t) is expressed as

Q(t) = π(t) + Y (t) ∈ R+, (3.12)

where π(t) ∈ R+ is an algebraic function and Y (t) ∈ R− is a stochastic jump
process. π(t) represents the planned production, i.e. the production if all units
were 100% reliable. Y (t) incorporates the unforeseen events leading to shut-downs
of production units. To consider these unforeseen shut-downs, Y (t) is modeled by
using a stochastic jump process [51]. This process should also include a reversion
property since the production should return to π(t). This because if a power station
is taken off-line due to an unforeseen event, this unit will be replaced by other
base production by the owner. The owner of the power plant will replace the lost
generation by increasing the generation in some other units or by purchasing power
from other actors.

Because of the stochastic jump process, Y (t) will not be an Orstein-Uhlenbeck
process as in the case for the base load, but can instead be described by the following
SDE:

dY (t) = −βY (t)dt− dZ(t), (3.13)
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where β ∈ R+ is the reversion factor and Z(t) ∈ R+ denotes a pure jump process.
Z(t) is defined by the stochastic sequence (Tn ∈ R+, Vn ∈ R+) as

Z(t) = Z(0) +

∞∑

n=1

I(Tn≤t)Vn, t ≥ 0. (3.14)

Thus, Z(t) is the sum of all events Vn that have occurred up to time t. dZ(t)
thereby is a series of shocks occurring at times Tn of sizes Vn. The interpretation
of this in the model of Y (t) is that dZ(t) represents events where base production
units are taken off line because of failures or other unpredictable events.

Now the only thing that is left is a model for π(t), which is a continuous piece-
wise linear function ramping up or down at the beginning and the end of the hour
and being on a constant level at the middle of the hour. The motivation for choosing
this approach for modeling π(t) lies in the assumed market structure. Trading is
assumed performed hourly and therefore, the changes in production tends to be
carried out at the borders of each hour. To avoid fast changes in production in
the system, the SO can order the producers to shift the production changes in the
beginning and the end of the hour [48]. Thereby the production changes will not
ramp up or down as dramatically.

Since Q(t) is the actual hydro-thermal production, π(t) should reflect the
planned hydro-thermal production in the system. If the hydro-thermal produc-
ers act according to forecasts, always plan to be in balance1, and the ahead trading
can be performed a few hours before the start of the actual hour, the total hourly
planned production should equal the forecasted total load. This implies that the
hourly planned hydro-thermal production should equal the forecasted load minus
the forecasted wind power production. Let L̂nt be the forecasted hourly load for

hour t where the forecast was performed n hours before hour t, and let Ŵn
t be the

corresponding hourly wind power production forecast, the expression for the hourly
integral of π(t) becomes

∫ t+1

t

π(s)ds = L̂nt − Ŵn
t . (3.15)

The forecasts L̂nt and Ŵn
t can be expressed as the conditional expectations of the

hourly integrals Lt =
∫ t+1

t
L(s)ds and Wt =

∫ t+1

t
W (s)ds:

L̂nt = E[Lt|L1, L2, . . . , Lt−n], (3.16)

Ŵn
t = E[Wt|W1,W2, . . . ,Wt−n], (3.17)

which can be found through the conditional distributions. Thereby, the hourly
integrals of π(t) can be calculated. This can be used to calculate the piece-wise
linear segments constituting π(t).

1This refers to that their planned production equals the forecasted demand.
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Parameter estimation

In the estimation process, the following data series are assumed to be available:

• Hourly base load levels, lt. Depending on the modeled system, this can be
actual load levels (assuming that the load does not participate in the frequency
control), or load levels that are adjusted to eliminate the impact of frequency
control.

• Hourly wind power production levels, wt. These data can be historical data
from a system containing a significant amount of wind power, but can also
be a simulation result. Models for generating such data are e.g. presented in
[54] and [55].

Let the length of the available series of hourly loads and wind power production
be denoted N . Typically N = 8760 corresponding to data for one year. Let
K be the considered time horizon, e.g. K = 24 hours. The historical data can
then be organized in NK = N/K sequences each of length K. Now let li,j, i =
1, . . . , NK , j = 1, . . . ,K and wi,j , i = 1, . . . , NK , j = 1, . . . ,K denote the load and
wind power production in sequence i, hour j respectively.

Estimating L(t)

The estimation of L(t) = µ(t)+X(t) consists of estimating the parameters of µ(t),
which is performed by applying the DCT, and the estimation of X(t). Since µ(t)
is the mean function, mean values of the historical data are used in the estimation.
Thus, estimation data are the hourly mean load levels µk, k = 1, . . . ,K, which can
be calculated according to µk = 1

NK

∑NK

i=1 li,k.
The estimation of the parameters α and σ of the stochastic process X(t) now

remains to be performed. This is executed by applying the estimation method
described in [52] by M. Perninge. The method presented in [56] can also be applied
for this purpose. The estimation is based on studying the energy process S(t) =∫ t
0 µ(s)+X(s)ds since the available data reflects this process. The variance of S(t)

is given by

Var[S(t)] =

∫ t

0

∫ t

0

Cov[X(u), X(v)]dudv

=

∫ t

0

∫ t

0

σ2

2α
e−α|u−v|dudv

=
σ2

2α

[
t+

1

α
(e−αt − 1)

]
.

(3.18)

By calculating the sample variance from historical data and putting these on the
left hand side of the expression above, estimates of α and σ can be retrieved. The
corresponding historical data consists of accumulated energy levels, ρi,k:

ρi,k =

k∑

j=0

li,j ∈ R+. (3.19)
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Thus, be setting σ2
ρk

= Vari[ρi,k] at the left hand side of (3.18), estimates of α and
σ can be extracted.

Estimating W (t)

Since the wind power production is assumed log-normally distributed, the logarithm
of the data can be used to estimate the parameters of ω + U(t) by using the same
methods as for L(t). Let mi,j = lnwi,j and

M(t) = lnW (t) = ω + U(t) ∈ R, t ≥ 0. (3.20)

The estimate of ω is the mean of mi,j ,

ω =
1

NKK

NK∑

i=1

K∑

j=1

mi,j . (3.21)

The parameters of the Ornstein-Uhlenbeck process U(t) are estimated by the same
method as for the process X(t) of the base load. The studied energy process is

R(t) =
∫ t
0
ω + U(s)ds since the available data consists of the logarithm of the

hourly production. The variance of this process is given by

Var[R(t)] =
ν2

2η

[
t+

1

η
(e−αt − 1)

]
. (3.22)

The corresponding historical data series consists of the sum

ψi,k =

k∑

j=0

mi,j ∈ R. (3.23)

By setting the left hand side of (3.22) to σ2
ψk

= Vari[ψi,k], estimates of η and ν can
be retrieved.

Estimating Q(t)

The base production model Q(t) = π(t) + Y (t) includes the function π(t), which
is modeled by linear segments. The hourly integrals of π(t) are given by (3.15),
which are known since the parameters of L(t) and W (t) have been estimated at
this stage. Letting bt denote the unknown constant level of π(s) during hour t, the
following relation can be defined:

Abt−1 +Bbt + Cbt+1 =

∫ t+1

t

π(t)dt, (3.24)

where A, B and C are constants depending only on the times where π(t) starts
to ramp up or down. Since the right hand side is known, this is a linear system
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of equations which easily can be solved. Thereby all the parameters of π(t) are
estimated.

The production model also includes the stochastic process Y (t), which in turn
includes the stochastic pairs (Tn, Vn). The distributions of the arrival times
Tn+1 − Tn ∈ Exp(λ(Q(t)) and production decreases Vn can either be estimated
from historical data of the real-time operation, or by studying the actual system
and the generation units within it. Finally, the parameter β do also need to be set.
To estimate this parameter outgoing from historical data is certainly a challenge.
Instead β is set heuristically so that the reversion of the deviation from the function
π(t) is ”reasonably” quick.





Chapter 4

Price modeling

In this chapter, various techniques for modeling electricity prices are presented and
discussed. Models for day-ahead spot prices and real-time balancing prices are sug-
gested. This chapter contains contributions from publications III, IV and VI.

4.1 Introduction

R
esearch related to the topics of power price modeling is presented in this
section. As described in section 1.1, one of the main aims of the developed

price models is to be used in the creation of scenario trees reflecting new markets
situations with more wind power. Such scenario trees can e.g. be constructed by
adjusting historical time series or by Monte Carlo simulation. If using the Monte
Carlo simulation approach, the models must include a stochastic representation.

When discussing price modeling, simulation and forecasting, a number of possi-
ble modeling approaches exists. In [57] the author presents a classification of price
models according to the following:

• Cost based models; which simulate power markets by covering the demand
with the least possible cost.

• Equilibrium models; which are based on game theory and where Nash equilib-
ria are calculated. In power markets, Cournot models [58] are often applied.
More on equilibrium models in electricity market can be found in e.g. [59].

• Fundamental models; which consider technical and economical variables hav-
ing a great impact on the power prices as underlying factors.

• Quantitative models; which tries to capture the stochastic properties of power
prices over time. These models are often used within the context of risk
management and are typically based on stochastic differential equations such
as the Ornstein-Uhlenbeck process or jump diffusion processes [50], [51].

29
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• Statistical models; which can be direct results of load forecasting models or
implementations of stochastic models. Typical examples of statistical models
are ARMA1, ARMAX2 and GARCH3 models [60], [61], [62].

• Non-parametric models; which model prices with neural networks [63], fuzzy
logic etc.

Using this classification, the models presented in this chapter can be categorized as
fundamental or statistical models.

Day-ahead prices

Numerous articles and books have been published on the topic of modeling and
forecasting hourly day-ahead market prices. Apart from the already mentioned
book [57], reviews of various price models can be found in [64], [65], [66] and [67].

Quantitative models are often used in the context of risk management, as in
e.g. [68], [69] and [70].

Publications where statistical models concerning day-ahead prices have been
applied include e.g. [71], [72] and [73], in which ARMA and ARIMA4 processes
have been used. A model based on dynamic harmonic regression is presented in
[74]. GARCH models have been applied to day-ahead prices in e.g. [75] and [76].
However, these models do not consider any exogenous variables such as the demand.
Models including input signals are presented in e.g. [77] and [78], where day-ahead
market prices are modeled using the demand as the exogenous variable. The pa-
per [78] includes ARIMA models, input models based on dynamic regression, and
transfer functions.

The variations of ARMA and ARMAX processes are all linear models, which
might not always be able to capture the dynamics of the prices or the demand-
price dependence. Non-linear models can then be introduced. A general review of
non-linear time series models can be found in e.g. [79] and [80].

Real-time prices

Real-time balancing power prices have been subjected to much less attention com-
pared to day-ahead prices. One study is presented in [81], where an econometric
approach is used for analysis of the Nordic regulating power market in the current
market environment. This model describes the dependence between the day-ahead
market prices, the traded real-time balancing demands and the real-time balanc-
ing prices. However, the author does not perform any extrapolation for drawing
conclusions regarding, for example, the inclusion of wind power.

1AutoRegressive Moving Average
2AutoRegressive Moving Average with eXogenous variables
3General AutoRegressive Conditional Heteroscedasticity
4AutoRegressive Integrated Moving Averge
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4.2 Modeling day-ahead market prices

In this section, the day-ahead spot price model thoroughly described in publication
VI is presented5. The main idea in the day-ahead price model is to use the demand
as input signal in order to capture the cyclic price behavior. This demand can
be adjusted in order to simulate a situation with more wind power as described
in section 5.2. To be able to use the model for Monte Carlo simulation purposes,
the model includes a stochastic representation of the relation between demand and
price.

Modeling

In order to i) capture the dependence between the hourly day-ahead price Λt and
demand Ξt, and to ii) get a realistic distribution of Λt, the day-ahead price is
modeled as

Λt = eµ+Xt ∈ R+, (4.1)

where µ ∈ R+ is a scalar and Xt ∈ R+ is a stochastic process. Xt is modeled
according to

Φ[k](B)Xt = Ψ[k](Ξt) + Θ[k](Ξt)Zt, (4.2)

where B denotes the backshift operator, BXt = Xt−1; Φ[k](B) is a polynomial;
Ψ[k](Ξt) and Θ[k](Ξt) are algebraic functions; and Zt is a normally distributed noise
sequence, Zt ∈ N(0, 1). The superscripts [k] indicates that one such model is used
for each hour k of the 24-hours of one day. This to more accurately model the price
behavior during different parts of the day. Thereby, k = 1, 2, . . . , 24 and in terms
of the time index t, k can be expressed as k = t mod 24.

The functions Φ[k](B) are by necessity polynomials since these should reflect the
autocorrelations of Xt. In publication VI, also Ψ[k](Ξt) and Θ[k](Ξt) are modeled
by polynomials, but other functions could be applied as well. Hence, the following
expressions are used for Φ[k](B), Ψ[k](Ξt) and Θ[k](Ξt):

Φ[k](B) = 1 −

P[k]∑

i=1

φ
[k]
i B

i, (4.3)

Ψ[k](Ξt) = ψ
[k]
0 +

Q[k]∑

i=1

ψ
[k]
i Ξit, (4.4)

Θ[k](Ξt) = θ
[k]
0 +

R[k]∑

i=1

θ
[k]
i Ξit. (4.5)

5This publication also includes a model of real-time balancing prices, which is described in
section 4.3.
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The model orders are the polynomial degrees (P [k],Q[k],R[k]) for each k = 1, . . . , 24.
Note that this model of Λt considers the mean to be function (i.e. non-constant) of
the demand Ξt, and that the volatility also is a function of Ξt.

Parameter estimation

The estimation of model parameters is performed by existing methods that have
been adapted for this specific model. In the estimation process, it is assumed
that there exist N demand-price pairs (ξt, λt) representing a sufficiently long time
period. From these data pairs, (ξt, xt) with xt = lnλt − µλ, where µλ denotes the
mean of λt, are calculated. The model parameter estimation is performed in two
main steps:

i) Estimation of the degrees and coefficients of Φ[k](B) and Θ[k](Ξt).

ii) Estimation of the degrees and coefficients of Θ[k](Ξt).

Starting with the first step, the model orders P [k] and Q[k] are set by studying
scatter plots of (ξt, xt), and the sample autocorrelation (ACF) and partial autocor-
relation (PACF) functions of λt. The estimation of the coefficients is then performed
by minimizing the sum of squares of the one-hour-ahead forecast errors. This can
be performed by the following equations:

min
b

(x − x̂)T(x − x̂), (4.6)

where b = (b[1]b[2] . . .b[24])T is the vector of unknown parameters with

b[k] =
(
φ

[k]
1 . . . φ

[k]

P[k] ψ
[k]
0 . . . ψ

[k]

Q[k]

)T
. (4.7)

x contains the historical data

x = (x1 x2 . . . xN )T, (4.8)

and x̂ is given by x̂ = Ab where

A =




A1 0 . . . 0
0 A2 . . . 0
...

. . .
...

0 0 . . . A24

A25 0 . . . 0
0 A26 . . . 0
...

. . .




(4.9)

with
At =

(
xt−1 xt−2 . . . xt−P[k] ξ0t ξ

1
t . . . ξ

Q[k]

t

)
. (4.10)
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Thereby, x̂ are the one-hour ahead estimators of x.

Concerning the estimation of Θ[k](Ξt), the square root of the conditional vari-
ance of Xt can be expressed as

(
Var[Xt|Ξt, X1, . . . , Xt−1]

) 1
2 = Θ[k](Ξt). (4.11)

The corresponding estimation data consist of pairs (ξt, rt), where rt ∈ R+ are the
absolute residuals calculated as rt =

√
(xt − x̂t)2. The coefficients of Θ[k](Ξt) can

now be estimated individually for each k = 1, . . . , 24 according to the following:

min
c[k]

(r[k] − r̂[k])T(r[k] − r̂[k]) (4.12)

where r[k] contains the elements in r corresponding to the hours t = k, 24+k, 48+k,
etc. c[k] is the parameter vector

c[k] =
(
θ
[k]
0 θ

[k]
1 . . . θ

[k]

R[k]

)T
(4.13)

and r̂ is given by r̂[k] = A[k]c[k] where

A[k] =




ξ0k ξ1k . . . ξR
[k]

k

ξ024+k ξ124+k . . . ξR
[k]

24+k
...


 . (4.14)

4.3 Modeling real-time balancing market prices

The proposed models for modeling real-time balancing market prices are presented
in detail in publications III, IV and VI. The model in III is also applied in publica-
tion II. Different modeling approaches have been applied in the developed models:

• Model P1: Fundamental model based on quadric functions. This model does
not include any stochastic relations, but uses input signals consisting of real-
time balancing demands and day-ahead prices. Presented in publication IV.

• Model P2: Statistical model based on Markov and SARIMA6 processes. This
model treats the prices as stochastic endogenous variables. Hence, no input
signals are used. Described in detail in publication III.

• Model P3: Statistical model based on non-linear time series analysis including
exogenous variables. Thus, this model encompasses both stochastic relations
and input signals consisting of real-time balancing demands. Thoroughly
described in publication VI.

6Seasonal AutoRegressive Integrated Moving Average.
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The hourly real-time balancing prices have some special characteristics. For
each hour, one upward and one downward real-time balancing price can be defined.
But they must not be defined if no corresponding demand exists. Therefore, the
real-time price for a specific hour t is represented by the parameters (At, Bt) where
Bt ∈ {0, 1} defines whether the price is defined or not:

Bt = 1 ⇔ price is defined
Bt = 0 ⇔ price is not defined.

(4.15)

Four different states of of Bt for upward and downward balancing can then be
defined for a specific hour t:

1. (B↑
t , B

↓
t ) = (0, 0),

2. (B↑
t , B

↓
t ) = (0, 1),

3. (B↑
t , B

↓
t ) = (1, 0),

4. (B↑
t , B

↓
t ) = (1, 1).

In the Nordic system, typically state 2. and 3. are the most common ones, i.e. during
the hour, one type of balancing was performed7. If Bt = 1 for upward or downward
balancing, the corresponding price level is defined by the continuous parameter At.
The presented model does not prerequisites any bounds on At, implying that also
negative prices are assumed allowed. Hence, At ∈ R.

In e.g. hydropower systems, the number of hours that the real-time balancing
prices remain in the different states is of interest. This because of possible energy
limitations in the reservoirs.

Model P1: Fundamental model

The model presented in publication IV consists of two major part: i) An energy
quantity model, and ii) a price adjustment model. Here, the price model used for
adjusting the real-time balancing prices in ii) is presented. The quantity adjust-
ment model is presented in section 3.2 (model D1). These models are applied in
simulations of the impact of wind power on real-time prices in section 5.3.

The developed price model uses the following as input signals when calculating
the real-time balancing prices:

• Day-ahead market prices λt.

• Real-time balancing market demands (γ↑t , γ
↓
t ).

7During 2005, the percentage of the various states became the following in the Swedish system:
State 1: 22%; state 2: 35%; state 3: 42%; and state 4: 1%.
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In publication IV, the balancing demands are generated by the energy quantity
model presented in the article, but from the price model point of view, these de-
mands can originate also from other sources.

The intermittent behavior of the real-time price is given directly from the de-
mand as

bt = I(γt>0). (4.16)

Hence, any demand greater than zero result in bt = 1.
If defined, the model calculates the real-time balancing prices using quadric func-

tions of the day-ahead price and the hourly real-time balancing demands. Hence,
the model of at can be expressed as

f(λt, γt) = c0 + cλ1λt + cλ2λ
2
t + cγ1γt + cγ2γ

2
t . (4.17)

Thereby, if bt = 1, the real-time price a specific hour is entirely defined by the
day-ahead price and the real-time balancing demand for that hour. Hence, the
proposed model uses deterministic relations between the output and input. The
model parameters (c0, c

λ
1 , c

λ
2 , c

γ
1 , c

γ
2) can be estimated by applying the least square

method.

Model P2: SARIMA and Markov processes

The model proposed in publication III is based on SARIMA and Markov processes,
where the Markov process simulates the intermittent behavior of the real-time mar-
ket prices, i.e. the process {Bt}. Thereby, this model includes stochastic variables,
but does not consider any input signals.

Modeling

The states in the Markov model consist of the different possible combinations of
(B↑

t , B
↓
t ). The transition probabilities are dependent on the number of hours the

process has remained in the current state, and hence non-time-homogenous transi-
tion probabilities between states are used. These probabilities are denoted {pkij},
where k is the number of time steps that process has remained in the current state.
Thereby, a number of transition matrices are associated with the Markov process:

Pk =

(
pk11 pk12
pk21 pk22

)
, k = 0, 1, . . . . (4.18)

The SARIMA process considers the case when the prices are defined, i.e. the
process {At}. To handle the strong correlation with the day-ahead spot prices, the
differences between the day-ahead spot prices and the real-time balancing prices
are considered. Lets introduce

∆t = At − Λt. (4.19)
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Note that ∆↑
t ∈ R+ since the upward price always must be greater than or equal to

the spot price according to the assumed market structure, and that correspondingly
∆↓
t ∈ R−.

Historical data shows that the distributions of ∆↑
t and ∆↓

t typically are asym-
metric. This, together with the bounds of the ∆t:s stated above, makes is suitable
to model the logarithm of the price differences. Let Υt denote the following:

Υ↑
t = ln(∆↑

t + ǫ) ∈ R+, (4.20)

Υ↓
t = ln(−∆↓

t + ǫ) ∈ R+, (4.21)

where ǫ ∈ R+ is arbitrary small and is introduced to handle the case ∆t = 0. The
SARIMA model of Υt can be expressed as

Φ(Bs)φ(B)∇D
s ∇

d(Υt −mΥ) = Θ(Bs)θ(B)Zt, (4.22)

where ∇D
s = (1 − B

s)D, ∇d = (1 − B)d and Φ(Bs), φ(B), Θ(Bs) and θ(B) are
polynomials according to the following:

Φ(Bs) = 1 − Φ1B
s − ΦsB

2s − . . .− ΦPB
Ps,

Θ(Bs) = 1 + Θ1B
s + Θ2B

2s + . . .+ ΘQB
Qs,

(4.23)

and
φ(B) = 1 − φ1B − φ2B

2 − . . .− φpB
p,

θ(B) = 1 + θ1B + θ2B
2 + . . .+ θqB

q.
(4.24)

Further, Zt is a noise sequence, Zt ∈ N(0, σZ), and mΥ denotes the expectation of
Υt. Thereby, ∆t are log-normally distributed.

Parameter estimation

The estimation of the transition probabilities of the Markov process and the param-
eters of the SARIMA model are performed by applying data series of λt, (a↑t , b

↑
t )

and (a↓t , b
↓
t ). From these data, series (υ↑t , b

↑
t ) and (υ↓t , b

↓
t ), where υ↑t = ln(a↑t −λt+ǫ)

and υ↓t = ln(−a↓t + λt + ǫ), can be calculated. Thereby, υ↓t and υ↑t are estimation

data corresponding to the stochastic processes Υ↓
t and Υ↑

t .
Considering the Markov process, the transition probability matrices Pk can be

estimated by enumeration of the various states occurring in the estimation data.
The estimation of the SARIMA models consists of two steps: First the model

orders (p, d, q) and (P ,D,Q) are estimated, followed by the estimation of Φi, φi,
Θi, θi and σZ . The model orders are set by studying the sample autocorrelation
function (ACF), ρ̃(h), and the sample partial autocorrelation function (PACF),
φ̃hh, as described in e.g. [60], [61] and [62].

When calculating ρ̃(h) and φ̃hh for a given series, the occasions where no prices
are defined, i.e. bt = 0, should not be considered. This because the SARIMA model
should consider the defined prices only. Therefore, given a time series {υt, bt}, the
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sample auto covariance function (ACVF), γ̃(h), of the balancing prices for lag h is
calculated as

γ̃(h) =
1

∑T
t=1 bt

T−h∑

t=1

(υt − µυ)(υt+h − µυ)btbt+h, (4.25)

where µυ denotes the mean value of υt. By using values for γ̃(h) obtained by
applying (4.25), values for ρ̃(h) and φ̃hh can be calculated by using conventional
methods [61], [62].

Now, for convenience let b be the parameter vector

b = (Φ1 . . .ΦP φ1 . . . φp Θ1 . . .ΘQ θ1 . . . θq). (4.26)

The model parameters in b are estimated by applying an extension of the Yule-
Walker estimation method [61]. The applied estimation method minimizes the
square errors between i) the model and sample ACFs, and ii) the model and sample
PACFs. I.e.

min
∑

h∈H

ch
(
ρ(h) − ρ̃(h)

)2
+ dh

(
φhh − φ̃hh

)2
, (4.27)

where ρ(h) and φhh are the model ACF and PACF, ch ∈ R+ and dh ∈ R+ are
chosen weights and H is the set of lags that are considered in the estimation. The
expression in (4.27) does not ensure that the resulting SARIMA model becomes
causal and invertible, i.e. that the roots of Φ(z)φ(z) = 0 and Θ(z)θ(z) = 0 lies
outside the unit circle. Constraints corresponding to these requirements can be
added to the minimization problem, or at least, these properties must be checked
afterwards.

What now remains is the estimation of the volatility parameter σZ . This
can be estimated by studying the variance of the SARIMA process. By letting
Φ′(z) = Φ(z)φ(z) with associated coefficients φ′1, . . . , φ

′
P+p and Θ′(z) = Θ(z)θ(z)

with coefficients θ′1, . . . , θ
′
Q+q, the variance of the SARIMA process can be expressed

Var[Υt − µΥ] = σ2
Z

t∑

i=0

ψ′
i, (4.28)

where ψ′
i:s are given by

(ψ′
0 + ψ′

1z + . . .)(1 − φ′1z − . . .− φ′P+pz
P+p) = (1 + θ′1z + . . .+ θ′Q+qz

Q+q). (4.29)

Thereby, the ψi coefficients are functions of Φi, φi, Θi and θi, and thus known at
this stage. By setting the left-hand side to the sample variance calculated with
estimation data, the expression in (4.28) constitutes a linear system of equation
which can be solved by applying the least square method.
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Model P3: Non-constant mean and volatility model

In publication VI, models based on non-linear time series of day-ahead spot and
real-time balancing prices are described. The day-ahead spot market price model is
presented in section 4.2. The model of the real-time prices published in publication
VI has similarities with the model of the day-ahead prices. One of the similarities
lies in the available information regarding demands. Here, the hourly demands
for real-time balancing power, denoted (Γ↑

t ∈ R+,Γ
↓
t ∈ R+), are assumed known.

These demands can be retrieved by e.g. applying the models presented in chapter
38. Thereby, the proposed model includes both a stochastic relation between price
and demand, and input signals.

Modeling

The intermittent characteristics of the real-time balancing prices, modeled with the
process {Bt}, is given directly by the demand as

Bt = I(Γt>0). (4.30)

Similar as for the case when using SARIMA and Markov processes in model
P2 above, the differences between the hourly spot prices and real-time balancing
prices are considered in the modeling. Hence, it is assumed that the spot prices are
available when simulating the real-time prices. Let ∆t denote the price difference

∆t = At − Λt. (4.31)

Depending on the market rules, ∆t can either be bounded or ∆t ∈ R. Here, the
assumptions ∆↑

t ∈ R+ and ∆↓
t ∈ R− are made in accordance with the market rules

that are applied in the Nordic system.
The distribution of ∆t is typically not symmetric. This together with the possi-

bility of avoiding situations with ∆↑
t < 0 and ∆↓

t > 0 motivates that ∆t is modeled
as

∆↑
t = eπ

↑+O↑
t , (4.32)

∆↓
t = −eπ

↓+O↓
t , (4.33)

where π ∈ R+ are scalars and Ot ∈ R are stochastic processes.
If studying historical data consisting of demand-price difference pairs (γt, ot), it

can be seen that there exist possible dependencies between the mean of ot and γt,
and also between the volatility of ot and γt. However, the price autocorrelations are
captured by the autocorrelations in the demand. Thus, no autoregressive part is
included in the modeling of Ot as it is for the corresponding model of the day-ahead
prices. Ot is therefore modeled as

Ot = Ψ[k](Γt) + Θ[k](Γt)Zt, (4.34)

8These models are described in detail in publications IV and V.
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where Ψ[k](Γt) and Θ[k](Γt) are algebraic functions, and Zt is white noise Zt ∈
N(0, 1). The superscripts [k] indicates that there are one model for each hour of
the day, i.e. k = 1, 2, . . . , 24 in order to get a more realistic behavior of the models.
The functions Ψ[k](Γt) and Θ[k](Γt) can be chosen somewhat arbitrarily. Here, as
in the case for the day-ahead spot price, polynomials of degree Q[k] and R[k] are
used:

Ψ[k](Γt) = ψ
[k]
0 +

Q[k]∑

i=1

ψ
[k]
i Γit, (4.35)

Θ[k](Γt) = θ
[k]
0 +

R[k]∑

i=1

θ
[k]
i Γit, (4.36)

where ψ
[k]
i , i = 0, . . . ,Q[k] ∈ R and θ

[k]
i , i = 0, . . . ,R[k] ∈ R.

Parameter estimation

In the estimation of the real-time balancing price models for upward and downward
balancing, estimation data consisting of N samples of (γ↑t , a

↑
t ) and (γ↓t , a

↓
t ) and the

corresponding spot prices λt are assumed available. From these data the δt = at−λt
are calculated for upward and downward balancing and further the pairs (γ↑t , o

↑
t ) =

(γ↑t , ln δ
↑
t − π↑) and (γ↓t , o

↓
t ) = (γ↓t , ln−δ↓t − π↓) can be formed. The estimation can

then be performed by applying similar estimation methods as for the day-ahead
spot price model described in section 4.2.





Chapter 5

Wind power and market prices

In this chapter, the impact of wind power integration on day-ahead spot and real-
time balancing prices is discussed. This chapter contains contributions from publi-
cations IV and VI

5.1 Introduction

T
he main aim of the models presented in this chapter, is to simulate the impact
of wind power on day-ahead and real-time power prices. The considered price

models in this chapter use demands as input signals. The impact of wind power
can be simulated by adjusting these demands. This implies that the impact of
wind power on market prices is modeled by extrapolation of the current market
situation. This is a reasonable assumption if considering moderate amounts of new
wind power.

The main idea is to apply the models proposed in this chapter in the construc-
tion of scenario trees, which then will work as input to hydropower scheduling
problems. By running these scheduling problems, the actions of hydropower pro-
ducers in systems with wind power can be simulated. The construction of scenario
trees requires scenarios, which can consist of either historical time series or simu-
lated data. Since no time series exist for a future market situation with e.g. more
wind power, the historical series need to be adjusted to reflect the considered case.
If using simulated prices, the input to the simulation model should reflect the new
market situation. The main course of action applied in this thesis to create sce-
nario trees, includes Monte Carlo simulation for generation of scenarios. Hence,
most of the models presented in this chapter encompass a stochastic representa-
tion. However, a model for adjustment of historical real-time market prices to new
wind power is also presented.

Concerning wind power and markets, previous research has focused on trading
from a wind power perspective as in e.g. [54], [82] and [83]. The models presented
in these papers consider the case of a price-taking wind power producer and not

41
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the impact of the wind power on the market prices. The impact on the day-ahead
market have previously been studied in [84] and [85]. These models however lack a
stochastic representation and are therefore not suitable for Monte Carlo simulation
purposes. However, they can still be used for adjusting data according to new
wind power. Articles concerning imbalances caused by wind power includes [41]
and [42] where the impact of wind power on hourly balancing demands is analyzed.
Also these papers lack a stochastic representation of the prices. An analysis on the
impact on the minute-to-minute variations in wind power production on the system
operation is presented in [43].

5.2 Day-ahead market prices

The impact of wind power on day-ahead spot market prices is simulated in publi-
cation VI. The price that is used in this section has previously been described in
4.2. Therefore, the model itself will not be repeated here.

The price model uses the demand as input signal when simulating the price. To
analyze the impact of wind power, two cases are run:

• Case #1: Without wind power.

• Case #2: With wind power.

In the first case, given hourly demands are used. These can consist of historical
data or be the results of simulations. When adding wind power in case #2, these
demands are reduced in order to simulate the decreased production in the high cost
units, i.e. thermal units. This is performed under the assumption that the bids
corresponding to wind power production always are accepted. This is a reasonable
assumption since the operational costs for wind power production are very low
compared to other power sources.

The question then arises how much the demands in case #1 should be decreased
in case #2. The answer is that the demands should be reduced by the total quantity
of the bids corresponding to wind power. If assuming that the wind power owners
bid according to forecasts1, these quantities becomes Ŵ 12

1 , Ŵ 13
2 , . . . , Ŵ 35

24 . I.e. the
forecasts of the total hourly wind power production performed right before noon
the day before the day of delivery, which is the latest time that the bids must be
submitted to the day-ahead market. Hence, for case #1

Λ#1
t = eµ+X#1

t , (5.1)

where X#1
t is given by

Φ[k](B)X#1
t = Ψ[k](Ξ#1

t ) + Θ[k](Ξ#1
t )Zt. (5.2)

1Bidding according to forecasts is not always the most beneficial for wind power owners. Other
approaches exist [54].
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For case #2, let

Ξ#2
t = Ξ#1

t − Ŵ 11+t
t . (5.3)

Thereby can the price in the second case be expressed by similar expressions as for
the firs case:

Λ#2
t = eµ+X#2

t , (5.4)

where X#2
t is given by

Φ[k](B)X#2
t = Ψ[k](Ξ#2

t ) + Θ[k](Ξ#2
t )Zt. (5.5)

Note that the model parameters remain the same between the two cases, implying
that the simulation of case #2 is an extrapolation of the situation in case #1.

5.3 Real-time balancing market prices

The impact of wind power on real-time balancing prices has been modeled in pub-
lication IV and VI. Two main approaches has been applied:

• Model W1: In publication IV, a deterministic model for adjustment of real-
time prices according to new wind power production is presented. Determin-
istic here refers to the relation between the demand and the price, which is
modeled by deterministic functions.

• Model W2: Publication VI contains a stochastic model and a case study
where the price model is used for simulation of the impact of added wind
power. Stochastic refers to that the price-demand relation is modeled using
stochastic processes.

Model W1: Deterministic modeling

The model proposed in publication IV includes a quantity model presented in 3.2
and a price model described in 4.3 (model P1). Here, the application of these
models on the impact of wind power on real-time prices is described. It is not
necessary to consider exactly this combination of models: Other sources of real-
time balancing demands can be used, or other price models can be applied to the
generated demands. However, the description below considers the model setup as
presented in publication IV.

A flowchart including the energy quantity and price change models is illustrated
in Figure 5.1. The following is required as input into the model:

• Wind power forecast errors, wt ∈ R.

• Real-time balancing demands (γ↑t ∈ R+, γ
↓
t ∈ R+).

• Day-ahead spot market prices, λt ∈ R+.



44 CHAPTER 5. WIND POWER AND MARKET PRICES

+

Price change estimation model
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+
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,
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Figure 5.1: Flowchart for model in publication IV. The quantity calculation model
is described in 3.2 and the price change model is based on the model presented in
4.3 (model P1).

• Real-time balancing prices, (a↑t ∈ R+, b
↑
t ∈ {0, 1}) and (a↓t ∈ R+, b

↓
t ∈ {0, 1}).

As previously described in 3.2 and 4.3 (model P1) do neither the energy quantity
model nor the price adjustment model include any stochastic modeling. Hence,
publication IV only consider deterministic relations. Furthermore, the proposed
model considers all demands as hourly energy levels. The main idea in the paper
is to take historical real-time balancing prices and adjust these to reflect a future
situation with significantly more wind power.

The adjusted real-time balancing demands γ̃↑t and γ̃↓t , calculated according to
methods presented in 3.2, are together with the day-ahead prices used as input
to the price change model. The price change model encompasses the price model
described in 4.3 under the description of model P1.

The main aim of publication IV is to calculate the change in real-time balancing
prices if integrating more wind power in the system. The correspondingly adjusted
real-time balancing prices are denoted (ã↑t , b̃

↑
t ) and (ã↓t , b̃

↓
t ). The b̃t:s are given

directly from γ̃t as
b̃t = I(γ̃t>0). (5.6)

Let f(λt, γ̃t) denote the quadric price function described in 4.3. In situations where
the original bt = 0, i.e. the no at was defined, will ãt = f(λt, γ̃t). In situations
where bt = 1, i.e. the at was defined, will instead ãt = at + δ(λt, γt,∆γt) where

δ(λt, γt,∆γt) = f(λt, γt + ∆γt) − f(λt, γt). (5.7)

δ(λt, γt,∆γt) thereby represents the price change when the demand changes from
γt to γt + ∆γt.
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Thereby, by applying the models presented in 3.2 and 4.3 (model P1), the impact
of wind power on real-time market prices can be estimated.

Model W2: Stochastic modeling

The above presented model W1 uses deterministic function to simulate the impact
of wind power on real-time prices. The second model described below instead use
stochastic relations between demand and price. In chapter 4, two stochastic models
of real-time balancing prices are presented: One based on SARIMA and Markov
processes2 (model P2) and one based on non-linear time series3 (model P3). Both
are suitable for Monte Carlo simulations because of their stochastic representations.
However, model P2 requires price data reflecting the market situation that will
be simulated for estimation of the model parameters. If possible future market
situations will be simulated, such data do not exist. Therefore, price model P3
together with demand simulation model D24 presented in 3.3 forms a more suitable
approach for such simulations.

In order to handle the impact of the inclusion of wind power into the power
system, the demands Ξt and (Γ↑

t ,Γ
↓
t ) need to be adjusted in order to capture the

changes. Considering Ξt this is discussed earlier in this chapter (see 5.2). (Γ↑
t ,Γ

↓
t ),

can be simulated for various production mixes by applying the models presented in
3.3, model D2. The model D2 produces series with an arbitrarily small time step of
the continuous demand for balancing power, D(t). By running D2 for the following
cases, the impact of wind power on the need for balancing power can be simulated:

• Case #1: Without wind power.

• Case #2: With wind power.

Hence, the resulting series of D#1(t) and D#2(t) reflects the continuous demand
for balancing power for the cases without and with wind power.

If assuming that the frequency control capacity is always restored within each
individual hour, the demands on the real-time market can be calculated as

Γ↑
t = −

∫ t+1

t

I(D(s)<0)D(s)ds ∈ R+, (5.8)

Γ↓
t =

∫ t+1

t

I(D(s)>0)D(s)ds ∈ R+. (5.9)

(Γ↑
t ,Γ

↓
t ) thereby denotes the balancing demand in MWh/h for hour t. The following

can be noted considering the pairs (Γ↑
t ,Γ

↓
t ):

• Both the demand for upward and downward balancing are non-negative.

2Described in publication III.
3Described in publication VI.
4This model is based on SDEs and is further described in publication V.
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• The calculation of (Γ↑
t ,Γ

↓
t ) implies that Γ↑

tΓ
↓
t ≡ 0 for all hours. Hence, bids

corresponding to both upward and downward will never be accepted the same
hour.

By performing these calculations for case #1 and case #2, demands (Γ↑#1
t ,Γ↓#1

t )

and (Γ↑#2
t ,Γ↓#2

t ) are retrieved. These can then be used directly in price model P3,
or be used to calculate the changes in demand, which in turn can be added to the
demands used in case #1.

The real-time balancing price model also requires day-ahead spot market prices
for the two cases. For case #1, these can either consist of historical time series, or
be the result of simulations. For case #2, these can be retrieved as described in
section 5.2.



Chapter 6

Hydropower scheduling

In this chapter, the developed hydropower scheduling models are presented. These
models include physical properties and limitations of the hydro system, and matters
related to trading of electricity. The aim of the models is to generate bids or bidding
strategies to the day-ahead and real-time markets. The scheduling model presented
in publications I is included in this chapter. The chapter also includes a previously
unpublished scheduling model.

6.1 Introduction

T
his chapter presents models for short-term hydropower bidding optimization
considering the real-time and day-ahead markets. Two different models are

presented: One considering bidding on the real-time market where the day-ahead
market prices and traded energy quantities are assumed known; and one optimizing
the bids to the day-ahead market while considering trading on the real-time market.

Hydropower scheduling

Hydropower planning is performed on various time horizons, including

• Long-term, which considers time horizons of several years. The aim here is
to decide the storage of water in various reservoirs between different seasons
and years.

• Mid-term planning, which has a time-horizon of typically 1 year. Here, the
reservoir contents for the different weeks are decided.

• Short-term planning, where the hourly operation of the hydro stations is
decided for the next 24-48 hours.

This is a topic where a significant amount of research has been performed rang-
ing from early work such as [86] and [87]; Ph.D. theses [88], [89] and [90]; to more
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recently published research articles including [91], [92], [93], [94] and [95]. This
thesis considers physical trading of electricity for a maximum of 36 hours ahead,
and therefore the focus will here be on short-term planning problems. Models for
long-term and mid-term planning can be found in e.g. [96], [97], [98] and [99].

Considering short-term planning problems, two main problem categories can be
defined:

i) Planning of the bidding to various market places for a number of hours ahead.
Here the objective is to maximize the expected utility of trading of power.

ii) Planning of the operation given the production for a number of hours ahead.
The objective is to use the available water as efficiently as possible, i.e. max-
imize the value of stored water at the end of the planning period.

Starting with the second, this is performed after that the accepted bids to the
day-ahead market have become known, i.e. the amounts of power that should be
produced are known. An example of such a planning problem can be found in [100].
Scheduling of type i) is typically performed before submitting bids to the day-ahead
market. Examples of such short-term planning problems can be found in [101] and
[102]. One should bare in mind that these two types of problems often coincide;
a hydropower producer can have certain contracts of delivery with consumers that
must be fulfilled, and in addition to this has the opportunity to bid into markets.

Since the liberalization of power markets was introduced, the need for decision
support tools considering hydropower planning has increased. This is due to the
need for management of the financial risks that the producers are subjected to.
These risks mainly originates from uncertainties in inflows into the hydro systems
and uncertain market prices. In short-term planning problems considering trading,
the price uncertainty is much more significant than the inflow uncertainty; the
uncertainties in inflows are quite low on the short-term time scale.

Scenario trees

Hydropower planning problems are often formulated as optimization problems [6].
To manage risks within the planning problem, stochastic representations of the un-
certain properties, such as inflows and prices, are required. The introduction of
stochastic variables results in problems referred to as stochastic programming prob-
lems [7], [8]. However, such problems can not be solved1 with stochastic variables
having continuous distributions. These must be approximated with discrete distri-
butions with a limited number of outcomes. This approximation if often achieved
by construction of a so-called scenario tree, which is a finite approximation of the
stochastic variables. A scenario tree consists of nodes connected by arcs associated
with certain probabilities. A schematic illustration of this can be found in Figure

1Except for a few trivial cases, there currently does not exist any solution method for opti-
mization problems where stochastic variables can be handled directly [7].
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Figure 6.1: A fan of scenarios (left) and a tree structure (right).

6.1. Typically, decisions are made in the nodes while the arcs correspond to possible
outcomes of the stochastic variables.

The scenario tree should capture the relevant stochastic properties in order to
get robust optimization results. Hence, a good quality of the scenario tree is of great
importance [103]. In order to achieve this, either a large scenario tree is required,
which has the disadvantage of long execution times of the optimization problem,
or a ”smart” way of picking relevant scenarios and associating these with appropri-
ate probabilities is needed. There exist several approaches for the construction of
scenario trees, whereof one consists of the following steps:

Step 1: Generate a great number of scenarios, alternatively use a great number of
historical data series. This results in a fan of scenarios.

Step 2: Create a scenario tree by reducing the number of scenarios by aggregation
at the various nodes. This should be performed while preserving the stochastic
properties of the tree.

The first step can be achieved by applying e.g. the models described in chapters
3, 4 and 5. The second step can be performed by applying a scenario reduction
algorithm described in [104] and [105]. For more information on generation of
scenarios for stochastic programming problems, see e.g. [103].

Depending on the properties of the optimization problem, different properties
of the scenario tree vary in importance. One such property is branching in the tree.
In Figure 6.1, the principles of scenario fans versus a tree structure are illustrated.
If considering multi-stage problems, where decisions at time t are taken depending
on the outcomes of the stochastic variables up to time t, the tree needs to branch
in each node in order to capture the uncertainties for each decision. If using a fan
of scenarios, the decision maker will not be subjected to any uncertainties except
in the decisions taken in t = 0. If applying the scenario tree construction described
by step 1 and 2 above it is therefore important to ensure that branching is indeed
performed in the nodes of the resulting tree.
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Risk management

Risk management can be implemented in many ways, but there exist two main
courses of action to handle risks as a power producer:

i) Hedging market risks associated with e.g. electricity and fuel prices by using
financial derivatives for the underlying assets.

ii) Change operational decisions, i.e. use production resources such as reservoirs
to manage market risks.

The term integrated risk management refers to performing both of these simulta-
neously [93]. Various contributions have been published on this topic, including
[68], [69], [97], [98], [106] and [107]. A review on integrated risk management in hy-
dropower systems can be found in [108], and more on risk management and power
production can be found in [109].

Scheduling models including risk management can be based on Markowitz’s
portfolio selection [110]. This can be performed by viewing the available production
resources and trading possibilities, including financial derivatives, as investments
with certain rates of returns and covariances. This approach is applied in e.g. [107],
[111] and [112].

Maximization of a utility function [58], [113] reflecting the risk willingness of
the producer, is a risk management approach applied in e.g. [70] and [112]. One
challenge here is to find a suitable utility function reflecting the risk behavior of the
producer. A special utility function is to maximize the expectation of the surplus,
which reflects a risk-neutral producer.

In the portfolio optimization problem, incorporating both physical and financial
trading, a quantitative risk measure is required. In the classical Markowitz model,
the variance is used to quantify risk. Better measures have though been developed,
such as value-at-risk (VaR) or conditional value-at-risk (CVaR) in their different
forms. Given a specific portfolio, VaR is the answer to the question ”What is the
minimum loss incurred in the A% worst cases?”, while the corresponding question
for CVaR is ”What is the expected loss incurred in the A% worst cases?”. VaR
and CVaR are illustrated in Figure 6.2.

VaR, which is applied in e.g. [68], has some serious disadvantages in an opti-
mization framework if the prices are not Gaussian distributed [114]. Further, VaR
is not a coherent risk measure [115] and is intractable if the computations are based
on scenarios. CVaR on the other hand can be calculated by means of linear expres-
sions for discrete stochastic variables, and is therefore more suitable in a stochastic
programming framework [114], [116]. CVaR is applied in e.g. [97], [117] and [118].
VaR, CVaR and hedging in energy trading is reviewed in [119].

More on risk management in electricity markets can be found in [27].

6.2 The planning problem

In this section, two short-term hydropower scheduling models are described:
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1 − β

V aRβ

CV aRβ = E[x|x < V aRβ]

Figure 6.2: Value-at-risk and conditional value-at-risk at risk level β. The curve is
the distribution function of the surplus.

• Model H1: The first is presented in publication I and considers trading on
the real-time balancing market. Hence, this model assumes that the trades
on the day-ahead spot market are known. The decisions are how to bid on
the real-time market. This is performed after that the day-ahead market has
closed.

• Model H2: The second is previously unpublished and considers allocation of
energy to the day-ahead spot market and to the real-time balancing market.
Hence, here the decisions are how to bid into the day-ahead market while
considering the real-time market. This is performed before the day-ahead
market has closed.

Both these models are based on stochastic programming where prices are considered
as stochastic variables. In model H1, the prices on the real-time market are assumed
stochastic and the day-ahead market prices are assumed known. In model H2, the
prices on the day-ahead and real-time markets are assumed stochastic.

Trading on the the real-time balancing market results in multi-period decision
problems. The reason for this is the assumed market rules, where bids to the
real-time market can be submitted close to the start of the hour. This leads to
successively taken decisions shortly before the start of each operational hour. The
situation for trading on the day-ahead spot market is different since all bids for all
hours of the next day are submitted at the same time. Hence, if only considering
trading on the day-ahead market, the resulting problem will be a single-period
problem.

The proposed optimization problems assumes the presence of a scenario tree
representing the considered stochastic variables. The following notation is used in
this chapter for parameters and variables associated with hydropower scheduling:

T Last hour in the planning.
T Set of hours included in the problem. T = {1, 2, . . . , T}.
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I Set of hydro stations.
Ji Set of hydro stations directly upstream of i.
S Set of scenarios.
xi,s,t Reservoir contents in reservoir i, scenario s, at the end of hour t.
ui,s,t Discharge through the turbines in station i, scenario s, during hour t.
si,s,t Spillage in station i, scenario s, during hour t.
vi,t Local inflow to reservoir i during hour t.

Model H1: Optimal bidding on the real-time market

Below, a description of model H1 is presented. This model generates bidding strate-
gies for the real-time market, which are represented by continuous functions reflect-
ing the relation between the volume and the price. The main aim of the model is
to generate optimal bidding strategies for the next hour. It is assumed that the
producer is committed to generate certain amounts of electric energy during the dif-
ferent hours in the planning due to bilateral contracts or trading on the day-ahead
spot market. The following is considered:

• The production resources consist of a hydro system owned by one single pro-
ducer.

• The planning spans over a number of hours of the current day. Hence, the
day-ahead spot market prices are known.

• Trading on the real-time balancing market is included.

• The risks that the producer is subjected to are related to uncertain prices.
Hence, the real-time balancing power prices are assumed to be stochastic
variables.

The model assumes that a scenario tree of realization of the stochastic processes
(A↑

t , B
↑
t ) and (A↓

t , B
↓
t ) is available. Thus, the set {a↑s,t, b

↑
s,t, a

↓
s,t, b

↓
s,t}s∈S ,t∈T is

given. This tree can be generated by e.g. applying the models presented in chapters
3, 4 and 5, which are further presented in publications III–VI.

When creating the scenario tree, the available price information at the present
time must be considered. For a specific time t, the last available real-time market
prices is the price of hour t−2. Hence, if optimization will be performed right before
hour 12, the available real-time market price information consists of prices up to
hour 10. This must be considered when randomizing scenarios for the scenario tree.

Objective

Since the aim of model H1 is to optimize the bidding strategies to the upward and
downward real-time balancing markets, the trades on these markets are incorpo-
rated into the objective function. This function also includes the value of stored



6.2. THE PLANNING PROBLEM 53

water at the end of the planning period. Thereby, the objective can be expressed
as

max
Θ

∑

s∈S

ps

( ∑

t∈T

a↑s,tγ
↑
s,t − a↓s,tγ

↓
s,t +

∑

i∈I

hi(xi,s,T )
)
, (6.1)

where Θ is a vector including all optimization variables, ps is the probability of
scenario s, and hi(xi,s,T ) is the value of stored water in reservoir i at the end of the
planning period.

Constraints

Since the model considers trading on the upward market (selling power) and the
downward market (purchasing power), the load balance can be expressed as

ξt + γ↑s,t − γ↓s,t =
∑

i∈I

gi(ui,s,t) ∀i ∈ I , ∀s ∈ S , ∀t ∈ T (6.2)

where gi(ui,s,t) are the generation functions for the stations, which are modeled by
piecewise linear approximations. Note that since the problem is of a multi-stage
type, the real-time balancing volumes are scenario dependent. Also note that in
this problem ξt are assumed known.

The energy quantities sold for downward balancing can not exceed the traded
quantities on the spot market, hence

γ↓s,t ≤ ξt ∀s ∈ S , ∀t ∈ T . (6.3)

The spatial coupling coupling between the stations can be modeled as

xi,s,t+1 = xi,s,t − ui,s,t − si,s,t +
∑

j∈Ji

(uj,s,t + sj,s,t) + vi,t ∀i ∈ I , ∀s ∈ S , ∀t ∈ T ′

(6.4)
where T ′ = T \ T .

The overall aim with the model is to generate bidding strategies to the real-time
market for the next coming hour. As a result, the bidding strategies for all coming
hours are also considered. Letting the hourly energy quantity be a function of the
price, the bidding strategies for upward and downward balancing are based on the
following relations:

f(a↑t ) = β
a↑t

1 + αa↑t
, (6.5)

f(a↓t ) = β
1

1 + αa↓t
, (6.6)

where β and α are bidding strategy parameters and thereby variables in the opti-
mization problem. The principle behavior of these functions are displayed in Figure
6.3.
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Figure 6.3: Real-time balancing market bidding functions used in model H1.

Furthermore, the decisions taken one hour are subjected to the prices of the
next-coming hour. For upward real-time balancing, the following constraints are
introduced for modeling the bidding strategies:

γ↑s,t+1(1 + α↑
s,ta

↑
s,t+1) = β↑

s,ta
↑
s,t+1, ∀s ∈ S , ∀t ∈ T ′ (6.7)

where α↑
s,t and β↑

s,t are optimization variables defining the bidding strategy. Note
that the strategies for hour t− 1 are subjected to prices for hour t. For downward
balancing, the corresponding expression are

γ↓s,t+1(1 + α↓
s,ta

↓
s,t+1) = β↓

s,t ∀s ∈ S , ∀t ∈ T ′. (6.8)

Since the expressions for upward and downward bidding strategies are not linear,
the resulting optimization problem becomes a nonlinear stochastic programming
problem.

Nonanticipativity must be enforced when using the setup of using scenarios.
Hence, constraints claiming that the decisions at time t in scenarios s and s′ must
be equal if the information in s and s′ are identical on the interval [0, t] must be
included [120]. Therefore define the sets Ss,t consisting of all scenarios indistin-
guishable to scenario s at time t. The constraints then take the form

α↑
s,t = α↑

s′,t ∀s ∈ S , ∀s′ ∈ Ss,t, ∀t ∈ T (6.9)

β↑
s,t = β↑

s′,t ∀s ∈ S , ∀s′ ∈ Ss,t, ∀t ∈ T (6.10)

α↓
s,t = α↓

s′,t ∀s ∈ S , ∀s′ ∈ Ss,t, ∀t ∈ T (6.11)

β↓
s,t = β↓

s′,t ∀s ∈ S , ∀s′ ∈ Ss,t, ∀t ∈ T (6.12)

ui,s,t = ui,s′,t ∀i ∈ I , ∀s ∈ S , ∀s′ ∈ Ss,t, ∀t ∈ T (6.13)

xi,s,t = xi,s′,t ∀i ∈ I , ∀s ∈ S , ∀s′ ∈ Ss,t, ∀t ∈ T (6.14)
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Beyond the constraints above, variables limits are defined:

0 ≤ xi,s,t ≤ xi ∀i ∈ I , ∀s ∈ S , ∀t ∈ T
0 ≤ ui,s,t ≤ ui ∀i ∈ I , ∀s ∈ S , ∀t ∈ T
0 ≤ si,s,t ≤ ui ∀i ∈ I , ∀s ∈ S , ∀t ∈ T

0 ≤ γ↑s,t ∀s ∈ S , ∀t ∈ T

0 ≤ γ↓s,t ∀s ∈ S , ∀t ∈ T .

(6.15)

Model H2: Optimal bidding on the day-ahead market

considering the real-time market

The planning problem described in this section has not previously been published,
but the formulation of the problem has similarities with the above presented model
H1. The main aim of model H2 is to allocate energy levels to the day-ahead spot
market for the various hours of the next day. It assumed that the producer also
acts on the real-time balancing market. Therefore, trading on this market is also
included in the scheduling problem.

The model presented here is a first modeling approach. It is not possible within
the time frame of this project to finalize the development of this model. Hence, the
problem formulation is preliminary and no extensive case study has been performed.
The model is presented to illustrate applications of the price models, as well as
pointing out some properties of such problems.

The following is considered in this planning model:

• The production resources consists of a hydro system owned by a single pro-
ducer.

• The planning spans over 24 hours of the next day.

• Trading on the day-ahead spot and real-time balancing markets are consid-
ered. No bilateral contracts or financial hedging are included.

• The risks that the producer is subjected to are related to uncertain prices.
Hence, the day-ahead and real-time balancing power prices are assumed to
be stochastic variables.

• Risk management is performed through operational decisions only, and is
implemented by using the risk measure CVaR.

The model allocates energy levels to the day-ahead and real-time markets for
a number of hours. Since the market structure allows for bidding to the real-time
markets close to the start of the actual hour, the resulting decision problem will
be a multi-stage stochastic program. The decisions concerning trading on the day-
ahead market are all taken at the same time since all bids for all hours are submitted
simultaneously. To the real-time market on the other hand, bids are successively
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submitted before each hour, and hence decisions are taken shortly before the start
of the hour. This is similar to the case in model H1.

The model requires the presence of a scenario tree representing the stochastic
processes Λt, (A↑

t , B
↑
t ) and (A↓

t , B
↓
t ). The set {λs,t, a

↑
s,t, b

↑
s,t, a

↓
s,t, b

↓
s,t}s∈S ,t∈T with

associated probabilities ps, s ∈ S constitutes this scenario tree. These scenarios
can be generated by applying e.g. the models presented in chapter 4. As previously
described in model H1, the scenarios must be generated with respect to the available
price information.

Simultaneous bid optimizations for the day-ahead and real-time

markets

In the application of the models presented in the licentiate thesis [121], experiences
concerning certain characteristics of the simultaneous bid optimizations for the
day-ahead and real-time markets were made. If using models with the value of
stored water included in the objective function, two extreme courses of action in
the decision making tends to dominate the optimal solutions. These are:

i) Sell everything on the day-ahead spot market and then buy back the power
on the downward balancing market2.

ii) Sell everything on the upward balancing market.

Which of these that will occur depends on the price differences between the day-
ahead prices and downward prices, and the power price included in the value of
stored water. If the water value expressed in ¤/MWh is slightly lower than the
average spot price, the second extreme will tend to dominate. Contrarily, if the
water value is slightly higher than the average upward balancing price, the first
extreme will dominate instead. Hence, the optimal solutions are highly sensitive to
the value of stored water. Small changes in this value can have a large impact on
the optimization results.

This behavior of the optimization problem will cause the optimal solutions to
include either acting on the upward balancing market, or day-ahead and the down-
ward market. Seldom will the solution include e.g. trading on the day-ahead and
the real-time market for the same hour. This is probably not representative for the
actions of hydropower producers. However, by including risk management into the
model, this extreme behavior can possibly be managed. Another way of handling
this is to use desired reservoir levels at the end of the planning period and asso-
ciated costs for deviations from these levels. Such reservoir levels can be assumed
given from the mid-term planning of the hydro system.

Because of the reasons stated above, the presented model includes risk manage-
ment and desired end reservoir levels.

2Another problem here is the arbitrage possibility.
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Objective

The objective function reflects that trading on the day-ahead and the real-time
markets are treated. Also, management of the final reservoir levels is included.
Thus, the objective function encompasses the expected income and the reservoir
contents at the end of the planning period according to

max
Θ

∑

s∈S

ps

( ∑

t∈T

ξtλs,t + γ↑s,tb
↑
s,ta

↑
s,t − γ↓s,tb

↓
s,ta

↓
s,t −

∑

i∈I

ρDi,s

)
, (6.16)

where Di is the absolute deviation between the desired reservoir contents at the
end of the planning period in reservoir i, and ρ is an associated cost. Typically, the
desired end reservoir levels are given by the mid-term planning. This can also be
expressed in terms of water values, as used in publication I.

Constraints

The constraints for load balance, limitations of electric energy for downward bal-
ancing in relation to the day-ahead volumes, and the equations reflecting the spatial
coupling of the hydro system, are similar as for model H1. These are here repeated
without further descriptions:

ξt + γ↑s,t − γ↓s,t =
∑

i∈I

gi(ui,s,t) ∀i ∈ I , ∀s ∈ S , ∀t ∈ T . (6.17)

γ↓s,t ≤ ξt ∀s ∈ S , ∀t ∈ T . (6.18)

xi,s,t+1 = xi,s,t − ui,s,t − si,s,t +
∑

j∈Ji

(uj,s,t + sj,s,t) + vi,t ∀i ∈ I , ∀s ∈ S , ∀t ∈ T ′

(6.19)
with T ′ = T \ T . Note however that ξt in (6.17) and (6.18) are the first-stage
variables, and not parameters as in the case of model H1.

The decisions of the energy quantities traded on the real-time market are as-
sumed taken the hour before the operational hour. This is modeled by introducing
the decision variables α↑

s,t and α↑
s,t and adding the constraints

γ↑s,t = α↑
s,t−1 ∀s ∈ S , ∀t ∈ T , (6.20)

γ↓s,t = α↓
s,t−1 ∀s ∈ S , ∀t ∈ T . (6.21)

This corresponds to the bidding strategies used in model H1, but here constant
bid volumes are used instead. If using a fan of scenarios3, i.e. no branching, these
constraints will not have any impact on the solutions. However, if a tree structure

3Which is most unsuitable in this application since the uncertainties for decisions taken at
time t > 0 will not be captured.



58 CHAPTER 6. HYDROPOWER SCHEDULING

is used these constraints together with nonanticipativity constraints for αs,t will
ensure that γs,t will be subjected to prices (as,t+1, bs,t+1).

The objective includes costs for deviations from the desired reservoir levels at
the end of the considered time period. These deviations are captured by introducing
the following constraints:

d1
i,s − d2

i,s = xi,s,T − x̃i ∀i ∈ I , ∀s ∈ S , (6.22)

di,s = d1
i,s + d2

i,s ∀i ∈ I , ∀s ∈ S , (6.23)

where x̃i denotes the desired end reservoir contents and d1
i,s ∈ R+ and d2

i,s ∈ R+

are help variables.

The management of price risk is included by adding constraints corresponding
to the risk measure CVaR. First, let Ω be a stochastic vector containing Λt, A

↑
t ,

B↑
t , A

↓
t and B↓

t , and let ωs be the vector containing realization s of the stochastic
vector Ω. Further, let β ∈ (0, 1) be the risk level; c be the CVaR condition; and α
and zss ∈ S be optimization variables. The CVaR constraints can then be written
as

α+
1

1 − β

∑

s∈S

pszs ≤ c, (6.24)

zs ≥ α− f(Θ, ωs) ∀s ∈ S , (6.25)

with zs ≥ 0 and where

f(Θ, ωs) =
∑

t∈T

(
λs,tξt + b↑s,ta

↑
s,tγ

↑
t − b↓s,ta

↓
s,tγ

↓
t

)
−

∑

i∈I

ρdi,s. (6.26)

Note that VaR at risk level β is now given by α.

Nonanticipativity must be enforced, which can be performed by the following
constraints:

γ↑s,t = γ↑s′,t ∀s ∈ S , ∀s′ ∈ Ss,t, ∀t ∈ T (6.27)

γ↓s,t = γ↓s′,t ∀s ∈ S , ∀s′ ∈ Ss,t, ∀t ∈ T (6.28)

α↑
s,t = α↑

s′,t ∀s ∈ S , ∀s′ ∈ Ss,t, ∀t ∈ T (6.29)

α↓
s,t = α↓

s′,t ∀s ∈ S , ∀s′ ∈ Ss,t, ∀t ∈ T (6.30)

ui,s,t = ui,s′,t ∀i ∈ I , ∀s ∈ S , ∀s′ ∈ Ss,t, ∀t ∈ T (6.31)

xi,s,t = xi,s′,t ∀i ∈ I , ∀s ∈ S , ∀s′ ∈ Ss,t, ∀t ∈ T (6.32)

where the sets Ss,t consists of all scenarios indistinguishable to scenario s at time
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t. Finally, variables limits are defined:

0 ≤ ξt ∀t ∈ T

0 ≤ γ↑s,t ∀s ∈ S , ∀t ∈ T

0 ≤ γ↓s,t ∀s ∈ S , ∀t ∈ T
0 ≤ xi,s,t ≤ xi ∀i ∈ I , ∀s ∈ S , ∀t ∈ T
0 ≤ ui,s,t ≤ ui ∀i ∈ I , ∀s ∈ S , ∀t ∈ T
0 ≤ si,s,t ≤ ui ∀i ∈ I , ∀s ∈ S , ∀t ∈ T .

(6.33)

Preliminary results and experiences

Preliminary results of case studies where the develop model has been applied, sug-
gests that the inclusion CVaR and final reservoir levels significantly increases the
robustness of the optimal solutions. However, this needs to be further analyzed in
order to draw proper conclusions.





Chapter 7

Closure

In this final chapter, conclusions are drawn and future work is outlined.

7.1 Conclusions

T
he research presented in this thesis consists of models related to short-term
hydropower bidding problems in systems with wind power. The proposed

models can be divided into three different categories:

i) Modeling the demand for balancing power. Presented in publications IV and
V.

ii) Modeling of prices on the day-ahead and real-time markets. Treated in pub-
lications III, IV and VI. The model in III is also applied in II.

iii) Short-term hydropower scheduling. Treated in publication I (and II by J. Mat-
evosyan). Also, a previously unpublished scheduling model is presented in
chapter 6.

The first two categories can be used to simulate the impact of wind power on
various market prices, while the third simulates the hydropower producer responses
to the market prices. Hence, the suggested models can be used to simulate the
impact of integration of wind power on the bidding performed by a hydropower
producer. Concerning the individual papers, the following can be concluded:

Publication I

The conclusion drawn in this paper is that the presented hydropower schedul-
ing model can be used to generate bidding strategies for the real-time bal-
ancing market. This model requires price scenarios of the real-time balancing
prices. Such scenarios can be generated by simulation e.g. with models pre-
sented in chapter 4.

61



62 CHAPTER 7. CLOSURE

Publication II and III

The conclusion in paper III is that a model based on Markov and SARIMA
processes is suitable for modeling real-time balancing prices. The Markov
process is used to model the intermittent behavior of the prices, while the
SARIMA models the prices when defined. The presented model is applied in
publication II.

Publication IV

In this paper, the conclusion is drawn that it is possible to adjust historical
real-time balancing prices to reflect a future system with wind power using
the proposed models. The presented model estimates the new prices by ex-
trapolation of the current market situation. This model requires assumptions
regarding counter balancing due to its hourly time resolution.

Publication V

It is concluded that the proposed approach to model the continuous demand
for balancing power by using stochastic differential equations, is feasible. One
advantage of using continuous time models is that counter balancing can be
simulated without any further assumptions.

Publication VI

It is concluded that the presented time series price models, using the demands
as exogenous variables, are suitable for simulation of day-ahead spot and
real-time balancing market prices. These models can be applied to future
production mixes as long as the future situation does not deviate too much
from the present one.

Concerning the short-term hydropower scheduling model presented in chapter
6, it can be concluded that the introduction of risk management and desired fi-
nal reservoir contents can be a solution to the problem of ”extreme allocation”.
Extreme allocation refers to the actions being either trading on the spot and down-
ward balancing market, or trading on the upward market. However, this needs to
be verified by further analyzes.

7.2 Future work

Existing models and extensions thereof

Concerning the developed models presented in this thesis, several improvements
and further developments can be made. Below follows some suggestions regarding
improvements and extensions of the existing models and methods.

Generally, focus in the appended publications III-VI has been on the modeling
rather than on the parameter estimation. Hence, the next step would be to refine
the estimation methods for the various price and demand models in order to make
improve the accuracy and robustness of the estimates. Especially this is the case
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for publication V, where the applied estimation method includes some elements of
”guesstimates”.

Considering the real-time balancing market, the traded energy quantities can
be simulated by applying model D2 in chapter 3, which is described in detail in
publication V. One possibility to calculate the hourly demand for balancing power
is to consider the hourly integrals the continuous demand for balancing power.
This reflects the net hourly demand. However, during the hour, both upward and
downward balancing can possibly be necessary due to large fluctuations in the con-
tinuous demand. Hence, even though the net hourly demand is small, there might
have been situations requiring both upward and downward balancing. Therefore,
the next step would be to develop more sophisticated models, using the continuous
demand for balancing power as input, for calculation of the hourly demands for
balancing power.

Another improvement is related to the hydropower scheduling models presented
in chapter 6. These models allocate energy quantities in MWh/h to among others
the real-time balancing market. However, the real-time balancing bids include an
amount of power in MW, not an energy quantity. Depending on when during
the operational hour the bids are accepted, different amounts of energy will be
produced. This should also be considered in the planning problem, but is left for
future work. Furthermore, the model of the hydropower system can be refined by
including delay times, forbidden discharge intervals, head dependencies etc.

New models and applications

The work performed in this thesis constitutes a foundation for future research.
The contributions of this thesis are related to modeling rather than to case stud-
ies. Thus, one possibility for future work is to apply the suggested models to real
systems. The following areas for future research can be identified:

• Include the impact of transmission congestion in the hydropower planning
models. Congestion can also affect the prices for real-time balancing power.

• If the considered producer is not regarded to be a price taker, the decisions
at one point in time will affect the present and future prices. Thereby the
scenario tree used in the optimization will no longer be independent of the
decisions. Further research is needed to handle this.

• Model the impact of larger amounts of wind power, which will alter the market
situation and therefore require other modeling approaches.

The research presented in this thesis is related to trading on the day-ahead
spot and real-time balancing markets. The intra-day market has been given less
attention. In a future market with significant amounts of wind power, the intra-
day market will play an important role. Work regarding prices and trading on this
market is therefore of great interest. This is also a topic for future work.
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In order to make the proposed models more applicable within the industry, a set
of ”rules of thumb” can be compiled. This can be performed by creating a responds
surface for various wind power levels, which then defines how much the increase in
real-time balancing demand will be depending on the increased wind power. This
can then be used to estimate the corresponding price changes.



Appendix A

Algebraic symbols in thesis and

publications

This appendix contains the algebraic symbols used in the thesis and the correspond-
ing symbols used in the appended publications. Cases where no correspondence
exist are indicated with ”-”.

Publication I

In publication I, upward and downward balancing are indicated with the super-
scripts ”u” and ”d” respectively. In the thesis, the corresponding notation is ”↑”
and ”↓”.

Thesis Paper Description

x ⇔ x Reservoir contents.
u ⇔ u Discharge.
s ⇔ s Spillage.
v ⇔ w Local inflow.
g ⇔ P Generation.
- ⇔ µ Marginal production equivalent.
γ ⇔ q Real-time balancing quantity.
ξ ⇔ qspot Spot energy quantity.
a ⇔ c Real-time balancing price.
- ⇔ cw Future electricity price.
h ⇔ - Value of stored water.
α ⇔ α Bidding strategy function parameter.
β ⇔ β Bidding strategy function parameter.
p ⇔ p Probability.
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Publication II

Most of the models presented in publication II are not presented in this thesis but
are presented in the Ph.D. thesis by J. Matevosyan [122]. The applied price model
is presented in publication III.

Publication III

Thesis Paper Description

A ⇔ α Continuous real-time price.
B ⇔ β Intermittent real-time price.
Λ ⇔ ξ Spot price.
∆ ⇔ δ Price difference.
Υ ⇔ ν Logarithm of price difference.
B ⇔ B Back shift operator.

Φ(·) ⇔ Φ(·) Seasonal AR polynomial.
φ(·) ⇔ φ(·) AR polynomial.
Θ(·) ⇔ Θ(·) Seasonal MA polynomial.
θ(·) ⇔ θ(·) MA polynomial.
Z ⇔ ω White noise sequence.
γ(h) ⇔ γ(h) Autocovariance function.
ρ(h) ⇔ ρ(h) Autocorrelation function.
φhh ⇔ φhh Partial autocorrelation function.

Publication IV

Thesis Paper Description

A ⇔ α Continuous real-time price.
B ⇔ β Intermittent real-time price.
λ ⇔ λ Spot price.
γ ⇔ ζ Real-time balancing quantity.
w ⇔ w Wind power forecast error.
g(·) ⇔ g(·) Quantity reduction function.

Publication V and VI

In publication V and VI, the same algebraic symbols are used as in the thesis. No
list of notation is therefore presented for these publications.
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[49] L. Söder, “Simulation of wind speed forecast errors for operation planning
of multi-area power systems,” in Proc. of 8th International Conference on
Probabilistic Methods Applied to Power Systems (PMAPS), Ames, Iowa, USA,
2004.

[50] B. Øksendal, Stochastic differential equations. Springer-Verlag Berlin Hei-
delberg, 2005.

[51] F. C. Klebaner, Introduction to stochastic calculus with applications. Imperial
Collage Press, 2005.

[52] M. Perninge, Modeling the Uncertainties Involved in Net Transmission Capac-
ity Calculation. Stockholm, Sweden: Licentiate thesis, School of Electrical
Engineering, KTH, May 2009.

[53] N. Ahmed, T. Natarajan, and K. R. Rao, “Discrete cosine transform,” IEEE
Trans. Comput., vol. C-23, Jan. 1974.
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