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Abstract 

The liberalization of electricity markets and the associated characteristics of electricity 

prices warrant a requirement for modelling and forecasting electricity prices and their 

volatilities. This can be accomplished by means of a methodology that is able to deal with 

these features appropriately. Furthermore, electricity prices are influenced by exogenous 

factors, which have already been largely investigated in the literature. Given the increasing 

influence of the wind power in the formation of electricity prices in the German market, this 

master’s thesis principally investigates the effects of the wind power feed-in as an 

exogenous variable on the forecasting accuracy of electricity prices. For this purpose, 

ARMA(X) and ARMA(X)-GARCH models have been implemented on deseasonalised 

electricity prices during two out-of-sample periods, i.e. summer and winter time, for the 

24h/day and for the four periods  of the day, i.e. off-peak I, peak, and off-peak II hours. The 

empirical results reveal three important patterns: (1) the wind power feed-in is related to the 

stochastic part of the electricity prices. (2) In general, during the summer time, both ARMAX 

and ARMA(X)-GARCH models outperform ARMA and ARMA-GARCH models (in particular 

during the off-peak I hours). During the winter time the wind power feed-in partly worsens 

the model performance (e.g. during peak hours). (3) The wind power feed-in has different 

impacts on the forecasting accuracy over the three periods of the day. The second part of 

analysis captures the complexity of the relationship among wind power feed-ins, electricity 

log price returns, fuel and CO2 log price returns by means of three sets of statistics within a 

VAR framework – causality tests, impulse response functions and variance decompositions. 

The analysis confirms that there is a statistical evidence of an influence of wind power feed-

ins on electricity prices. The wind power feed-in has a rather poor linkage with the 

remaining variables, but some conclusions are still possible, the most important being a 

longer-term linkage between wind power feed-in and CO2 allowance prices. 

Key words: energy finance, wind power, electricity prices, fuel prices, CO2 allowance prices, 

forecasting models, VAR.  
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Introduction 

The widespread public support for the production of electricity from renewable energy 

sources has been justified by the increasing need to mitigate the environmental and social 

consequences caused by the frenetic industrialization and the consequent energy 

consumption of the west countries and afterward of the BRIC countries. The perpetuation of 

the current production and consumption rhythms requires the input of an incredible amount 

of energy mostly composed by the still widespread non-renewable energy sources. This 

trend has led indeed to a wild deployment of fossil-fuel-based energy and electricity sources, 

causing significant, unpredictable and to some extent irreversible environmental damages. 

At a global level, the energy systems in many areas are in effect the dominant contributor to 

climate change, representing around 60% of total current greenhouse gas emissions.1 The 

current patterns of energy supply, transformation, delivery and consumption have become 

unsustainable and endanger societies and the environment on both global and local scales. 

Politicians, specialized institutions and law makers have tried to averse this trend by 

promoting the production of electricity from renewable energy sources (RES-E), which are 

less responsible than fossil fuel generation for the emission of CO2 (they do not produce 

carbon during the operation2) and hence helps to reduce the carbon foot print emissions. At 

a global level, one only needs to think of the recent Rio+20 Conference, which highlighted 

seven priority areas among which the sustainable energies and their promotion. A less 

recent but broadly recognized agreement is the so-called Kyoto-protocol, according to 

which 37 industrialized countries around the globe and the European community follow 

settled targets for reducing greenhouse gas (GHG) emissions.  

The specific case of the German and Austrian market is of interest for this master thesis. 

Germany together with Austria is certainly a pioneer country in the investments in 

renewable energies and especially in the wind power energy generation3. Since the early 

1990s, it has responded to the challenges and opportunities in the energy system with 

several programs and projects promoting the supply and consumption of wind power. The 

different programs go from the introduction of a statutory feed-in tariff system under the 

“Stromeinspeisegesetz” in 1990 to the Renewable Energy Sources Act (EEG) in 2000. In 

particular the latter program is relevant for the current analysis of this work. Since 2010, the 

transmission system operators (TSOs)4 in the German and Austrian market are obligated by 

law to sell at any time irrespective of electricity demand any amount of electricity generated 

by wind power to the European Energy Exchange (EEX). As a consequence, the residual 

electricity demand (i.e. the remaining electricity demand that needs to be satisfied by the 

conventional electricity sources) is lower and electricity prices shrink, leading to challenging 

                                                        
1 AGECC, 2010, p.7 
2 They do emit carbon during the construction and maintenance phases.  
3 This master thesis dedicates particular attention to the role of the wind power, not at least because Germany is 
the largest producer of wind power in Europe. Therefore, to avoid confusion regarding the real topic of the thesis, 
in the introduction the expression “wind power” will substitute the abbreviation RES-E. 
4 TSOs are entities commissioned  to transport energy in form of natural gas or electrical power on a national or 
regional level. More information on their roles, responsibilities, and impact can be found later on in this master 
thesis.  
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situations especially during the hours where the electricity demand is particularly low. 

Several authors such as Senfuss et al. (2007) confirmed this association, which this 

master’s thesis further investigates. 

Before going into details with the methodology implemented, there are three assumptions 

that need to be considered in order to shape the purpose of this master thesis.  

First of all, up to now, the literature has concentrated its efforts in the analysis of the 

historical relationships between wind power feed-in and the electricity spot prices, 

overlooking a potential future perspective of their relationship. In particular, the literature 

concentrates the analysis on the dampening effect of the wind power feed-in while 

underestimating its potential as integral element in the electricity price formation. However 

the changes in the European power markets (e.g. their liberalization) call for tools that can 

model and forecast prices and volatilities and thus assist companies trading in electricity 

markets. Hence, a future perspective is necessary. Moreover, these modelling and 

forecasting tools should include possible exogenous fundamental variable that help to 

improve the forecasting performance electricity prices. In general, findings have been mixed 

as to whether these variables (e.g. weather conditions) improve out-of-sample forecasting 

performance of these tools. For instance, Knittel and Roberts (2005) and Conejo et al. 

(2005) have found that the inclusion of exogenous variables does not consistently improve 

if not worsens the model performance. However, authors like Weron (2010) suggest that 

including exogenous variables is imperative as prices are largely influenced by fluctuations 

in load. This master’s thesis considers the wind power feed-in as important element in the 

price formation, and hence evaluates the results obtained from its integration as exogenous 

fundamental variable in the modelling of electricity prices time series.  

Second, the accuracy of the price forecasting depends certainly on the numerical efficiency 

of the employed algorithms and on the ability to incorporate exogenous factors into the 

models (first assumption). However, the price patterns depend also on a time factor:5 the 

time of the year, the day of the week, and the hour of the day. Therefore, the analysis will 

consider the entire observation period (baseload hours) and will be then broken down into 

different time series, which correspond to the different periods of the day: off-peak I hours, 

peak hours, and off-peak II hours for the morning, daytime, and evening hours, respectively.  

Third, electricity prices and wind power feed-in quantities are not isolated from other prices 

categories such as CO2 allowances and fuel prices. It is necessary to include them in the 

analysis and evaluate to which extend these price classes and the wind power feed-in 

quantities are interrelated.  

Given the first two assumptions, the key goal of the first part of analysis will be to model and 

forecast the electricity prices and to determine whether, when and to which extent the 

inclusion of the wind power feed-in as exogenous variable improve the electricity prices 

forecasting models.  

                                                        
5 Weron, 2010, p.110 
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This calls for the implementation of a forecasting method that takes into account both the 

random nature and time correlations of the electricity prices6 and the wind power feed-in as 

exogenous factor during the different times of the day. The methodology approach begins 

with an extensive chapter about the deseasonalisation of the electricity price raw data. The 

resulting residuals (i.e. the stochastic component of the electricity prices) is put into relation 

with wind power feed-in quantities by means of an OLS (chapter 5.2) in order to maintain a 

certain continuity and comparison grade with the results to be found in other papers. 

Afterwards, chapter 5.4 regards the time series analysis with the wind power feed-in as 

exogenous variable. For this purpose, an important class of time series models will be 

applied – the family of Autoregressive Moving Average (ARMA) models, to which will be 

then added the wind power feed-in as exogenous variable to create ARMAX models. The 

same approach will be applied for the ARMA(X)-GARCH models. The forecasting 

performance of the ARMA(X) and ARMA(X)-GARCH models for the four time series 

(baseload, off-peak I, peak, and off-peak II hours) will be estimated and evaluated7. 

The fourth assumption leads to a different approach. The relationships among the different 

time series (i.e. electricity, fuel, CO2 log price returns and wind power feed-ins) are far more 

complex than those between electricity prices and wind power feed-in quantities. It is hence 

necessary to implement a method that is able to reflect this complexity. For this purpose, 

the author opts for the implementation of three sets of statistics within a VAR framework – 

causality tests, impulse response functions and variance decompositions. These 

methodologies can determine which effect (positive/negative) has the wind power feed-in 

on which price categories, how long and with which proportion while taking into account the 

interrelations among the mentioned categories. 

To summarize, the rest of master thesis is organized as follows. The first chapter introduces 

the German electricity market and the characteristics of the electricity prices (chapter 1). 

Then, the wind power generation and promotion will be outlined (chapter 2). The third 

chapter provides an overview on the methodologies applied up to now in the literature. 

These three chapters validate the need to approach the analysis from an alternative point of 

view. Chapter four prepares the data set (electricity prices, wind power feed-in quantities, 

and fuel and CO2 allowance prices). A first examination of the relationships between wind 

power feed-ins and the electricity prices starts already with an attentive qualitative analysis 

(chapter 4.1.2.3), in which especially the formation of the negative electricity prices is 

outlined (chapter 4.1.2). The methodology approach begins with an extensive part 

dedicated to the implementation of different deseasonalisaton techniques (chapters 5.1 and 

5.2). A simple regression (OLS) is then applied where the dependent variable is the 

electricity price time series and the independent one is the wind power feed-in time series 

(chapter 5.3). As defined above, the methodology includes then the estimation of the 

forecasting power of ARMA and ARMA-GARCH models applied with and without wind 

power feed-in (chapter 5.4.1 and 5.4.2). The last chapter will analyse the longer-term 

relationship among wind power feed-in, electricity, fuel and CO2 price returns (chapter 5.3). 

                                                        
6 Weron, 2010, p.109 
7 The Mean Absolute Error and Root Mean Squared Error are the diagnostic tests used to compare the models. 
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1 German Electricity Market 

First, this chapter analyses briefly the European Energy Exchange (EEX) and its 

components. In the last ten years, EEX has played a neuralgic role in the European energy 

market in general, and in the German electricity market in particular. The next section looks 

into electricity prices and their unconventional characteristics; this will help to gain a better 

understanding of the upcoming technical section. A description will then be given of the role 

of wind energy within the EEX framework. 

2.1 The European Energy Exchange (EEX) 

The liberalisation of the electricity market started at the end of the 1980s in England and 

Wales under the guidance of Mrs Margaret Thatcher, and later on it was also implemented 

in Scandinavian countries (Norway, Sweden, and Finland). However, the first EU-wide 

policy of electricity liberalisation came into force in February 1997 under the name Directive 

96/92/EC, under which all Member States of the European Union were forced to open up 

their electricity markets to competition as regards power supply.8 Since then, a variety of 

power exchanges has been established in Europe and major attempts at furthering 

integration of regional electricity markets have been made. One of the main active 

contributions towards the integration of the European energy markets has been the 

establishment of the European Energy Exchange (EEX), which under its motto “Connecting 

Markets” has aimed to establish a number of co-operation agreements, mergers and 

strategic partnerships with other power exchanges across Europe.  

The EEX, located in Leipzig, was founded in 2002 and operates market platforms for 

energy and power trading. The exchange participants of the EEX include utilities, municipal 

suppliers, industrial corporations, trading companies, brokers and banks. They all use the 

EEX platform to trade energy and power and other common commodities such as natural 

gas, CO2 emission allowances and coal. The group includes9:  

- the European Power Exchange Spot SE [EPEX Spot], owned in equal shares by the 

French exchange company Powernext SA and EEX; EPEX Spot is responsible for 

the electricity spot prices; 

- the EEX Power Derivatives GmbH, an 80% subsidiary of EEX; 

- the European Commodity Clearing AG [ECC], fully owned by EEX; ECC provides 

the settlement and clearing services for EEX and EEX.  

In this section the EPEX Spot is to be analysed in greater detail, after indicating the 

distinction between day-ahead auctions and intraday spot trades.  

On the one hand, intraday spot trades are available for physical delivery on the French and 

German markets, and the participants can trade electricity on a short-term basis (the 

delivery is made on the same trading day). On the other hand, day-ahead auctions are for 

physical delivery in the Austrian, French, German and Swiss transmission systems. In this 

                                                        
8 Green, 2006, p. 2532 f.  
9 European Energy Exchange [EEX], 2010 
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case, todays traded electricity if for delivery on the next day. The price indices PHELIX10-

day-Base and PHELIX-day-Peak11, which are established each day at the hourly auction for 

Germany and Austria, are valid as reference prices for the rest of Europe as well.12 Below, 

the day-ahead auctions will be the first source of information that will allow us to define the 

effects of wind power on prices. 

By 2011, there were four transmission system operators (TSO) in Germany and one TSO in 

Austria: Amprion GmbH, TenneT TSO GmbH, 50hertz Transmission GmbH, EnBW 

Transportnetze, and APG-Austrian Power Grid AG.13 These TSOs are responsible for the 

physical delivery of electrical power from the generators to the end consumers in the 

German and Austrian markets. The quantity of wind power fed into the grid system by the 

TSOs will be the second source of information. 

2.2 Characteristics of Electricity Prices  

Electricity has a number of physical features that clearly distinguish it from other 

commodities. Most important, electricity has only limited efficient storability 14 , a 

characteristic which has two significant consequences: first, supply and demand directly 

determine market prices, resulting strong price fluctuations; and second, supply and 

demand have to correspond exactly at any location and at any time15. This creates several 

difficulties for grid operators, who have to balance out hard-to-predict variations in power 

production and consumption in order to cover peak loads.  

The main characteristics of electricity spot prices can be summarized under the concepts 

seasonalities, mean reversion, high volatility, and negative prices.  

2.2.1 Seasonalities  

Electricity prices are subject to seasonal fluctuations. This feature is primarily attributed to 

electricity demand, which typically reveals three types of cyclical patterns: during the day, 

during the week, and during the year.16 The amount of electricity demanded depends mostly 

on the level of human activity, as well as on the weather and climate conditions. 17 

Essentially, two off peaks can be observed: off peak 1 and off peak 2. Off peak 1 is 

between 1 a.m. and 8 a.m., when most people sleep and fewer businesses are operating. 

Off peak 2 is between 9 p.m. and 12 p.m., when most human and business activities have 

ceased. In-between, electricity demand increases drastically, an intensification that is linked 

to people getting ready for the day ahead and to the start of the business activities18. On 

average, electricity prices are relatively constant during the working week (holidays have to 

                                                        
10 PHELIX: Physical Electricity Index 
11 The peak hours are from 8.00 a.m. until 8 p.m. from Monday to Friday (public holidays do not count) 
12 EEX, 2010a, p. 5 f.; European Power Exchange Spot SE [EPEX Spot], 2010, p.17  
13 European Power Exchange Spot SE [EPEX Spot], 2010, p.18  
14 Nicolosi, Fürsch & Lindenberger, 2010, p. 9 
15 Borchert et al., 2006, p.51; Nicolosi, Fürsch & Lindenberger, 2010, p. 9 
16 Blöchlinger, 2008, S. 7-8 
17 According to Simonsen et al. (2004, p.6) and Weron (2005, p.4) as cited by Fischbach, 2010, p.15 
18 Borchert et al., 2006, p.52 f.; Blöchlinger, 2008, p.8 
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considered separately), whereas at week-ends and during holidays electricity prices fall19. In 

addition to this, the hourly pattern differs depending on the season20.21 While in winter two 

peaks (at noon and at 7 p.m.) can be observed, in summer there is typically only one peak 

at noon.  

2.2.2 Mean Reversion  

While in the short-term electricity prices feature significant jumps and spikes, they revert to 

a price level in the long-term, the so-called Mean-Reverting Level (MRL). 22  This 

phenomenon is called mean reversion. The long-term price level is characterized by the 

marginal costs of production, which in the long run may be constant, periodic or periodic 

with trend.23 This argument refers to the theory of perfect competition, i.e. if demand for 

electricity is high, production capacities with high marginal costs are implemented, whereas 

if demand is low, production capacities with low marginal costs are used and consequently 

prices fall. The alignment from capacities with lowest to ones with highest marginal costs is 

depicted by the so-called merit order.24,25 This notion implies that there is more than one 

constant mean-reversion level, depending on the time of the day, of the week, and of the 

year (see previous section). Hence, the concept of mean reversion implies that electricity 

prices return to their respective usual level.  

2.2.3 Jumps, Spikes and High Volatility 

Electricity prices differ substantially from those of other commodity markets, given their high 

volatility and, even more important, the fact that jumps and spikes are far more common. 

On the one hand, prices can jump due to either an outage of the power plant, which leads 

to a left movement of the supply curve, or a sudden increase in electricity demand related to 

extreme weather conditions 26 . In both cases an increase in electricity prices can be 

observed, which is nonetheless of short-term nature (cf. the mean-reverting behaviour). 

Given the lack of efficient storage possibilities, electricity prices demonstrate high volatility 

which can easily reach historically annualized levels of 1000%27. Volatility also follows an 

unconditional heteroskedasticity. 

 

 

 

 

                                                        
19 Borchert et al., 2006, p.52 f. 
20Blöchinger, 2008, p.8 ff. 
21 This is a crucial point for the analysis of wind energy generation, which depends largely on the strength of the 
wind currents, which in turn vary depending on the season. 
22 Borchert, 2006, S. 55 
23 Geman and Roncoroni, 2006, p.1227 
24 Burger et al., 2003 
25 The concept of merit order will be considered in more detail in Section 4.1.2.3 on the negative values of the 
hourly day-ahead prices. 
26 Borchert et al., 2006, p.55 ff.; Geman and Roncoroni, 2006, p.1228 
27 He, 2007, p.58 
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2 Generation and Promotion of Wind Power in Germany 

The promotion of renewable energy sources (RES-E) in Germany started in the early 1990s. 

Since 2000, the deployment of RES-E capacities has grown significantly.28 In 2011, 8% of 

Germany’s gross electricity production stemmed from wind power alone (cf. figure 1) and 

the total installed capacity at the end of 2011 was 28’599 MW29. In Austria, wind power in 

2011 constituted 4% of energy with a total installed capacity of 1010,6 MW30. Wind power 

has very special characteristics, which need further investigation if its role in the formation 

of electricity prices is to be understood.  

 

 

 

First, wind energy projects differ from conventional thermal-based technologies as regards 

the way costs are incurred during the lifetime of the project. Wind energy projects are 

capital-intensive up front, but have low operational costs and low variable costs.31 Hence, 

by considering the merit order (cf. chapter 4.1.2.3 about the negative values of the hourly 

day-ahead prices), wind power will be on the left side of the graph, mainly covering the low 

demand for electricity.  

Second, the output of wind turbines varies. Given its irregularity over time, wind can be 

                                                        
28 Nicolosi, 2010, p. 7257 
29 Frauenhofer Institut, 2012; amounts retrieved from 
http://windmonitor.iwes.fraunhofer.de/windwebdad/www_reisi_page_new.show_page?page_nr=363&lang=de  
30 ID Windkraft, 2011 
31 Miera, González & Vizcaíno, 2008, p.3348; Neubarth et al., 2006, p.42 

Figure 1: Proportion of renewable energy in overall power production 2011 (BDEW, 2001, p.12) 
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considered a stochastic source of energy and is therefore difficult to predict.32 Wind speeds 

can indeed fluctuate depending on location, time, season, and weather conditions, thus 

influencing the power generated by wind turbines. It is hence necessary to compare the 

stochastic component of the electricity prices and the wind power feed-in. The varying 

nature of wind power generation (as well as that of other renewable energies like 

photovoltaic) can create imbalances, which in turn create a need for additional regulation 

and reserve power in the system (also known as balancing power) to keep the grid stable.33 

In the meantime, forecasting tools for wind conditions have improved predictability, 

delivering information about the likely wind power output that will be fed into the system. 

Fluctuations can also be addressed by integrating larger systems, because geographical 

spreading reduces the variability of available wind resources.34 

Two main determinants affect the total wind energy output: installed capacity and capacity 

factor. The capacity factor indicates the economic efficiency of the underlying technology 

and is the measure of the average power output relative to the installed capacity. Given the 

variable nature of the wind, the capacity factor of wind turbines is much lower than that of 

conventional technologies, and achieves 20-40%.35 It is important to distinguish between 

the two determinants, because a wind park operator is paid for the output actually produced, 

and the capacity factor is a good indicator for the successful promotion of energy from 

renewable energy sources.  

Regarding the promotion of RES-E in general and of wind power in particular, Germany in 

1990 introduced a statutory feed-in tariff system under the “Stromeinspeisegesetz”, which 

was technology-neutral and linked to the price for end consumers. In 2000, Germany 

passed the Renewable Energy Sources Act (EEG), which implemented a technology-

specific, highly diversified feed-in tariff structure to allow both for deployment in less efficient 

locations, and for lower rental for operators at favourable locations.36 The TSOs are by law 

obligated to purchase any amount of RES-E (hence including wind power) from the plants 

and thus integrate it into the market.37 Until 2010, distributors were obligated to integrate a 

fixed RES-E share into their portfolio. Beginning in 2010, the TSOs have sold RES-E 

directly to the EEX at any time irrespective of demand.38 As a consequence, a marked 

growth in installed capacity and in the market share of renewables can be recognised. 

However, this compulsory RES-E market integration covers an increasingly large share of 

electricity demand, leading to challenging situations during low demand hours. This effect is 

indicated by the ensuing lower market prices.  

 

 

                                                        
32 Jarass et al., 2009 
33 See for example Nicolosi, 2010, p.7260 
34 Pöyry (EWEA), 2010 
35 Gross et al., 2006 
36 Nicolosi, 2010, p.7260 
37 EEG, 2008 (EEG, 2008. Gesetz zur Neuregelung des Rechts der Erneuerbaren Energien im Strombereich 
und zur Änderung damit zusammenhängender Vorschriften. Bundesgesetzblatt Jahrgang 2008, Teil 1, Nr. 49) 
38 Nicolosi, 2010, p.7261 
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3 Literature Review 

This section is dedicated to a brief review of works, which analyse the diversity of volumes 

and prices effects resulting from the wind power feed-in in different countries. The main 

purpose of this chapter is to present the methodologies implemented in literature to date, as 

well as to outline the main results relevant to the analysis carried out in this master thesis. 

Although each study mentioned applies different series of assumptions, they all basically 

reach the same conclusion: namely that increased wind power penetration puts a 

downward pressure on the electricity spot prices.  

Neubarth (2006) was one of the first authors to describe the role of TSOs and how they 

manage the uncertainties in forecasting wind power generation. He describes the 

relationship between wind power forecasts and electricity spot market prices. The author 

does not use any specific modelling tool; instead, he does a statistical analysis of actual 

and historical values between 1 September 2004 and 31 August 2005. The results show 

that, given the lower marginal costs of wind power production compared to those of 

conventional power plants, the daily average value of the market spot price decreases by 1 

€/MWh per additional 1,000 MW wind capacity. The author also does a sensitivity analysis 

by calculating the alternative average value of market spot prices, and the results show a 

merit order effect (MOE) of 2.7 €/MWh. 

The paper by Sensfuss et al. (2007) measures the MOE of renewable energy (RE) 

generation on Germany’s electricity spot prices between 2001 and 2006. They assume that 

short-term electricity demand is inelastic, that electricity is traded on the simulated spot 

market, and that the generation of renewable energy has had no impact on the 

development of the power plant portfolio, i.e. RE capacity has no effect on the choice to 

invest in conventional capacity. By means of a research project called Power ACE the 

authors run simulations, once with RE production and once without RE production, in order 

to measure the MOE of the renewables. The results show that during the low load periods 

(e.g. at night) the impact of the renewables is close to zero, whereas during the peak hours 

the impact of RE production reaches up to 36 €/MWh. The results show that in 2006 

renewables reduced the average market price by 7.83 €/MWh. The authors also do a 

sensitivity analysis that examins the effects of a variation in fuel and carbon prices, in RE 

capacity, of the scarcity mark-up39. They conclude that lignite, nuclear and oil had limited 

impact on the spot prices, whereas a reduction by 20% in gas prices caused a MOE of 30%, 

and a reduction by 20% in hard coal prices had the opposite impact of about 10% on the 

MOE. An increase in the carbon prices from 0 to 40 €/tonne led to a fall in the MOE of about 

16%. If the RE capacity grew by 40% the MOE grew by 31%. In 2005 and 2006 the scarcity 

mark-up increased the MOE by around €0.7 billion.  

De Miera et al. (2008) empirically analyse the reduction in the wholesale price of electricity 

on additional RES-E being fed into the grid. They describe in particular the case of wind 

power in Spain, which shows that the overall price reduction is greater than the additional 

                                                        
39 The scarcity mark-up is a premium added to the bid price and reflects the scarcity value of a capacity. (Pöyry, 
2010) 
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costs for consumers created by the feed-in tariffs, which are charged to the end customer. 

The authors assume two kinds of effect – direct and indirect. The direct one has a short-

term impact and is basically the dampening effect of wind power feed-in resulting from 

short-term substitution of conventional technologies. The indirect effect has a longer-term 

impact and assumes that wind power generation reduces the demand for conventional 

electricity and hence reduces the demand for CO2 allowances. The authors do a 

quantitative analysis of the impact of the above-mentioned effects, and they analyse and 

compare the market on three consecutive days (14-16 February 2006) with similar levels of 

electricity demand, in order to isolate the impact of wind generation from the other effects 

influencing the market price. On 14 February there was barely any wind and the prices 

reached 110 €/MWh, whereas on 16 February the wind was very strong and the prices 

dropped to 75 €/MWh. The second approach the authors used was to simulate the MO over 

two and half years (2005 until June 2007). The direct effect was the difference between 

prices simulated with and without wind power generation. This method indicates that wind 

power generation would have led to a drop in the wholesale price amounting to 7.08 €/MWh 

in 2005, 4.75 €/MWh in 2006, and 12.44 €/MWh during the first half of 2007.  

Munksgaard and Morthorst (2008) focus on the Danish market after the Danish electricity 

reform in 2000. Their paper examines the economic impact of wind power on spot market 

prices on an hourly basis. The authors do not implement any specific modelling tool; they 

base their analysis on an evaluation of forecasted and actual data on subsidies and power 

price levels. They compare the amount (also called subsidy) paid to wind power producers 

with the market price. In other words, they analyse whether larger amounts of wind power 

have an effect on the spot-market price. In 2008, Denmark was experiencing a recession in 

new wind power installations. Comparing the wind power producers’ revenues with the 

production costs indicates that the re-structuring of the wind power tariffs in 2000 was not 

the reason of this recession. Other reasons such as risk aversion and spatial planning may 

have been the causes of this decline. The conclusion is that from 2004 until 2006, electricity 

prices without wind power would have been 0.1-0.4 c€/kWh higher for the end consumer. 

The authors claim furthermore that if there is little or no wind (<400MW), prices can 

increase up to 600 DKK/MWh (about 80 €/MWh), whilst with strong wind (>1500MW) spot 

prices can be brought down to about 250 DKK/MWh (about 34 €/MWh). 

Weigt (2008)40 analyses the MOE potential of wind power by testing the off-peak segment, 

the mid-load plants, and finally the peak segment. The method consists of building a model 

to estimate the differences in production costs and market power prices caused by wind 

penetration. It is an optimisation model, the objective function being to meet demand by 

minimizing costs. The author concludes that wind power reduces both prices and 

generation costs. During the observation period from 2006 until June 2008, the total saving 

amounted to €4.1 billion. The significant increase in savings is related to the increase in EU-

Allowances (EUA) prices in 2008. On average during the observation period, the price was 

about 10 €/MWh lower. The effect on the price varies at different times. The impact of 

feeding in wind power is indeed larger during peak hours than during off-peak hours.  
                                                        
40 This review is taken from the Pöyvry (EWEA), 2010, p.22f. 
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Jonsson et al. (2009) describe how the spot prices in West Denmark are affected by the 

wind power forecasts. In particular, the analysis stresses the effects of these forecasts on 

the mean behaviour of the electricity prices, the intraday variation of these effects, and their 

impact on the distributional properties of the day-ahead spot prices. The report applies a 

non-parametric regression model. The paper assumes and compares two scenarios, i.e. the 

wind blows vs. the wind does not blow. The results show that the generation of wind power 

(if > 4%) does indeed have a strong impact on the day-ahead spot prices. In order to show 

the extent of its impact on prices, the authors do a sensitivity analysis varying the amount of 

RE penetration between 20-80% of the total electricity demand. The results show that on 

average during periods of predicted low wind penetration (40%) the effect on the prices was 

25-30 €/MWh, and that during periods of relatively high wind penetration (80%) the impact 

amounted to 33-35 €/MWh. The authors make a further distinction between day and night 

hours, pointing out that during the day the difference between the two extreme periods (i.e. 

the one with low and the one with high wind penetration) is larger than during the night. The 

authors conclude that for future analyses it will also be important to monitor other RE, as in 

Denmark they will play a central role in the power market structure. 

Bach (2009)41 uses the volatility of spot market prices as an indicator of the quality of the 

wind resource and the interconnector capacity available. The author does not implement 

any model and only analyses data from statistical graphs. The paper concludes that there is 

no clear answer at to whether wind power contributes to lowering or increasing average 

spot prices. In particular, it is not possible to substantiate that a lower wind power feed-in 

increases electricity spot prices, even if electricity from conventional sources is available. 

Nicolosi and Fürsch (2009) analyse the short- and long-term effects of wind power 

generation on the spot prices. They assume that demand for power usually stays around 

the same level. The authors do not use any specific method; they confirm by means of 

historical statistical data the negative correlation between wind power feed-in and electricity 

spot prices. They likewise confirm that there is a strong correlation between load and power 

prices. The analysis goes further by combining load and wind power feed-in, in order to 

obtain the residual load42 and its correlation with electricity prices. The paper concludes that 

the negative correlation between load and spot prices is larger than that between wind 

power feed-in and spot prices. In the short run, wind power feed-in reduces prices; in the 

long run, wind power also affects conventional capacity, which will eventually be substituted.  

The literature mentioned is not exhaustive. Authors like Nicolosi have written other papers 

in this field, and some of them will be cited for completeness in this master thesis; as 

regards methodology and results however, they do not add any additional relevant 

information worth revising individually. Summarising, all the papers mentioned come to the 

same conclusion: an increase in wind power feed-in has a dampening effect on electricity 

prices. 

                                                        
41 This review is taken from the Pöyvry (EWEA), 2010, p.20 
42 The residual load is the difference between the total load and the wind power feed-in, i.e. the load that needs 
to be covered by conventional power plants. 
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4 Preparing Dataset for Empirical Analysis  

4.1 Dataset  

Electricity supply involves both short- and long-term factors, as it has been suggested by 

De Miera et al. (2008). In the short run, it is mainly weather and wind forecasts, the 

availability of power plants, and the day-ahead spot prices which are decisive. In the longer 

run, international fuel prices, production mix as well CO2 prices play a more important role.43 

Given the purpose of this thesis, data has been collected and prepared for both a short- and 

long-term analysis. On the one hand, the day-ahead hourly spot prices quoted at the EPEX 

Spot Market the wind feed-in data have been analysed. For this purpose, the data has been 

modelled so as to establish the correlation between PHELIX and forecasted wind power 

feed-in and to identify the impact of wind power feed-in on electricity prices. On the other 

hand, international fuel prices and prices for CO2 allowances have been investigated in 

order to gain a broader view of the market mechanisms regulating prices for electricity. For 

this purpose methodologies within VAR framework have been chosen, which take into 

account a longer-term relationship among the variables.  

4.1.2 PHELIX Day-Ahead Spot Prices 

In this chapter a quantitative analysis is done of PHELIX day-ahead hourly spot prices 

quoted on the EPEX Spot Market. The data has been provided by the Institute of 

Operations Research and Computational Finance of the University of St. Gallen (ior/cf-

HSG). It includes the discrete price evolution of each hourly contract of the day-ahead 

auction market between 1 January 2010 and 31 December 2011, i.e. 17,520 hours (or 730 

trading days with 24 hourly intervals).44 There are 17,518 observations and 2 empty data 

points, which correspond to the switch to summer time in the hour interval [2:00 a.m. / 3:00 

a.m.] on 28 March 2010 and 27 March 2011 respectively. As regards the switch to winter 

time, a 25th hour on the corresponding day is not observed.  

The day-ahead auctions on the EEX have the following features45:  

- The minimum volume is 0.1 MW  

- The minimum price change is 0.1 €/MW  

- The underlying quantity is the electricity traded on the following day  

- The electricity has to be delivered inside one of the TSO zones  

- The daily auction is at 12:00 noon, 7 days a week, 365 days a year (including holidays)  

- The results of the daily auction are published between 12:35 am and 12:45 am.  

- The orders comprise up to 250 price/quantity combinations for every hour of the following 
day  

- The technical limits for the prices are between -3,000 €/MW and 3,000 €/MW.  

                                                        
43 E.ON, 2012 
44 Given the switch to summer time, the observations contain two empty points in hour 3 of 28 March of the 
respective year. They are removed in computing descriptive statistics.  
45 EEX, 2010b 
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4.1.2.1 Descriptive Fundamentals and Normality Test 

This section starts with a graphical illustration of the development of the PHELIX hourly 

day-ahead spot prices for the time interval from 1 January 2010 to 31 December 2011 (cf. 

figure 2). This chart confirms visually the main characteristics of the electricity prices 

reviewed in chapter 2.2. In particular it shows that prices tend to revert to a mean level. In 

addition, seasonal patterns are apparent (at least on a yearly basis), with prices tending in 

general to be higher in winter than in summer. Large deviations from the mean price level 

are observed, indicating high volatility degree of hourly day-ahead spot prices, with negative 

prices occurring.  

 

Figure 2: hourly and daily EEX day-ahead spot prices between January 2010 and December 2011  

 

A statistical analysis46 of these observations enables a better understanding of the essential 

properties of the data (cf. table 1). The analysis is divided into business days and public 

holidays, which are treated as week-end days.47 Since public holidays differ among the 

German regions, those applying in the Nordrhein-Westfalen region have been recognised, 

where in 2009 the largest electricity consumption was documented.48 

                                                        
46 Since it is assumed that the reader is familiar with the basic concepts of dispersion and central tendency, a 
theoretical explanation has been waived. 
47 There are also so-called “bridging days”, which may occur on a Monday or Friday if a public holiday falls on a 
Tuesday or Thursday respectively. During the observation period this happened six times. For the purposes of 
this thesis, they have been treated as business days. It is true that many people take these days off to have a 
long weekend; generally speaking however, industry and the tertiary sector, which account for roughly 70% of 
the total electricity demand, do not cease activities on those days.   
48 LAK Energiebilanzen, 2011. Not least because Nordrhein-Westfalen is the most populated state in Germany. 
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Table 1: descriptive statistics of the hourly and daily day-ahead spot prices 

 

The first analysis is of the statistics referred to as intraweek differences, based on base-day 

spot prices. In general, the mean spot prices on business days tend to be higher than those 

at weekends. On a daily basis, it is noticed that the maximum occurred on a business day, 

whereas the minimum occurred at a weekend. On an hourly basis, the minimum value -

36.827 €/MWh occurred on a Friday night during the 24th hour; this again confirms the 

above pattern, namely that of a maximum value on a business day and a minimum value at 

the weekend. The standard deviation is quite big, especially on an hourly basis. In all cases 

the distribution of the sample shows a slight negative skewness, indicating that the median 

has a higher value than the mean and that therefore the majority of the observations are 

concentrated on the right side of the distribution. This negative value of the skewness 

diverges from the common assumed skewness value of normal distributed variables, i.e. 

from the value zero. The kurtosis shows values that differ from the value three, which is the 

conventional value of normal distribution.  

The EEX distinguishes between base-load contracts, which deliver 24 hours a day, peak-

load contracts, which deliver only at peak times between 9 a.m. and 8 p.m., and off-peak 

contracts, which deliver from 1 a.m. until 8 a.m. and from 9 p.m. until 12 a.m. respectively 

(cf. table 2). It is therefore of interest to analyse the intraday differences. It is observed that 

the mean value of the peak hours is higher than that of the off-peak ones, confirming the 

fact that in peak hours the high electricity demand increases the price. Off peak 2 has still a 

quite a high value compared to off peak I, reflecting inhabitants’ widespread habits in the 

evening hours (e.g. cooking). From the kurtosis and skewness values it is apparent how all 

of these groups do not follow a normal distribution. The Jarque-Bera test49 confirms that 

these values are non-normally distributed.  

                                                        
49 It is assumed that the reader is familiar with the meaning and the purpose of this test. 

all business days
week-ends & 

holidays
all business days

week-ends & 

holidays

Mean 47.804 51.029 40.513 47.807 51.032 40.520

Median 48.460 51.050 42.045 48.080 50.855 42.715

Max 72.060 72.060 59.030 131.790 131.790 77.980

Min 13.630 27.950 13.630 -36.820 -36.820 -34.220

St.Deviation 9.180 7.193 9.002 14.179 13.305 13.370

Skeweness -0.577 -0.044 -0.648 -0.332 -0.156 -0.798

Kurtosis 3.704 2.793 2.972 4.265 4.320 3.954

#negative values - - - 27 4 23

Daily Hourly
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Table 2: statistical analysis of day-ahead baseload, off-peak I, peak, and off-peak II hourly spot prices 

 

4.1.2.3 Negative Values  

Before reaching an ultimate statistical inference about the properties of the data, the nature 

of the negative values needs to be identified. First of all, negative prices indeed play a 

significant role with regard to the distribution of the data around the mean. Extreme values 

actually occur on both the negative and positive side. Second, negative prices have also an 

operational impact, as they impede the use of logarithms in the calculation of returns.50 

Based on the observations, the impact of the negative prices seems to be negligible, since 

they account for only 0.15% of the dataset. Hence, their frequency and range would be 

small enough to be ignored without affecting the results of the study.51 However, recent 

researcher papers have observed that wind power feed-in is one of the variables impacting 

the formation of negative prices. Before deciding how to judge the impact of negative prices, 

it is therefore worth analysing them in greater detail and extrapolating some of their notable 

features.  

Electricity production depends inter alia on the costs of production, more specifically on the 

short-run marginal costs (SRMC) generated by different plants that use different fuels and 

technologies.52 For every single hour of the following day, the power plant operators make 

an offer, which is composed of both the price and the respective quantity of electricity. In 

general, the operator offers the maximal installed system capacity of his power plant for a 

price equal to its SRMC.53 Determining the electricity price in short-term competitive power 

markets is based on a stylized supply curve called Merit-Order (cf. figure 3), which reflects 

the ranked SRMC curve of electricity generation in ascending order.54  

 

                                                        
50 Sewalt & De Jong, 2003 
51 Clewlow & Strickland, 2000 
52 Bode, 2006, p.5 
53 Bode, 2006, p.9 
54 Several authors describe the structure of the Merit-Order curve. For further information, cf. Von Ronn & Juck, 
2010; Fürsch, Lindenberger & Nicolosi, 2006; Nicolosi, 2010.  

Baseload Off-Peak I Peak Off-Peak II

Mean 47.807 37.704 54.037 49.321

Median 48.080 39.330 53.960 48.665

Max 131.790 90.190 131.790 79.930

Min -36.820 -34.220 -5.950 -36.820

St.Deviation 14.179 13.138 12.447 8.578

Skeweness -0.332 -0.396 -0.174 -0.165

Kurtosis 4.265 1.026 2.051 4.048

# obs. 17'518 5'838 8'760 2'920

JB 1419.374 896.101 55.071 79.284

Prob 0.0000 0.0000 0.0000 0.0000
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Figure 3: merit-order curve (Blöchlinger, 2008, p.129) 

Low electricity demand implies low market prices, thus enabling only power plants with low 

SRMC to enter the market and set the market-clearing price. In this case, most base-load 

needs are hence covered by nuclear power plants and by coal-fuelled plants. Both of them 

have very low SRMC; however, they are very costly to shut down. Consequently, in periods 

of very low electricity demand, these inflexible electricity producers bid for negative prices 

and essentially pay market participants to continue consuming electricity. 55 They keep their 

power plants operative and thus include the opportunity costs in the bid to avoid ramping-

down a base-load power plant. The outcome is bids below of short-term variable costs.56 

This scheme works only within a stable and safe grid, which can either absorb excess 

supply or activate additional capacity in order to guarantee stable supplies in the event of 

unforeseeable events. This is contingent on an assured balance between power production 

and power consumption. For this purpose TSOs have introduced the so-called control 

reserve 57 . A positive control reserve means that the producers commit themselves to 

quickly feeding in their capacity in response to a sudden surge in demand. A negative 

control reserve means that the suppliers agree to reduce their supply in order to reach the 

required level.58 Since contracts for tertiary control reserves are auctioned every workday 

for the following workday and weekend, they may have a signal function for price-fixing on 

the Phelix spot market.59  

In Germany in particular, a third reason that explains negative prices is the introduction of 

the Renewable Energy Sources Act (EEG). EEG implemented a technology-specific, highly 

diversified feed-in tariff structure, in order to force the introduction of electricity from 

renewable sources into the grid at a legalized minimum price.60 In short, the transmission 

system operators (TSO) are obliged by law to buy electricity from renewable electricity 

sources at a given tariff and to feed it in and supply it directly to the market.61 This has to be 

                                                        
55 Lenck & Federico, 2009 
56 Fürsch, Lindenberger & Nicolosi, 2010, p.13; Nicolosi, 2010, p.7268 
57 For more technical information, see website: 
https://www.regelleistung.net/regelleistungWeb/static/info_regelleistung.jsp 
58 Fürsch, Lindenberger & Nicolosi, 2010, p.17 
59 Nicolosi, 2010, p.7260 
60 Nicolosi, 2010, p.7260 
61 Gesetz für den Vorrang Erneubarer Energien (EEG), §5; Genoese, Ragwitz & Sensfuss, 2007, p.1 
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done whenever the power plants generate renewable electricity, irrespective of the level of 

the demand, leading to challenging situations during low demand hours.62 In particular the 

electricity derived from wind turbines contributes towards negative prices being formed.63 

Feeding in electricity from renewable sources reduces the residual demand load, which has 

to be covered by conventional power plants, and shifts the demand to the left, reducing the 

market price even further.  

Following this preliminary background information about the formation of negative prices, a 

focus will now be put on an empirical analysis of the hours with negative prices.  

First of all, all the negative values observed in figure 2 are summarised and sorted with 

respect to both the weekdays and the daily hours (cf. figure 4). Low or negative market 

prices are anticipated when the electricity demand is low, i.e. during off-peak hours and at 

weekends and on public holidays. The observations confirm this trend. Two of the five 

negative values observed on a Monday occur at Christmas. On an hourly level, the negative 

prices occur in the night and in the morning hours (11 p.m.-8 a.m.); there were only four 

hours outside this range.  

 

Figure 4: occurrence of negative day-ahead spot prices between January 2010 and December 2011 

 

It is also interesting to observe the relationship between day-ahead prices and the residual 

load. For this purpose, information about wind power infeed64 has been collected from the 

official websites of the TSOs in Germany and Austria (i.e. Tennet TSO GmbH, 50Hertz 

Transmission GmbH, Amprion GmbH, EnBW Transportnetze AG, and Austrian Power Grid 

[APG]). The data for the total load as well as that for the generated RE-Quantity has been 

provided by ENTSO-E.65 To calculate the residual load the total power from renewable 

                                                        
62 Nicolosi, 2010, p.7261 
63 Fürsch, Lindenberger & Nicolosi, 2010; Genoese, Ragwitz & Sensfuss, 2007 
64 A more detailed description of the characteristics of these values follows in Section 4.1.3. 
65 The need to use a second source is indicated by the lack of information on the official websites of the TSOs in 
question. For instance, Tennet TSO does not provide any data on the total load. It may be assumed that the 
data proposed by ENTSO-E is consistent with that provided by the TSOs. ENTSO-E specifies indeed that “the 
hourly load data are obtained from inquiries among the German TSOs representing so-called "Common / Public 
supply" including the network feed-in produced on the basis of renewable energy sources, which means also the 
network feed-in of the distribution grid.” p.4  
The energy that the power plant operators produce and consume directly does not immediately affect the power 
price, as they do not sell the power on the exchange. For the sake of consistency, data from ENTSO-E has also 
been used regarding the Austrian load.   
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energy sources (RES-E) has to be taken into account, adjusted for the wind power infeed. 

Only data on a monthly basis is available for this. To assess the residual load for the hours 

with negative prices, the available data therefore has to be adjusted: the method suggested 

by Nicolosi and Fürsch (2010) and by Klöckl and Pinson (2009) is employed, using the 

following formula66:  
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For a first and very general impression, negative prices are regarded from the demand side. 

Figure 5 depicts the residual load in relation to the day-ahead spot prices for the year 

201067. All hours with very low or negative values correspond to a residual load below 35 

GW. The shape of the scattered points resembles the merit-order curve.68  

 

Figure 5: residual load vs. hourly day-ahead spot prices 

 

There is no clear relationship between negative prices and residual load, which suggests 

the need for a further comparison between the different figures (i.e. prices, wind feed-in, 

and residual load). To this end, table 3 has been constructed that summarizes all the 

negative values observed in relation to both the amount of wind power fed in, and the 

residual load that conventional power plants have to cover. 

 

 

 

 

 

                                                        
66 Nicolosi & Fürsch, 2010, p. 19; Klöckl & Pinson (2009), p. 2 
67 In 2011 there were too many empty gaps in the data, rendering it difficult to duly portray the correlation 
between residual load and day-ahead spot prices.  
68 This has also been confirmed by Nicolosi and Fürsch (2010), who applied a similar method using different 
data sources.  
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Table 3: relationship negative day-ahead spot prices, wind power feed-in and residual last 

 

It will be noticed that the negative values are not as extreme as those observable in years 

2008 and 200969. During the observation period, the average in-feed of wind power was 4.7 

GW and the average total load was 43.15 GW. The lowest value was registered on Friday, 

4 February 2011, when the above-average in-feed of wind power combined with a relatively 

high total load resulted in a value in the amount of -36.82 €/MWh. From the density 

distribution (cf. figure 8) of the forecasted wind feed-in, it will be noticed that 23,036.12 

MWh was significantly high. However, on examining the Phelix prices closed to 0 €/MWh 

(e.g. on Saturday, 5 May 2011), it will be noticed that the wind power infeed values were 

quite substantial too. If the distribution of time series (only base-load hourly prices) is 

plotted against the curve of normal distribution, the extreme events can clearly be seen. On 

counting them and calculating the cumulative percentage for the entire observation data, it 

will be realized that 9.61% of the observations belong to the low extreme events (cf. figure 

6). On regressing both extreme events with the respective wind power feed-in quantities, it 

will be noticed that the wind power feed-ins do not clearly explain the behaviour of the spot 

prices70. By looking at the R2 – a measure that is overestimated, but that may still help to 

understand the extent to which the wind power feed-in is responsible for the extreme prices 

– is 0.006208 and 0.086323 for the highest and lowest extreme values respectively.  

                                                        
69 4 October 2009 was the day with the most extreme negative value equal to -€500/MWh. 
70 Both time series are stationary. 

Sun 10.01.2010 7 -9.9 10'860.42 32'471.00 25'069.12

Sun 10.01.2010 8 -1.43 10'659.87 33'704.00 26'302.12

Mo 01.03.2010 3 -2 19'211.35 30'832.00 20'982.54

Mo 01.03.2010 4 -18.1 19'608.78 31'278.00 21'428.54

Mo 01.03.2010 5 -2.78 19'839.83 33'187.00 23'337.54

Sun 16.05.2010 14 -0.04 11'279.59 29'518.00 21'415.85

Sun 16.05.2010 16 -0.03 11'124.31 28'881.00 20'778.85

Sun 13.06.2010 5 -0.06 4'699.18 25'798.00 18'548.00

Sun 13.06.2010 6 -0.08 4'349.90 26'038.00 18'788.00

Sun 13.06.2010 7 -0.02 4'058.56 25'930.00 18'680.00

Sun 12.12.2010 2 -5.04 15'794.50 32'500.00 26'137.00

Sun 12.12.2010 3 -20.45 14'681.66 31'570.00 25'207.00

Sa 01.01.2011 7 -34.08 12'578.72 25'809.00 17'662.49

Sa 01.01.2011 8 -34.22 12'412.56 23'422.00 15'275.49

Sa 01.01.2011 9 -5.95 12'166.97 26'306.00 18'159.49

Sat 01.01.2011 10 -0.03 12'012.33 27'806.00 19'659.49

Fr 04.02.2011 24 -36.82 23'036.12 35'438.00 24'751.99

Sa 05.02.2011 4 -0.1 22'655.52 33'233.00 22'546.99

Sa 05.02.2011 6 -0.07 22'636.77 32'671.00 21'984.99

Sa 05.02.2011 7 -9.3 22'749.39 32'940.00 22'253.99

Su 19.06.2011 16 -0.02 17'092.00 28'094.00 18'575.94

Su 19.06.2011 17 -0.59 17'594.04 28'076.00 18'557.94

Su 25.12.2011 4 -0.1 11'273.40 n.a. n.a.

Su 25.12.2011 6 -0.04 11'907.47 n.a. n.a.

Su 25.12.2011 7 -10.1 12'084.37 n.a. n.a.

Mo 26.12.2011 2 -10.02 14'193.49 n.a. n.a.

Mo 26.12.2011 3 -10.04 13'960.11 n.a. n.a.

Residual    last    

[MWh]
Day    Date Hour

Price    

[€/MWh]

Wind    feed-in    

[MWh]

Total    Last    

[MWh]
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Figure 6: frequency according to which day-ahead spot prices occur 

For the observation period in question therefore, only a partial correlation can be seen 

between wind feed-in and negative prices. This confirms the findings of Bach (2009) who 

says that there is no clear answer as to whether wind power contributes to lowering or 

increasing average spot prices. There must be other variables as well, such as the tertiary 

control reserve, explaining the negative prices. Definite conclusions cannot be reached 

because only incomplete data is available71. However, it may be assumed a significant 

amount of negative control reserve had been negotiated for Fridays, confirming the findings 

of Nicolosi (2010) and Lindenberger et al. (2010), according to whom there is a positive 

correlation between negative control reserves and negative prices.  

Raw price data (instead of their logarithm) are to be used for an analysis for two main 

reasons: first, a qualitative analysis between negative spot prices and wind power feed-in 

has already been done but calls for further investigation; second, working with log-prices 

limits volatility and contributes to variance stabilization72. Nonetheless, this latter method 

implies the transformation of negative prices into positive ones (e.g. €0.01/MWh). The log of 

a very small number leads to a “sudden price drop” in the time series, which does not reflect 

the real extent to which the price actually drops. These sudden drops appear only because 

of the logarithmic transformation, which enhances low prices while dumping high prices.73 In 

addition, the log approximation in only good for small price changes. Recall the figure 2, 

which clearly show very large price deviations; a log approximation would reduce this 

feature and is therefore not a good tool for the aim of this thesis. In order to keep the 

analysis as realistic as possible, it has therefore been chosen here to work with the raw 

price data.  
                                                        
71 Under www.regelleistung.de data is only available as from 1 April 2011. Conducting only partial semi-annual 
research into the correlation between control reserves and negative prices may not deliver meaningful results for 
the remaining observations.  
72 Keles et al., 2011 
73 Weron, 2008, p.14 
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4.1.2.4 Temporal Characteristics 

The temporal properties of the electricity spot prices are rather unique and merit further 

investigation – not least because the results of this analysis will allow a decision on how to 

further explore the comparison between spot prices and quantities of wind energy which are 

fed into the grid. Indeed, the autocorrelation function together with the test of stationary 

provides important price characteristics.  

Figures 10 and 11 plot the autocorrelogram of the daily spot prices P. A strong 

autocorrelation is evident – in particular intraweek seasonality, as every seventh spot price 

is highly correlated. Also, on considering the hourly frequency a strong autocorrelation 

becomes noticeable. On de-seasonalising spot prices, less pronounced seasonality of the 

residuals should be apparent. This will be the next step.  

Identifying the (non-)stationarity of the spot prices is important in order to be able to 

properly model them.  

Stationarity is given two definitions74. 

A time series is said to be strictly stationary if any value of the joint probability distribution is 

invariant under time shift. Describing the entire probability distribution of a stochastic 

process is however quite complicated and too restrictive. It is much more common to model 

and test the first two moments (i.e. mean and variance) of the time series. Therefore, a 

weaker version of stationarity is defined, which is called covariance, 2nd or weak stationarity. 

A time series is weakly stationary if both mean and (auto)covariance are time invariant. This 

implies that the time plot of a dataset shows that the values fluctuate around a fixed level.75 

To assess non-stationarity a commonly used test is implemented to assess the so-called 

unit root: the augmented Dickey & Fuller (1979) test (ADF). The number of legs is 

determined by minimizing the Akaike Information Criterion (AIC), which usually results in a 

too small number of lags. To resolve this gap, a method identified as AIC+276 is used. 

Because an hourly frequency is being considered, AIC+2 becomes AIC+48, AIC+14, 

AIC+26, AIC+8 for the respective time series, so as to account for two more days in the 

stationarity analysis. 

Table 4: unit root analysis of hourly day-ahead spot prices 

                                                        
74 The following information is based on Tsay, 2010, p.30ff. 
75 In a later stage ARMA models will be applied. These models are based on the first and the second moments 
of the distribution; hence, it is important that they are time invariant in order to ensure that the model is stable 
and the estimated parameters are likely to be right. 
76 Cf. Pantula, Gonzales-Farias & Fuller, 1994 

  
Base Off-Peak I Peak Off-Peak II 

ADF (194) ADF (242) ADF (199) ADF (213) ADF (481) ADF (507) ADF (148) ADF (156) 

t-statistic -3.538003 -4.099565 -2.175372 -2.396132 -2.741317 -2.958888 -0.840910 -1.205094 

(p-value) (0.0071) (0.001) (0.5027) (0.3815) (0.2198) (0.1441) (0.9605) (0.9085) 

1% level -3.430555 -3.430556 -3.959907 -3.959913 -3.959054 -3.959057 -3.961354 -3.961364 

5% level -2.861515 -2.861516 -3.410720 -3.410723 -3.410302 -3.410303 -3.411429 -3.127571 

10% level -2.566798 -2.566798 -3.127147 -3.127149 -3.126899 -3.126900 -3.127568 -3.127571 
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From Table 4 it can be seen that in most cases, it is not possible to reject the null 

hypothesis of the presence of unit roots with any degree of certainty, with some exceptions. 

In the case of base load hours, the null hypothesis of a unit root can be rejected at all levels. 

That should not be the case. If the number of lags is selected according to the Schwarz Info 

Criterion (SIC), the null hypothesis cannot be rejected with 99% certainty.77  

If the first differences are taken and the unit root tests are applied to all four cases, 

stationarity is obtained, meaning that the prices are integrated of order one78.  

4.1.3 Wind Power Feed-In 

4.1.3.1 Forecasted and Actual Wind Feed-In 

As mentioned above in the description of the negative spot prices, the figures for wind 

power in-feed have been provided by the TSOs in Germany and Austria (i.e. Tennet TSO 

GmbH, 50Hertz Transmission GmbH, Amprion GmbH, EnBW Transportnetze AG, and 

Austrian Power Grid [APG]). On the German market, these figures cover about 91% of the 

total supply, meaning that industry's own production for internal consumption and for 

supplying some of the German railway network are not included in the "Common/Public 

Supply” and the hourly load values for that part are not available.79 The data on wind power 

projections published on the TSO websites includes the electricity produced and fed into the 

grid, without the quantity that plant operators put on the market directly. The plant operators 

do not actually place this quantity on the exchange; instead, they either enter into bilateral 

partnerships or consume it directly. This is the big distinction from the data that can be 

gathered from the EEX transparency platform.80 

The dataset covers 70,084 quarter hours, which have been converted into hourly frequency 

with an arithmetic mean. Figure 7 depicts the hourly observations of both the forecasted 

and actual physical wind feed-in.  

The data forecast for physical wind energy feed-in is based on a combination of several 

wind energy feed-in forecasts estimated for 8:00 a.m. on the respective following day. The 

data on the actual physical quantity of wind energy feed-in is based on a projection of the 

current feed-in values from selected wind farms that are measured online.81 Figure 7 gives 

also an overview of the general features of wind energy. Qualitatively, wind infeed can be 

termed extremely volatile. 

                                                        
77 For the sake of completeness the KPSS test has been used, which clearly rejects the null hypothesis of 
stationarity. The test results are available upon request. 
78 This would be a precondition for implementing a co-integration analysis. As will be seen, the wind power feed-
in is stationary.  
79 ENTSO-E, 2010, p.4 
80 More information can be found under http://www.amprion.de/mehr-transparenz-bei-vermarktung-von-
erneuerbarem-strom 
81 This information has been retrieved from the TSO websites. 
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Figure 7: forecasted and actual wind power feed-in on an hourly basis 

In order to decide which quantity (forecasted or actual) of wind infeed to consider, the time 

and circumstances of day-ahead auction trading must be defined.  

Day-ahead auction trading involves the trading of power contracts for the physical delivery 

of electricity during specific hours of the next day. The price is hence determined in an 

auction process, whereby the market participants bid for hourly contracts and other contract 

blocks for delivery on the following day. Orders can commence fourteen days before their 

respective delivery period starts, and the order book remains open 24 hours until the pricing 

process commences on the exchange trading day prior to delivery, timed at noon (12:00 

p.m.) for the German/Austrian area. The daily auction takes place at 12.00 p.m., 7 days a 

week, 365 days a year, including public holidays.82 All the sale and purchase bids are then 

combined into a single demand and a single supply curve; their intersection determines the 

market clearing price (MCP).  

This statistical analysis focuses on the forecasted quantity of wind power feed-in. Nicolosi 

(2010) in his analysis investigated the relationship between wind power feed-in and day-

ahead spot prices, taking the actual power infeed into account. However, he corroborates 

that the forecasted values would provide a better explanation of the market results. Indeed, 

market participants try to forecast wind power values and use different forecast methods; so 

forecasted values do seem to influence the MCP on the exchange.  

4.1.3.2 Descriptive Fundamentals 

First of all, a statistical description is given of both the forecasted and actual wind power 

feed-in. For the sake of completeness, both time series are considered. Secondly, a focus 

is put on the forecasted part, since that is the component having a major impact on the 

price and quantity bids made by the market participants on the auction market. From table 5 

it will be noticed that the wind power infeed during the period concerned shows a mean, 

which lies far below the maximum value of wind infeed into the system. A positive skewness 

                                                        
82 More information can be found under http://www.epexspot.com/en/product-info/auction/germany-austria 
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can be observed, indicating that the median has a lower value than the mean and that 

therefore the majority of the observations are concentrated on the left side of the distribution, 

with extreme values on the right side of the distribution. These quantities are also evident in 

a depiction of the density function (cf. figure 8). The standard deviation is exceptionally high.  

The skewness and kurtosis values differ from those accepted for defining the observed 

values as normally distributed. The assumption of normally distributed variables is likewise 

rejected by means of the Jarque-Bera test, whose value diverges from the critical value of 

normal distribution.   

Table 5: descriptive statistics of forecasted and actual wind power feed-in on an hourly basis 

 

 

Table 6: statistical characteristics of forecasted wind power feed-in during baseload, off-peak I, peak, off-

peak II hours 

 

 

 

Forecasted wind power 

feed-in

Actual wind power 

feed-in

Mean 4'956.810 4'797.590

Median 3'656.760 3'490.000

Max 23'370.830 22'946.000

Min 321.450 101.870

St.Deviation 4'040.690 4'138.450

Skeweness 1.470 1.410

Kurtosis 5.170 4.810

JB 9'746.350 8'166.300

Prob 0.0000 0.0000

Baseload Off-Peak I Peak Off-Peak II

Mean 4'956.810 4'795.184 5'090.785 4'877.737

Median 3'656.760 3'588.345 3'676.223 3'711.795

Max 23'370.830 22'865.130 23'370.830 23'036.120

Min 321.450 362.972 321.450 419.540

St.Deviation 4'040.690 3'794.022 4'250.960 3'854.914

Skeweness 1.470 1.507 1.399 1.575

Kurtosis 5.170 5.492 4.788 5.697

# obs. 17'518 5'838 8'760 2'920

JB 9'746.350 3'718.387 4'025.828 2'091.559

Prob 0.0000 0.0000 0.0000 0.0000
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Figure 8: density of forecasted wind power feed-in 

 

4.1.3.3 Stationarity Tests 

Table 7: unit root analysis of wind power feed-in on a hourly basis 

 

The stationarity test for wind energy infeed is also conducted applying the ADF under the 

restriction AIC and AIC+48 minimization respectively. From table 6 it may be concluded that 

all the time series at issue are stationary. These results will be of central importance for 

deciding the methods with which to analyse the impact of wind power infeed on (de-

seasonalized) prices.  

4.1.7 Fuel and CO2 allowance prices 

This section will outline the fuel prices that will be taken into consideration for our long-term 

analysis. Only a short description of their characteristics will be provided. For more 

information, reference is made to the sources provided on the footnotes. A table 

summarising the statistical and temporal characteristics is provided at the end of this 

chapter. Given the results in these tables, the author will opt for working with log price 

returns. The log price returns are indeed stationary, a necessary characteristic for their 

modelling with VAR models. 

Gaspool and NetConnect Germany 

In 2007, EEX launched natural gas products for the German market, which have resulted in 

market segments dominated by GASPOOL (GPL) and NetConnect Germany (NCG). The 
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ADF (148) ADF (196) ADF (35) ADF (49) ADF (40) ADF (66) ADF (20) ADF (28)

t-statistic -7.1929 -6.2904 -7.2854 -6.5723 -10.9218 -8.5066 -7.4062 -6.2052

(p-value) 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000

1% level -3.4306 -3.4306 -3.4315 -3.4315 -3.4309 -3.4309 -3.4324 -3.4324

5% level -2.8615 -2.8615 -2.8619 -2.8619 -2.8617 -2.8617 -2.8623 -2.8623

10% level -2.5668 -2.5668 -2.5670 -2.5670 -2.5669 -2.5669 -2.5672 -2.5672

Base Off-Peak I Peak Off-Peak II
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hub reference prices are retrieved from the official website www.net-connect-germany.de. 

The reference products are listed under “NCG One Day Ahead Settlement Price” and 

“GASPOOL One Day Ahead Settlement Price”, which are published every exchange-

trading day between 10 am and 11 am. The data is published daily, excluding weekends 

and public holidays. The time series under observation will have hence 508 observations 

each. The other time series, which include also wind power feed-in quantities and PHELIX 

prices, are adapted accordingly.  

Coal monthly futures 

The monthly ARA (Amsterdam-Rotterdam-Antwerp) coal futures prices that are published 

by EEX are considered here. The prices for coal futures are specified in USD per tonne to 

two decimal places, and the exchange rate USD/EUR provided by OANDA has been used. 

The settlement price is fixed on the EEX Derivatives Market after the end of trading each 

exchange-trading day83, more specifically between 6 pm and 9 pm.  

Oil 

The Oil Index North Sea Strip has been obtained from the Institute for Operations Research  

and Computational Finance (ior/cf-HSG), which in turn retrieved it from Bloomberg. With the 

time series, the following information has been provided: All European crude oil prices are 

derived by adding the quoted/traded differential during a trading session to the North Sea 

Strip, which, as of April 2003, has replaced dated Brent/BFO as the underlying for 

calculating outright crude oil prices. The North Sea Strip, STRPNORT comdty, is derived 

from a Contract for Difference (CFD) 10-21 days forward. Here again, the prices are 

provided in USD, and the exchange rates USD/EUR to be found under OANDA have been 

applied.  

Carbix and settlement price 

In order to analyse the interplay between and among prices for electricity, gas, coal, oil, 

wind, and the prices for CO2 emissions, we have considered both spot market prices on the 

Carbon Index (CARBIX) and settlement prices (futures)84 traded on the EEX derivatives 

market. The CARBIX is established in an intraday auction at 10:30 am each exchange-

trading day. The settlement price is established after the end of trading each exchange-

trading day.85 

 

 

                                                        
83 EEX, 2010c  
84 The futures will be named Settlement in this master thesis. 
85 EEX, 2011 
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Table 8: statistical analysis of daily (business days) electricity, fuel, and CO2 prices and log price returns 

 

 

 

 

 

 

 

 

 

 

 

baseload Off-Peak    I Peak Off-Peak    II Carbix Settlement Coal Gaspool NCG Oil

    Mean 51.080 40.399 58.472 50.271 13.633 13.638 78.340 20.297 20.263 95.975

    Median 51.060 41.390 58.210 50.040 14.300 14.285 83.942 21.500 21.485 94.860

    Maximum 72.060 57.620 89.730 68.490 16.900 16.840 98.996 28.100 28.100 128.040

    Minimum 32.830 12.100 39.320 7.900 6.500 6.500 51.553 10.520 11.080 69.580

    Std.    Dev. 7.121 7.864 8.117 6.785 2.270 2.258 11.580 3.750 3.742 17.072

    Skewness 0.000 -0.664 0.405 -0.332 -1.125 -1.131 -0.730 -0.733 -0.678 0.070

    Kurtosis 2.676 3.204 3.554 5.235 3.887 3.898 2.487 2.597 2.499 1.443

#    obs. 508 508 508 508 508 508 508 508 508 508

    Jarque-Bera 2.225 38.167 20.358 115.111 123.784 125.266 50.689 48.898 44.212 51.735

    Probability 0.329 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000

Table 9: unit root test of daily (business days) electricity, fuel, and CO2 prices and log price returns 

P ∆lnP P ∆lnP P ∆lnP P ∆lnP P ∆lnP P ∆lnP P ∆lnP P ∆lnP P ∆lnP P ∆lnP

ADF (6) ADF (4) ADF (4) ADF (14) ADF (4) ADF (3) ADF (5) ADF (5) ADF (0) ADF (18) ADF (0) ADF (0) ADF (1) ADF (12) ADF (5) ADF (4) ADF (11) ADF (10) ADF (1) ADF (0)

t-statistic -3.297 -13.83 -4.021 -8.786 -3.458 -16.36 -2.972 -14.65 0.225 -4.427 0.456 -21.350 -1.463 -6.228 -1.703 -10.298 -2.097 -8.204 -1.163 -23.69

(p-value) (0.000) (0.000) (0.0014) (0.000) (0.0096) (0.000) (0.0383) (0.000) (0.9740) (0.0003) (0.000) (0.000) (0.5519) (0.000) (0.4289) (0.000) (0.2461) (0.000) (0.000) (0.000)

1% level -3.444 -3.443 -3.443 -3.443 -3.444 -3.444 -3.444 -3.443 -3.444 -3.444 -3.443 -3.443 -3.444 -3.443 -3.444 -3.443 -3.444 -3.443 -3.444 -3.444

5% level -2.867 -2.867 -2.867 -2.867 -2.867 -2.867 -2.867 -2.867 -2.867 -2.867 -2.867 -2.867 -2.867 -2.867 -2.867 -2.867 -2.867 -2.867 -2.867 -2.867

10% level -2.570 -2.570 -2.570 -2.570 -2.570 -2.570 -2.570 -2.570 -2.570 -2.570 -2.570 -2.570 -2.570 -2.570 -2.570 -2.570 -2.570 -2.570 -2.570 -2.570

Carbix Settlement Coal Gaspool NCG OilBaseload Off-Peak I Peak Off-Peak II

baseload    

log-return

Off-Peak    I    

log-return

Peak                                

log-return

Off-Peak    II    

log-return

Carbix                        

log-return

Settlement    

log-return

Coal                                    

log-return

Gaspool        

log-return

NCG                                    

log-return

Oil                                        

log-return

    Mean -5.04E-05 -7.28E-04 1.27E-04 2.25E-04 -1.23E-03 -1.27E-03 6.18E-04 2.69E-04 8.14E-04 5.90E-04

    Median -2.54E-03 3.34E-03 1.30E-03 -3.81E-04 0.00E+00 -6.66E-04 3.89E-04 0.00E+00 5.43E-04 0.00E+00

    Maximum 2.69E-01 1.12E+00 3.20E-01 1.52E+00 1.14E-01 1.87E-01 7.59E-02 2.62E-01 1.85E-01 5.54E-02

    Minimum -0.412 -0.927 -0.287 -1.865 -0.170 -0.092 -0.057 -0.305 -0.208 -0.087

    Std.    Dev. 0.088 0.204 0.090 0.139 0.024 0.022 0.015 0.042 0.036 0.018

    Skewness -0.086 -0.183 -0.041 -2.111 -0.380 0.836 0.356 -0.815 -0.227 -0.373

    Kurtosis 4.144 8.543 4.000 92.977 10.515 13.808 5.638 18.036 9.507 4.381

#    obs. 507 507 507 507 507 507 507 507 507 507

    Jarque-Bera 28.281 651.816 21.274 171399.700 1205.190 2526.502 157.670 4832.142 898.717 52.022

    Probability 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
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5 Methodology 

The first step consists in presenting the modelling approach for the deterministic 

components of the raw spot data. For sake of completeness, a simple regression (OLS) 

depicting the deseasonaalised raw prices and the wind power feed-in will be applied. The 

results and their comparison with the results obtained by Neubarth et al. (2006) will confirm 

the necessity to put into relation the stochastic part of the electricity prices (and not the raw 

data) and the wind power feed-in quantities. The deseasonalised series are assumed to 

contain only stochastic elements, which can be then simulated via the stochastic processes 

ARMA and ARMA-GARCH. The forecasting tools will also include the exogenous variable 

wind power feed-in and will be called ARMAX and ARMAX-GARCH models. The 

forecasting performance of the ARMA(X) and ARMA(X)-GARCH models for the four time 

series (baseload, off-peak I, peak, and off-peak II hours) will be then estimated and 

evaluated.86  

The last chapter will analyse the longer-term relationship among wind power feed-in, 

electricity, fuel and CO2 price returns by means of the Granger Causality Tests, Impulse 

Response Functions, and the Variance Decomposition. It will be a disconnected chapter, a 

second freestanding analysis of the longer-term relationships among the mentioned 

categories. 

5.1 Seasonalities - introduction 

The electricity spot prices are explained by a deterministic component (we call it ��) and by 

uncertain parameters (we group them in form ∑ ��,���� ) constituting the stochastic part of the 

electricity prices. This differentiation is of interest for this thesis, because fluctuant 

renewable electricity generation is an uncertain parameter responsible for the stochastic 

component.87 The four time series, i.e. baseload hourly prices, off-peak I hourly prices, peak 

hourly prices and off-peak II hourly prices, are going to be deseasonalised. 

In order to translate the seasonal feature while taking the property of the mean-reversion 

into account, the spot price can be expressed as a combination of these two components88:   

! � �� +#��,�
�
�� 

 

where ft  is the deterministic component seasonality and Xt (e.g. spikes) is the stochastic 

part. On the one hand, the drawback of deseasonalizing day-ahead spot prices is that the 

residuals of P-ft can become negative, preventing the use of logarithms on the 

deseasonalized spot prices (Weron, 2006; Janczura & Weron, 2010b). On the other hand, 

the advantage of using the spot prices instead of their logarithms89 is that on average they 

yield better parameter estimates (Janczura and Weron, 2010a). Since the purpose is to look 

                                                        
86 The Mean Absolute Error and Root Mean Squared Error are the diagnostic tests used to compare the models. 
87 Keles et al. (2011); De Miera et al. (2008), p.3349 
88 Geman, 2005, p.67 
89 In the literature some authors such as Bierbrauer et al. (2007) and Keles et al. (2011) implement this model 
using the logarithmized prices.  
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for a model, which extrapolates at best the deterministic part,  the models are going to be 

applied on the spot prices in level. This is a further reason for working with them.90   

As the electricity prices are based on both components, the author is going to consider both 

of them in the analysis. The first step consists in deriving by means of functions the 

deterministic constituent, which is then removed from the de-trended historical prices. Then, 

the resulting stochastic residuals are used for estimating the stochastic part.  

Demand and supply of electricity show seasonal fluctuations, which traduce into the 

seasonal behaviour of spot electricity prices.91 Figure 9 depicts the average price per month 

(January and July) and type of day (week-day and weekend day/holiday, respectively). This 

chart confirms the seasonality pattern of the electricity prices. Over the 24h time period, 

prices move in a distinct hourly pattern, which follows the demand for electricity. As already 

mentioned, prices start increasing when people get ready for the day (around 6-7 a.m.) and 

decrease after 8 p.m., when business activities are over. Differences in the prices between 

winter and summer time as well as between workdays and weekend days can be observed.  

 

Figure 9: hourly and daily day-ahead price patterns 

The figures 10 and 11 depict the autocorrelation of the four time series. The first part 

considers the hourly prices for the 24 hours (baseload hours), for the first 7 hours of the day 

(Off-Peak I hours), for the twelve hours from 8 am to 8 pm (Peak hours), and for the last 

four hours of the day (Off-Peak II hours). On a daily basis, the autocorrelation of the four 

time series is clear. To capture the weekly cycle, the arithmetic mean of the delivery periods 

of the corresponding contracts is taken, which were settled in the auction market on the 

previous day (next four graphs). In this case, up the last time series (i.e. that of the Off-Peak 

II hours), the weekly autocorrelation is quite strong. The aim of this chapter is to reduce this 

kind of predictable pattern, in order to work only with the stochastic part of the prices.  

 

                                                        
90 Recall that the first reason is related to very low resp. negative prices, the modeling of which may change the 
explanatory power of the wind power feed-in. 
91 Bierbauer et al., 2007, p.3464 
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Figure 10: autocorrelations of day-ahead baseload, off-peak I, peak, and off-peak II hourly prices 

 

Figure 11: autocorrelations of day-ahead baseload, off-peak I, peak, and off-peak II daily prices  
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The first step is to remove the long-term trend from the prices: 

���$%�& � � + '�
 
The first term (�) of the equation is constant and may be interpreted as the fixed costs of 

power production. The term t is important, as it represents the “long-run linear trend in the 

total production cost”92. The assumption of a long-term constant price level with zero mean 

is rather arduous (cf. Blöchlinger, 2008). The costs of production should consider 

macroeconomic variables like inflation and hence depict a positive trend.93 

The second step is to remove from the de-trended prices three types of seasonality: 

- daily, 

- weekly,  

- and annual cycles, 

which will be separately described in order to gain a general overview of them. 

There are several suggestions94 at our disposal from literature for properly describing the 

seasonal pattern. The methods selected are based on several works 95 , which will be 

combined and adapted in order to find the best model for explaining the seasonality of our 

observations.  

Yearly seasonality 

The yearly seasonality can be modelled with the classical trigonometric functions96:  

��*%+*,� 	� - + ' ,�cos 1 238760 ∗ (
  9): + ';,� sin > 438760 ∗ (
  9)@ 

where -  is the intercept, ' ,�  and ';,�  and 9  are the coefficients derived through a least 

squares fit. There are several variations of this equation. Authors like Keles. et al. (2011) 

propose to use only sin functions, others like Bermejo-Aparicio et al. (2008) try to add 

further sin cos functions but without achieving any improved result.97  Approaching the 

modelling similarly, it can be concluded that the equation above best explains our time 

series. The use of trigonometric functions to define the yearly seasonality is a commonly 

used method in literature. However, this method alone does not deliver satisfactory 

results.98  The use of trigonometric functions isolated for the EEX prices is indeed not 

suitable, as they do not show a strong seasonality over the year – after all, some winters 

have almost spring-like temperatures, and vice versa. In order to make the explanatory 

                                                        
92 Geman and Roncoroni, 2006, p.1237 
93 Horsch, 2011 
94 Authors such as Bhanot (2000), Knittel and Roberts (2005) implement piecewise constant functions; Cartea 
and Figuera (2005), Pilipovic (1997) and Weron et al. (2004) adopt sinusoidal functions; Lucia and Schwartz 
(2002, p.24) use a combination of both; another method widely implemented is the one utilizing wavelet 
decompositions (cf. for example Schlueter, 2010).  
95 Blöchlinger (2008), Bierbrauer et al. (2007), Fleten and Lemming (2003), and Keles et al. (2011) 
96 The formulas are generalized for the base hours. When we have peak, off-peak I, and off-peak II hours, we 
adapt the formulas to the respective length of the period observed.  
97 It has been applied of gas prices 
98 Keles at al., 2011 
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power of the trigonometric functions stronger, other variables need to be added (e.g. 

time).99  

Another method suggested by Keles at al. (2011) is the use of the mean values of each 

month as a seasonality factor over the year. The seasonality over the year in this case 

defines the mean values of the hours of the respective months as a seasonality component:  

��*%+*,� 	� # �A�′ ∗ 1(�′|�′ � �(
))12
��1

 

This is also a valid method, which can be used for most of the time series presented. 

Weekly cycle 

The weekly cycle can be determined using several methods. The first one is called adjusted 

absolute sinus-function (aasf) and has been inspired by Keles et al. (2011): 

��E%%FGH � - + � Isin	13 ∗ 
168  J:I 
The phase shift parameter J is determined as the deviation from the point in which the 

weekly cycle reaches its minimum in the observation set. For this purpose, the mean values 

of the electricity prices for each day of the week are calculated. This calculation delivers 

Sunday as the minimum price.100 The next step is to take the distance of all hours of the 

week from the respective seventh Sunday hour. 

An alternative to verify to what extent a (daily) seasonality exists within the week is to 

include dummy variables.101  For this purpose, a table where we classify the days into 

weekdays and seasons is created.102  

 

The workdays of each month are ordered in one class. Weekend days and holidays are 

held constant over a period of three months, to represent the different seasons through the 

year.  

��E%%FGH � � +#'�K
;L
�� 

M
,� 

where c=1,…,16 is the respective profile class and H represents the hour from 1 to 24. The 

question is to determine how many dummy variables we want to include in our regressions. 

                                                        
99 Weron, 2006, p.25 
100 Same result as that obtained by Keles et. al (2011) 
101 Brooks, 2008, p.455 
102 This method is based on the work of Blöchlinger (2008) with some modifications 

  J F M A M J J A S O N D 

WD 1 2 3 4 5 6 7 8 9 10 11 12 

Weekend/ 
13 13 14 14 14 15 15 15 16 16 16 13 Holidays 
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If an intercept term in the regression is included, the number of dummies that could also be 

included would be one less than the “seasonality” of the data. Including both the intercept 

and all dummies explaining the seasonality leads to the problem of the dummy variable 

trap: there would be perfect multicollinearity103 so that the correlation matrix would not exist 

and none of the coefficients could be estimated.104 The explanatory variables may in this 

case be correlated and thus essentially deliver the same information. Neither of them may 

contribute significantly to the model after the other one is included. This means that the 

model fits the data well, even though none of the correlated explanatory variables has a 

statistically significant impact on predicting the dependent variable.105 The solution is either 

to include the intercept term together with “all dummies minus one” (as Blöchlinger (2008) 

did) or to include all dummies without intercept. The author opted for the second method in 

order to interpret the coefficients as the average value of the dependent variable during the 

respective period (month and season, for the weekdays and weekends, respectively). 

However, in some cases the results seem to deliver contra-intuitive results. To double-

check the accuracy of the results, the author also implemented the first method. In that case, 

the estimated coefficients of the dummy variables are interpreted as the average deviations 

of the dependent variable for the included profile classes (see table) from their average 

values for the excluded profile class. According to Brooks “the seasonal features in the data 

would be captured using either of these [methods], and the residuals in each case would be 

identical, although the interpretation of the coefficients would be changed” (p. 455).  

Daily cycle 

The author implements only one method to take into account the intraday seasonality. This 

procedure works essentially with mean values. The daily cycle is defined as the hourly 

mean for the 24h of the day and is then removed.106  

							��&+�GH � 24N # ��O;L�,*%+*,�
P QRSTU 

V
 

 

∀� ∈ Y1,2,… ,24[	⋀	∀������ ∈ Y���
��, �]���^, ������, ��
���[ 
 

The different seasons are divided as for the method with the dummy variables. 

At this stage, there are two options: either to split the seasonal decomposition into daily, 

weekly, and yearly seasonality, or to consider them simultaneously. The author chooses the 

second scheme and fits all the equations by using a sequential ordinary least squares 

(OLS) method. The results will be presented in the next section.  

                                                        
103 This is a fact that we also proved in our calculation 
104 Brooks, 2008, p.455 f. 
105 Paraschiv, 2011, p.108 
106 Method implemented by Keles et al., 2011 



  Wind Power Feed-In – Effects on Prices 

- 39 - 
 

5.2 Seasonalities – results 

When presenting the results, it will be necessary to keep the illustration as simple as 

possible without losing relevant information. The model that better fits the purpose is 

selected. As the work involves the modelling of four different time series, there are two 

options at disposal: either a single model that suits most of the four time series is selected, 

albeit not perfectly; or the features of the individual time series are taken into account and 

different methods according to their distinct peculiarities are selected. The first case 

donates consistency to the methodology, the second precision. The second approach will 

be applied.  

Baseload hourly prices 

In the case of base time series, the author decides to work with the system proposed by 

Keles et al. (2011).  

�� � �_ + '�
 + ` 24N # ��O;L�,*%+*,�
P QRSTU 

V
+ 	� Isin 13 ∗ 
168  J:I + � # �abc ∗ 1(�d|�d � �(
)) ;

b� 
 

The reasons behind this decision are the better results obtained for both the regression as a 

whole (see figure 12) and the explanatory power of the different regressors. Furthermore, 

the correlogram of the residuals shows substantially less seasonality than with the other 

methods. The Durbin Watson statistic is still too low, indicating that the residuals have a 

positive first order serial autocorrelation, which in principle does not lead to biased and 

inconsistent coefficients. Nevertheless, a low Durbin Watson statistic may underestimate 

the standard errors107. The t-values in figure 12 are hence determined by using the Newey-

West mechanism 108 , which generates ‘HAC’ (Heteroscedasticity and Autocorrelation 

Consistent) standard errors that correct for both potential autocorrelation and 

heteroscedasticity109. All regressors but the trend are significant.  

 

                                                        
107 Hamilton, 1994; Campbell, Lo & MacKinley, 1997 
108 Blöchlinger, 2008; Neubarth at al. (2006), p.43 
109 Eviews, 2009, p. 43; Brooks, 2008, p.153 
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      Coefficient Std. Error t-Statistic Prob.   
     
     Intercept -44.24473 2.546696 -17.37339 0.0000 

Trend -1.27E-05 5.95E-05 -0.212871 0.8314 
Daily cycle 0.964569 0.015276 63.14098 0.0000 
Weekly cycle 0.906058 0.057350 15.79867 0.0000 
Monthly means 4.100129 0.570273 7.189768 0.0000 

     
     R-squared 0.529341     Mean dependent var 47.80717 

Adjusted R-squared 0.529234     S.D. dependent var 14.17898 
S.E. of regression 9.728536     Akaike info criterion 7.388289 
Sum squared resid 1657507.     Schwarz criterion 7.390507 
Log likelihood -64709.03     Hannan-Quinn criter. 7.389020 
F-statistic 4924.139     Durbin-Watson stat 0.187705 
Prob(F-statistic) 0.000000    

     
     

Figure 12: results of the deseasonalization of day-ahead baseload prices 

Off-peak I hourly prices 

For the off-peak I hourly prices, the method using the dummy variables instead of the sin 

function for the weekly seasonality is used: 

�� � '�
 + ` 8N # ��Oe�,*%+*,�
PQfTU 

V
+	#��̀8

��1 M
,� + � # �abc ∗ 1(�d|�d � �(
)) ;
b� 

 

This method is the best of those considered in this work. However, it has been possible to  

substantially reduce but not completely remove the weekly seasonality. It will be necessary 

to take into account this aspect in modeling the residuals (cf. chapter 5.4). The coefficients 

of the dummy variables are all negative. This is due to the fact that they are calculated with 

respect to the intercept (cf. theory of multicollinearity). By keeping the intercept and 

removing one dummy variable (e.g. the one of the weekdays in October), the highest 

negative values are only during the weekends, confirming that on these days the 
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consumption of electricity is substantially lower, effectively reducing the electricity prices 

(see appendix 1).  

 

     
      Coefficient Std. Error t-Statistic Prob.   
     
     Trend 1.99E-05 0.000285 0.069815 0.9443 

Daily cycle 0.986472 0.026314 37.48861 0.0000 
Weekday Jan -30.42787 3.029909 -10.04250 0.0000 
Weekday Feb -31.64491 3.087993 -10.24773 0.0000 
Weekday Mar -35.90529 3.351897 -10.71193 0.0000 
Weekday Apr -34.22454 3.109472 -11.00654 0.0000 
Weekday May -34.26242 3.271208 -10.47393 0.0000 
Weekday June -31.06220 2.928984 -10.60511 0.0000 
Weekday July -30.92514 2.820938 -10.96271 0.0000 
Weekday Aug -32.45014 2.736681 -11.85748 0.0000 
Weekday Sep -37.52815 3.043372 -12.33111 0.0000 
Weekday Oct -36.55942 3.110758 -11.75257 0.0000 
Weekday Nov -36.62473 3.077350 -11.90139 0.0000 
Weekday Dec -29.77595 2.830232 -10.52068 0.0000 
Weekend Winter -41.85778 3.200631 -13.07798 0.0000 
Weekend Spring -43.18812 3.343205 -12.91818 0.0000 
Weekend Summer -40.43130 2.988401 -13.52941 0.0000 
Weekend Autumn -41.91702 3.088533 -13.57182 0.0000 
Monthly means 0.971975 0.083489 11.64192 0.0000 

     
     R-squared 0.483553     Mean dependent var 37.70427 

Adjusted R-squared 0.481955     S.D. dependent var 13.13835 
S.E. of regression 9.456369     Akaike info criterion 7.334503 
Sum squared resid 520352.0     Schwarz criterion 7.356218 
Log likelihood -21390.42     Hannan-Quinn criter. 7.342055 
Durbin-Watson stat 0.428608    

     
     

Figure 13: results of the deseasonalization of day-ahead off-peak I prices 

Peak hourly prices 

�� � '�
 + ` 12N # ��O ;�,*%+*,�
P QgRTU 

V
+	#��̀12

��1 M
,� + � # �abc ∗ 1(�d|�d � �(
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b� 
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In case of the peak-hour time series, the use of dummy variables seems to deliver the best 

results. Using the “monthly means” method combined with the aasf does not deliver 

stationary residuals. Therefore, this method for this kind of series is discarded. Also in this 

case, autocorrelogram of the residuals indicates that this method is able to significantly 

reduce but not completely eliminate the intraday seasonality (cf. figure 16). Fact that will be 

taken into consideration in modelling the residuals with ARMA(X) and ARMA(X)-GARCH 

processes (cf. chapter 5.4). 

 

     
      Coefficient Std. Error t-Statistic Prob.   
     
     Trend 7.67E-05 0.000132 0.581786 0.5607 

Daily cycle 1.000130 0.023916 41.81850 0.0000 
Weekday Jan -46.50799 3.365606 -13.81861 0.0000 
Weekday Feb -48.04100 3.335074 -14.40478 0.0000 
Weekday Mar -45.79624 3.216522 -14.23781 0.0000 
Weekday Apr -43.76679 2.944221 -14.86532 0.0000 
Weekday May -42.17263 3.198769 -13.18402 0.0000 
Weekday June -44.21058 3.212187 -13.76339 0.0000 
Weekday July -44.74569 3.038691 -14.72532 0.0000 
Weekday Aug -46.18364 2.907158 -15.88618 0.0000 
Weekday Sep -51.67398 3.243116 -15.93344 0.0000 
Weekday Oct -50.29833 3.311097 -15.19083 0.0000 
Weekday Nov -49.85053 3.536185 -14.09726 0.0000 
Weekday Dec -46.44460 2.945341 -15.76883 0.0000 
Weekend Winter -61.54671 3.466908 -17.75262 0.0000 
Weekend Spring -58.52666 3.190909 -18.34169 0.0000 
Weekend Summer -58.80790 3.067002 -19.17440 0.0000 
Weekend Autumn -63.93266 3.349276 -19.08850 0.0000 
Monthly means 0.939954 0.060611 15.50791 0.0000 

     
     R-squared 0.613961     Mean dependent var 54.03718 

Adjusted R-squared 0.613166     S.D. dependent var 12.44705 
S.E. of regression 7.741561     Akaike info criterion 6.933250 
Sum squared resid 523863.6     Schwarz criterion 6.948602 
Log likelihood -30348.64     Hannan-Quinn criter. 6.938481 
Durbin-Watson stat 0.395792    

     
     

Figure 14: results of deseasonalization of day-ahead peak prices 
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Off-peak II hourly prices 

�� � '�
 + ` 4N # ��OL�,*%+*,�
PQSTU 

V
+	#��̀4

��1 M
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In case of the off peak-II hours time series, the use of dummy variables seems towel 

capture the seasonality. The resulting time series are stationary and hence ready to be 

modelled by ARMA(X) and ARMA(X)-GARCH models. 

 

     
      Coefficient Std. Error t-Statistic Prob.   
     
     Intercept -52.10001 3.422820 -15.22137 0.0000 

Trend -0.000216 0.000479 -0.450322 0.6525 
Daily cycle 1.002606 0.028097 35.68331 0.0000 
Weekday Jan 4.859728 0.602665 8.063737 0.0000 
Weekday Feb 4.493881 1.441918 3.116599 0.0018 
Weekday Mar -0.237812 0.723088 -0.328883 0.7423 
Weekday Apr 1.270037 0.463128 2.742302 0.0061 
Weekday May 2.205810 0.644361 3.423254 0.0006 
Weekday June 3.273270 0.651103 5.027272 0.0000 
Weekday July 3.676442 0.589190 6.239825 0.0000 
Weekday Aug 3.050813 0.768639 3.969113 0.0001 
Weekday Sep 0.707238 0.678758 1.041958 0.2975 
Weekday Oct 1.379134 0.594778 2.318736 0.0205 
Weekday Nov 1.637446 0.741803 2.207386 0.0274 
Weekday Dec 6.389093 1.025264 6.231658 0.0000 
Weekend Winter 2.088845 0.954467 2.188493 0.0287 
Weekend Spring -1.463073 0.662948 -2.206921 0.0274 
Weekend Summer 0.129430 0.835549 0.154904 0.8769 
Weekend Autumn -1.638346 0.525833 -3.115718 0.0019 
Monthly means 1.024288 0.071396 14.34652 0.0000 

     
     R-squared 0.623804     Mean dependent var 49.32146 

Adjusted R-squared 0.621339     S.D. dependent var 8.577823 
S.E. of regression 5.278400     Akaike info criterion 6.171949 
Sum squared resid 80798.38     Schwarz criterion 6.212903 
Log likelihood -8991.045     Hannan-Quinn criter. 6.186700 
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F-statistic 253.0918     Durbin-Watson stat 0.858228 
Prob(F-statistic) 0.000000    

     
     

Figure 15: results of deseasonalization of day-ahead off-peak II prices 

 

Figure 16: autocorrelograms of the deseasonalised raw prices time series 

To conclude, the residuals now show less recurrent behaviour. Also other authors (e.g. 

Blöchlinger, 2008) dealing with the deseasonalizations cannot completely remove the 

deterministic part neither. Their autocorrelograms still show some (greatly reduced) 

seasonality. This is also the case for our time series. In this work the author opts for using 

large regressions to avoid the question of which order to choose for the removal of the three 

seasonalities. This may explain why we fail to adequately capture the daily structure of the 

prices. Iterative processes110 may have been a valid alternative, meaning that we remove all 

three cycles one by one. However, this method may lead to different results depending on 

the order of removal of the different cycles. Furthermore, it is true that the different cycles 

have different time periods and that they should hence be independent.111 However, if the 

cycles are applied separately, the significance of their coefficients changes considerably. 

Therefore, it can be assumed that there are certain interactions between the season and 

the cycle. Figure 9 shows differences in the weekend prices in January and July. Moreover, 

it is necessary to recall that the use of trigonometric functions alone may not deliver 

satisfactory results (as was the case for Keles et al., 2011). This has to do with the fact that 

EEX prices generally do not show a strong seasonality over the year. The seasonal year on 

the German market is generally divided into two main seasons, i.e. summer and winter, as a 

clear distinction between four separate seasons is not possible. It is in fact common to 
                                                        
110 Keles et al., 2011 
111 Keles et al., 2011 
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register above-average temperatures in winter resp. below-average temperatures in 

summer. Therefore, the sin/cos functions need to be combined with piece-wise functions, 

which help to increase the explanatory strength of the sin/cos coefficients. Alternatively, a 

possible solution would be to increase the number of sin/cos functions, a method that would 

hamper the tractability of the model, reducing the ability to properly interpret the 

coefficients.112 On top of this, Fourier series also have also problems with non-uniform 

signals. Fourier analysis assumes in fact that the signal is homogeneous over time, and that 

over any subinterval of the observed period, precisely the same frequencies remain at the 

same amplitudes. 113  This property makes trigonometric representations suitable for 

forecasting, at the expense, however, of offering a generally poor in-sample fit.114 Especially 

in the case of off-peak hours, the trigonometric functions could not correctly capture the 

yearly seasonality. Looking at figure 9, it becomes apparent that during the off-peak hours 

is very difficult to see any big price differences between January and July. The peak hours, 

on the other hand, could also have been modelled with the Fourier series, as it is easier to 

see differences between the two price series.  

The problem of multicollinearity has been solved either by removing the intercept or by 

using k-1 dummy variables. Another problem encountered for Off-peak II electricity prices is 

the near multicollinearity: there are some regressions with quite high R2 but with non-

significant individual coefficients, which show high standard errors. First, this arises in the 

context of very closely related explanatory variables, whose single contribution is difficult to 

observe. Second, the regression becomes very sensitive to small changes in the 

specification. In this context, the author tried to remove some variables with significantly 

high standard errors.115 Large changes in the coefficient values or significance of the other 

variables have been observed. A third problem of the near multicollinearity is that it makes 

the confidence intervals for the parameters very wide, and the significance tests may 

produce misleading results.116  

All the deseasonalised time series are stationary, confirming that electricity prices follow a 

mean-reverting pattern.117 This fact allows us to implement first a OLS methodology, whose 

results will justify afterwards the application of ARMA(X) and ARMA(X)-GARCH models, 

without encountering the problem of the so called spurious regressions 118 , where two 

independent non-stationary series are spuriously related, owing to the fact that they are 

both trended.119 If two variables Yt and Xt are trending over time, i.e. they are non-stationary, 

the results of the regression are likely to be characterized by a fairly high R2 statistic, even 

though the two variables may be totally unrelated. In addition, the results may show highly 

autocorrelated residuals and a significant value of the sensitivity parameters. In these cases 

                                                        
112 Weron, 2006, p.25 
113 Janczura & Weron, 2010a, p.1062 
114 Janczura & Weron, 2010a, p.1062 
115 This is one method suggested by econometricians  
116 These three problems are cited in Brooks, 2008, p.172 
117 Blöchinger, 2008, p.17  
118 E.g. Brooks, 2008, p. 316 ff.; Granger & Newbold, 1974 
119 Paraschiv, 2011, p.6 
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the testing results such as high R2, low Durbin-Watson (DW), and significant coefficient 

estimates may lead to meaningless interpretations of dependencies between variables.  

5.3 OLS 

The first step is to show the relationship between the four deseasonalized time series by 

means of an ordinary least square method (OLS). The scope of this simple and still widely 

used method is to confirm that the wind power feed-in indeed leads to a reduction in the 

spot power prices. The results will be subsequently justify the need to include the wind 

power feed-in as exogenous variable in the ARMA and ARMA-GARCH models for the 

increase in forecasting accuracy of the stochastic component of the electricity prices. The 

OLS of the four time series has the following form: 

t t t
y xα β ε= + +  

where the y terms are the uncertain component of the price time series and the x terms are 

our wind power feed-in quantities. The error term h is very important, as it includes the 

information provided by other variables, which are not considered in this equation. The 

regressor estimator i is the so-called Best Linear Unbiased Estimator (BLUE) if the model 

is linear, the error term is independent of the realizations of the dependent variables, is 

normally distributed with zero mean and constant variance, and it is uncorrelated with its 

own past realizations. 120  For this purpose, the Durbin-Watson DW statistic deserves 

attention, as if it shows a low value may indicate a serial correlation of the residuals.  

The Method of the OLS analysis has already been used by Neubarth at al. in 2006. It has 

been criticized, as the selected time period (2004-2005) was not a good choice from a 

statistical viewpoint. In addition, the author neglects important factors such as plant outages, 

CO2 prices, and load and fuel prices.121  This work may have the same problem with 

selected period (2010-2011), as it may be too short. The addition of important factors in the 

regression equation, albeit within another, like those mentioned by Sensfull et al. (2008) will 

be part of the next chapter (cf. chapter 5.3).  

Unlike Neubarth (2006), in this work the author implements OLS on the residuals of the 

deseasonalized spot prices divided into base, peak, off-peak I, and off-peak II spot prices. 

Given the fact that the wind power feed-in is a stochastic variable, it can be concluded that 

it has effects mainly on the stochastic component of the electricity prices, justifying indeed 

the further analysis of the stochastic component with and without wind power electricity 

prices (cf. chapter 5.4).   

                                                        
120 Wooldridge, 2006 
121 Sensfuss, Ragwitz, and Genoese, 2008, p.3092 
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Figure 17: OLS methodology applied on deseasonalized day-ahead spot prices -  relationship forecasted 

wind power feed-in and electricity prices 

Figure 17 illustrates the results that confirm that, on average, a high wind power feed-in 

shrinks spot prices. Also in this case we test the significance of the coefficients of the 

regression by means of the Newey-West mechanism, as the analysed data manifest a 

strong autocorrelation (low DW value) and heteroskedasticity. All the coefficients are 

significant, and the R2 much higher than the R2 value obtained by Neubarth at al. (2006), i.e. 

0.013. This may be explained by the fact that Neubarth at al. (2006) used: 

1) values from Tuesday to Saturday, ignoring the values for Sundays, which are 

usually very low; and 

2) non-deseasonalized values, which also take into account the deterministic part, on 

which the strength of the wind does not have an impact. 

Moreover, the authors do not consider the non-stationarity of the spot prices; hence, solely 

applying an OLS approach may not have produced firm results. In our case, the time series 

regressed as well as the residuals obtained are stationary. 

The results confirm that for the four time series the wind power feed-in and deseasonalised 

electricity prices have a negative relationship with each other, confirming what has been 

written so far about the effects of the wind power feed-in: if a high quantity of wind power is 

injected into the grid, the electricity prices shrink. Only minor differences between the 

coefficients of the four regressions may be noticed. However, the hours of the first off-peak 

period, when the load is covered by nuclear power plants and carbon (recall the Merit 

Order), the wind power feed-in has a slightly higher impact on the prices. This may be 

contra-intuitive and contradicts the results obtained so far in literature122. The Merit Order 

                                                        
122 See for instance Sensfuss et al. (2008) 
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curve (see chapter 4.1.2.3) indeed has a “hockey stick” shape and consists of two parts - a 

flat one (on the left of the graph) and a steeper one (on the right of the graph). The shape 

implies that a shrink in the residual load to be covered by conventional power plants should 

reduce the electricity price more during peak hours than during off-peak hours.  

On the one hand, this method does not exactly depict the nature of the relationship between 

these two variables. The error term still shows a high autocorrelation, meaning that Beta is 

not the BLUE. A more precise time series analysis is therefore necessary. On the other 

hand, using the classical OLS on residuals (i.e. deseasonalised prices) has delivered more 

precise results than those obtained by Neubarth et al. in 2006 (to recall: he applied the OLS 

on the raw data). This confirms the necessity to further analyze the effects of wind power 

feed-in quantities on the stochastic part of the electricity prices. In particular, it is interesting 

to observe to what extent counting wind power feed-in helps to explain the stochasticity of 

the electricity prices. Below, ARMA and ARMA-GARCH models will be applied on the four 

time series with the wind power feed-in as exogenous variable.  

5.4 Time series analysis with an exogenous variable  

5.4.1 ARMA vs. ARMAX 

5.4.1.1 Rationale 

First of all, the results of the previous chapter compared to those obtained by Neubarth at al. 

(2006) clearly show that the wind power feed-in has an impact in particular on the 

stochastic component of the electricity prices, qualifying a further analysis of its effects on 

the forecasting accuracy of the electricity prices. Second, in recent years, given the radical 

changes in the power markets in Europe, price forecasting has become a very valuable tool 

for companies trading in electricity markets. These businesses indeed make extensive use 

of price prediction techniques, either to bid or to hedge against price volatility.123 Several 

econometric time series models have been applied to predict prices and to model volatilities 

in electricity markets. In particular, time series techniques have become the most widely 

used method for short and medium-term price and volatility forecasts. 124  Due to their 

widespread use and quite efficacious applications we are going to explore an important 

class of time series models – the family of Auto Regressive (Integrated) Moving Average 

(AR(I)MA) models, usually associated with Box and Jenkins (1976).125 Authors like Mugele 

et al. (2005), Keles et al. (2011), and Contreras et al. (2003) extensively implemented and 

evaluated ARMA models to predict price movements. This forecasting method is based on 

the assumption that data have an internal structure such as autocorrelation. This chapter 

develops and evaluates ARMA models and investigate how effectively ARMA models 

detect and explore this structure. In many cases, however, it is not sufficient to look at the 

internal structure alone, i.e. the actual value of the time series does not solely depend on its 

history. The signal may also be influenced by the present and past values of other pertinent 

                                                        
123 Garcia et al., 2005, p.871 
124 Hinman & Hickey, 2009 
125 Brooks, 2008 
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time series, also known as exogenous variables.126 The models will then be called ARMAX, 

where X stays for eXogenous variable, which in our analysis will be wind power feed-in 

values. Given the stochastic nature of the wind power feed-in, we assume indeed that it will 

have a particular impact on the forecasting accuracy of our ARMA models.  

Time series models are useful for forecasting current and future parameters based on past 

realisations of the observation set.127 The results between a univariate model (i.e. on the 

single time series of the PHELIX spot prices) with and without the exogenous variable 

forecasted wind power feed-in will be compared. The purpose of this analysis is to observe 

whether the inclusion of the forecasted wind power feed-in quantities as an exogenous 

variable (also called covariate) will improve the forecasting performance of an ARMA model.  

5.4.1.2 Theoretical background 

The concept of the autoregressive-moving average (ARMA) model is highly relevant to 

simulate the stochastic residuals resp. the volatility component.128 The analysis of the OLS 

has confirmed that the wind power feed-in has an impact on the stochastic component of 

the electricity prices, validating the choice to further investigate the relationship between 

these two elements. 

The ARMA model states that the current value of a time series Xt (in this case of PHELIX 

spot prices) depends linearly on its own previous values plus a combination of current and 

previous values of a white noise error term. 129  This process actually combines two 

components, the autoregressive (AR) and the moving average part (MA). The AR part of 

the process considers the last p-prices for calculating the electricity price Xt at time t. The 

electricity price in hour i is a good indicator for the price in hour i+1; i.e. the electricity price 

is assumed to be a linear combination of the electricity prices from previous periods. The 

MA component considers the weighted mean of the last q error terms, i.e. the weighted 

moving average of the last q components of the white noise disturbance term.130  

The general ARMA process based on a series { }
1

T

t t
X

=
 can be hence described as 

follows131:  

0

1 1

p q

t i t i t j t j

i j

X Xβ β ε δ ε− −
= =

= + + +∑ ∑  

where 0
β , i

β , and j
δ are the model parameters and t

ε is i.i.d. Gaussian or N(0, 2σ ). With 

the inclusion of the exogenous variable wind power feed-in, the ARMA process takes the 

form of an ARMAX process, where the X stands for exogenous variable, and the formula 

will be equal to: 

                                                        
126 Weron, 2006, p.97 
127 Green, 2008, p.716; Verbeek, 2008, p.269   
128 Tsay, 2010, p.64; Keles et al., 2011 
129 Brooks, 2008, p.223 
130 Swider and Weber, 2007; as cited by Keles et al., 2011; Brooks, 2008, p.211 
131 see for example Agung, 2008, p.538 
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0

1 1

p q

t i t i t j t j t

i j

X X Windβ β ε δ ε γ− −
= =

= + + + +∑ ∑  

The use of ARMA models implies that the residuals analysed are (weak) stationary and that 

the error terms (innovations) are normally distributed. If these conditions are satisfied, it is 

possible to select the specification of the ARMA model (i.e. orders p and q) and to estimate 

its parameters. 

Two main criteria for selecting the orders p and q need to be considered: on the one hand, 

as many time dependencies as possible need to be captured, which can be done by 

selecting high model orders; on the other hand, we need to capture very small time 

dependencies, which calls for the selection of low model orders, since high model orders in 

this case lead to an unstable system.132 Considering the AR and MA measures separately, 

one method for determining the order p of an autoregressive model and the order q for the 

moving average process is to look at the PACF and the ACF, respectively.133 However, as 

ARMA joins both components, PACF and ACF are no longer informative in identifying the 

suitable order for modelling the spot prices.134 Moreover, the use of PACF and ACF may 

encourage choosing multiple parameters, increasing the complexity of the model structure. 

However, we get only an “artificial” improvement in fit. The use of information criteria 

compensates for this effect by introducing a penalty for an oversized model.135  

Two possible methods for defining the most suitable model orders is to look at the Akaike’s 

Information (AIC) or Bayesian Information (BIC) criteria, which need to be minimized.136 The 

AIC is calculated as: 

jkl � ln(no;) + 2 (] + � + 1)N  

where p and q are the orders of the ARMA process, T is the sample size, � 2σ is the 

estimated variance of the white noise process. The BIC is computed as: 

pkl � ln(no;) + 2 (] + � + 1)N ln	(N) 
The AIC and BIC approach to order determination may result in different order choices. AIC 

values are investigated, as there is no evidence suggesting that one approach out-performs 

the other. 

After having determined the models and looked at the respective residuals, the author tries 

to answer the question whether the inclusion of wind power feed-in helps to increase the 

forecasting power of ARMA processes? For this purpose, three common quality factors may 

be explored, i.e. root mean square error (RMSE), mean absolute error (MAE), and mean 

average percentage error (MAPE). All of them need to be minimized.  

                                                        
132 Schmöller, 2005 (cited in Keles et al., 2011) 
133 Tsay, 2010, p.67; Verbeek, 2008, p.298 
134 Tsay, 2010, p.66   
135 Weron, 2006, p.84 
136 Verbeek, 2008, p.300; Tsay, 2010, p.66   
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RMSE defines the Euclid distance between the simulated and historical prices137 and is 

defined as follows: 

�qr� � 1s# t1N# (!F,�,*�b  !�);V
�� 

u
F�  

Since RMSE can vary strongly depending on the historical price level of the chosen 

reference year, we take also MAE into account: 

qj� � 1s# v!F,*�b  !�vu
F�  

A third possible quality factor is the Mean Average Percentage Error (MAPE), which is 

defined as follows: 

qj!� � 1s# 1N
u
F� # v!F,�,*�b  !�v!�

V
��  

Unfortunately, MAPE may produce wrong results if the series and the forecasts can take 

opposite signs. This is due to the fact that the simulated and the actual value may take on 

values that are almost equal and opposite, thus almost cancelling each other out in the 

denominator.138 This is the case of the deseasonalised prices used in this master thesis. 

The results provided do not contain the MAPE, as it had extremely high and very small  

values. 

5.4.1.3 Results 

The conclusive step of this analysis involves the examination of the impact of the wind 

power feed-in on the accuracy of the forecasted day-ahead hourly prices for the 24h/day as 

well as for the three time periods within the days. The model is chosen and estimated for 

the entire sample (i.e. 1718 observations), and then applied two particular sets of data. The 

forecasting accuracy of the ARMA model with and without wind power feed-in is indeed 

investigated for the months between May, 1st 2010 and October, 31st 2010 and between 

November, 1st 2010 and April, 30th 2011.139  A better understanding of the investigated 

relationship will be gained at the end of this subchapter.  

The determination of the model order for each of the four time series is based on the AIC 

information criteria, which has to be minimized. The values of the AIC criteria are reported 

in table 10. 

                                                        
137 Keles et al., 2011 
138 Brooks, 2008, p.253 
139 For simplicity, the first set will be called summer months and second set winter months. 
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Table 10: AIC results for the selection of ARMA legs 

 

Based on the results of this table, following ARMA processes should be preferred to model 

the time series: 

ARMA(5,5) for the baseload hourly prices, ARMA(6,6) for the first off-peak hours, 

ARMA(6,5) for the peak hours, and ARMA(6,6) for the last four hours of the day.  

In particular in the case of the two off-peak series a further lag estimation based on AIC 

would have been necessary. The idea is indeed to cut the number of lags where an 

additional order does not deliver any further relevant information. Additional lags imply 

lower AIC values when the intraday and intraweek cycles (e.g. p,q=8 and p,q=56, 

respectively, for the off-peak I hours) are included. If we ignore these additional lags, our 

ARMA models are mis-specified, as the residuals obtained show some serial correlation 

and the Ljung-Box Q-statistics140 are still too high.  

Given that the deseasonalisation could not completely remove the intraday and intraweek 

seasonality, for the baseload hours, the ARMA(5,3)141 is selected with the addition of the 

terms AR(24), AR(168), MA(24) and MA(168). The model is still stationary and invertible. 

Having invertible lag polynomials is important for several reasons. For models with a 

moving average component, invertibility of the MA polynomial is important for estimation 

and prediction. For models with an autoregressive part, the AR polynomial is invertible if 

and only if the process is stationary.142 Q-statistics have been lowered, but are still rather 

high. With these time series, it has been not possible to create a model that hugely reduces 

their values without making it unstable.143 The ARMA impulse responses, which traces the 

response of the ARMA part of the estimated equation to shocks in the innovation part, tend 

to zero, while the accumulated responses (i.e. the accumulated sum of the impulse 

responses) tend to its long-term value, making the ARMA model stationary. 

The off-peak I hours are captured by means of a stationary ARMA(6,6) process with 

additional lag orders settled to capture the intraday and intraweek cycles, which could not 

                                                        
140 Q-statistics consider high-order serial correlation. If there is no serial correlation in the residuals, the 
autocorrelations and partial autocorrelations at all lags should be nearly zero, and all Q-statistics should be 
insignificant with large p-values. (EViews Guide II, 2010, p.87) 
141 In our model we have to leave lags ar(4) and ar(5) away, because they do not properly describe the model. 
142 Verbeek, 2008, p.279 
143 This is true also for the other three time series 

Baseload hours - AIC Off-Peak I hours - AIC

AR(*)/MA(*) 1 2 3 4 5 6 AR(*)/MA(*) 1 2 3 4 5 6

1 5.6300 5.6302 5.6259 5.6201 5.6177 5.6163 1 6.3384 6.3306 6.3261 6.3252 6.3255 6.3258

2 5.6302 5.6191 5.6168 5.6165 5.6166 5.6163 2 6.3356 6.3250 6.3270 6.3256 6.3259 6.3216

3 5.6160 5.6161 5.6036 5.6037 5.6166 5.6164 3 6.3251 6.3253 6.3238 6.3241 6.3190 6.3180

4 5.6158 5.6156 5.6037 5.6007 5.6075 5.6102 4 6.3252 6.3246 6.3221 6.3178 6.3154 6.3000

5 5.6155 5.6158 5.6009 5.6023 5.5993 5.6028 5 6.3251 6.3210 6.3016 6.3176 6.3024 6.3155

6 5.6153 5.6141 5.6016 5.6012 5.6022 5.6025 6 6.3257 6.3229 6.2905 6.3089 6.2876 6.2867

Peak hours - AIC Off-Peak II hours - AIC

AR(*)/MA(*) 1 2 3 4 5 6 AR(*)/MA(*) 1 2 3 4 5 6

1 5.9789 5.9789 5.9748 5.9648 5.9633 5.9628 1 5.7520 5.7382 5.7387 5.7061 5.7061 5.6983

2 5.9791 5.9632 5.9745 5.9618 5.9608 5.9628 2 5.7421 5.7389 5.7126 5.7058 5.7038 5.6986

3 5.9616 5.9081 5.9619 5.9615 5.9609 5.9555 3 5.7337 5.6859 5.6654 5.6661 5.6646 5.6605

4 5.9619 5.9578 5.9623 5.9454 5.9558 5.8945 4 5.6980 5.6662 5.6530 5.6441 5.6431 5.6437

5 5.9692 5.9580 5.9516 5.8952 5.9456 5.8936 5 5.6914 5.6669 5.6454 5.6425 5.6426 5.6431

6 5.9607 5.9608 5.9016 5.9453 5.8839 5.8859 6 5.6924 5.6621 5.6433 5.6426 5.6432 5.6417
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be completely removed by means of the deseasonalisation technique. The model is 

stationary. To capture the pattern of the peak hours residuals, the ARMA(6,5) process is 

implemented and completed by the additional terms AR(12), AR(24), MA(12), MA(24), and 

MA(84). Here also, the ARMA impulse responses reveal a stationary model. In the case of 

off-peak II hours, an ARMA(6,6) model is chosen and finalized with the AR(8) and a MA(8) 

terms to capture the intraday seasonality144, which the deseasonalisation method of the 

previous chapter has not been able to completely remove. Figure 18 shows the correlogram, 

which compares the (partial) autocorrelogram pattern of the structural residuals145 and that 

of the estimated model for the respective number of periods (i.e. 200 hours for the baseload 

hourly prices and 100 hours for the other four time series). If the model is properly specified, 

the residual and theoretical (i.e. estimated) (partial) autocorrelations should be close to 

each other.146 

 

Figure 18: residual and estimated (partial) autocorrelations with ARMA models 

                                                        
144 Adding terms to capture the intraweek cycle does not improve our results 
145 The structural residuals are the residuals after removing the effect of the fitted exogenous regressors but not 
the ARMA terms 
146 EViews Guide II, 2010, p.106f. 
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By performing diagnostic check of the residuals 147
, i.e. in order to test for 

heteroscedasticity in the residuals, the White test on the residuals is applied.148 The results 

are unambiguous and show evidence of heteroscedasticity. The autoregressive model 

assumes conditional homoscedasticity, an assertion that is too restrictive, as financial time 

series and especially electricity prices times series usually display volatility clusters and 

spikes.  

Table 11: results of White test applied on the ARMA residuals to check for heteroscedasticity 

 

After having defined the ARMA processes most clearly describing the characteristics of time 

series, the same models are implemented adding the wind power feed-in component. The 

idea is to compare the forecasting power of the ARMA vs. ARMAX models for the four time 

series.  

The software EViews works as follows: after having selected the appropriate ARMA model, 

to check for its forecasting power, it is necessary to select a sub-sample and see whether it 

helps to forecast the values following it. The thesis applies the static forecasting, i.e. for 

each observation in the forecasting sample, EViews computes the forecasting value always 

using the actual value of the lagged endogenous variable.149 

As stated before, the forecasting power is investigated for the six months between May, 1st 

2010 and October, 31st 2010 and for the six months between November, 1st 2010 and April, 

30th 2011 (for simplicity, the two sub-samples will be called summer months and winter 

months). In other words, the question is to which extend the ARMA models applied to the 

first four months of the summer and winter sub-sets (with and without wind power feed-in) 

can predict the prices of the following two months of the respective sub-set? By including 

the component wind during the summer months, the future electricity price volatility pattern 

can be predicted better. The two measures150 confirm that the ARMAX models have indeed 

a better forecasting power for all four time series under observation. The RMSE measure is 

reduced up to 7.21% and the MAE measure reduced up to 6.5% (during the off-peak I 

hours in summer). The modelled winter time data set predicts future prices with lower 

RMSE and MAE values than the modelled summer time data set do. However, during the 

winter time the wind power feed-in does not help to better forecast the volatility of the prices 

during the baseload and the peak hours. Both RMSE and MAE measures slightly increase. 

                                                        
147 If the fitted models are appropriate, then the residuals should behave in a manner which is consistent with 

the model, i.e. they should reflect the pattern of a white noise sequence with zero mean and variance
2

tσ  

(Weron, 2006, p.89) 
148 Alternatively, it would have been possible to plot the ACF and PACF of the residuals and of the squared 
residuals. However, on looking at the residuals autocorrelogram, it is difficult to see whether the variability of the 
residuals changes systematically over time. 
149 EViews User Guide II, 2011, p. 125 
150 Re-call that the lowest their values are the better the forecasting power of the ARMA models is. 

F-statistic

Baseload hours 48.49     Prob. F(90,17259) 0.0000

Off-peak I 16.40     Prob. F(170,5611) 0.0000

peak 11.32     Prob. F(170,8565) 0.0000

Off-peak II 24.92     Prob. F(119,2792) 0.0000

p-value
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Figure 19 gives an overview of the forecasting accuracy of the ARMA(X) models 

implemented. For graphical reasons, these graphs refer to one week period extrapolated 

from the time series obtained. The ones during the summer time refer to the week 13-19 

September whereas the ones during the winter time to the week 13-19 March. All of them 

apart the weeks during the off-peak II hours, confirm the result obtained in the table.151 To 

conclude, wind power feed-in not only does better explain the volatility component of the 

day-ahead spot prices in the past (see OLS results), but besides the two exceptions during 

the winter time it also helps to better predict the future movements of the stochastic 

component of the electricity prices.  

Table 12: results of the forecasting accuracy of ARMA(X) models

 

                                                        
151 For the off-peak II hours, the weeks chosen do not reflect the real forecasting power of the ARMA(X) 
processes implemented. However, to avoid manipulations in the results it has been decided to keep these 
weekly timeframes as reference. 

w/o wind w/ wind w/o wind w/ wind w/o wind w/ wind w/o wind w/ wind

RMSE 3.9119 3.8631 3.2947 3.3854 5.1945 4.8202 4.5381 4.5126

MAE 2.7111 2.7009 2.2990 2.4104 3.7271 3.4849 3.0075 3.2320

w/o wind w/ wind w/o wind w/ wind w/o wind w/ wind w/o wind w/ wind

RMSE 3.9026 3.7782 4.0206 4.0514 3.6538 3.3214 3.7310 3.4194

MAE 2.7345 2.6057 2.7513 2.7615 2.6615 2.4532 2.6600 2.5170

winter months

Off-Peak I

Peak Off-Peak II

summer months winter monthssummer months winter months

summer months winter months

Baseload

summer months



  Wind Power Feed-In – Effects on Prices 

- 56 - 
 

 

-40

-35

-30

-25

-20

-15

-10

-5

0

5

10

15

1 9

1
7

2
5

3
3

4
1

4
9

5
7

6
5

7
3

8
1

8
9

9
7

1
0

5

1
1

3

1
2

1

1
2

9

1
3

7

1
4

5

1
5

3

1
6

1

Actual vs. Forecasted baseload price volatility modelled with 

ARMA(X) process - summer time

actual

forecasted with wind power

feed-in

forecasted without wind power

feed-in

-20

-15

-10

-5

0

5

10

15

20

1 9

1
7

2
5

3
3

4
1

4
9

5
7

6
5

7
3

8
1

8
9

9
7

1
0

5

1
1

3

1
2

1

1
2

9

1
3

7

1
4

5

1
5

3

1
6

1

Actual vs. Forecasted baseload price volatility modelled with 

ARMA(X) process - winter time

actual

forecasted with wind power

feed-in

forecasted without wind power

feed-in

-35

-30

-25

-20

-15

-10

-5

0

5

10

1 4 7 10 13 16 19 22 25 28 31 34 37 40 43 46 49 52 55

Actual vs. Forecasted off-peak I price volatility modelled with 

ARMA(X) process - summer time

actual

forecasted with wind power

feed-in

forecasted without wind power

feed-in

-25

-20

-15

-10

-5

0

5

10

15

1 4 7 10 13 16 19 22 25 28 31 34 37 40 43 46 49 52 55

Actual vs. Forecasted off-peak I price volatility modelled with 

ARMA(X) process - winter time

actual

forecasted with wind power

feed-in

forecasted without wind power

feed-in



  Wind Power Feed-In – Effects on Prices 

- 57 - 
 

 

Figure 19: forecasting accuracy of the ARMA(X) models 
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5.4.2 ARMA-GARCH vs. ARMAX-GARCH 

5.4.2.1 Rationale 

The linear ARMA-models assume homoscedasticity, i.e. a constant variance and 

covariance function over time. However, from an empirical perspective, financial time series 

– and electricity spot prices in particular – present various forms of non-linear dynamics, the 

fundamental one being the strong dependence of the volatility of the series on its own 

past. 152  Hence, if the errors are heteroscedastic, but assumed to be homoscedastic, 

standard error estimates may be wrong. A further important feature of many financial time 

series is known as volatility clustering or volatility pooling, a phenomenon describing how 

volatility tends to be positively related with its level during the immediately preceding 

periods.153 These phenomena can be better parameterized and modeled by means of so-

called univariate volatility models, such as the autoregressive conditional heteroscedastic 

(ARCH) model of Engle (1982), and the generalized ARCH (GARCH) model of Bollerslev 

(1986). The next chapter will discuss the idea behind these models. It should be 

emphasised that GARCH alone does not represent an attractive solution; however, coupled 

with ARMA models it presents a remarkable alternative.154 Therefore, the models will be 

defined as a combination of the mean equation (modeled using the previously defined 

ARMA models) and variance equation (modeled using GARCH models). Here again, given 

the particular nature of the wind power feed-in, ARMA-GARCH models will be compared 

with ARMAX-GARCH models. It is assumed that the application of GARCH will improve the 

forecasting performance155.  

5.4.2.2 Theoretical background 

For the part of the mean equation derived by means of the ARMA models, please refer to 

the previous chapter. Here only how GARCH models work will be defined. In the ARCH 

model developed by Engle (1982), the conditional variance of the time series under analysis 

is presented by an autoregressive process, namely a weighted sum of squared processing 

observations: 

t t t
h ε σ= , with     2 2

0

1

q

t i t i

i

hσ ω α −
=

= +∑  

where t
ε is white noise (we assume that ~ (0,1)

t
Nε ). Therefore, under the ARCH model, 

the autocorrelation in volatility is modeled by allowing the conditional variance of the error 

term, 2

t
σ , to depend on the immediately previous value of the squared error.156  ARCH 

models have a number of limitations, which make it difficult to work with. A natural extension 

of an ARCH(q) model is a generalized ARCH (GARCH) model.  

                                                        
152 Weron, 2006, p.113 
153 Brooks, 2008, p.387 
154 Weron, 2006, p.113 ff. 
155 as it has been stated by e.g. Escribano et al. (2002), Garcia et al. (2005), Li & Zhang (2007) 
156 Brooks, 2008, p.389 
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In a GARCH process, the squared volatility 2

tσ  is allowed to depend on previous squared 

volatilities, as well as previous squared values of the process 157 , leading to a more 

parsimonious presentation of the data. The GARCH(p,q) process introduced by Bollerslev 

(1986) takes following form: 

t t t
h ε σ= , with 2 2 2

0

1 1

q p

t i t i j t j

i j

hσ ω α β σ− −
= =

= + +∑ ∑  

The time-variant variance 
2

tσ contains a constant, an autoregressive part of order p and a 

moving-average part of order q. The coefficients always need to be positive or equal to zero, 

i.e. 0
0α > and , 0

i j
α β ≥ , in order to ensure a strictly positive conditional variance at any 

time.158 In practice, the GARCH(1,1) process is the most frequently applied, so that the 

equation can be reduced to:  

t t t
h ε σ= , with 2 2 2

1 1t t t
hσ ω α βσ− −= + +  

5.4.2.3 Results  

During the baseload and peak hours in summer time the ARMA(X)-GARCH model applied 

to the same time series lead to slightly better results. As it has been the case for the 

ARMA(X) process, during the baseload hours in winter the inclusion of the wind power feed-

in even worsens the results. During the off-peak I hours, during both periods the inclusion of 

the wind power feed-in as exogenous variable does lead to better results; however, the 

results during the summer time are not as good as the ones obtained with the ARMA(X) 

processes. With the time series under observation, it cannot be concluded that the 

application of ARMA(X)-GARCH models lead to better results than the ones obtained with 

ARMA(X) processes. However, even with some differences (please refer to the table), for  

the three time series off-peak I, peak, and off-peak II the inclusion of the wind power feed-in 

reduces the RMSE and MAE values to a greater extend with respect to the base load hours.  

This validates and reinforces the decision to consider the different times of the day 

separately. The periods of the day have indeed different characteristics (refer for example 

to chapter 2.2) and the choice to implement a single model for the 24h of the day may lead 

to rather approximate results and may underestimate the contribution of the wind power 

feed-in in the forecasting power of the prices during those periods of the day that are more 

subject to very low or even negative prices (i.e. off peak hours).  

 

 

 

 

 

                                                        
157 McNeil, Frey & Embrechts, 2005, p.145 
158 Keles et al. 2011; Weron, 2006, p.113 
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Table 13: : results of the forecasting accuracy of ARMA(X) models 

 

w/o wind w/ wind w/o wind w/ wind w/o wind w/ wind w/o wind w/ wind

RMSE 3.8683 3.8586 3.3021 3.3269 5.1444 4.8455 4.5630 4.4426

MAE 2.6698 2.6634 2.2967 2.3226 3.6713 3.4888 3.0211 3.0643

w/o wind w/ wind w/o wind w/ wind w/o wind w/ wind w/o wind w/ wind

RMSE 3.7186 3.6389 4.0106 3.9966 3.5633 3.3106 3.8182 3.3650

MAE 2.4863 2.4449 2.6220 2.6130 2.6336 2.4559 2.6280 2.4178

Peak Off-Peak II

summer months winter months summer months winter months

Baseload Off-Peak I

summer months winter months summer months winter months
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Figure 20: forecasting accuracy of the ARMA(X)-GARCH models 
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5.5 Effects of wind power feed-in on electricity, fuel, and CO2 log price returns  

5.5.1 Rationale  

This chapter focuses on the effects of the wind power feed-in on fuel prices and CO2 

allowances given the interdependencies among these categories. However, the 

relationships between the different time series are far more complex than those discussed 

previously, not least because of the various connections among the variables analysed. It is 

therefore necessary to employ a method that describes which variable has which effect on 

which one and how long.  

A natural extension of the univariate regressive model discussed in the previous chapter (in 

particular of the AR component) is the Vector Autoregression (VAR), which is generally 

used for forecasting systems of interconnected times series and for investigating the 

dynamic impact of random disturbances on the system of variables.159 In contrast to the 

univariate models, VAR models imply that K dependent variables are not constant over time, 

but instead they assume a variation of the impact of the shock over time.160 The K variables 

considered are the returns of fuel, CO2, and electricity prices and the wind power feed-in. 

A VAR(p) model can be presented in a reduced and compacted form as follows161: 

�� � w + j ��U + j;��U; +⋯+ jF��Uy + �� 
where �� � (� � , … , �z�)′ is a K-dimensional random vector containing K-variables each of 

which has its own equation, A is a fixed ({|{) coefficient matrix, w � (w , … , wz)d is a fixed 

K-dimensional vector of intercepts, and �� � (� � , … , �z�)′  is a K-dimensional white noise 

process with �(��) � 0 , �(����d) � Σ~ , and	�(���*d ) � 0	for � ≠ 
.  
The advantage of using this model is also that all variables are endogenous. Moreover, 

VAR models allow the value of a variable to depend on more than just its own lags or 

combinations of white noise terms, making VARs more flexible than univariate AR 

models. 162  In addition, the forecasts generated by VARs are often superior to those 

generated by the “traditional structural” models. 

However, VAR models have their drawbacks and problems, making them difficult to model. 

The economic theory is indeed quite vague in suggesting which variables should be treated 

as “exogenous”, leaving the researcher with a great deal of discretion in deciding how to 

classify variables in practice.163  It is difficult to determine which sets of variables have 

significant effects on each dependent variable. This problem appears even more evident 

when dealing with energy prices. Furthermore, VAR makes it difficult to analyse and model 

a large number of parameters. “In particular, some lagged variables may have coefficients 

which change sign across the lags, and this, together with the interconnectivity of the 

equations, could render it difficult to see what effect a given change in a variable would 

                                                        
159 EViews, 2010, p.459 
160 Parashiv, p.104 
161 Lütkerphl, 2006 and Brooks, 2008 
162 Brooks, 2008, p.291 
163 Brooks, 2008, p.291 
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have upon the future values of the variables in the system.”164 The estimated model may 

indeed be difficult to interpret. Usually, three sets of statistics are constructed to mitigate 

these problems and hence to estimate a proper VAR model – causality tests (Granger 

Causality Test GCT), impulse response functions and variance decompositions.  

Below, the GCT will be applied on the different variables influencing the energy prices. 

Keppler and Mansanet-Bateller (2010) also implemented this method, explaining the 

relationship between gas, electricity, coal prices and weather variables from 2005 until 2008. 

The results will be presented in the next section, primarily to compare their results with 

those obtained in this master thesis. Wind power depends indeed to some extent on 

weather variations, confirming a certain comparison grade between the two results. 

5.5.2 Granger causality test methodology  

In order to assess the short-term relationship between two variables, we implement the 

GCT. GCT habitually comes in pairs and aims to answer questions like “Do changes in X1 

cause changes in X2?” If X1 causes X2, lags of X1 should be significant in the equation of 

X2. This being the case and not vice versa, an univariate causality exists where X1 is 

strongly exogenous, and we then say that X1 “Granger causes” X2. If also “changes in X2 

cause changes in X1”, then we would say that there was a “bi-variate causality”. If neither 

set of lags is statistically significant in the equation for the other variable, then we say that 

the two variables are independent.165 Stationarity is a condition that the time series to be 

analysed needs to satisfy, otherwise the causality tests on non-stationary series lead to 

spurious regression results. In the case of the daily data of the other energy variables, we 

have to apply the Granger causality tests on differenced data, which however makes 

significant results harder to achieve.166 For equation in the VAR, the output displays �; 

(Wald test) statistics for the joint significance of the other lagged endogenous variables 

considered in the equation.167 The test result depends significantly on the number of lags T 

included.168 The number of lags that minimize the AIC is chosen.169  

5.5.3 Granger causality test – results  

This section works with daily log price returns170, since GCT, IRF, as well as variance 

decomposition technique require stationarity and since commodity prices are traded on a 

daily basis and the author wants thus to reach comparable results. The first results present 

the Granger causality between the wind power feed-ins and their respective electricity daily 

                                                        
164 Brooks, 2008, p.296 
165 Brooks, 2008, p. 298; Keppler and Mansanet-Bateller, 2010, p.3331 
166 Keppler and Mansanet-Bateller, 2010, p.3331 
167 Eviews Users guide II, 2010, p.463 
168 Kirchgässner & Wolters, 2006, p.92 
169 In this exercise we use the program E-views, which always tests for the null- hypothesis that variable x does 
not Granger-cause variable y. E-views will thus calculate the F-statistic of the regression n under the null 
hypothesis that a21=a22=y=a2j=0 and provides the probability that the null hypothesis is accepted. For 
probability values lower than 0.05(5%), we consider the Null hypothesis rejected and hence consider that 
variable X1 does Granger cause variable X2. 
170 To remember is that in this section we work with log price returns and not with the raw price data. Also in 
case the description may be ambiguous, we are always talking about log returns and as for wind power feed-ins 
we talk about  “changes in wind power feed-in quantities”.  
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spot prices (i.e. base load, peak load, off-peak I, and off-peak II). The direct effect of the 

wind power feed-in is only temporary171. The number of lags (i.e. the order (p) of the VAR 

model) to determine the Granger causality will be determined by minimizing the AIC. For all 

four investigated data sets, the AIC is minimized at 5 lags. The results are discussed after 

the tables. 

Table 14: Granger causality during the baseload hours 

 

Table 15: Granger causality during the off-peak I hours 

                                                        
171 De Miera et al., 2008, p.3352 
172 Base, and later on off-peak I, peak, and off-peak II refer to the electricity log returns. 

  Base
172

 Brent oil Carbix Settlement Coal Gaspool NCG Wind 

Base - 
7.002998 

(0.2204) 

1.402567 

(0.9240) 

8.869879 

(0.1144) 

2.097927 

(0.8354) 

7.323430 

(0.1977) 

15.18165 

(0.0096) 

2.653682         

(0.7532) 

Brent oil 
4.357874 

(0.4991) 
- 

9.095766 

(0.1053) 

1.664791 

(0.8933) 

17.94259 

(0.0030) 

1.160492 

(0.9486) 

4.160273 

(0.5266) 

4.77016 

(0.4439) 

Carbix 
5.605148  

 (0.3466) 

6.633692 

(0.2493) 
- 

16.41434 

(0.0058) 

4.021953 

(0.5463) 

4.771599 

(0.4444) 

2.598732 

(0.7616) 

5.253347 

(0.3858) 

Settlement  
13.83904 

(0.0167) 

6.220027 

(0.2854) 

778.5846  

(0.0000) 
- 

4.264087 

(0.5121) 

8.655217 

(0.1236) 

6.768626 

(0.2384) 

13.81616 

(0.0180) 

Coal 
17.08860 

(0.0043) 

13.08261 

(0.0226) 

2.897824 

(0.7157) 

6.136918 

(0.2931) 
- 

15.04530 

(0.0070) 

16.44657 

(0.0057) 

3.921216 

(0.5608) 

Gaspool 
3.571617 

(0.6126) 

4.591461 

(0.4677) 

7.694594 

(0.1739) 

4.764373 

(0.4453) 

4.932423 

(0.4242) 
- 

48.03289 

(0.0000) 

4.709012 

(0.4524) 

NCG 
8.441816 

(0.1335) 

0.925099 

(0.9684) 

4.237869 

(0.5157) 

5.792571 

(0.3269) 

7.253922 

(0.2024) 

29.15856 

(0.0000) 
- 

3.716770 

(0.5909) 

Wind 
7.378460 

(0.1940) 

2.241256 

(0.8149) 

2.740652 

(0.7399) 

9.291631 

(0.0980) 

6.491021 

(0.2613) 

9.477488 

(0.0.0915) 

11.41303 

(0.0438) 
- 

 

Off-peak 

I 
Brent oil Carbix Settlement Coal Gaspool NCG Wind 

Off-peak I - 
9.577630 

(0.0881) 

1.957669 

(0.8550) 

4.894222 

(0.4289) 

2.771972 

(0.7351) 

4.002037 

(0.5491) 

7.161262 

(0.2089) 

8.235211 

(0.1437) 

Brent oil 
3.463665 

(0.6289) 
- 

9.317333 

(0.0971) 

1.608320 

(0.9002) 

17.37197 

(0.0038) 

1.282734 

(0.9465) 

4.628103 

(0.4629) 

3.236251 

(0.6636) 

Carbix 
0.820353 

(0.9757) 

5.598751 

(0.3472) 
- 

13.37060 

(0.0201) 

3.811981 

(0.5768) 

4.936045 

(0.4237) 

3.972051 

(0.5534) 

5.060830 

(0.4085) 

Settlement 
8.284759 

(0.1412) 

7.503393 

(0.1858) 

774.2807 

(0.0000) 
- 

7.817774 

(0.5759) 

7.046615 

(0.2172) 

6.486125 

(0.2617) 

12.53943 

(0.0281) 

Coal 
17.67788 

(0.0034) 

13.67391 

(0.0178) 

3.127390 

(0.6804) 

6.141659 

(0.2927) 
- 

14.14380 

(0.0147) 

12.95454 

(0.0238) 

4.341765 

(0.5013) 

Gaspool 
1.210387 

(0.9439) 

4.771055 

(0.4445) 

7.433770 

(0.1903) 

3.795942 

(0.5792) 

4.796775 

(0.4412) 
- 

51.85717 

(0.0000) 

3.677880 

(0.5967) 

NCG 
7.153661 

(0.2095) 

1.090904 

(0.9549) 

4.103237 

(0.5347) 

6.207435 

(0.2866) 

6.639885 

(0.2488) 

28.41912 

(0.0000) 
- 

1.760669 

(0.8812) 

Wind 
13.36603 

(0.0202) 

2.140233 

(0.8294) 

1.600432 

(0.9012) 

4.459895 

(0.4853) 

5.823324 

(0.3238) 

3.152879 

(0.6764) 

4.792341 

(0.4417) 
- 
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Table 16: causality during the off-peak II hours 

 

Table 17: causality during the peak hours 

Tables 13-16 show several significant causal linkages at a 5% significance that are marked 

in grey. A first Granger causality that deserves attention is that between coal and electricity 

prices on the base, off-peak I, and off-peak II level. Coal indeed covers the electricity 

supplied during the off-peak hours. The futures prices of the CO2 allowances (in the table 

called settlement) Granger cause the electricity prices during the baseload, off-peak II, and 

peak hours. A bi-variate Granger causality between coal and oil prices is not unexpected 

given the numerous instances in literature confirming their relation. In all four cases, coal 

price returns Granger cause gas price returns. Similar to the findings obtained by Keppler 

  

Off-peak 

II 

Brent oil 
Carbix Settlement Coal Gaspool NCG Wind 

Off-peak II - 
1.598750 

(0.9014) 

0.143877 

(0.9996) 

0.436740 

(0.9946) 

10.09838 

(0.0725) 

3.447485 

(0.6313) 

3.006968 

(0.6989) 

7.243086 

(0.2032) 

Brent oil 
2.864663 

(07208) 
- 

8.874659 

(0.1142) 

2.243101 

(0.8146) 

17.00313 

(0.0045) 

1.140387 

(0.9505) 

4.427052 

(0.4883) 

3.196491 

(0.6697) 

Carbix 
5.019323 

(0.4135) 

4.716755 

(0.4514) 
- 

13.97139 

(0.0158) 

4.634489 

(0.4621) 

5.449437 

(0.3635) 

3.786313 

(0.5806) 

8.616336 

(0.1254) 

Settlement 
11.77940 

(0.0379) 

5.013695 

(0.4142) 

788.6425 

(0.0000) 
- 

4.462384 

(0.4849) 

7.533416 

(0.1839) 

6.567183 

(0.2549) 

14.42403 

(0.0131) 

Coal 
18.52101 

(0.0024) 

13.01855 

(0.0232) 

2.502740 

(0.7761) 

4.697849 

(0.4539) 
- 

15.28368 

(0.0092) 

14.40803 

(0.0132) 

8.174183 

(0.1469) 

Gaspool 
2.401584 

(0.7912) 

5.735445 

(0.3328) 

8.029988 

(0.1546) 

4.251858 

(0.5138) 

3.982701 

(0.5519) 
- 

50.59276 

(0.0000) 

2.923022 

(0.7119) 

NCG 
1.666451 

(0.8931) 

0.808508 

(0.9765) 

4.88365 

(0.5368) 

5.306196 

(0.3797) 

6.460073 

(0.2640) 

26.94846 

(0.0001) 
- 

2.635642 

(0.7559) 

Wind 
1.504131 

(0.9126) 

1.428388 

(0.9212) 

2.289715 

(0.8078) 

6.147004 

(0.2922) 

7.933120 

(0.1600) 

2.330296 

(0.8018) 

4.785010 

(0.4427) 
- 

  Peak Brent oil Carbix Settlement Coal Gaspool NCG Wind 

Peak - 
3.645346 

(0.6015) 

1.364640 

(0.9281) 

9.207776 

(0.1011) 

2.464859 

(0.7818) 

10.39874 

(0.0647) 

15.78582 

(0.0075) 

3.110367 

(0.6830) 

Brent oil 
8.221942 

(0.1444) 
- 

8.954750 

(0.1109) 

1.635475 

(0.8969) 

18.14087 

(0.0028) 

1.132463 

(0.9512) 

3.603887 

(0.6077) 

5.8877098 

(0.3174) 

Carbix 
9.287027

(0.0981) 

5.543904 

(0.3532) 
- 

16.24714 

(0.0062) 

4.217920 

(0.5185) 

6.016341 

(0.3046) 

2.581610 

(0.7642) 

7.601907 

(0.1796) 

Settlement 
9.603635 

(0.0873) 

5.057442 

(0.4089) 

778.4508 

(0.0000) 
- 

4.831577 

(0.4368) 

8.090755 

(0.1513) 

6.967316 

(0.2231) 

13.48203 

(0.0193) 

Coal 
6.827905 

(0.2338) 

14.06365 

(0.0152) 

2.870919 

(0.7199) 

5.614742 

(0.3455) 
- 

15.76624 

(0.0075) 

15.91043 

(0.0071) 

3.604736 

(0.6076) 

Gaspool 
12.59508 

(0.0275) 

5.262829 

(0.3847)  

7.611117 

(0.1790) 

5.496525 

(0.3583) 

4.825132 

(0.4376) 
- 

47.52270 

(0.0000) 

6.113070 

(0.2954) 

NCG 
7.178962 

(0.2077) 

0.509090 

(0.9918) 

4.501713 

(0.4797) 

5.064358 

(0.4081) 

6.696678 

(0.2442) 

25.74686 

(0.0001) 
- 

5.780506 

(0.3282) 

Wind 
10.46931 

(0.0630) 

4.761546 

(0.4457) 

3.697222 

(0.5938) 

10.86746 

(0.0541) 

7.152394 

(0.2096) 

12.57727 

(0.0277) 

10.39089 

(0.0649) 
- 
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and Mansanet-Bataller (2010), the gas prices drive the spot electricity prices in particular 

during the peak load hours. During base load and peak load hours, the wind power feed-in 

Granger causes the futures prices of the CO2 allowances as well as both gas prices (GPL 

and NCG). This is intuitive, since during the peak hours electricity is derived from gas (see 

merit order curve). Also the results obtained by Keppler and Mansanet-Bataller (2010) show 

that gas prices react strongly to weather changes. Wind power depends to some extent on 

weather variations, confirming a certain link between the two results. Furthermore, at the 

beginning of their analysis (i.e. for the years 2005, 2006, and 2007), Keppler and Mansanet-

Bataller (2010) found that the Granger causality ranges from CO2 futures to electricity 

prices. This result is confirmed also in this master thesis. After 2008, the authors notice that 

coal is no longer at the beginning of the causality chain. According to the results obtained in 

this thesis, coal price returns seem to Granger cause electricity price returns, Brent oil, and 

gas prices. Coal price returns do not Granger cause CO2 price returns, and vice versa. 

These results differ from those obtained by Mansanet-Bateller, Pardo and Valor (2007), 

who on analysing the first trading phase of EUA (2005-2007)173 concluded that the EUA 

prices were influenced by changes in natural gas and Brent prices. 

Intuitively, the more electricity is consumed, the more pollution is released, and the more 

the CO2 prices are influenced. However, the results do not reveal any Granger causality 

from electricity price returns to CO2 price returns. Moreover, the results regarding the CO2 

prices confirm the ones obtained by Keppler and Mansanet-Bataller (2010), who say that 

the causal relationship runs from the futures to the spot market.  

Counter-intuitively, the wind power feed-in does not Granger cause the electricity prices 

during the baseload hours and the off-peak II hours. However, to be precise, while GCT 

indicates which variables Granger-cause each other, it does not indicate whether and which 

other variables can also impact another market through other equations in the considered 

system, making difficult to reach a clear conclusion regarding the causal relationships. A 

movement in one variable may not only directly be followed by a movement in another 

variable, but may also be followed by other endogenous variables through a dynamic lag 

structure of the VAR. It must be remembered that we are in a context of VAR, in which the 

interdependencies of other variables (in this case of fuel and CO2 prices) also need to be 

taken into account, even though they may not be traceable. Moreover, the Granger test is a 

measure of predictability und does not indicate causality in the common use of the term 

(see chapter 5.3.1). If “X1 Granger causes X2”, it does not mean that X2 is the effect by or 

is the result of X1. Likewise, Granger causality does not provide an indication of the relative 

strength, direction and persistence (i.e. how long the effects of a variable will last) of the 

relative Granger-causal relationship. The negative or positive effect of one variable on 

another is traced by the impulse responses, which “trace out the responsiveness of the 

                                                        
173 In brief: the ETS is organised in three phases (2005-2007, 2008-2012, 2013-2020). The first one was a pilot 
phase for the second one. In the first two phases, each Member State is in charge of formulating a National 
Allocation Plan (NAP), which determines the national cap for the total amount of emission allowances to be 
issued. The third phase will abandon NAPs and will introduce a EU-wide emission cap. (info to be found under 
http://ec.europa.eu/clima/policies/ets/faq-en.htm)  
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dependent variables in the VAR to shocks to each of the variables”174. Despite the cons of 

the GCT, it provides valuable insights for determining the order of the variables observed, 

which will be of central importance in the next two sections.  

5.5.4 Impulse response function 

Impulse-response functions (IRF)175 mitigate the limitations of the GCT. IRF help indeed to 

observe how innovations to current and future values of the endogenous variable respond 

in time to a one-time shock of the system, by keeping all other variables unchanged. It is 

essentially possible to observe the effects upon the VAR system over time. So for each 

variable from each equation separately, a unit shock is applied to the error, and the effects 

upon the VAR system over time are noted. The way that this is achieved in practice is by 

expressing the VAR model as a VMA, i.e. the vector autoregressive model is written as a 

vector moving average. In order to understand how IRFs work, assume to analyse an 

innovation of changes in wind power feed-in in a system containing changes in power feed-

in (� ,�), NCG price returns (�;,�), and coal price returns (��,�). To isolate this effect, assume 

that the three values take their mean value prior to t=0, i.e. � � �, �; � �, �� � �	for 
 < 0, 

and that the wind power feed-in increases by one unit in period 
 � 0. It is then possible to 

trace out what happens during the periods 
 � 1,2,3,… if no other shock occurs. We assume 

that all the three variables have a mean zero and we define w � 0 in a VAR(1) equation, i.e. 

the equation176  

�� � w + j ��U + �� 
becomes  

�� � j ��U + �� 
or, more precisely, 

�� ,��;,���,�� � �-  - ; - �-; -;; -;�-� -�; -���	�
� ,�U �;,�U ��,�U � + �� ,��;,���,�� 

Tracing the shock in the first variable in period 
 � 0 in this system we get 

�_ �	�� ,_�;,_��,_� � �� ,_�;,_��,_� � �100� 
� � �� , �;, ��, � � j �_ � �-  -; -� � 

�� �	�� ,;�;,;��,;� � 	j � � j ;�_ � �j  j ; j �j; j;; j;�j� j�; j��� ∗ 	�
100� � �j  j; j� � 

                                                        
174 Brooks, 2008, p.299 
175 The theory explained in this part is mainly taken from the book of Brooks (2008) and from the user guide II of 
eViews. 
176 The theory explaind in this part is taken from the PhD theis of Prof. Ass. Parashiv who relied on Lütkephol , 
1991, pp.43-45 
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since the vector �� results to be only the first column of j �  and similarly a shock in �;,� (��,�) 
at 
 � 0 after	� periods results in a vector �� corresponding to the second (third) column of j � , the elements of j �  represent the effects of unit shocks in the variables of the system 

after �-periods. Hence, these elements are called impulse response or dynamic multipliers.  

Provided that the system is stable, i.e. that the series are stationary, the shock should 

gradually die away. We are therefore going to work with differenced log prices, i.e. log 

returns, as we did in the case of the GCT.  

If the innovations mentioned are contemporaneously uncorrelated, then the interpretation of 

the impulse responses is easy: an innovation is a shock to a specific endogenous variable. 

However, innovations are usually correlated and may have a common component that is 

not associated with a specific variable. To solve this problem, it is common to apply a 

transformation P to the innovations so that they become uncorrelated: 

w� � !	 ∈� ~	(0, �) 
where D is a diagonal covariance matrix. There are several ways of transforming the 

innovations. The common approach to this difficulty is to generate orthogonalised impulse 

responses by means of a Cholesky decomposition. To orthogonalise the impulses, 

Cholesky applies the inverse of the Cholesky factor of the residual covariance matrix. 

However, this method is sensitive to the order of the variables, i.e. the responses may 

change substantially if one changes the order of the variables. Furthermore, the more highly 

correlated the innovations are, the more important the order of the variables becomes. To 

solve this problem there are two options. First, it is possible to opt for a specific order and 

then reverse it, and re-compute the impulse responses. Alternatively, it is possible to apply 

the so-called generalized impulses177, which construct an orthogonal set of innovations that 

does not depend of the VAR order. The computed “impulse responses from an innovation 

to a j-th variable are derived by applying a variable specific Cholesky factor computed with 

the j-th variable at the top of the Cholesky ordering”178. For comparison reasons, the results 

of orthogonalised impulse responses by means of a Cholesky decomposition will be 

provided. The variance decomposition method (see next chapter) will not allow for 

generalizations, i.e. the order plays a decisive role. Hence, the author will implement the 

same order for both analyses.179 

The Cholesky ordering is: Wind Oil Coal Gaspool NCG Settlement Carbix electricity prices 

(i.e. base, off-peak I, peak, and off-peak II). The chronological order of the published prices 

and quantities as well on the results obtained in with the GCT helped to define this order.  

                                                        
177 Pesaran and Shin, 1998 
178 Eviews user guide II, 2010, p.469 
179 Also a sensitivity analysis has been done: the order of the variables has been modified and even reversed. 
However, the results do not change substantially. In particular, the values for the impact of the wind power feed-
in do not vary.  
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5.5.5 Impulse response function – results 

These results are concentrated on the responses of the various price returns to the shocks 

of the changes in the wind power feed-in. For further impulse responses, please refer to 

appendix 2180.  

The table in this chapter offers an estimate of the responses to the shocks using 24 steps 

ahead. The figures in a smaller layout reported below the responses correspond to the 

Response Standard Errors. The model is stable, since over time the responses to the 

shocks die down for all the relationships depicted. The responses of the shocks are very 

small, except for the response of the wind power feed-in to its own shock. Assuming that 

the variables analysed have rather poor linkages with the wind power feed-in and that a 

statistical inference is rather difficult, it is still possible to make some deductions from them.  

The variable that reacts on the innovations of the wind power feed-in is the electricity price 

return, with some differences among the four time series. For this reason, it is also worth 

analysing the responses of the electricity price returns to the different fuel and CO2 price 

returns. The VAR model works with data collected on a daily basis. As in the case of the 

OLS estimation (in which the hourly frequency has been considered), the wind power feed-

in has a stronger negative impact on the electricity prices during the off-peak I hours. This is 

counter-intuitively given the shape of the merit-order curve. This may be explained by the 

fact that the wind power feed-in accounts during the morning hours for about 44%, while 

during the peak hours it accounts for about 37% (see next chapter about the variance 

decomposition). Moreover, the dampening effect does not seem to be constant over time, 

i.e. initially the effect is negative and afterwards positive and negative values intercalate. 

This confirms the findings of De Miera et al. (2008) who state that the wind power feed-in 

has only a short-term reducing effect. There are some inconsistencies with the results 

obtained with GCT. For example, during the baseload and peak hours the innovations of 

the wind power feed-in does not have any particular shock on the gas price returns. 

However, although very small, innovations of wind power feed-in cause a larger shock on 

the gas prices than on the coal prices. And in turn, gas price returns have a greater impact 

than coal price returns on electricity price returns at all hours of the day. These findings 

confirm the conclusion of Keppler and Mansanet-Bataller (2010) who say that the 

integration between gas and electricity prices is stronger than the one between the coal and 

the electricity prices, confirming that gas is a technology implemented also during off-peak 

hours. De Miera (2008) assumes an indirect and longer-term effect, according to which the 

injection of wind power feed-in reduces the CO2 allowances. From the table, it is not 

possible to deduce this kind of effect. It is not surprising that the innovations of fuel oil have 

scarcely any impact on the electricity prices, since fuel oil has other functions besides 

electricity production (e.g. heating and transportation).  

                                                        
180 Appendix 2 concentrate only on the results obtained during the baseload hours. Further results can be 
provided upon request. In general, reflexions about impulse responses between price returns are indeed not 
contemplated in this main chapter, as that would go beyond the issue being researched in this master thesis. 
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Table 18: impulse responses of electricity, fuel, and CO2 price returns to innovations in wind power feed-ins 

during baseload, off-peak I, peak, and off-peak II hours 

 

 Period Base Oil Carbix Settlement Coal Gaspool NCG Wind  Period Off-Peak I Oil Carbix Settlement Coal Gaspool NCG Wind

1 -0.05378 0.00020 0.00016 0.00027 -0.00032 -0.00097 0.00066 3170.997 1 -0.11317 -0.00016 0.00039 0.00117 0.00027 -0.00191 0.00002 3294.223

0.00303 0.00081 0.00065 0.00099 0.00062 0.00161 0.00144 100.07576 0.00672 0.00081 0.00065 0.00100 0.00062 0.00161 0.00145 103.96477

2 0.02518 -0.00063 0.00079 0.00071 0.00014 0.00242 -0.00003 -1010.262 2 0.06170 0.00010 0.00081 -0.00062 0.00046 0.00263 0.00041 -1474.210

0.00382 0.00084 0.00108 0.00104 0.00066 0.00175 0.00160 150.46641 0.00902 0.00084 0.00108 0.00104 0.00066 0.00174 0.00161 159.29273

3 0.01080 0.00163 -0.00002 -0.00009 0.00067 0.00053 0.00261 -964.644 3 0.01700 0.00130 -0.00030 0.00035 0.00069 0.00055 0.00201 -664.369

0.00395 0.00084 0.00110 0.00103 0.00065 0.00176 0.00161 157.96320 0.00940 0.00085 0.00110 0.00104 0.00066 0.00176 0.00162 170.83449

4 0.00895 -0.00023 0.00001 0.00005 0.00107 -0.00048 0.00049 -384.037 4 0.01734 -0.00003 -0.00011 -0.00077 0.00087 -0.00083 -0.00030 -371.672

0.00397 0.00083 0.00109 0.00101 0.00064 0.00174 0.00160 161.20618 0.00946 0.00083 0.00109 0.00101 0.00064 0.00173 0.00160 173.00153

5 -0.00378 -0.00036 0.00081 0.00110 0.00056 -0.00073 -0.00129 170.857 5 -0.02104 -0.00079 -0.00022 0.00121 0.00039 -0.00140 -0.00051 281.720

0.00398 0.00081 0.00106 0.00098 0.00062 0.00173 0.00156 160.91424 0.00955 0.00082 0.00107 0.00099 0.00063 0.00174 0.00158 173.09850

6 -0.00476 -0.00083 0.00019 0.00079 0.00050 0.00060 -0.00013 209.413 6 0.00323 -0.00075 0.00057 -0.00014 -0.00023 0.00170 -0.00028 234.812

0.00400 0.00081 0.00104 0.00098 0.00061 0.00174 0.00156 161.40605 0.00956 0.00081 0.00105 0.00097 0.00061 0.00174 0.00156 172.90510

7 -0.00581 0.00072 0.00079 -0.00074 -0.00081 0.00084 0.00088 324.647 7 -0.01590 0.00082 -0.00001 -0.00012 -0.00069 0.00021 0.00077 255.727

0.00324 0.00055 0.00093 0.00066 0.00040 0.00129 0.00116 132.42464 0.00844 0.00059 0.00094 0.00069 0.00041 0.00137 0.00123 150.66864

8 0.00082 0.00010 -0.00079 -0.00075 -0.00072 -0.00025 -0.00025 -7.00186 8 0.00757 -0.00003 0.00005 -0.00021 -0.00035 -0.00032 -0.00026 -170.523

0.00199 0.00040 0.00064 0.00050 0.00034 0.00089 0.00077 93.84610 0.00431 0.00036 0.00065 0.00042 0.00030 0.00083 0.00070 82.19621

9 0.00363 0.00007 -0.00032 0.00013 -0.00025 -0.00084 0.00032 -186.656 9 0.00238 0.00005 -0.00013 0.00009 -0.00006 -0.00045 0.00052 -92.25029

0.00181 0.00029 0.00045 0.00031 0.00024 0.00069 0.00059 76.74393 0.00384 0.00030 0.00037 0.00029 0.00023 0.00071 0.00057 76.53575

10 0.00183 -0.00005 0.00013 0.00015 0.00034 -0.00003 -0.00025 -138.753 10 0.00498 -0.00010 0.00010 0.00007 0.00036 -0.00027 -0.00075 -107.070

0.00173 0.00027 0.00032 0.00027 0.00019 0.00064 0.00053 72.27523 0.00369 0.00027 0.00030 0.00027 0.00019 0.00068 0.00053 70.75938

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

22 0.00019 0.00001 -0.00001 0.00001 0.00001 0.00001 0.00000 -10.81325 22 0.00019 0.00000 0.00000 0.00000 0.00001 0.00002 -0.00001 -2.92172

0.00018 0.00002 0.00003 0.00002 0.00002 0.00004 0.00004 9.87149 0.00025 0.00001 0.00001 0.00001 0.00001 0.00004 0.00003 6.11392

23 0.00001 -0.00002 -0.00001 0.00001 0.00002 0.00001 -0.00003 -2.86387 23 -0.00007 -0.00001 0.00000 0.00000 0.00000 -0.00001 -0.00001 2.39323

0.00016 0.00002 0.00002 0.00002 0.00002 0.00003 0.00003 8.62187 0.00017 0.00001 0.00001 0.00001 0.00001 0.00003 0.00002 4.37656

24 -0.00010 -0.00002 0.00000 0.00000 0.00001 0.00000 -0.00002 4.54883 24 -0.00012 0.00000 0.00000 -0.00001 0.00000 -0.00001 -0.00001 2.85315

0.00012 0.00002 0.00002 0.00001 0.00002 0.00003 0.00002 6.68403 0.00015 0.00001 0.00001 0.00001 0.00001 0.00002 0.00002 3.81592

 Period Peak Oil Carbix Settlement Coal Gaspool NCG Wind  Period Off-Peak II Oil Carbix Settlement Coal Gaspool NCG Wind

1 -0.04716 0.00001 0.00013 0.00021 -0.00034 -0.00058 0.00097 3721.060 1 -0.06366 0.00057 0.00016 -0.00025 -0.00087 0.00101 0.00157 3463.816

0.00312 0.00081 0.00065 0.00099 0.00062 0.00160 0.00144 117.43561 0.00475 0.00082 0.00065 0.00100 0.00062 0.00162 0.00146 109.31708

2 0.02941 -0.00053 0.00094 0.00092 0.00004 0.00291 0.00013 -1490.684 2 0.04326 -0.00022 0.00056 0.00189 -0.00025 0.00082 -0.00023 -1639.775

0.00384 0.00084 0.00107 0.00103 0.00065 0.00174 0.00160 178.68868 0.00617 0.00084 0.00108 0.00104 0.00065 0.00175 0.00161 169.19687

3 0.00736 0.00164 -0.00010 -0.00032 0.00084 0.00031 0.00285 -956.335 3 -0.00019 0.00104 0.00067 -0.00042 0.00043 0.00000 0.00212 -726.144

0.00401 0.00083 0.00109 0.00102 0.00065 0.00174 0.00160 188.07770 0.00633 0.00083 0.00109 0.00101 0.00064 0.00172 0.00159 176.90058

4 0.00411 -0.00038 -0.00002 0.00032 0.00105 -0.00081 0.00031 -383.435 4 0.00239 -0.00012 0.00012 0.00058 0.00075 0.00051 0.00091 -267.743

0.00403 0.00082 0.00108 0.00100 0.00063 0.00172 0.00158 190.48503 0.00630 0.00082 0.00107 0.00100 0.00063 0.00170 0.00158 178.50239

5 -0.00082 -0.00048 0.00112 0.00117 0.00066 -0.00046 -0.00131 218.003 5 0.00693 0.00041 0.00085 0.00042 0.00068 0.00025 -0.00206 56.00314

0.00405 0.00081 0.00105 0.00097 0.00061 0.00172 0.00155 190.88942 0.00641 0.00081 0.00105 0.00099 0.00062 0.00173 0.00157 181.78131

6 -0.00670 -0.00064 0.00027 0.00103 0.00060 0.00043 -0.00025 197.459 6 -0.00482 -0.00050 -0.00029 0.00093 0.00086 -0.00088 0.00079 220.635

0.00406 0.00080 0.00103 0.00096 0.00061 0.00172 0.00155 191.75711 0.00643 0.00080 0.00104 0.00097 0.00061 0.00173 0.00156 182.67341

7 -0.00421 0.00076 0.00080 -0.00122 -0.00092 0.00090 0.00093 414.018 7 -0.00958 0.00036 0.00115 -0.00092 -0.00083 0.00136 -0.00041 441.281

0.00345 0.00058 0.00093 0.00069 0.00042 0.00134 0.00121 164.37472 0.00584 0.00060 0.00094 0.00071 0.00043 0.00139 0.00124 163.29378

8 0.00199 0.00006 -0.00116 -0.00068 -0.00078 -0.00027 -0.00007 -68.15390 8 0.00346 -0.00005 -0.00120 -0.00063 -0.00040 -0.00064 0.00049 -121.304

0.00202 0.00038 0.00066 0.00049 0.00033 0.00087 0.00075 103.24166 0.00306 0.00037 0.00067 0.00045 0.00032 0.00086 0.00072 91.75581

9 0.00425 0.00006 -0.00023 0.00011 -0.00025 -0.00089 0.00004 -227.610 9 0.00119 0.00000 -0.00027 0.00003 -0.00026 -0.00052 0.00042 -199.026

0.00180 0.00030 0.00045 0.00032 0.00024 0.00072 0.00058 91.30586 0.00274 0.00030 0.00042 0.00031 0.00025 0.00072 0.00056 85.37903

10 0.00041 -0.00006 0.00013 0.00026 0.00044 -0.00005 -0.00004 -140.870 10 -0.00076 -0.00005 0.00013 0.00021 0.00014 0.00032 0.00003 -27.95748

0.00164 0.00028 0.00034 0.00029 0.00021 0.00065 0.00053 85.41264 0.00251 0.00028 0.00034 0.00028 0.00021 0.00068 0.00052 79.86313

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

22 0.00011 0.00000 -0.00001 0.00001 0.00001 0.00001 0.00000 -10.43319 22 0.00011 0.00001 0.00001 0.00000 0.00000 0.00003 -0.00001 -2.42425

0.00018 0.00003 0.00003 0.00002 0.00002 0.00004 0.00004 11.98593 0.00025 0.00002 0.00003 0.00002 0.00002 0.00004 0.00003 8.38795

23 -0.00004 -0.00003 -0.00001 0.00001 0.00002 0.00000 -0.00003 -2.64552 23 0.00005 -0.00001 -0.00002 0.00000 0.00001 0.00000 -0.00001 -1.75825

0.00016 0.00002 0.00002 0.00002 0.00002 0.00003 0.00003 10.31377 0.00023 0.00001 0.00002 0.00001 0.00001 0.00003 0.00003 7.52503

24 -0.00013 -0.00002 0.00001 0.00000 0.00001 0.00000 -0.00002 6.97086 24 -0.00008 -0.00001 0.00000 0.00000 0.00000 -0.00001 -0.00001 3.33648

0.00013 0.00002 0.00002 0.00001 0.00002 0.00003 0.00003 8.22529 0.00015 0.00001 0.00002 0.00001 0.00001 0.00003 0.00002 5.39869

IMPULSE RESPONSES TO CHOLESKY (D.F. ADJUSTED) ONE S.D. INNOVATIONS OF WIND POWER 

FEED-IN DURING BASELOAD HOURS

IMPULSE RESPONSES TO CHOLESKY (D.F. ADJUSTED) ONE S.D. INNOVATIONS OF WIND POWER 

FEED-IN DURING OFF-PEAK    I HOURS

IMPULSE RESPONSES TO CHOLESKY (D.F. ADJUSTED) ONE S.D. INNOVATIONS OF WIND POWER 

FEED-IN DURING PEAK HOURS

IMPULSE RESPONSES TO CHOLESKY (D.F. ADJUSTED) ONE S.D. INNOVATIONS OF WIND POWER 

FEED-IN DURING OFF-PEAK    II HOURS
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Table 19: results summarising the response of the electricity price returns to innovations in fuel, CO2 price 

returns and to changes in wind power feed-ins during baseload, off-peak I, peak, and off-peak hours 

 

5.5.6 Variance decomposition 

The variance decompositions give the proportion of the movements in the dependent 

variables in affecting their own shocks vs. shocks to the other variables. A shock to a K 

variable will certainly affect itself, but also be transmitted to all the other variables in the 

system considered owing to the dynamic structure of the VAR.181 

5.5.7 Variance decomposition – results  

The table reports the relative contribution of wind power feed-in to price return formation. 

This table is to be as complement to the table of the IRF. An example can better clarify how 

                                                        
181 Eviews Users Guide, 2010, p.470; Brooks, 2008, p. 298 

 Period

changes in wind 

power feed-ins

Oil price 

returns

Coal price 

returns

Gaspool 

price returns

NCG price 

returns

CARBIX price 

returns

SETTLEMENT 

price returns

electricity 

price 

returns  Period

changes in 

wind power 

feed-ins

Oil price 

returns

Coal price 

returns

Gaspool 

price returns

NCG price 

returns

CARBIX price 

returns

SETTLEMENT 

price returns

electricity 

price 

returns 

1 -0.05378 0.00056 0.00014 0.00903 0.00417 0.00210 -0.00140 0.0552 1 -0.11317 0.00489 -0.00260 0.01215 -0.00334 0.00157 0.00065 0.1267

0.00303 0.00250 0.00250 0.00249 0.00247 0.00246 0.00246 0.00174 0.00672 0.00568 0.00568 0.00567 0.00565 0.00565 0.00565 0.00400

2 0.02518 0.00167 -0.00179 0.00451 0.00346 0.00100 0.01050 -0.0223 2 0.06170 0.00050 0.00381 0.00269 0.01963 0.00123 0.00986 -0.0889

0.00382 0.00376 0.00376 0.00370 0.00366 0.00366 0.00373 0.00364 0.00902 0.00884 0.00888 0.00874 0.00870 0.00862 0.00881 0.00829

3 0.01080 -0.00333 -0.00099 0.00183 0.00420 0.00315 0.00120 -0.00022 3 0.01700 0.00099 -0.00786 0.01276 -0.00154 0.00367 0.00845 0.01335

0.00395 0.00392 0.00394 0.00376 0.00367 0.00377 0.00395 0.00390 0.00940 0.00936 0.00942 0.00892 0.00880 0.00907 0.00944 0.00914

4 0.00895 -0.00180 0.00509 0.00409 -0.00315 -0.00507 0.00192 -0.00470 4 0.01734 0.00366 0.00861 -0.00116 -0.00115 -0.00081 -0.00511 -0.00355

0.00397 0.00396 0.00392 0.00380 0.00367 0.00378 0.00397 0.00386 0.00946 0.00934 0.00931 0.00892 0.00871 0.00905 0.00946 0.00915

5 -0.00378 0.00134 -0.01127 -0.00293 -0.00397 0.00597 -0.00261 0.00148 5 -0.02104 -0.00703 -0.02177 -0.00481 -0.00604 -0.00289 -0.00516 0.00299

0.00398 0.00398 0.00393 0.00383 0.00369 0.00377 0.00397 0.00387 0.00955 0.00933 0.00922 0.00886 0.00868 0.00900 0.00942 0.00917

6 -0.00476 -0.00491 0.00135 0.00306 0.00674 0.00213 0.00809 -0.00100 6 0.00323 -0.00449 0.00138 0.01386 0.00710 0.01623 0.01816 0.01266

0.00400 0.00397 0.00390 0.00382 0.00361 0.00377 0.00396 0.00379 0.00956 0.00932 0.00924 0.00895 0.00868 0.00908 0.00948 0.00920

7 -0.00581 0.00439 0.00101 -0.00094 -0.00257 -0.00306 -0.00686 0.00623 7 -0.01590 0.00397 0.00372 -0.00708 0.00082 -0.01120 -0.01191 -0.00852

0.00324 0.00243 0.00222 0.00269 0.00316 0.00246 0.00391 0.00313 0.00844 0.00630 0.00554 0.00668 0.00779 0.00654 0.00934 0.00876

8 0.00082 -0.00092 0.00003 -0.00175 0.00056 -0.00143 0.00000 -0.00287 8 0.00757 0.00065 0.00212 -0.00160 -0.00091 -0.00017 0.00111 -0.00004

0.00199 0.00177 0.00189 0.00172 0.00188 0.00162 0.00226 0.00165 0.00431 0.00403 0.00411 0.00413 0.00473 0.00375 0.00578 0.00509

9 0.00363 0.00001 0.00152 -0.00021 0.00005 -0.00045 -0.00155 0.00071 9 0.00238 -0.00071 0.00170 -0.00041 -0.00002 -0.00130 0.00109 0.00124

0.00181 0.00153 0.00168 0.00144 0.00151 0.00151 0.00199 0.00156 0.00384 0.00339 0.00359 0.00328 0.00313 0.00352 0.00428 0.00383

10 0.00183 0.00105 -0.00009 0.00001 -0.00059 0.00110 0.00247 -0.00167 10 0.00498 0.00107 -0.00379 -0.00127 -0.00005 0.00190 -0.00248 -0.00067

0.00173 0.00129 0.00146 0.00136 0.00138 0.00139 0.00187 0.00151 0.00369 0.00288 0.00314 0.00310 0.00293 0.00335 0.00397 0.00354

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

22 0.00019 0.00002 0.00000 0.00002 0.00007 0.00005 -0.00007 -0.00008 22 0.00019 0.00006 0.00011 0.00010 0.00008 0.00012 -0.00001 -0.00008

0.00018 0.00007 0.00007 0.00007 0.00009 0.00007 0.00013 0.00011 0.00025 0.00011 0.00014 0.00018 0.00018 0.00014 0.00020 0.00019

23 0.00001 0.00000 0.00004 -0.00002 -0.00003 0.00000 0.00001 0.00001 23 -0.00007 -0.00005 0.00003 -0.00016 0.00005 -0.00009 -0.00005 -0.00003

0.00016 0.00006 0.00006 0.00005 0.00007 0.00005 0.00010 0.00009 0.00017 0.00009 0.00011 0.00014 0.00012 0.00011 0.00015 0.00014

24 -0.00010 -0.00003 0.00000 -0.00003 0.00005 0.00001 0.00004 -0.00005 24 -0.00012 -0.00002 -0.00001 -0.00003 -0.00005 0.00002 0.00011 -0.00002

0.00012 0.00004 0.00004 0.00004 0.00006 0.00004 0.00007 0.00007 0.00015 0.00007 0.00008 0.00011 0.00009 0.00009 0.00013 0.00010

 Period

changes in wind 

power feed-ins

Oil price 

returns

Coal price 

returns

Gaspool 

price returns

NCG price 

returns

CARBIX price 

returns

SETTLEMENT 

price returns

electricity 

price 

returns  Period

changes in 

wind power 

feed-ins

Oil price 

returns

Coal price 

returns

Gaspool 

price returns

NCG price 

returns

CARBIX price 

returns

SETTLEMENT 

price returns

electricity 

price 

returns 

1 -0.04716 -0.00226 0.00206 0.00936 0.00814 0.00062 -0.00161 0.0600 1 -0.06366 0.00569 -0.00268 0.00492 0.00390 0.00601 0.00110 0.0958

0.00312 0.00274 0.00274 0.00272 0.00269 0.00268 0.00268 0.00189 0.00475 0.00430 0.00429 0.00429 0.00429 0.00428 0.00428 0.00302

2 0.02941 0.00461 -0.00094 0.00602 -0.00208 0.00106 0.00984 -0.0235 2 0.04326 -0.00047 -0.00880 0.00552 0.00128 0.00275 0.01367 -0.0623

0.00384 0.00375 0.00375 0.00370 0.00367 0.00365 0.00372 0.00364 0.00617 0.00606 0.00605 0.00597 0.00595 0.00590 0.00601 0.00566

3 0.00736 -0.00531 -0.00030 -0.00348 0.00642 0.00639 0.00055 -0.00882 3 -0.00019 -0.00780 0.00666 0.00119 -0.00083 -0.00277 -0.00762 -0.00870

0.00401 0.00404 0.00404 0.00387 0.00379 0.00387 0.00403 0.00398 0.00633 0.00643 0.00645 0.00612 0.00603 0.00623 0.00644 0.00635

4 0.00411 -0.00346 0.00197 0.00717 -0.00415 -0.00838 0.00256 -0.00144 4 0.00239 -0.00037 0.00938 0.00254 -0.00189 -0.00486 0.00509 0.00165

0.00403 0.00408 0.00402 0.00391 0.00379 0.00388 0.00404 0.00393 0.00630 0.00642 0.00636 0.00610 0.00595 0.00621 0.00643 0.00634

5 -0.00082 0.00375 -0.00570 -0.00282 -0.00433 0.01043 -0.00304 0.00330 5 0.00693 -0.00177 -0.01743 -0.00001 0.00137 0.00660 -0.00045 -0.00274

0.00405 0.00408 0.00401 0.00394 0.00384 0.00387 0.00405 0.00393 0.00641 0.00642 0.00628 0.00612 0.00597 0.00616 0.00640 0.00628

6 -0.00670 -0.00637 0.00067 0.00051 0.00669 -0.00238 0.00614 0.00209 6 -0.00482 0.00137 0.00087 -0.00336 0.00592 -0.00027 0.00525 0.00587

0.00406 0.00406 0.00396 0.00390 0.00372 0.00385 0.00402 0.00387 0.00643 0.00638 0.00622 0.00614 0.00592 0.00617 0.00639 0.00626

7 -0.00421 0.00535 0.00142 -0.00104 -0.00202 -0.00161 -0.00315 0.00300 7 -0.00958 0.00436 0.00124 0.00342 -0.00594 -0.00042 -0.01448 0.01015

0.00345 0.00260 0.00219 0.00280 0.00324 0.00262 0.00397 0.00339 0.00584 0.00440 0.00371 0.00465 0.00523 0.00434 0.00631 0.00602

8 0.00199 -0.00122 -0.00111 -0.00070 -0.00038 -0.00156 -0.00125 -0.00345 8 0.00346 -0.00198 0.00011 -0.00258 0.00121 -0.00052 0.00529 -0.00953

0.00202 0.00185 0.00176 0.00187 0.00195 0.00174 0.00232 0.00175 0.00306 0.00275 0.00269 0.00280 0.00310 0.00237 0.00400 0.00331

9 0.00425 -0.00013 0.00147 0.00017 0.00055 -0.00028 -0.00180 -0.00020 9 0.00119 -0.00224 0.00453 -0.00148 0.00025 -0.00221 0.00085 0.00044

0.00180 0.00156 0.00150 0.00153 0.00149 0.00160 0.00197 0.00163 0.00274 0.00236 0.00240 0.00217 0.00206 0.00226 0.00305 0.00248

10 0.00041 0.00119 -0.00051 0.00007 -0.00125 0.00178 0.00287 -0.00057 10 -0.00076 0.00246 0.00107 0.00104 -0.00060 0.00118 0.00114 0.00021

0.00164 0.00132 0.00128 0.00141 0.00136 0.00143 0.00183 0.00137 0.00251 0.00202 0.00215 0.00206 0.00188 0.00211 0.00287 0.00236

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

22 0.00011 0.00002 -0.00003 -0.00003 0.00003 0.00003 -0.00016 0.00000 22 0.00011 0.00002 -0.00007 0.00009 -0.00008 0.00004 -0.00017 0.00007

0.00018 0.00007 0.00007 0.00008 0.00009 0.00007 0.00012 0.00008 0.00025 0.00010 0.00012 0.00010 0.00011 0.00011 0.00021 0.00019

23 -0.00004 -0.00002 0.00004 -0.00001 0.00000 0.00001 0.00008 0.00000 23 0.00005 0.00001 0.00000 -0.00003 0.00005 0.00004 0.00018 -0.00009

0.00016 0.00006 0.00006 0.00006 0.00007 0.00006 0.00009 0.00006 0.00023 0.00008 0.00009 0.00009 0.00010 0.00008 0.00018 0.00017

24 -0.00013 -0.00004 0.00001 -0.00004 0.00005 -0.00002 0.00001 0.00000 24 -0.00008 0.00000 0.00001 0.00000 0.00004 -0.00004 -0.00010 0.00007

0.00013 0.00005 0.00004 0.00005 0.00006 0.00005 0.00007 0.00005 0.00015 0.00006 0.00007 0.00007 0.00008 0.00006 0.00013 0.00013

 Response of daily day-ahead price returns during the baseload hours to:  Response of daily electricity day-ahead price returns during the Off-Peak I hours to:

 Response of daily electricity day-ahead price returns during the Off-Peak II hours to: Response of daily electricity day-ahead price returns during the Peak hours to:
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to read and interpret the results: during the baseload hours, the changes in wind power 

feed-ins contribute to 47.87% of the “formation” of electricity price returns and have a 

negative impulse of -0.05378 (cf. table 18, IRF).  

The wind power feed-in seems to mostly affect the electricity price returns during the off-

peak I and base load hours, explaining to some extent why its innovations have a major 

shock during the first hours of the morning and in general over the entire day (impulse 

responses). This table is still about very small percentages, which make it difficult to reach 

clear conclusions. However, in general the wind power feed-in, although to a still minor 

extent, seems to have a larger relative importance on the rest of the price returns after 

two/three periods. Singular is the only slight contribution of the wind power feed-in on the 

CO2 allowances (i.e. Carbix and settlement). De Miera et al. (2008) assumes an indirect 

and longer-term effect of the injection of wind power in the grid: according to them the wind 

power feed-ins should reduce significantly the prices of CO2 allowances. However, from our 

results a clear contribution of the wind power feed-ins in the formation of CO2 allowances is 

not clear, at least during the first periods. Nonetheless, it is worth mentioning that the wind 

power feed-in makes a higher relative contribution over time to the carbix futures price 

returns (i.e. settlement price returns) than to the CO2 allowances spot price returns (i.e. 

Carbix). However, from the impulse responses it is not clear whether the effect is negative.  

Table 20: variance decomposition – relative importance of the wind power feed-in in affecting price returns  

 

 Period Base Oil Carbix Settlement Coal Gaspool NCG Wind  Period Off-Peak I Oil Carbix Settlement Coal Gaspool NCG Wind

1 47.8722 0.0121 0.0115 0.0148 0.0512 0.0720 0.0416 100.0000 1 44.1026 0.0077 0.0695 0.2719 0.0371 0.2812 0.0000 100.0000

2 48.1492 0.1319 0.1136 0.1105 0.0573 0.4632 0.0351 97.6474 2 40.2669 0.0109 0.1415 0.3374 0.1377 0.7267 0.0136 98.1381

3 48.6704 0.8900 0.1112 0.1108 0.2695 0.4735 0.5771 96.6670 3 40.2073 0.4967 0.1547 0.3571 0.3597 0.7355 0.3349 95.4181

4 48.5263 0.9005 0.1103 0.1108 0.7869 0.4861 0.5852 95.7974 4 40.5078 0.4931 0.1559 0.4673 0.6998 0.7716 0.3357 94.6257

5 47.4022 0.9230 0.2204 0.3370 0.9240 0.5035 0.7095 94.9657 5 40.5291 0.6594 0.1630 0.7366 0.7605 0.8689 0.3544 94.3787

6 46.6582 1.0952 0.2246 0.4533 1.0343 0.5150 0.7006 93.4493 6 39.6170 0.8005 0.2163 0.7372 0.7798 1.0289 0.3557 92.8528

7 46.1782 1.2310 0.3217 0.5504 1.3258 0.5528 0.7537 92.7917 7 39.5864 0.9812 0.2122 0.7316 0.9878 1.0221 0.3985 92.1373

8 46.1013 1.2319 0.4230 0.6517 1.5558 0.5553 0.7572 92.7135 8 39.6545 0.9798 0.2121 0.7387 1.0407 1.0245 0.4033 92.0852

9 46.1569 1.2327 0.4400 0.6543 1.5809 0.5984 0.7642 92.6560 9 39.6550 0.9803 0.2148 0.7396 1.0414 1.0354 0.4231 92.0073

10 46.1143 1.2330 0.4425 0.6586 1.6328 0.5975 0.7686 92.6536 10 39.6641 0.9826 0.2164 0.7402 1.0983 1.0382 0.4648 91.9816

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

22 46.0423 1.2557 0.4517 0.6646 1.6809 0.6218 0.7775 92.5110 22 39.6158 0.9877 0.2193 0.7430 1.1156 1.0542 0.4756 91.8867

23 46.0423 1.2557 0.4517 0.6646 1.6811 0.6218 0.7775 92.5109 23 39.6158 0.9877 0.2193 0.7430 1.1156 1.0542 0.4756 91.8866

24 46.0423 1.2558 0.4517 0.6646 1.6811 0.6218 0.7776 92.5108 24 39.6158 0.9878 0.2193 0.7430 1.1156 1.0542 0.4756 91.8865

 Period Peak Oil Carbix Settlement Coal Gaspool NCG Wind  Period Off-Peak II Oil Carbix Settlement Coal Gaspool NCG Wind

1 37.1384 0.0001 0.0079 0.0091 0.0587 0.0265 0.0903 100.0000 1 30.3707 0.0951 0.0116 0.0128 0.3943 0.0785 0.2320 100.0000

2 40.8127 0.0839 0.1567 0.1723 0.0561 0.6044 0.0769 97.4294 2 30.5358 0.1082 0.0586 0.7024 0.3996 0.1163 0.2012 97.1315

3 40.1761 0.8564 0.1551 0.1901 0.3909 0.5985 0.7175 96.1213 3 30.1493 0.4141 0.1341 0.7274 0.4792 0.1144 0.5511 96.4983

4 39.4825 0.8898 0.1532 0.2080 0.8970 0.6361 0.7150 95.4071 4 29.9404 0.4161 0.1358 0.7877 0.7288 0.1311 0.6069 95.8420

5 38.5153 0.9404 0.3650 0.4670 1.0860 0.6277 0.8444 94.2416 5 29.5734 0.4571 0.2562 0.8168 0.9300 0.1306 0.9309 93.9803

6 38.2294 1.0405 0.3735 0.6631 1.2423 0.6257 0.8397 92.5918 6 29.4924 0.5171 0.2685 0.9742 1.2563 0.1762 0.9687 92.7804

7 38.1003 1.1910 0.4715 0.9289 1.6137 0.6690 0.8997 92.1452 7 29.2643 0.5500 0.4786 1.1202 1.5577 0.2889 0.9768 91.5255

8 38.0430 1.1905 0.6898 1.0127 1.8837 0.6720 0.8989 91.9710 8 29.1216 0.5501 0.7124 1.1910 1.6260 0.3140 0.9940 91.4228

9 38.1484 1.1907 0.6981 1.0137 1.9102 0.7196 0.8979 91.8996 9 29.0799 0.5497 0.7239 1.1901 1.6523 0.3308 1.0066 91.4018

10 38.0826 1.1917 0.7004 1.0256 1.9941 0.7186 0.8977 91.8982 10 29.0661 0.5502 0.7260 1.1977 1.6603 0.3363 1.0060 91.3670

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

22 38.0499 1.2252 0.7153 1.0321 2.0437 0.7448 0.9163 91.7161 22 29.1181 0.5571 0.7460 1.2078 1.6794 0.3561 1.0339 91.1881

23 38.0499 1.2254 0.7153 1.0322 2.0439 0.7448 0.9164 91.7161 23 29.1181 0.5571 0.7460 1.2078 1.6794 0.3561 1.0339 91.1878

24 38.0500 1.2255 0.7153 1.0322 2.0439 0.7448 0.9164 91.7160 24 29.1181 0.5571 0.7461 1.2078 1.6794 0.3561 1.0339 91.1877

VARIANCE DECOMPOSITION - RELATIVE IMPORTANCE OF THE CHANGES IN WIND POWER FEED-IN IN 

AFFECTING PRICE RETURNS DURING BASELOAD HOURS

VARIANCE DECOMPOSITION - RELATIVE IMPORTANCE OF THE CHANGES IN WIND POWER FEED-IN IN 

AFFECTING PRICE RETURNS DURING OFF-PEAK I HOURS

VARIANCE DECOMPOSITION - RELATIVE IMPORTANCE OF THE CHANGES IN WIND POWER FEED-IN IN 

AFFECTING PRICE RETURNS DURING PEAK HOURS

VARIANCE DECOMPOSITION - RELATIVE IMPORTANCE OF THE CHANGES IN WIND POWER FEED-IN IN 

AFFECTING PRICE RETURNS DURING OFF-PEAK II HOURS
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Table 21: variance decomposition of electricity price returns – which quantity does contribute to which 

extend to the formation of electricity price returns 

 

 

 

 

 

 

 

 

 

 

 

 

 Period S.E.

wind 
power feed-

ins
Oil price 
returns

Coal price 
returns

Gaspool 
price 

returns
NCG price 

returns

CARBIX 
price 

returns

SETTLEM
ENT  price 

returns

electricity 
price 

returns   Period S.E.

wind 
power feed-

ins
Oil price 
returns

Coal price 
returns

Gaspool 
price 

returns
NCG price 

returns

CARBIX 
price 

returns

SETTLEM
ENT price 

returns

electricity 
price 

returns 

1 0.0181 47.8722 0.0051 0.0003 1.3481 0.2874 0.0732 0.0325 50.3811 1 0.0146 44.1026 0.0085 55.2351 0.0233 0.0822 0.0385 0.5084 0.0014

2 0.0183 48.1492 0.0421 0.0439 1.3900 0.4006 0.0740 1.5321 48.3680 2 0.0240 40.2669 0.0097 58.0403 0.0516 0.0585 0.9611 0.3753 0.2367

3 0.0186 48.6704 0.1895 0.0560 1.4047 0.6275 0.2053 1.5185 47.3280 3 0.0242 40.2073 0.0415 57.3876 0.1975 0.0597 0.9489 0.7554 0.4020

4 0.0187 48.5263 0.2271 0.3920 1.5889 0.7418 0.5351 1.5292 46.4595 4 0.0243 40.5078 0.0426 56.8361 0.3701 0.0907 0.9424 0.7509 0.4595

5 0.0188 47.4022 0.2439 1.9914 1.6553 0.9221 0.9734 1.5744 45.2373 5 0.0244 40.5291 0.0608 55.4605 1.4497 0.2020 1.0029 0.7857 0.5093

6 0.0190 46.6582 0.5377 1.9708 1.7353 1.4659 1.0086 2.3525 44.2710 6 0.0245 39.6170 0.6508 54.5401 1.4205 0.2427 1.0928 1.1984 1.2377

7 0.0191 46.1782 0.7623 1.9457 1.7129 1.5182 1.1030 2.8803 43.8994 7 0.0247 39.5864 0.9184 53.8893 1.4299 0.2739 1.0780 1.2914 1.5326

8 0.0191 46.1013 0.7712 1.9421 1.7468 1.5193 1.1259 2.8750 43.9184 8 0.0247 39.6545 0.9171 53.8098 1.4378 0.2744 1.0783 1.2951 1.5330

9 0.0191 46.1569 0.7694 1.9658 1.7434 1.5159 1.1258 2.8975 43.8252 9 0.0248 39.6550 0.9206 53.7970 1.4437 0.2755 1.0779 1.2951 1.5352

10 0.0191 46.1143 0.7815 1.9624 1.7403 1.5173 1.1383 2.9658 43.7801 10 0.0248 39.6641 0.9274 53.7362 1.4738 0.2777 1.0767 1.2971 1.5470

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

22 0.0191 46.0423 0.7860 1.9666 1.7488 1.5410 1.1473 3.0996 43.6684 22 0.0248 39.6158 0.9382 53.6724 1.4952 0.2817 1.1087 1.3349 1.5532

23 0.0191 46.0423 0.7860 1.9666 1.7488 1.5410 1.1473 3.0996 43.6684 23 0.0248 39.6158 0.9382 53.6723 1.4952 0.2817 1.1087 1.3350 1.5532

24 0.0191 46.0423 0.7860 1.9666 1.7488 1.5410 1.1473 3.0996 43.6683 24 0.0248 39.6158 0.9382 53.6723 1.4952 0.2817 1.1087 1.3350 1.5532

 Period S.E.

changes in 
wind 

power feed-
ins

Oil price 
returns

Coal price 
returns

Gaspool 
price 

returns
NCG price 

returns

CARBIX 
price 

returns

SETTLEM
ENT price 

returns

electricity 
price 

returns  Period S.E.

changes in 
wind 

power feed-
ins

Oil price 
returns

Coal price 
returns

Gaspool 
price 

returns
NCG price 

returns

CARBIX 
price 

returns

SETTLEM
ENT  price 

returns

electricity 
price 

returns 
hours

1 0.0146 37.1384 0.0063 60.0865 0.0708 0.0854 1.1057 1.4634 0.0434 1 0.0183 30.3707 0.2423 0.0540 0.1814 0.1143 0.2708 0.0091 68.7575

2 0.0239 40.8127 0.0198 54.8685 0.0678 0.3485 0.9318 1.6371 1.3138 2 0.0184 30.5358 0.1678 0.4366 0.2821 0.0871 0.2254 0.9702 67.2951

3 0.0241 40.1761 0.5406 54.0768 0.0667 0.6981 1.4284 1.7383 1.2750 3 0.0187 30.1493 0.4749 0.6570 0.2858 0.0895 0.2615 1.2537 66.8284

4 0.0243 39.4825 1.4065 52.8845 0.1135 0.8318 1.6119 2.3411 1.3282 4 0.0188 29.9404 0.4719 1.0960 0.3162 0.1067 0.3787 1.3748 66.3152

5 0.0243 38.5153 2.6976 51.7104 0.5061 0.9826 1.8000 2.3802 1.4077 5 0.0189 29.5734 0.4778 2.5766 0.3098 0.1138 0.5869 1.3481 65.0137

6 0.0245 38.2294 2.7077 50.6598 0.5007 1.4463 2.2962 2.3325 1.8273 6 0.0190 29.4924 0.4838 2.5632 0.3632 0.2854 0.5833 1.4748 64.7537

7 0.0247 38.1003 2.7141 50.3169 0.5201 1.7719 2.3239 2.3246 1.9281 7 0.0191 29.2643 0.5643 2.5125 0.4111 0.4485 0.5710 2.4477 63.7805

8 0.0248 38.0430 2.7356 50.3192 0.5332 1.7845 2.3192 2.3241 1.9412 8 0.0191 29.1216 0.5792 2.4954 0.4400 0.4524 0.5684 2.5646 63.7785

9 0.0248 38.1484 2.7288 50.1782 0.5571 1.7797 2.3162 2.3179 1.9737 9 0.0191 29.0799 0.6020 2.5889 0.4496 0.4520 0.5906 2.5638 63.6733

10 0.0248 38.0826 2.7610 50.0929 0.5591 1.7932 2.3303 2.3139 2.0670 10 0.0191 29.0661 0.6304 2.5929 0.4545 0.4534 0.5968 2.5685 63.6373

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

22 0.0248 38.0499 2.7559 49.9434 0.5650 1.7985 2.3304 2.3134 2.2435 22 0.0191 29.1181 0.6386 2.6142 0.4602 0.4636 0.6067 2.6059 63.4928

23 0.0248 38.0499 2.7559 49.9434 0.5650 1.7985 2.3304 2.3134 2.2435 23 0.0191 29.1181 0.6386 2.6142 0.4602 0.4636 0.6067 2.6060 63.4927

24 0.0248 38.0500 2.7559 49.9432 0.5650 1.7985 2.3305 2.3134 2.2435 24 0.0191 29.1181 0.6386 2.6141 0.4602 0.4636 0.6067 2.6061 63.4926

 Variance Decomposition of electricity price returns during the baseload hours:  Variance Decomposition of electricity price returns during the off-peak I hours:

 Variance Decomposition of electricity price returns during the peak hours:  Variance Decomposition of electricity price returns during the off-peak II hours:
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6 Limitations and further research 

This study investigates primarily the relationship between electricity prices and wind power 

feed-in over a period of two years. Although the number of observations on an hourly basis 

is quite high (17,518 observations over a two years period), the period of observation may 

be too short. This problem arises in particular during the second part of analysis, when daily 

log price returns are used. This may explain some inconsistencies in the results obtained. 

For instance, it is counter-intuitive that the wind power feed-in reduces by a greater extend 

the prices during the off-peak hours than the ones during the peak hours. It may also be 

interesting to investigate and compare the analyses during two different business cycles, i.e. 

examine whether there are differences in predictability precisions with respect to the 

economical fluctuations in production activities. Furthermore, additional variables such as 

tertiary control reserve, whether variables, and temperature may increase the consistency 

and the strength of the results. A third point regards the implementation of the ARMA(X)-

GARCH(1,1) models: the results may be completed by the asymmetric extensions of the 

GARCH processes, i.e. by Exponential GARCH(1,1) (EGARCH(1,1)) and Threshold 

GARCH(1,1) (TGARCH(1,1)) processes. These models would allow for a more precise 

modelling of the conditional variance, as shocks depending on their direction (positive or 

negative sign) have a different impact on the variance.  

Conclusion 

This master thesis begins with an overview of the German electricity market and the list of 

the main characteristics of the electricity prices. This passage functions as contextual input 

for a later processing of the electricity day-ahead spot prices. This part has been followed 

by a chapter dedicated to the wind power generation and its promotion in the 

German/Austrian market. The section destined to the preparation of the data set proposes a 

part that qualitatively analyses the relationship between (negative) electricity day-ahead 

spot prices. The results do not clearly show that an extraordinary amount of wind power fed 

in the grid system leads to negative values of the electricity prices, i.e. there is no direct 

relationship between wind power feed-in and negative electricity prices. Extreme values of 

wind power infeed have been indeed observed also during the hours where the electricity 

prices were high. This although it has been said that the electricity derived from wind 

turbines contributes towards negative prices being formed182. Furthermore, by considering 

the extreme positive and negative values of the electricity spot prices, there is no clear 

results as to whether wind power contributes to lowering or increasing average spot prices 

(as stated by Bach, 2009). This  qualitative analysis together with the need to keep the 

analysis as realistic as possible has called for a further investigation of the relationship 

                                                        
182 Fürsch, Lindenberger & Nicolosi, 2010; Genoese, Ragwitz & Sensfuss, 2007 
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between wind power feed-in and electricity prices by using raw price data instead of their 

logarithms.183  

The methodology presented has considered the most important features of the electricity 

prices in the German and Austrian market, i.e. seasonality, mean reversion, and high 

volatility of the electricity prices. First of all, an extensive part has been dedicated to 

modeling the yealy, weekly, and daily seasonality of time series during baseload, off-peak I, 

peak, and off-peak II hours. The resulting deseasonalised time series (i.e. the residuals) 

show less recurrent behaviour, even though it has not been possible to completely remove 

the deterministic part. However, all the deseasonalised time series are stationary, 

confirming that electricity prices follow a mean-reverting pattern and allowing for their further 

modelling by OLS and ARMA(X)-GARCH processes. 

The results of the OLS estimation show that during the off-peak I hours, when the load is 

covered by nuclear power plants and carbon (recall the Merit Order), the wind power feed-in 

has a slightly higher impact on the prices than during the peak hours, contradicting the 

results obtained so far in literature184. Furthermore, the results showed that the wind power 

feed-in has a greater impact on the unpredictable stochastic component of the prices than 

on the raw price data (i.e. on the “normal” prices), justifying the necessity to further analyze 

the effects of wind power feed-in quantities on the stochastic part of the electricity prices. 

This relationship has been consequently highlighted by means of  time series analysis 

techniques ARMA(X) and ARMA(X)-GARCH processes. The results in general show that 

the inclusion of the wind power feed-in is an imperative in consistently improving the 

prediction accuracy of the ARMA and ARMA-GARCH models of the four deseasonalised 

stationary time series (baseload, off-peak I, peak, and off-peak II hours) during both sub-

samples (i.e. summer and winter months). This is true in particular for the summer months, 

where the RMSE measure could be reduced up to 7.21% and the MAE measure up to 6.5% 

during the off-peak I hours in. In general, the modelled winter time data set predicts future 

prices with lower RMSE and MAE values than the modelled summer time data set do. 

However, during the winter time the wind power feed-in does not help to better forecast the 

volatility of the prices during the baseload and the peak hours. Both RMSE and MAE 

measures even slightly increase. Furthermore, the wind power feed-in better helps to better 

predict the volatility during the off-peak hours than during the peak hours, a counter-intuitive 

result given the reasoning related to the merit-order curve (see previous point about the 

OLS results).  

Similar results have been obtained with the ARMA(X)-GARCH processes. However, with 

the time series under observation, it cannot be concluded that the application of ARMA(X)-

GARCH models lead to better results than the ones obtained with ARMA(X) processes. 

                                                        
183 To recall: the use of logarithmised prices require the transformation of negative prices into positive ones (e.g. 
€0.01/MWh). The log of a very small number leads to a “sudden price drop” in the time series, which does not 
reflect the real extent to which the price actually drops. These sudden drops appear only because of the 
logarithmic transformation, making ulterior results of the relationship between electricity prices and wind power 
feed-in not completely reliable.  
184 See for instance Sensfuss et al. (2008). To recall is the merit order effect. 
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Despite some differences, for the three time series off-peak I, peak, and off-peak II the 

inclusion of the wind power feed-in reduces the RMSE and MAE values to a greater extend 

that the same diagnostic tests during the base load hours. This validates and reinforces the 

decision to consider the different times of the day separately. The periods of the day have 

indeed different characteristics (refer for example to chapter 2.2) and the choice to 

implement a single model for the 24h of the day may lead to rather approximate results and 

may underestimate the contribution of the wind power feed-in in the forecasting power of 

the prices during those periods of the day that are more subject to very low or even 

negative prices (i.e. off peak hours).  

The second part of the analysis is independent from the first one and has investigated first 

the relationship among changes in wind power feed-in quantities on electricity, CO2 and 

fuel log price returns applying the Granger Causality Test (GCT). Second, the analysis 

concentrates on the longer term effects of wind power feed-in quantities on the mentioned 

categories. (by means of Impulse Response Functions (IRF), and variance decompositions).  

During base load and peak load hours, the wind power feed-in Granger causes the futures 

prices of the CO2 allowances as well as the gas prices (both GPL and NCG). This is 

intuitive, since during the peak hours electricity is derived from gas (see merit order curve). 

More precisely, the wind power feed-in, which moves the residual demand for electricity to 

the left, Granger causes the electricity prices, which in turns are related to the gas prices. 

Intuitively, the more electricity is consumed, the more pollution is released, and the more 

the CO2 prices are influenced. However, the results do not reveal any Granger causality 

from electricity price returns to CO2 price returns. Counter-intuitively, the wind power feed-

in does not Granger cause the electricity prices during the baseload hours and the off-peak 

II hours. 

The results of the impulse response functions (IRF) show that the responses on the shocks 

of the wind power feed-ins are very small, except for the response of the wind power feed-in 

to its own shock. Although it has not been possible to make strong inferences from the 

statistical results, it has still been possible to make some deductions from them. The 

variable that reacts on the innovations of the wind power feed-in is the electricity log price 

returns, with some differences among the four periods of the day. For this reason, it has 

also been worth analysing the responses of the electricity price returns to the different fuel 

and CO2 price returns. The wind power feed-in seems to have a stronger negative impact 

on the electricity prices during the off-peak I hours. This is counter-intuitively given the 

shape of the merit-order curve. This may be explained by the fact that the wind power feed-

in accounts during the morning hours for about 44%, while during the peak hours it 

accounts for about 37% (see variance decomposition). Moreover, the dampening effect 

does not seem to be constant over time, i.e. initially the effect is negative and afterwards 

positive and negative values intercalate. This confirms the findings of De Miera et al. (2008) 

who state that the wind power feed-in has only a short-term reducing effect. There are 

some inconsistencies with the results obtained with GCT. For example, during the baseload 

and peak hours the innovations of the wind power feed-in does not have any particular 
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shock on the gas price returns. However, although very small, innovations of wind power 

feed-in cause a larger shock on the gas prices than on the coal prices. And in turn, gas 

price returns have a greater impact than coal price returns on electricity price returns at all 

hours of the day.  

From the variance decomposition results, the wind power feed-in seems to mostly affect the 

electricity price returns during the off-peak I and base load hours, explaining to some extent 

why its innovations have a major shock during the first hours of the morning and in general 

over the entire day (see impulse responses). The wind power feed-in, although to a still 

minor extent, seems to have a larger relative importance on the rest of the price returns 

after two/three periods. Singular is the only slight contribution of the wind power feed-in on 

the CO2 allowances (i.e. Carbix and settlement). Nonetheless, it is worth mentioning that 

the wind power feed-in makes a higher relative contribution over time to the futures price 

returns (i.e. settlement price returns) than to the CO2 allowances spot price returns (i.e. 

Carbix). However, from the impulse responses it is not clear whether the effect is negative.  
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Appendix 

Appendix 1:  

The first figure shows the results obtained with the deseasonalisation technique during the 

off-peak II hours. The coefficients (e.g. of the hours during the week-ends) are calculated 

with respect to the intercept. To recall is that in chapter 5.2 the coefficients are calculated 

without intercept in order to solve the problem of multi-collinearity. 

The second figure shows the same principle, but for the peak hours of the day. 

 

  Coefficient Std. Error t-Statistic Prob.   

          

Intercept -38.0513 1.4607 -26.0493 0.0000 

Trend 0.0000 0.0001 -0.3773 0.7059 

Daily cycle 9.99E-01 0.020506 48.72306 0.0000 

Weekday Jan 6.247347 0.76403 8.176837 0.0000 

Weekday Feb 4.988631 0.778294 6.409701 0.0000 

Weekday Mar 0.642958 0.738568 0.870547 0.3840 

Weekday Apr 2.346645 0.762718 3.076688 0.0021 

Weekday 
May 2.278877 0.745975 3.054899 0.0023 

Weekday 
June 

5.640675 0.758667 7.434981 0.0000 

Weekday July 5.794835 0.746302 7.764735 0.0000 

Weekday Aug 4.357045 0.756941 5.75612 0.0000 

Weekday Sep -0.891837 0.731469 -1.21924 0.2228 

Weekday Nov -0.01434 0.737797 -0.019436 0.9845 

Weekday Dec 6.902236 0.773675 8.921366 0.0000 

Weekend 
Winter 

-5.226065 0.691982 -7.552312 0.0000 
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Weekend 
Spring 

-6.629039 0.687786 -9.638226 0.0000 

Weekend 
Summer -3.692624 0.710295 -5.198723 0.0000 

Weekend 
Autumn -5.31263 0.690531 -7.693545 0.0000 

Monthly 
means 

1.00116 0.031701 31.58111 0.0000 

          

R-squared 0.486417     Mean dependent var 37.70427 

Adjusted R-
squared 0.484829     S.D. dependent var 13.13835 

S.E. of 
regression 

9.430106     Akaike info criterion 7.328941 

Sum squared 
resid 517465.6     Schwarz criterion 7.350656 

Log likelihood -21374.18     Hannan-Quinn criter. 7.336492 

F-statistic 306.1785     Durbin-Watson stat   0.420455 

Prob(F-statistic) 0     
          

 

 

 

  Coefficient Std. Error t-Statistic Prob.   

          

Intercept 0.0005 0.0001 3.8044 0.0001 

Trend 0.5332 0.0324 16.4647 0.0000 

Daily cycle -1.33E-01 1.062107 -0.125294 0.9003 

Weekday Jan -1.985695 1.132221 -1.753806 0.0795 

Weekday Feb -2.260241 1.073144 -2.106186 0.0352 

Weekday Mar -1.219662 0.872197 -1.398379 0.1620 

Weekday Apr 2.445251 0.946308 2.583991 0.0098 
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Weekday May 0.422508 0.968945 0.436049 0.6628 

Weekday June -1.261375 0.905008 -1.393772 0.1634 

Weekday July -3.744253 0.962768 -3.889051 0.0001 

Weekday Aug -4.408957 0.978721 -4.504815 0.0000 

Weekday Sep -0.824575 1.202303 -0.685829 0.4928 

Weekday Nov 0.195718 1.522448 0.128555 0.8977 

Weekday Dec -15.33346 1.241916 -12.34662 0.0000 

Weekend 
Winter -14.97427 1.148045 -13.04328 0.0000 

Weekend 
Spring 

-15.2618 1.124254 -13.57505 0.0000 

Weekend 
Summer -15.88062 0.930149 -17.0732 0.0000 

Weekend 
Autumn 0.533514 0.04299 12.41023 0.0000 

Monthly means         
          

R-squared 0.571282     Mean dependent var   54.03718 

Adjusted R-
squared 

0.570449     S.D. dependent var 12.44705 

S.E. of 
regression 8.15782     Akaike info criterion 7.037884 

Sum squared 
resid 581780.3     Schwarz criterion 7.052427 

Log likelihood -30807.93     Hannan-Quinn criter. 7.042839 

Durbin-Watson 
stat 

0.391696     

          

 

Appendix 2: 

To recall is that results to be found and analysed in the chapters 5.5.5 and 5.5.6 are a 

summary and mainly concentrate on the effects that the wind power feed-in quantities have 

on the different price returns. The tables in appendix 2 only show the whole results obtained 

during the baseload hours. It has only an illustrative purpose to show the methodology used. 

Upon request it is possible to have also the results obtained during the off-peak I, peak, and 

off-peak II hours.   

The first part shows the results obtained with the impulse responses functions technique. 

The second part shows the results obtained with the variance decomposition method.  
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Impulse responses during the baseload hours

 Response of daily day-ahead price returns during the baseload hours to:

 Period

changes in 

wind power 

feed-ins

Oil price 

returns

Coal price 

returns

Gaspool price 

returns

NCG price 

returns

CARBIX price 

returns

SETTLEMENT 

(Carbix 

futures) price 

returns

electricity 

price returns 

during 

baseload 

hours

1 -0.05378 0.00056 0.00014 0.00903 0.00417 0.00210 -0.00140 0.0552

0.00303 0.00250 0.00250 0.00249 0.00247 0.00246 0.00246 0.00174

2 0.02518 0.00167 -0.00179 0.00451 0.00346 0.00100 0.01050 -0.0223

0.00382 0.00376 0.00376 0.00370 0.00366 0.00366 0.00373 0.00364

3 0.01080 -0.00333 -0.00099 0.00183 0.00420 0.00315 0.00120 -0.00022

0.00395 0.00392 0.00394 0.00376 0.00367 0.00377 0.00395 0.00390

4 0.00895 -0.00180 0.00509 0.00409 -0.00315 -0.00507 0.00192 -0.00470

0.00397 0.00396 0.00392 0.00380 0.00367 0.00378 0.00397 0.00386

5 -0.00378 0.00134 -0.01127 -0.00293 -0.00397 0.00597 -0.00261 0.00148

0.00398 0.00398 0.00393 0.00383 0.00369 0.00377 0.00397 0.00387

6 -0.00476 -0.00491 0.00135 0.00306 0.00674 0.00213 0.00809 -0.00100

0.00400 0.00397 0.00390 0.00382 0.00361 0.00377 0.00396 0.00379

7 -0.00581 0.00439 0.00101 -0.00094 -0.00257 -0.00306 -0.00686 0.00623

0.00324 0.00243 0.00222 0.00269 0.00316 0.00246 0.00391 0.00313

8 0.00082 -0.00092 0.00003 -0.00175 0.00056 -0.00143 0.00000 -0.00287

0.00199 0.00177 0.00189 0.00172 0.00188 0.00162 0.00226 0.00165

9 0.00363 0.00001 0.00152 -0.00021 0.00005 -0.00045 -0.00155 0.00071

0.00181 0.00153 0.00168 0.00144 0.00151 0.00151 0.00199 0.00156

10 0.00183 0.00105 -0.00009 0.00001 -0.00059 0.00110 0.00247 -0.00167

0.00173 0.00129 0.00146 0.00136 0.00138 0.00139 0.00187 0.00151

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

22 0.00019 0.00002 0.00000 0.00002 0.00007 0.00005 -0.00007 -0.00008

0.00018 0.00007 0.00007 0.00007 0.00009 0.00007 0.00013 0.00011

23 0.00001 0.00000 0.00004 -0.00002 -0.00003 0.00000 0.00001 0.00001

0.00016 0.00006 0.00006 0.00005 0.00007 0.00005 0.00010 0.00009

24 -0.00010 -0.00003 0.00000 -0.00003 0.00005 0.00001 0.00004 -0.00005

0.00012 0.00004 0.00004 0.00004 0.00006 0.00004 0.00007 0.00007

 Response of daily oil price returns during the baseload hours to:

 Period

changes in 

wind power 

feed-ins

Oil price 

returns

Coal price 

returns

Gaspool price 

returns

NCG price 

returns

CARBIX price 

returns

SETTLEMENT 

(Carbix 

futures) price 

returns

electricity 

price returns 

during 

baseload 

hours

1 0.00020 0.01815 0.00000 0.00000 0.00000 0.00000 0.00000 0.0000

0.00081 0.00057 0.00000 0.00000 0.00000 0.00000 0.00000 0.00000

2 -0.00063 -0.00086 -0.00060 0.00079 0.00049 0.00029 0.00142 0.0014

0.00084 0.00084 0.00084 0.00083 0.00082 0.00082 0.00084 0.00083

3 0.00163 0.00026 0.00225 -0.00140 -0.00020 -0.00050 0.00097 -0.00085

0.00084 0.00085 0.00084 0.00082 0.00079 0.00079 0.00085 0.00083

4 -0.00023 -0.00022 0.00043 0.00020 -0.00030 -0.00111 -0.00002 -0.00041

0.00083 0.00085 0.00084 0.00083 0.00078 0.00078 0.00085 0.00083

5 -0.00036 -0.00109 0.00101 0.00134 -0.00035 0.00029 -0.00072 -0.00087

0.00081 0.00084 0.00083 0.00082 0.00077 0.00076 0.00084 0.00081

6 -0.00083 0.00042 -0.00088 0.00106 -0.00018 0.00055 0.00160 0.00109

0.00081 0.00084 0.00082 0.00080 0.00070 0.00074 0.00082 0.00078

7 0.00072 -0.00014 -0.00008 0.00018 0.00077 0.00000 -0.00096 0.00045

0.00055 0.00038 0.00042 0.00045 0.00055 0.00039 0.00079 0.00049

8 0.00010 0.00028 -0.00035 -0.00029 -0.00023 -0.00009 -0.00038 -0.00018

0.00040 0.00033 0.00036 0.00033 0.00031 0.00032 0.00041 0.00031

9 0.00007 -0.00030 0.00000 -0.00009 0.00012 -0.00006 0.00012 -0.00029

0.00029 0.00027 0.00031 0.00027 0.00026 0.00027 0.00039 0.00025

10 -0.00005 -0.00006 -0.00011 -0.00015 -0.00020 0.00004 -0.00013 0.00002

0.00027 0.00023 0.00028 0.00025 0.00022 0.00024 0.00034 0.00022

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

22 0.00001 0.00000 0.00001 0.00001 0.00000 0.00000 0.00000 0.00000

0.00002 0.00001 0.00001 0.00001 0.00001 0.00001 0.00002 0.00001

23 -0.00002 0.00000 0.00000 -0.00001 0.00001 0.00000 0.00000 0.00000

0.00002 0.00001 0.00001 0.00001 0.00001 0.00001 0.00001 0.00001

24 -0.00002 0.00000 0.00000 0.00000 0.00000 0.00000 0.00001 0.00000

0.00002 0.00001 0.00001 0.00001 0.00001 0.00001 0.00001 0.00001
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 Response of daily Carbix price returns during the baseload hours to:

 Period

changes in 

wind power 

feed-ins

Oil price 

returns

Coal price 

returns

Gaspool price 

returns

NCG price 

returns

CARBIX price 

returns

SETTLEMENT 

(Carbix 

futures) price 

returns

electricity 

price returns 

during 

baseload 

hours

1 0.00016 0.00301 0.00333 0.00219 -0.00026 0.01372 0.00000 0.0000

0.00065 0.00064 0.00063 0.00062 0.00061 0.00043 0.00000 0.00000

2 0.00079 0.00352 -0.00045 -0.00172 -0.00034 -0.00064 0.01848 0.0004

0.00108 0.00107 0.00107 0.00106 0.00105 0.00105 0.00089 0.00067

3 -0.00002 -0.00191 -0.00137 -0.00057 0.00162 -0.00004 0.00038 0.00201

0.00110 0.00111 0.00111 0.00108 0.00106 0.00106 0.00110 0.00109

4 0.00001 -0.00038 -0.00052 0.00084 -0.00084 -0.00109 0.00046 -0.00131

0.00109 0.00111 0.00110 0.00108 0.00103 0.00103 0.00111 0.00109

5 0.00081 -0.00004 0.00024 0.00111 0.00033 0.00037 0.00083 0.00063

0.00106 0.00110 0.00108 0.00107 0.00101 0.00100 0.00110 0.00107

6 0.00019 -0.00015 -0.00004 0.00053 -0.00018 0.00044 -0.00184 0.00127

0.00104 0.00109 0.00107 0.00106 0.00097 0.00096 0.00108 0.00104

7 0.00079 0.00010 0.00001 -0.00056 0.00020 -0.00165 -0.00282 0.00014

0.00093 0.00091 0.00090 0.00090 0.00083 0.00080 0.00104 0.00087

8 -0.00079 0.00015 0.00064 -0.00066 0.00027 -0.00007 0.00021 -0.00062

0.00064 0.00043 0.00050 0.00050 0.00058 0.00042 0.00086 0.00052

9 -0.00032 -0.00021 0.00013 0.00010 -0.00025 -0.00003 -0.00028 -0.00005

0.00045 0.00036 0.00043 0.00034 0.00033 0.00036 0.00050 0.00035

10 0.00013 0.00017 0.00000 -0.00010 -0.00033 0.00011 0.00056 -0.00002

0.00032 0.00031 0.00037 0.00031 0.00028 0.00032 0.00047 0.00030

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

22 -0.00001 0.00000 0.00000 0.00001 0.00001 0.00000 0.00000 0.00001

0.00003 0.00001 0.00001 0.00001 0.00001 0.00001 0.00002 0.00001

23 -0.00001 0.00000 -0.00001 -0.00001 0.00000 0.00000 0.00000 0.00000

0.00002 0.00001 0.00001 0.00001 0.00001 0.00001 0.00002 0.00001

24 0.00000 0.00000 0.00000 0.00000 0.00000 0.00000 0.00000 0.00000

0.00002 0.00001 0.00001 0.00001 0.00001 0.00001 0.00001 0.00001

 Response of daily Settlement price returns during the baseload hours to:

 Period

changes in 

wind power 

feed-ins

Oil price 

returns

Coal price 

returns

Gaspool price 

returns

NCG price 

returns

CARBIX price 

returns

SETTLEMENT 

(Carbix 

futures) price 

returns

electricity 

price returns 

during 

baseload 

hours

1 0.00027 0.00481 0.00380 0.00061 -0.00003 0.01244 0.01737 0.0000

0.00099 0.00098 0.00096 0.00095 0.00095 0.00087 0.00055 0.00000

2 0.00071 -0.00009 -0.00220 0.00094 0.00102 -0.00124 0.00281 0.0026

0.00104 0.00105 0.00105 0.00103 0.00102 0.00101 0.00103 0.00102

3 -0.00009 -0.00011 -0.00079 -0.00104 -0.00057 -0.00191 -0.00005 -0.00071

0.00103 0.00104 0.00104 0.00102 0.00098 0.00098 0.00105 0.00103

4 0.00005 -0.00064 0.00006 0.00128 0.00032 -0.00069 0.00018 0.00010

0.00101 0.00104 0.00102 0.00102 0.00096 0.00095 0.00104 0.00102

5 0.00110 -0.00010 -0.00013 0.00024 0.00050 0.00057 -0.00126 0.00064

0.00098 0.00103 0.00102 0.00102 0.00095 0.00092 0.00103 0.00099

6 0.00079 0.00005 0.00059 0.00011 -0.00109 -0.00037 -0.00049 0.00080

0.00098 0.00102 0.00100 0.00098 0.00085 0.00088 0.00100 0.00094

7 -0.00074 0.00013 0.00019 -0.00039 0.00112 -0.00046 -0.00201 -0.00038

0.00066 0.00044 0.00052 0.00054 0.00064 0.00042 0.00096 0.00055

8 -0.00075 -0.00013 0.00012 -0.00039 -0.00049 -0.00056 0.00008 -0.00035

0.00050 0.00034 0.00041 0.00035 0.00031 0.00036 0.00048 0.00033

9 0.00013 0.00009 0.00018 0.00021 -0.00009 0.00036 0.00059 0.00001

0.00031 0.00029 0.00036 0.00029 0.00026 0.00032 0.00043 0.00027

10 0.00015 0.00005 -0.00017 -0.00004 0.00002 0.00004 0.00006 0.00016

0.00027 0.00024 0.00032 0.00027 0.00022 0.00029 0.00039 0.00023

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

22 0.00001 0.00000 0.00000 0.00001 0.00000 0.00000 0.00000 0.00001

0.00002 0.00001 0.00001 0.00001 0.00001 0.00001 0.00002 0.00001

23 0.00001 0.00000 0.00000 0.00000 0.00001 0.00000 0.00000 0.00000

0.00002 0.00001 0.00001 0.00001 0.00001 0.00001 0.00001 0.00001

24 0.00000 0.00000 0.00000 0.00000 -0.00001 0.00000 0.00000 0.00000

0.00001 0.00001 0.00001 0.00001 0.00001 0.00001 0.00001 0.00001
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 Response of daily Coal price returns during the baseload hours to:

 Period

changes in 

wind power 

feed-ins

Oil price 

returns

Coal price 

returns

Gaspool price 

returns

NCG price 

returns

CARBIX price 

returns

SETTLEMENT 

(Carbix 

futures) price 

returns

electricity 

price returns 

during 

baseload 

hours

1 -0.00032 -0.00161 0.01386 0.00000 0.00000 0.00000 0.00000 0.0000

0.00062 0.00062 0.00044 0.00000 0.00000 0.00000 0.00000 0.00000

2 0.00014 0.00135 0.00238 -0.00073 -0.00146 -0.00043 0.00108 0.0003

0.00066 0.00066 0.00066 0.00064 0.00063 0.00063 0.00064 0.00064

3 0.00067 -0.00115 0.00065 -0.00057 -0.00051 -0.00103 0.00003 0.00083

0.00065 0.00066 0.00066 0.00065 0.00062 0.00061 0.00066 0.00065

4 0.00107 0.00168 -0.00041 0.00067 -0.00050 -0.00033 -0.00068 0.00034

0.00064 0.00066 0.00065 0.00065 0.00061 0.00059 0.00066 0.00064

5 0.00056 -0.00007 -0.00079 0.00107 -0.00002 0.00052 -0.00011 -0.00009

0.00062 0.00066 0.00066 0.00065 0.00060 0.00057 0.00065 0.00064

6 0.00050 -0.00069 -0.00038 0.00001 0.00019 0.00016 -0.00039 -0.00002

0.00061 0.00066 0.00064 0.00063 0.00053 0.00054 0.00063 0.00060

7 -0.00081 -0.00012 -0.00056 -0.00047 0.00039 -0.00022 0.00019 -0.00025

0.00040 0.00030 0.00037 0.00034 0.00038 0.00026 0.00061 0.00032

8 -0.00072 -0.00032 -0.00038 -0.00013 0.00003 -0.00006 -0.00026 -0.00020

0.00034 0.00024 0.00030 0.00024 0.00021 0.00023 0.00034 0.00024

9 -0.00025 0.00003 -0.00031 0.00008 -0.00016 0.00015 0.00026 0.00004

0.00024 0.00021 0.00025 0.00021 0.00019 0.00021 0.00030 0.00020

10 0.00034 0.00006 0.00007 0.00012 0.00003 0.00004 -0.00004 0.00016

0.00019 0.00016 0.00022 0.00018 0.00015 0.00017 0.00026 0.00015

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

22 0.00001 0.00001 0.00000 0.00000 0.00000 0.00000 -0.00001 0.00000

0.00002 0.00001 0.00001 0.00001 0.00001 0.00001 0.00001 0.00001

23 0.00002 0.00000 0.00000 0.00000 0.00000 0.00000 0.00000 0.00000

0.00002 0.00001 0.00001 0.00001 0.00001 0.00001 0.00001 0.00001

24 0.00001 0.00000 0.00000 0.00000 0.00000 0.00000 0.00000 0.00000

0.00002 0.00001 0.00001 0.00001 0.00001 0.00000 0.00001 0.00001

 Response of daily Gaspool price returns during the baseload hours to:

 Period

changes in 

wind power 

feed-ins

Oil price 

returns

Coal price 

returns

Gaspool price 

returns

NCG price 

returns

CARBIX price 

returns

SETTLEMENT 

(Carbix 

futures) price 

returns

electricity 

price returns 

during 

baseload 

hours

1 -0.00097 0.00123 0.00472 0.03562 0.00000 0.00000 0.00000 0.0000

0.00161 0.00160 0.00160 0.00112 0.00000 0.00000 0.00000 0.00000

2 0.00242 0.00048 0.00516 -0.00695 0.00833 0.00225 0.00210 0.0036

0.00175 0.00175 0.00175 0.00170 0.00165 0.00163 0.00166 0.00166

3 0.00053 -0.00054 0.00130 -0.00154 -0.00408 -0.00092 0.00178 0.00117

0.00176 0.00176 0.00177 0.00171 0.00165 0.00167 0.00177 0.00174

4 -0.00048 0.00137 -0.00041 0.00051 -0.00019 0.00263 -0.00010 0.00006

0.00174 0.00176 0.00174 0.00170 0.00162 0.00165 0.00176 0.00172

5 -0.00073 -0.00221 -0.00326 -0.00241 -0.00170 -0.00466 -0.00289 -0.00080

0.00173 0.00177 0.00175 0.00172 0.00163 0.00162 0.00174 0.00170

6 0.00060 0.00133 0.00206 0.00480 -0.00055 0.00231 -0.00002 0.00023

0.00174 0.00177 0.00173 0.00169 0.00152 0.00160 0.00173 0.00165

7 0.00084 0.00062 0.00047 -0.00100 0.00235 0.00059 0.00289 0.00084

0.00129 0.00097 0.00096 0.00111 0.00127 0.00102 0.00170 0.00120

8 -0.00025 -0.00067 -0.00080 -0.00110 0.00001 -0.00019 -0.00109 -0.00055

0.00089 0.00074 0.00078 0.00080 0.00079 0.00074 0.00098 0.00071

9 -0.00084 0.00044 0.00008 0.00045 -0.00079 0.00012 0.00047 -0.00016

0.00069 0.00066 0.00070 0.00070 0.00064 0.00067 0.00085 0.00059

10 -0.00003 -0.00062 -0.00083 -0.00041 0.00027 -0.00084 -0.00088 -0.00022

0.00064 0.00060 0.00064 0.00068 0.00060 0.00064 0.00078 0.00055

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

22 0.00001 0.00002 0.00002 0.00003 0.00001 0.00003 0.00003 0.00001

0.00004 0.00002 0.00003 0.00004 0.00004 0.00004 0.00004 0.00003

23 0.00001 0.00000 0.00000 -0.00002 0.00002 -0.00002 -0.00003 0.00000

0.00003 0.00002 0.00002 0.00003 0.00003 0.00003 0.00004 0.00002

24 0.00000 0.00000 0.00000 0.00000 -0.00001 0.00000 0.00001 -0.00001

0.00003 0.00001 0.00002 0.00002 0.00002 0.00002 0.00003 0.00002



  Wind Power Feed-In – Effects on Prices 

- 90 - 
 

 

 Response of daily NCG price returns during the baseload hours to:

 Period

changes in 

wind power 

feed-ins

Oil price 

returns

Coal price 

returns

Gaspool price 

returns

NCG price 

returns

CARBIX price 

returns

SETTLEMENT 

(Carbix 

futures) price 

returns

electricity 

price returns 

during 

baseload 

hours

1 0.00066 0.00166 0.00302 0.02123 0.02404 0.00000 0.00000 0.0000

0.00144 0.00144 0.00143 0.00126 0.00076 0.00000 0.00000 0.00000

2 -0.00003 -0.00024 0.00546 0.00445 -0.01051 0.00313 0.00300 0.0038

0.00160 0.00161 0.00160 0.00156 0.00151 0.00147 0.00150 0.00149

3 0.00261 -0.00081 -0.00002 -0.00220 -0.00058 0.00170 0.00136 0.00104

0.00161 0.00161 0.00161 0.00156 0.00151 0.00153 0.00162 0.00160

4 0.00049 -0.00140 0.00228 -0.00070 -0.00120 -0.00250 -0.00025 0.00291

0.00160 0.00162 0.00160 0.00157 0.00150 0.00151 0.00162 0.00158

5 -0.00129 0.00047 -0.00095 0.00012 -0.00059 0.00023 0.00066 -0.00253

0.00156 0.00161 0.00159 0.00158 0.00149 0.00148 0.00161 0.00156

6 -0.00013 0.00105 0.00178 0.00196 0.00069 -0.00036 -0.00214 0.00235

0.00156 0.00160 0.00157 0.00154 0.00139 0.00144 0.00158 0.00150

7 0.00088 0.00049 -0.00064 -0.00049 0.00106 0.00046 0.00217 -0.00140

0.00116 0.00088 0.00090 0.00100 0.00113 0.00088 0.00153 0.00108

8 -0.00025 -0.00037 -0.00084 -0.00038 -0.00044 -0.00007 -0.00093 0.00060

0.00077 0.00060 0.00067 0.00062 0.00065 0.00061 0.00087 0.00059

9 0.00032 -0.00002 -0.00049 -0.00001 -0.00012 -0.00024 -0.00053 -0.00066

0.00059 0.00051 0.00059 0.00051 0.00050 0.00054 0.00070 0.00049

10 -0.00025 -0.00034 -0.00011 0.00028 -0.00046 0.00002 0.00018 0.00010

0.00053 0.00041 0.00050 0.00046 0.00044 0.00048 0.00064 0.00044

21 0.00005 0.00001 0.00000 0.00002 0.00002 0.00004 0.00001 -0.00002

0.00004 0.00002 0.00002 0.00003 0.00004 0.00003 0.00004 0.00004

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

22 0.00000 0.00000 0.00001 0.00000 0.00001 -0.00001 -0.00002 0.00001

0.00004 0.00002 0.00002 0.00002 0.00003 0.00002 0.00003 0.00003

23 -0.00003 0.00000 0.00000 -0.00001 0.00001 0.00000 0.00002 -0.00002

0.00003 0.00001 0.00001 0.00002 0.00002 0.00002 0.00002 0.00003

24 -0.00002 0.00000 0.00000 0.00000 -0.00001 -0.00001 0.00000 0.00002

0.00002 0.00001 0.00001 0.00001 0.00002 0.00001 0.00002 0.00002

 Response of daily changes in wind power feed-ins during the baseload hours to:

 Period

changes in 

wind power 

feed-ins

Oil price 

returns

Coal price 

returns

Gaspool price 

returns

NCG price 

returns

CARBIX price 

returns

SETTLEMENT 

(Carbix 

futures) price 

returns

electricity 

price returns 

during 

baseload 

hours

1 3170.9966 0.00000 0.00000 0.00000 0.00000 0.00000 0.00000 0.0000

100.07576 0.00000 0.00000 0.00000 0.00000 0.00000 0.00000 0.00000

2 -1010.26237 -144.20889 24.07803 -75.24856 218.07644 22.88236 -436.65770 32.4686

150.46641 147.75565 148.05333 145.46947 143.98980 143.55565 146.44813 145.68577

3 -964.64415 92.47271 76.42522 -158.79741 -146.86777 -210.62274 -177.67797 -100.08630

157.96320 154.82978 155.26262 148.83764 144.74743 147.90839 155.74584 153.07750

4 -384.03712 -70.94230 -65.44788 -42.27292 -86.41471 60.48380 258.16399 174.17090

161.20618 161.20583 159.26116 155.62088 150.57583 154.03989 161.82295 157.60602

5 170.85706 -80.95089 154.44268 70.47237 161.49924 -214.93942 -28.81870 64.61674

160.91424 160.39677 158.66321 158.27006 152.43555 153.14439 162.31232 157.12491

6 209.41263 267.21327 -128.31965 -128.48765 -134.05588 -25.62155 -296.89321 -10.29315

161.40605 159.50167 156.23912 156.00095 147.48451 151.52171 160.16971 153.26486

7 324.64695 -78.98927 17.68177 175.60333 -15.21731 156.33371 74.62963 -182.40699

132.42464 93.52147 86.62259 110.52288 129.82039 93.55742 158.28234 125.79640

8 -7.00186 -13.68355 -4.27308 -20.49159 72.02739 46.93095 51.16202 24.14756

93.84610 74.51716 78.87300 76.68154 74.54453 70.87196 87.92145 67.75500

9 -186.65613 -44.67058 -15.96501 -47.68665 -17.35294 -41.85130 66.07905 -8.35467

76.74393 55.83171 63.97804 57.77798 60.27779 56.59984 82.39134 58.09515

10 -138.75268 -5.71390 9.10020 7.44027 10.23630 11.13077 -2.82599 38.32907

72.27523 46.82470 54.89646 52.98722 51.47778 50.80576 73.07387 54.66806

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

22 -10.81325 -1.86730 -0.35739 -0.52258 -2.30102 -1.65620 4.65284 2.29320

9.87149 3.12118 3.24925 3.34676 3.18663 2.50800 5.42856 3.81460

23 -2.86387 0.71889 -0.78010 1.12802 0.72000 -0.05349 0.48765 2.02858

8.62187 2.81320 2.70559 2.61461 2.69551 2.07350 4.39219 3.24031

24 4.54883 1.58147 -0.46617 0.59536 -0.92204 -0.85471 -2.45122 1.40802

6.68403 2.23659 2.12876 2.18920 2.02896 1.69903 3.20064 2.38274
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 Variance Decomposition of electricity price returns during the baseload hours:

 Period S.E.
changes in wind 
power feed-ins Oil price returns Coal price returns

Gaspool price 
returns

NCG price 
returns

CARBIX price 
returns

SETTLEMENT (Carbix 
futures) price returns

electricity price returns 
during baseload hours

1 0.0181 47.8722 0.0051 0.0003 1.3481 0.2874 0.0732 0.0325 50.3811

2 0.0183 48.1492 0.0421 0.0439 1.3900 0.4006 0.0740 1.5321 48.3680

3 0.0186 48.6704 0.1895 0.0560 1.4047 0.6275 0.2053 1.5185 47.3280

4 0.0187 48.5263 0.2271 0.3920 1.5889 0.7418 0.5351 1.5292 46.4595

5 0.0188 47.4022 0.2439 1.9914 1.6553 0.9221 0.9734 1.5744 45.2373

6 0.0190 46.6582 0.5377 1.9708 1.7353 1.4659 1.0086 2.3525 44.2710

7 0.0191 46.1782 0.7623 1.9457 1.7129 1.5182 1.1030 2.8803 43.8994

8 0.0191 46.1013 0.7712 1.9421 1.7468 1.5193 1.1259 2.8750 43.9184

9 0.0191 46.1569 0.7694 1.9658 1.7434 1.5159 1.1258 2.8975 43.8252

10 0.0191 46.1143 0.7815 1.9624 1.7403 1.5173 1.1383 2.9658 43.7801

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

22 0.0191 46.0423 0.7860 1.9666 1.7488 1.5410 1.1473 3.0996 43.6684

23 0.0191 46.0423 0.7860 1.9666 1.7488 1.5410 1.1473 3.0996 43.6684

24 0.0191 46.0423 0.7860 1.9666 1.7488 1.5410 1.1473 3.0996 43.6683

 Variance Decomposition of oil price returns during the baseload hours:

 Period S.E.
changes in wind 
power feed-ins Oil price returns Coal price returns

Gaspool price 
returns

NCG price 
returns

CARBIX price 
returns

SETTLEMENT (Carbix 
futures) price returns

electricity price returns 
during baseload hours

1 3170.9966 0.0121 99.9879 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000

2 3367.8914 0.1319 98.2953 0.1090 0.1876 0.0722 0.0249 0.6001 0.5791

3 3524.2529 0.8900 95.0067 1.5607 0.7452 0.0809 0.0957 0.8518 0.7689

4 3561.8894 0.9005 94.5238 1.6064 0.7523 0.1065 0.4497 0.8475 0.8133

5 3581.7464 0.9230 93.3707 1.8669 1.2435 0.1392 0.4663 0.9782 1.0122

6 3617.1837 1.0952 91.6610 2.0445 1.5295 0.1453 0.5398 1.6655 1.3191

7 3645.5885 1.2310 91.0879 2.0334 1.5288 0.3063 0.5364 1.9100 1.3662

8 3647.1332 1.2319 90.9759 2.0650 1.5492 0.3205 0.5377 1.9469 1.3729

9 3653.4141 1.2327 90.9463 2.0638 1.5503 0.3241 0.5385 1.9497 1.3947

10 3656.3046 1.2330 90.9230 2.0666 1.5559 0.3345 0.5388 1.9537 1.3944

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

22 3662.2611 1.2557 90.8211 2.0697 1.5604 0.3391 0.5429 2.0077 1.4033

23 3662.2632 1.2557 90.8210 2.0697 1.5605 0.3391 0.5429 2.0077 1.4033

24 3662.2678 1.2558 90.8209 2.0697 1.5605 0.3391 0.5429 2.0077 1.4033

 Variance Decomposition of Carbix price returns during the baseload hours:

 Period S.E.
changes in wind 
power feed-ins Oil price returns Coal price returns

Gaspool price 
returns

NCG price 
returns

CARBIX price 
returns

SETTLEMENT (Carbix 
futures) price returns

electricity price returns 
during baseload hours

1 0.0360 0.0115 4.2496 5.1942 2.2564 0.0313 88.2571 0.0000 0.0000

2 0.0383 0.1136 3.7465 1.9741 1.3606 0.0315 33.0028 59.7470 0.0240

3 0.0386 0.1112 4.2916 2.2538 1.3859 0.4803 32.2860 58.4741 0.7171

4 0.0388 0.1103 4.2796 2.2808 1.4928 0.5964 32.2168 58.0197 1.0036

5 0.0395 0.2204 4.2562 2.2777 1.6916 0.6115 32.0620 57.8149 1.0657

6 0.0399 0.2246 4.2204 2.2568 1.7222 0.6114 31.7973 57.8423 1.3251

7 0.0401 0.3217 4.1410 2.2135 1.7414 0.6064 31.6358 58.0372 1.3030

8 0.0402 0.4230 4.1310 2.2729 1.8074 0.6167 31.5330 57.8542 1.3617

9 0.0402 0.4400 4.1362 2.2743 1.8081 0.6265 31.5168 57.8366 1.3614

10 0.0402 0.4425 4.1376 2.2725 1.8081 0.6435 31.4939 57.8414 1.3604

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

22 0.0403 0.4517 4.1372 2.2804 1.8197 0.6547 31.4754 57.8210 1.3599

23 0.0403 0.4517 4.1372 2.2804 1.8197 0.6547 31.4754 57.8210 1.3599

24 0.0403 0.4517 4.1372 2.2804 1.8197 0.6547 31.4754 57.8210 1.3599

 Variance Decomposition of settlement price returns during the baseload hours:

 Period S.E.
changes in wind 
power feed-ins Oil price returns Coal price returns

Gaspool price 
returns

NCG price 
returns

CARBIX price 
returns

SETTLEMENT (Carbix 
futures) price returns

electricity price returns 
during baseload hours

1 0.0323 0.0148 4.6819 2.9244 0.0755 0.0001 31.3091 60.9942 0.0000

2 0.0351 0.1105 4.4728 3.7261 0.2417 0.2020 30.1960 59.7719 1.2790

3 0.0354 0.1108 4.4221 3.8015 0.4446 0.2606 30.5346 59.0660 1.3598

4 0.0357 0.1108 4.4779 3.7829 0.7522 0.2791 30.4706 58.7718 1.3548

5 0.0359 0.3370 4.4470 3.7585 0.7575 0.3242 30.3094 58.6433 1.4232

6 0.0361 0.4533 4.4208 3.8013 0.7555 0.5461 30.1528 58.3355 1.5347

7 0.0363 0.5504 4.3713 3.7633 0.7753 0.7714 29.8348 58.3901 1.5434

8 0.0363 0.6517 4.3629 3.7560 0.8020 0.8134 29.8137 58.2383 1.5621

9 0.0363 0.6543 4.3598 3.7581 0.8093 0.8139 29.8046 58.2395 1.5604

10 0.0363 0.6586 4.3596 3.7626 0.8094 0.8139 29.8001 58.2309 1.5648

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

22 0.0363 0.6646 4.3596 3.7677 0.8179 0.8195 29.7916 58.2028 1.5763

23 0.0363 0.6646 4.3596 3.7677 0.8179 0.8195 29.7916 58.2028 1.5763

24 0.0363 0.6646 4.3596 3.7677 0.8179 0.8195 29.7916 58.2028 1.5763
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 Variance Decomposition of coal price returns during the baseload hours:

 Period S.E.
changes in wind 
power feed-ins Oil price returns Coal price returns

Gaspool price 
returns

NCG price 
returns

CARBIX price 
returns

SETTLEMENT (Carbix 
futures) price returns

electricity price returns 
during baseload hours

1 0.0222 0.0512 1.3257 98.6231 0.0000 0.0000 0.0000 0.0000 0.0000

2 0.0228 0.0573 2.1301 95.8284 0.2551 1.0370 0.0892 0.5696 0.0333

3 0.0229 0.2695 2.7072 93.9764 0.4024 1.1382 0.5904 0.5578 0.3582

4 0.0230 0.7869 3.9425 91.6639 0.5967 1.2264 0.6249 0.7559 0.4028

5 0.0230 0.9240 3.9020 90.9514 1.1122 1.2132 0.7424 0.7528 0.4020

6 0.0231 1.0343 4.0977 90.5678 1.1068 1.2243 0.7501 0.8187 0.4003

7 0.0232 1.3258 4.0765 90.0903 1.1996 1.2860 0.7670 0.8287 0.4261

8 0.0233 1.5558 4.1074 89.7892 1.2021 1.2813 0.7653 0.8567 0.4422

9 0.0233 1.5809 4.1027 89.7199 1.2034 1.2906 0.7738 0.8863 0.4424

10 0.0233 1.6328 4.1012 89.6537 1.2084 1.2900 0.7738 0.8862 0.4538

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

22 0.0233 1.6809 4.1055 89.5716 1.2139 1.2916 0.7769 0.9001 0.4594

23 0.0233 1.6811 4.1055 89.5715 1.2139 1.2916 0.7769 0.9001 0.4594

24 0.0233 1.6811 4.1055 89.5715 1.2139 1.2916 0.7769 0.9001 0.4594

 Variance Decomposition of gaspool price returns during the baseload hours:

 Period S.E.
changes in wind 
power feed-ins Oil price returns Coal price returns

Gaspool price 
returns

NCG price 
returns

CARBIX price 
returns

SETTLEMENT (Carbix 
futures) price returns

electricity price returns 
during baseload hours

1 0.0146 0.0720 0.1167 1.7208 98.0905 0.0000 0.0000 0.0000 0.0000

2 0.0239 0.4632 0.1185 3.3356 89.8291 4.7263 0.3456 0.2998 0.8819

3 0.0242 0.4735 0.1360 3.3888 88.3852 5.7556 0.3963 0.5070 0.9577

4 0.0243 0.4861 0.2594 3.3783 87.8436 5.7216 0.8548 0.5044 0.9518

5 0.0243 0.5035 0.5640 3.9420 85.0877 5.7042 2.2180 1.0212 0.9594

6 0.0245 0.5150 0.6631 4.1202 84.6587 5.5973 2.5052 0.9987 0.9417

7 0.0247 0.5528 0.6802 4.0900 83.8129 5.8804 2.5003 1.5075 0.9759

8 0.0247 0.5553 0.7061 4.1194 83.6860 5.8662 2.4965 1.5779 0.9924

9 0.0247 0.5984 0.7174 4.1148 83.5950 5.8973 2.4943 1.5899 0.9929

10 0.0248 0.5975 0.7399 4.1504 83.4589 5.8915 2.5331 1.6347 0.9941

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

22 0.0248 0.6218 0.7453 4.1575 83.3158 5.9321 2.5557 1.6632 1.0086

23 0.0248 0.6218 0.7453 4.1575 83.3157 5.9321 2.5557 1.6632 1.0086

24 0.0248 0.6218 0.7453 4.1575 83.3157 5.9321 2.5557 1.6632 1.0086

 Variance Decomposition of NCG price returns during the baseload hours:

 Period S.E.
changes in wind 
power feed-ins Oil price returns Coal price returns

Gaspool price 
returns

NCG price 
returns

CARBIX price 
returns

SETTLEMENT (Carbix 
futures) price returns

electricity price returns 
during baseload hours

1 0.0140 0.0416 0.2648 0.8755 43.3096 55.5085 0.0000 0.0000 0.0000

2 0.0144 0.0351 0.2282 3.1509 38.1321 55.7704 0.7942 0.7289 1.1601

3 0.0145 0.5771 0.2773 3.1045 37.9567 54.9755 1.0129 0.8669 1.2291

4 0.0147 0.5852 0.4251 3.4531 37.2789 54.0509 1.4817 0.8555 1.8696

5 0.0148 0.7095 0.4386 3.4969 36.9894 53.6569 1.4743 0.8829 2.3515

6 0.0148 0.7006 0.5165 3.6897 36.7511 52.9190 1.4630 1.2195 2.7406

7 0.0149 0.7537 0.5313 3.6940 36.4994 52.6152 1.4683 1.5685 2.8697

8 0.0149 0.7572 0.5408 3.7405 36.4418 52.5311 1.4659 1.6310 2.8918

9 0.0149 0.7642 0.5404 3.7554 36.4107 52.4873 1.4688 1.6508 2.9222

10 0.0149 0.7686 0.5491 3.7549 36.4020 52.4828 1.4683 1.6526 2.9218

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

22 0.0149 0.7775 0.5517 3.7555 36.3633 52.4517 1.4897 1.6714 2.9391

23 0.0149 0.7775 0.5517 3.7555 36.3633 52.4517 1.4897 1.6715 2.9391

24 0.0149 0.7776 0.5517 3.7555 36.3633 52.4517 1.4897 1.6715 2.9391

 Variance Decomposition of changes in wind power feed-ins during the baseload hours:

 Period S.E.
changes in wind 
power feed-ins Oil price returns Coal price returns

Gaspool price 
returns

NCG price 
returns

CARBIX price 
returns

SETTLEMENT (Carbix 
futures) price returns

electricity price returns 
during baseload hours

1 0.0777 100.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000

2 0.0856 97.6474 0.1833 0.0051 0.0499 0.4193 0.0046 1.6810 0.0093

3 0.0865 96.6670 0.2363 0.0517 0.2486 0.5566 0.3614 1.7893 0.0891

4 0.0876 95.7974 0.2710 0.0844 0.2575 0.6037 0.3826 2.2770 0.3264

5 0.0888 94.9657 0.3191 0.2694 0.2933 0.8004 0.7385 2.2583 0.3553

6 0.0898 93.4493 0.8586 0.3900 0.4138 0.9221 0.7291 2.8880 0.3492

7 0.0906 92.7917 0.8922 0.3863 0.6394 0.9095 0.9017 2.8851 0.5941

8 0.0907 92.7135 0.8928 0.3861 0.6420 0.9478 0.9175 2.9023 0.5980

9 0.0908 92.6560 0.9047 0.3867 0.6568 0.9468 0.9275 2.9250 0.5965

10 0.0909 92.6536 0.9035 0.3867 0.6562 0.9461 0.9269 2.9205 0.6065

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

22 0.0911 92.5110 0.9096 0.3952 0.6621 0.9565 0.9302 3.0143 0.6212

23 0.0911 92.5109 0.9096 0.3952 0.6621 0.9565 0.9302 3.0143 0.6213

24 0.0911 92.5108 0.9096 0.3952 0.6621 0.9565 0.9302 3.0143 0.6213
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