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Abstract 
 

 
Working towards a greener future has never been so important for us. The emission of 

greenhouse gases has resulted in significant shifts in weather patterns. Thus, the sustainable 

development of human society requires urgently the substitution for conventional energy 

sources. The transformation starts in the power industry first. To promote the use of renewable 

energy, many countries have set renewable energy target that calls for certain proportion of 

electricity consumption comes from renewable energy sources. For example, European Union 

(E.U.) set 35% target in 2030, United States has 50% target by 2035, United Kingdom aims at 

100% by 2050. With favorable policies and financial supports, we have seen rapidly growth in 

renewable energy deployment. According to the International Renewable Energy Agency’s 

report, around 72% of the global electrical power expansion in 2019 was due to the 

development of renewables, mainly wind and solar (Hosseini, 2020). While more renewable 

generation would benefit the society in many ways, we haven’t learnt enough about the 

consequences.  

Electricity, unlike other commodity, is special in terms of storability. Without feasible and 

economic way of large-scale storage, electricity must be consumed once it is generated. This 

fact indicates high spot price volatility (Escribano, Peña, and Villaplana, 2011). Moreover, the 

power market is quite inefficient with several large firms exercising market power, which leads 

to higher price (Hortaçsu et al., 2019; Borenstein, Bushnell, and Wolak, 2002). And market 

imperfections and regulation inadequateness can cause the “missing money problem” which 

refers to the fact that investments are below the optimal level (Winkler et al., 2016). Above 

these, renewable generation aggravates the situation by disrupting the market balance (Jónsson, 

Pinson, and Madsen, 2010; Paraschiv, Erni, and Pletsch, 2014; Kyritsis, Andersson, and 

Serletis, 2017) and increasing the price volatility (Edenhofer et al., 2013; Rubin and Babcock, 

2013; Ketterer, 2014) due to its low marginal cost and intermittency nature. Then, these can 

lead to further consequences like higher risk premium required by the investors or less 

investment in power industry or higher cost to stabilize the grid etc. (Winkler et al., 2016; 

Edenhofer et al., 2013). As renewables’ influence will become greater over time thanks to its 

increasing market share, understanding more about renewables’ impact on the power market is 
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critical for the market participants and policymakers. In this thesis, we intend to discuss the 

influence of renewables on power prices from three different perspectives. 

This thesis contains three chapters. We start by discussing the asymmetric competition between 

renewable producers and conventional producers and the consequent change of hedging 

behavior of affected market participants. Then, we try to analyze the day-ahead price 

connectedness among regional markets in E.U. and how the renewable generation alters the 

price connectedness of one market with other markets. Lastly, we investigate the impact of 

renewables on the variance of electricity returns under different support schemes focusing on 

the Spanish intraday power market case.  

In Chapter 1, “Ex-ante day-ahead premium and optimal hedging in electricity markets with 

green and brown producers”, we develop the equilibrium model on electricity forward 

premium proposed by Bessembinder and Lemmon (2002) (B&L from now on) by introducing 

the asymmetrical competition between the renewable producers and the conventional 

producers. Specifically, we focus on the day-ahead premium to avoid the market disruption 

from the financial traders. B&L model predicts that the volatility of expected spot prices 

increases the hedge pressure of retailers therefore decreases the forward premium, while the 

asymmetry of expected spot prices’ distribution grows the hedge pressure of conventional 

producers thus increases the forward premium. Yet, our results show that the ex-ante day-ahead 

forward premium is negatively or positively related to the variance and the skewness of 

expected spot prices depending on the demand level. Particularly, when demand is low, 

renewable generation has larger impact on the market, conventional producers then hedge more 

if they expect the spot prices to be more volatile, and retailers hedge more if they forecast more 

asymmetric spot prices with longer right tail. While, when demand is high, renewable 

generation’s impact is limited, high volatility of expected spot prices exposes the retailers with 

higher revenue risk, so they increase purchase in the forward market; high skewness of 

expected spot prices leads to a sharp increase in the conventional producers’ production cost, 

so they increase sale in the forward market. In addition, we discover the kurtosis of expected 

spot prices and the production share of renewable generation both are negatively related with 

the day-ahead premium, and the change in renewable supply curves positively affect the 

premium.  

Using the trading data at unit level in the Spanish day-ahead market and intraday market, we 

derive the model-based expected spot prices. Analysis shows the main features of electricity 
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spot prices are well accounted for by the model. Then, we apply panel fixed effect method on 

hourly data to test model implications. The empirical results largely support the model 

hypotheses.  

We contribute to the existing literature by reconciling the mix empirical evidence found on the 

implications from B&L model and introducing new implications on the electricity forward 

premium. Also, we address the trade-offs of having more renewable generation. On one hand, 

renewable generation decreases the day-ahead premium. On the other hand, the variation of 

renewable supply will lead to more biased forward price. Thus, we believe the implications of 

our model are useful for practitioners and policymakers alike. 

In Chapter 2, “The connectedness of European electricity day-ahead prices and the impact of 

renewable generation”, we focus on the impact of renewable generation on the price 

connectedness of 12 European power markets. The European Commission launched The 

Energy Union Strategy in 2015 targeting to build a clean, secure, and fully integrated European 

energy market. In the process of market integration, we shall expect that price shocks of one 

market can spillover to another market in the network. However, from Chapter 1, we see the 

renewable generation may interrupt the local energy supply and therefore influence the local 

power price. Thus, we ask the question of whether the renewable generation of one market will 

change its price connectedness with another market in the network.  

To measure the price connectedness among selected E.U. power markets, we adopt Diebold 

and Yilmaz connectedness index (D&Y from now on) proposed by Diebold and Yilmaz (2009, 

2012, 2014) based on the forecast error decomposition from the vector autoregression (VAR) 

model. If the markets are integrating and prices are converging, we shall expect an increasing 

trend in D&Y total price connectedness index over time. Also, D&Y measure can illustrate the 

directional connectedness. The “From” connectedness measures one market’s percentage of 

forecast error variance that can be explained by price shocks from other markets, while the “To” 

connectedness evaluates the total percentage of other markets’ forecast error variances that can 

be explained by one market. Thus, if we expect mutually spillover of price shocks among 

markets because of market integration, the price change of one market should increase both its 

“From” and “To” connectedness. Estimating the D&Y measure using t-lasso approach to 

account for the fat tails in the errors, we obtain a total connectedness of the day-ahead prices 

from 12 E.U. power markets at the value of 20.09%. Comparing to an average value of 45% in 
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the studies on electricity price or volatility connectedness, our value suggests high trade 

barriers or large dissimilarities among the 12 power markets in the European Union.  

After obtaining the dynamic “From” and “To” connectedness measures, we apply panel model 

on the data of the 12 power markets. We discover that the renewable generation decreases 

significantly both the “From” connectedness and the “To” connectedness of one market. This 

suggests that higher renewable generation would lead to less price connectedness of one market 

with other markets, which is consistent with the literature arguing that larger renewable 

generation can decrease price convergence (Woo et al., 2011; Horst Keppler, Phan, and Le Pan, 

2016; Ardian, Concettini, and Creti, 2018). Meanwhile, we find no significant evidence 

suggesting that generation structure or cross-border transmission would affect the price 

connectedness of one market (Apergis, Fontini, and Inchauspe, 2017; Nepal and Foster, 2016), 

indicating other potential factors may explain the high pairwise directional price connectedness 

between markets identified in the chapter.  

This study links the renewable generation with the power market integration by looking at the 

price connectedness among markets. We believe that this chapter is helpful for all market 

participants in understanding the spillover of price shocks and the impact of renewable 

generation on the market integration.  

In Chapter 3, “The impact of renewables on the variance of power returns under different 

support schemes: the case of Spanish intraday power market”, we ask the question that 

whether the relationship between the renewable supply and the variance of electricity returns 

would be different under different renewable support schemes. According to our argument in 

chapter 1, the intraday position of renewable producers is affected by two factors: the prices, 

which indicate the arbitrage opportunities, and the supply conditions in general. Both factors 

for renewable producers can be influenced by the renewable support scheme (Ito and Reguant, 

2016; Jägemann, 2014; Fagiani, Barquín, and Hakvoort, 2013). Winkler et al. (2016) argue that 

the renewable producers are less likely to accept extreme low price under market-oriented 

support scheme, leading to less renewables’ impact on the variance of electricity prices. 

Focusing on the Spanish intraday market, we intend to provide empirical evidence on this 

argument.  

Using the trading data of the Spanish intraday market, we obtain the intraday renewable supply 

and intraday price from 2001 to 2017 covering the five periods of different renewable support 

schemes in Spain. The five periods are: the period from 2001 to 2004 (the initial Feed-in 
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Premium scheme), the period from 2004 to 2007 (the combination of Feed-in Tariffs and Feed-

in Premium scheme), the period from 2007 to 2012 (Feed-in Premium with cap and floor and 

cuts of tariff system), the period from 2012 to 2014 (the abolishment of renewable support), 

and the period from 2014 to 2017 (the new rate-based remuneration scheme). Thus, the Spanish 

renewable support scheme is becoming more market-oriented over time. For the method, we 

decide to apply the popular models for variance study in the literature, including both 

conditional variance model, GARCH and EGARCH, and unconditional realized variance 

measure with LS regression. Considering the fat tails in the series, we assume t-distribution for 

the errors and obtain more robust estimations. From the preliminary results, we find that the 

renewable intraday supply ratio, which is calculated as the renewable intraday supply over total 

renewable supply, is significantly and positively related with the variance of power returns. 

After introducing the support scheme dummies in the variance equation, we observe consistent 

and significant evidence showing that the renewable intraday supply increases the variance of 

power returns even more in the period of the abolishment of Feed-in Tariffs and Feed-in 

Premium support scheme during 2012 to 2014. This result points out the importance to 

minimize renewable policy uncertainty for stabilizing the power returns. Also, this indicates 

that renewable support schemes can decrease the impact of renewable supply on the variance 

of power returns, which is consistent with the literature (Ciarreta, Pizarro-Irizar, Zarraga, 2020). 

However, we observe no significant difference of the renewables’ impact on the variance of 

power returns comparing the Feed-in Premium support scheme, the combination of Feed-in 

Tariffs and Feed-in Premium support scheme, and the new rate-based incentive scheme in the 

Spanish power market.  

In this chapter, we discuss the effect of the renewable supply on the variance of power returns 

under difference support schemes focusing on the case of Spanish power market, extending the 

literature on this topic (Winkler et al., 2016). For further study, looking at the unit level bidding 

behavior of renewable producers in detail may provide more insights on the question.  

Centering on the question of how renewable generation will impact the power prices, we 

discuss and provide empirical evidence on the question from three different perspectives. We 

believe that understanding the influence of renewables comprehensively is essential for 

achieving a greener future and hope this thesis may deliver valuable insights on this topic.  
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Chapter 1 

Ex-ante Day-Ahead Premium and Optimal 

Hedging in Electricity Markets with Green and 

Brown Producers 
 

1.1 Introduction  

Climate change concerns, combined with technological development and government support, 

are critical factors behind increasing renewable power production in many countries. For 

instance, in December 2017, wind power generation in the E.U. reached the highest level ever, 

amounting to 41 TWh and representing a share of 16% in the monthly electricity generation 

mix (European Commission, 2017). The 20-20-20 Climate and Energy Package (CEP2020 

from now on) is binding legislation adopted in late 2008, setting an EU-wide share of 20% of 

gross final energy consumption from Renewable Energy Sources (RES). However, mandatory 

national targets vary from 10% in Malta to 49% in Sweden.  

While arguments exist that the increase in green electricity production can influence spot and 

futures prices in electricity markets, as far as we know, extant literature does not provide an 

equilibrium model to examine this issue1. Several papers studied the impact of renewable 

production on power prices. Jonsson et al. (2013) document the influence of wind power 

generation on electricity spot prices. Acemoglu, Kakhbod, and Ozdaglar (2017) suggest power 

producers may diversify their energy portfolio into renewable generation as a response to a 

price decline. Ito and Reguant (2016) show wind producers' strategic decisions in sequential 

power markets and how spot prices are affected. Hagemann (2015) suggests including wind 

and solar forecast errors as determinants of intraday prices. Several empirical papers (e.g., 

Green and Vasilakos, 2010; Gelabert, Labandeira, and Linares, 2011; Würzburg, Labandeira, 

and Linares, 2013; Ciarreta, Espinosa, and Pizarro-Irizar, 2014) document stylized facts of the 

 
1 The reasons of the dearth of published research in economics and finance journals related to climate change and 
green finance issues is discussed in Oswald and Stern (2019) and in Diaz-Rainey, Robertson, and Wilson (2017). 
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impact of the green production share on electricity spot prices, namely a decrease in prices but 

an increase in their volatility. 

Literature studying the impact of increases in the green production share on the day-ahead 

forward premium and on the hedging decisions of market participants when producers with 

different generation assets (e.g. “brown” or “green”) are competing in the market is scarce. To 

fill this literature gap, we propose an equilibrium model by introducing both brown 

(conventional, oil, coal, and gas-based) and green (renewables, wind, hydro, biomass, solar-

based) producers. Then we study the consequences of this on the ex-ante day-ahead forward 

premium and market participants' hedging strategies. The model’s predictions reconcile the 

mixed evidence found in the literature about the impact of spot prices' volatility and skewness 

on the ex-ante day-ahead forward premium. In doing so, we also shed light on the relationship 

between the ex-ante day-ahead premium and the share of green generation. Moreover, we show 

the ex-ante forward premium may compensate the deviation of realized green supply from the 

expected one.  

Wholesale electricity markets are one of the world’s largest commodity markets. The European 

Commission (2017) reports the overall volume of electricity traded in the E.U. amounted to 

12,647 million MWh with an average price of 50 €/MWh, totalling about €632,350 million2. 

The churn rate, the ratio between the total volume of power trade and electricity consumption, 

measuring market liquidity, was estimated to be four3. So the traded volume was four times as 

much as the electricity consumption during this period, suggesting the growing importance of 

these markets. Since electricity cannot be economically stored, spot prices are volatile 

(Escribano, Peña, and Villaplana, 2011). So, forward markets play a crucial role as facilitators 

of hedging decisions by market participants. The extent to which electricity forward trading 

offers benefits to electricity producers and consumers depends on the sign, size, and 

determinants of the forward premium, defined as the difference between the forward price and 

the expected spot price during the delivery period.  

Economic theory (e.g., Hirshleifer, 1990) suggests the forward premium should compensate 

risk-averse market participants for bearing systematic risk. So, the forward premium should be 

related to economic risks and the willingness of different market agents to assume these risks. 

Bessembinder and Lemmon (2002) posit an equilibrium model in which risk-averse 

 
2 As a comparison, the world’s largest metal market by value is gold, worth around €170,000 million per year at 
the average price during 2017. 
3 In the most liquid European power markets, Germany and the Nordic, churn ratios are close to 8. 
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conventional (brown) producers compete in power supply and trade with retailers who are also 

risk-averse. Their model assumes prices are determined by industry participants rather than by 

financial traders. They show the forward premium decreases with the variance of spot prices 

but increases with spot prices' skewness. They argue that the negative impact of the variance 

of spot prices on the forward premium reflects the net hedging pressure from the retailers’ side, 

as the retail price charged to the final customer by the retailers is fixed. The positive effect of 

the skewness of spot prices on the forward premium shows the net hedging pressure comes 

from the producers’ side since producers may face upward spikes in marginal production cost 

when demand is positively skewed. 

Longstaff and Wang (2004) find supportive evidence of the B&L model in the PJM market. 

Geman and Roncoroni (2006), Douglas and Popova (2008), Lucia and Torró (2011), and Fleten 

et al. (2015) also report empirical evidence partially consistent with B&L. Other papers present 

mixed evidence. Bunn and Chen (2013) focus on the British market and report the variance of 

spot prices having a significant positive (instead of negative) impact on the forward premium 

in peak hours, while the skewness has a negative (instead of positive) impact. Bevin et al. (2018) 

present similar findings as well. These findings suggest the influence of power prices’ 

distribution on the forward premium may depend on fundamental factors such as the expected 

demand or fuel costs. Besides, the forward market's net hedging pressure may switch among 

players because of factors other than revenue risk or cost risk. Redl et al. (2009) study the ex-

post forward premium in the EEX and Nord Pool markets and report evidence of a positive 

effect of the variance of spot prices on the forward premium with EEX, but no impact of the 

variance or the skewness with Nord Pool. This may suggest market-specific elements could 

also play a role in market participants’ hedging decisions.  

In this chapter, following the approach of Ito and Reguant (2016), we model the asymmetrical 

competition between different producers in the sequential markets (day-ahead and spot) by 

considering the market power of brown generators and by guaranteeing the purchase of the 

electricity produced by green producers. In doing so, we can account for the specific features 

of the electricity markets. We get the optimal spot price the conventional producer should 

charge. Then, we show that the optimal day-ahead forward position is a function of the ex-ante 

day-ahead forward premium and a covariance term describing the co-movement between the 

spot price and the “but-for-hedge” profit (Hirshleifer and Subrahmanyam,1993). Since the day-

ahead market should clear, we get an ex-ante day-ahead forward premium linear in the four 

moments of spot electricity prices.  
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This study makes several contributions to existing literature. First, we extend a formal 

equilibrium model studying the consequences of green producers' existence besides the 

conventional producers. The model shows that green production brings more uncertainty to the 

spot price regarding its distribution. And the renewable’s influence differs at different demand 

level. As a result, there is a switch of net hedging pressure of the participants in the forward 

market depending on the statistical properties of spot prices and the demand level. Thus, we 

give a theoretical structure backing the empirical intuition in Bunn and Chen (2013) and 

provide an alternative explanation on the mix evidence found on the implications of the model 

proposed by Bessembinder and Lemmon (2002). Moreover, we derive a new result suggests 

that kurtosis of spot prices also significantly affects the ex-ante day-ahead premium, extending 

the current literature on the key variables that determine the forward premium (Koten, 2021). 

Second, our findings offer valuable insights into current discussions in energy policy. 

Renewable supply conditions cannot be precisely forecasted. Therefore, the variation of green 

supply between the forward market and the spot market is inevitable. And this variation is 

higher when green production increases. Although increasing the green generation share 

decreases the ex-ante forward premium, higher variation of the renewable supply between the 

forward market and the spot market increases the ex-ante forward premium. These trade-offs 

have scarcely been addressed in the literature (Peña and Rodriguez, 2019). Third, while earlier 

empirical studies on the risk premium concentrate on the PJM (e.g., Longstaff and Wang, 2004), 

Nordic (e.g., Cartea and Villaplana, 2008), and German/Austrian markets (e.g., Benth, Cartea, 

and Kiesel, 2008), in this chapter we study the Spanish electricity market, which has received 

limited attention in the literature so far. Fourth, in the empirical application, this chapter 

considers a recent period (2017) and adopts the panel fixed effect model using hourly electricity 

data to provide more robust results. 

We organize the rest of this chapter as follows. Section 1.2 reviews the literature. Section 1.3 

describes the model on the optimal forward premium. Section 1.4 discusses the model 

implications on the optimal day-ahead forward premium. Then, Section 1.5 summarizes the 

hypotheses on the ex-ante forward premium. Section 1.6 derives the model-based expected 

spot prices. Section 1.7 gives the empirical result on the hypotheses and lastly Section 1.8 

concludes.  

1.2 Literature Review 

Informationally efficient forward markets generate unbiased predictors of future spot prices. 
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However, because of non-storability, we cannot use the traditional no-arbitrage arguments 

based on the cost-of-carry to price electricity forwards. Economic theory justifies the existence 

of a forward premium4 in electricity futures markets from a combination of theories such as 

the non-storability of the commodity, specific financial and technical fundamentals, the 

presence of asymmetries of information and asynchronous risk exposures, the exercise of 

market power by some generators, and physical and legal constraints posed by the 

infrastructure, regulations and market designs (Bansal, 1997; Douglas and Popova, 2008; 

Baillie and Bollerslev, 2000). 

Most papers study the forward premium by comparing forward prices against expected spot 

prices. Yet expected spot prices cannot be observed but must be estimated. When one uses 

realized (ex-post) spot prices, forward prices contain forecast errors that may induce bias in 

estimated risk premia. If estimated (ex-ante) spot prices are used, estimated risk premia become 

dependent on the spot price model used. There are many spot-price models, and none enjoys 

general acceptance (see the comparisons in Benth, Kiesel, and Nazarova, 2012; Weron and 

Zator, 2014).  

An alternative way of dealing with this problem is by formulating a theoretical model including 

specific characteristics of electricity markets. Bessembinder and Lemmon (2002) present an 

equilibrium hedging model, with risk-averse identical conventional generators, retailers, and 

no speculators, predicting a forward premium increasing with expected demand and a convex 

relation with the volatility of the demand, first decreasing and then increasing. The model 

suggests a negative impact of spot price variance and a positive effect of price skewness on the 

forward premium. The intuition is that high demand associated with high prices boosts the risk 

aversion of generators, and their hedging pressure increases forward prices due to their convex 

cost. In low-demand and low-price periods, retailers' concerns about hedging price volatility 

dominate, decreasing forward prices. In agreement with the implications of their model, they 

present evidence suggesting that the forward price in the Pennsylvania, New Jersey, and 

Maryland (PJM) market and the California market are upward biased estimators of the spot 

market price when the demand is high, or the market risk is high. Powell (1993) and Anderson 

and Hu (2008) introduce a game-theoretic approach element when modeling the interaction 

 
4 This chapter uses the notion of the forward premium or forward risk premium defined as the difference between 
the forward price and the expected spot price during the delivery period. Note that the spot price's expectation at 
time t is taken with respect to the real-world probability measure, but the futures price is the expectation also made 
at time t of the spot price but with respect to the risk-neutral measure. 
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between generators and retailers, suggesting that positive or negative forward premia may be 

induced by retailers’ appraisal of the market power of the generators in the spot market. The 

intuition is that when retailers forecast high demand (and prices) and expect that generators 

may use their market power to raise the spot price, they will buy futures contracts from 

generators (above expected spot prices), which reduces the incentive of generators to raise spot 

prices. Consequently, we see a positive forward premium. When retailers forecast a low 

demand (and low spot prices), they have less incentive to buy futures contracts from generators 

and offer low strike prices. Generators have less incentive to enter those contracts and prefer 

to raise prices in the spot market, so inducing a negative forward premium. Ruddell, Downward, 

and Philpott (2018) argue that financial traders cannot arbitrage away those forward premia 

because they lack market power in the spot market. Pirrong and Jermakyan (2008) present a 

fundamentals-based model with the demand variable and a fuel price as the state variables in 

another framework. Given a specification of the state variables' dynamics and the relevant 

boundary conditions, they apply partial differential equation solvers to value contingent claims. 

They use data from the PJM market and report large seasonal upward bias (peaks in July and 

August) in the forward price because of the extreme right skewness of spot electricity prices; 

this induces left skewness in the payoff of short futures positions, and considerable risk 

premium is required to persuade traders to sell power forward contracts. Benth, Cartea, and 

Kiesel (2008) relate the term structure of the forward premium to the net hedging demand of 

consumers and producers, producing a model that yields decreasing absolute values of the 

forward premia (eventually getting negative) when the time to maturity or delivery period 

length increases. 

Regarding the empirical evidence on the forward premium, Douglas and Popova (2008) 

confirm the negative impact of spot price variance and the positive effect of price skewness on 

the forward premium for the PJM day-ahead forward market. However, Lucia and Torró (2011), 

Botterud, Kristiansen, and Ilic (2010) for weekly contracts at the Nord Pool, Redl et al. (2009) 

for monthly contracts at the EEX and Nord Pool, and Furió and Meneu (2010) for monthly 

contracts in the Spanish electricity market, report partial, inverse (positive impact of volatility 

and negative effect of skewness) or no support to those effects. Bunn and Chen (2013) focus 

on the British market and report evidence on daily and seasonal sign reversals in the risk 

premium associated with demand cycles and fuel risk pass-through. Daskalakis and Markellos 

(2009) find a significant negative forward premium in the EEX, Nord Pool, and PowerNext 

long-term electricity markets, and Redl et al. (2009) and Kolos and Ronn (2008) find a negative 
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forward premium for monthly, quarterly and yearly contracts at the German market. In 

summary, current literature has documented positive, negative, and zero risk premia. The 

empirical evidence suggests that the risk premium may vary throughout the hour of the day, 

among days of the week, between months or seasons, or over the year. Results differ from one 

market to another, within the same market over different periods, and whether the study uses 

ex-ante or ex-post measures.  

Though mix evidence is produced, little is known about the potential reasons. Most models on 

the electricity forward premium were proposed years ago, while the electricity market has 

changed dramatically over time. One of the major changes is the increasingly importance of 

renewable generation. Literature has documented significant impact of renewable generation 

on power prices through merit order effect, such as decreasing the average price and increasing 

the price volatility (Green and Vasilakos, 2010; Gelabert, Labandeira, and Linares, 2011; 

Würzburg, Labandeira, and Linares, 2013; Ciarreta, Espinosa, and Pizarro-Irizar, 2014). 

Among many, Acemoglu, Kakhbod, and Ozdaglar (2017) focus on the case of conventional 

producer with a diversified energy portfolio into renewables and show that the producer 

strategically reduces its conventional production to deal with the price declines due to merit 

order effect. Therefore, the renewable generation’s impact on the price is neutralized. Ito and 

Reguant (2016) model the asymmetrical competition between monopolists and fringe firms 

(wind producers) in sequential power markets. They identify systematic day-ahead premium 

and show that the premium is caused by the exercise of market power, namely the dominant 

firms withhold their production and the fringe firms (wind producers) oversell in the forward 

market. Other studies considering the renewable generation’s influence on the electricity 

forward premium see also Dressler (2016) and Woo et al (2015). However, few research has 

considered the uncertainty in renewable generation. One recent paper by Peura and Bunn (2021) 

adopt a game-theoretic market model and find that the renewable generation affects power 

prices not only through merit order effect but also through forward-market hedging. They 

demonstrate that prices may decrease or increase with renewable generation depending on the 

level of renewable capacity. Specifically, when the renewable capacity is high, the 

conventional producers concern about the high variability of renewable generation and thus 

decrease their sale in the forward market leading to higher price. Their findings provide an 

explanation for the mix evidence found on the sign of electricity forward premium. But they 

assume that renewable units do not trade in the forward market which ignores the renewable’s 

merit order effect on the forward price as well as the uncertainty on both demand and supply 



 8 

in the spot market caused by the need to adjust position of renewable producers. In this paper, 

we assume competition between conventional producers and renewable producers in both the 

forward market and the spot market. And we model the change of renewable supply 

specifically. We show that the renewable supply makes the distribution of expected spot prices 

more uncertain, and that the sign of electricity forward premium changes due to the switch of 

net hedging pressure in the forward market depending on the market fundamentals, demand, 

and the expected spot prices’ distribution. 

1.3 The optimal forward premium 

We assume a one-period world in which three categories of agents exist: Np conventional 

(brown) electricity producers, Ng renewable energy (green) producers, and Nr retailers. We 

allow for imperfect competition between green and brown producers. In doing so, we rely on 

the Bessembinder and Lemmon (2002) model but introduce critical insights on the behavior of 

two sequential markets (day-ahead and spot), following Ito and Reguant (2016).  

Consider 𝑁! conventional (brown) producers with identical total cost function:  

	𝑇𝐶"	 = 𝐹" +
𝑎
𝑐
(𝑄")$ (1.1) 

where 𝐹"  is the fixed cost and, 𝑄"  denotes the total production; Thus, the marginal cost 

function for the conventional producer 𝑖 is: 

𝑑𝑇𝐶"!
𝑑𝑄"!

= 𝑎1𝑄"!2
$%& (1.2) 

Where 𝑐 measures the convexity of the marginal cost curve. We expect 𝑐 to be equal or greater 

than two so that the marginal cost of the conventional producer increases along with production 

at a rising rate. More positively skewed spot prices appear regardless of the power demand’s 

distribution when 𝑐 increases. Meanwhile, following the literature (see for example Boeters 

and Koornneef, 2011), we assume that there are 𝑁'  green producers with a linear supply 

function considering that renewable generation units mostly have near zero marginal cost but 

high fixed cost: 

	𝑄( 	= 𝑏)𝑃 (1.3) 

where 𝑄(  represents the output from the green producer, 𝑃 is the power price, and 𝑏) > 0 is 

the slope of the supply curve at time 𝑡. Notice that for simplicity we assume here 𝑏) accounts 
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for all possible factors affecting the supply decision (including costs, availability, capacity, and 

weather conditions etc.). Boeters and Koornneef (2011) show that the steepness of the 

renewable supply curve is mainly determined by both the cost and the potential capacity. Thus 

higher 𝑏) suggests that the renewable unit is able to produce more electricity as price increases 

since its supply becomes more elastic. Because 𝑏) may change over time, we define 𝑏& and 𝑏* 

to be the slope of the renewable producer’s supply curve in the forward market and in the spot 

market, respectively. 

Then, the supplies of one renewable producer j in the day-ahead (forward) and real-time (spot) 

market are: 

𝑄("
+ = 𝑏&𝑃+ (1.4) 

𝑄("
, = 𝑏*𝑃- − 𝑏&𝑃+ = 𝑏*(𝑃- − 𝑃+) + 𝑃+(𝑏* − 𝑏&) (1.5) 

Where 𝑄("
+ 	  and 𝑄("

,  are the forward position and the spot position of the green producer 

respectively; 𝑃+  is the forward price and 𝑃-  is the spot price. In the forward market, the 

renewable producer makes trading decisions based on its estimation of supply conditions, 𝑏&, 

and the forward price, 𝑃+ , according to its supply function (1.3) as equation (1.4) shows. 

However, as electricity must be consumed once it is generated, the optimal total output of one 

renewable producer should be determined by the realized supply conditions, 𝑏* , and the 

realized price, 𝑃- . Thus, in the spot market, the producer needs to adjust its position as 

equation (1.5) shows. Specifically, the spot position of one renewable producer will be 

influenced by two factors: the difference between the forward price and the spot price, and the 

deviation of estimated supply conditions from the realized ones. On one hand, the green 

producer will supply more than its forward commitment in the spot market if 𝑃- > 𝑃+, and 

will commit less if 𝑃- < 𝑃+. This setting is consistent with Ito and Reguant (2016) that the 

fringe wind producers participate in the sequential markets to arbitrage the price differences. 

On the other hand, the green producer has to reduce its previous commitment if 𝑏* < 𝑏& and 

increase if 𝑏* > 𝑏& . This setting accounts for the availability issue of renewable energy 

resources at real-time with respect to its estimation in the forward market as the renewable 

energy sources suffer intermittency and unpredictability which conventional production does 

not have.  
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1.3.1 The Spot Market 

According to the power market design of many countries, the spot market is a balancing market 

used to price deviations in supply and demand from long-term contracts (Weron, 2007). 

Therefore, the volume traded in the spot power market is smaller than that in the forward 

market. We denote the total demand as 𝑄. = 𝑄+ + 𝜖, which is the sum of the forward demand 

and the spot demand 𝜖,  which represents the demand shock that cannot be forecasted in 

advance but may appear in real-time. Moreover, we assume that the conventional producers 

face residual demand in the market and set the price, while the green producers are price-takers. 

There are several facts to back up this argument. First, the marginal costs of renewable 

producers are generally lower than that of conventional producers. This is true especially with 

some renewable supports that can lower the generation costs even more (Winkler et al., 2016). 

Under the merit order mechanism, the green production is brought online first. Second, to 

promote renewable energy, most countries adopt renewable policy that guarantees the 

renewable generation the grid access, which again makes sure that the green production is fed 

to the grid before conventional generation (Ciarreta, Pizarro-Irizar, and Zarraga, 2020; Ito and 

Reguant, 2016; Held et al., 2007). As Peura and Bunn (2021) has stated in their work that “A 

violation of this assumption (the reliable capacity sets the price) in the electricity context would 

mean either a demand blackout or curtailment of the renewable capacity… both cases are rare”, 

we believe this setting fits the reality. Thus, we calculate the residual spot demand faced by the 

conventional producers in the spot market by subtracting the spot position taken by all green 

producers from the spot demand: 

𝑅𝐷/ = 𝜖 + (𝑏&𝑃+ − 𝑏*𝑃-)𝑁' (1.6) 

Then, one conventional producer 𝑖 maximizes profit by solving the following problem for the 

optimal spot price 𝑃-: 

𝑀𝐴𝑋	{𝑃-}			𝜋0 = 𝑃- I
𝜖 + (𝑏&𝑃+ − 𝑏*𝑃-)𝑁'

𝑁!
J + 𝑃+𝑄"!

+ − 𝐹" −
𝑎
𝑐 1𝑄"!2

$ 

𝑠. 𝑡																𝑄"! =
𝜖 + (𝑏&𝑃+ − 𝑏*𝑃-)𝑁'

𝑁!
+ 𝑄"!

+  

Where 	𝜋0  is the profit computed as revenues minus costs; 𝑄"!  is the total output of brown 

producer 𝑖. The producer sees the forward position, 𝑄"!
+ , as a sunk cost. Thus, solving the 
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problem by taking the first derivative of the profit function with respect to 𝑃-, we get the 

optimal spot price	𝑃-∗  (see Appendix A.1): 

𝑃-∗ =
1
2
I
𝑏&
𝑏*
𝑃+ + 𝑎𝑄"!

$%& +
ϵ

𝑏*𝑁'
J (1.7) 

Assuming that the conventional production takes 1 − 𝑝 percentage of total demand so that the 

renewable generation takes 𝑝, we can rewrite equation (1.7) as: 

𝑃-∗ =
1
2
O
𝑏&
𝑏*
𝑃+ + 𝑎I

𝑄.(1 − 𝑝)
𝑁!

J
$%&

+
ϵ

𝑏*𝑁'
P (1.8) 

From equation (1.7), we may observe that the optimal spot price depends on the forward price, 

the total demand, the supply conditions of the renewables, the number of renewable producers, 

and the spot demand shock.  

To further investigate how the introduction of renewable generation changes the spot price, we 

compare equation (1.7) with the spot price equation derived from B&L model (2002) that 

considers only conventional producers as electricity suppliers. We give the details of the 

comparison in Appendix A.2. We see that the renewable generation may decrease or increase 

the expectation and the volatility of spot prices depending on its realized supply condition, 𝑏*. 

Particularly, when 𝑏* → 0, which indicates that the renewable producer may be constrained by 

its supply conditions such as weather shock and it can hardly produce any electricity, the 

renewable producer must buy in the spot market in order to fulfil its forward commitment. This 

simply increases the spot demand and gives more market power to the conventional producers, 

resulting in higher average spot price and higher volatility of spot prices than the spot price 

derived from B&L model. On the other side, if 𝑏* → ∞, suggesting the renewable supply is 

very large5 and the market power of conventional producers is limited, the average spot price 

and the volatility of spot prices are lower than B&L model-based spot prices. Moreover, from 

equation (1.8), it is obvious that the spot price is mainly determined by the total demand 

considering that 𝑐 > 2. Then, the impact of renewable supply on the spot price varies according 

to the demand. When the demand is high (low), the influence from the renewable supply would 

be small (large). Therefore, the introduction of renewable supply to the model brings more 

uncertainty to the spot price but the magnitude of this distortion depends on the demand level.  

 
5 As we don’t account for capacity limit specifically in the model, we assume that the producer can produce more 
electricity as long as it can do so which is captured by 𝑏#.  
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Manipulating equation (1.7), we obtain the optimal conventional production of producer 𝑖 :  

	𝑄"! = I
2𝑏*𝑃-∗ −𝑏&𝑃+

𝑎
−

𝜖
𝑎𝑏*𝑁'

J

&
$%&

	 (1.9) 

Applying Taylor’s expansion and the quadratic equation formula, we obtain the individual 

conventional production as a function of 𝑃- in (1.10) (see Appendix A.3): 

𝑄"! = 𝛼& + 𝛼*(𝛼2* − 𝛼3 + 𝛼4𝑃-)
&
* (1.10) 

Where 

𝛼& = − (2%$)789$!:
$%*

  

𝛼* =
*

;($%&)($%*)7<9$!=
%&'  

𝛼2 =
;
*
(𝑐 − 1)(3 − 𝑐)𝐸1𝑄"!2

$%*  

𝛼3 = 𝑎(𝑐 − 1)(𝑐 − 2)𝐸1𝑄"!2
$%2 W;

3
(𝑐 − 2)(𝑐 − 3)𝐸1𝑄"!2

$%& + >(?)
*>*

+ @
*>*A+

X  

𝛼4 = 𝑎(𝑐 − 1)(𝑐 − 2)𝐸1𝑄"!2
$%2  

1.3.2 The Forward Market and The Ex-ante Forward Premium 

Besides brown and green producers, we also consider 𝑁B  homogeneous retailers. As the 

retailers intermediate between the generators and final consumers, they benefit from the price 

difference between the purchase price and the retail price. We assume that  𝑄. =
A,9$!
&%!

  so that 

the renewable generation takes 𝑝 percentage of total demand. Then, we can again re-write the 

individual retailer’s demand 𝑄C- related to a single conventional production, 𝑄"! , as  

𝑄C- =
𝑁!𝑄"!

𝑁B(1 − 𝑝)
	 (1.11) 

In the forward market, risk-averse participants lower their payoffs for having higher production 

(consumption) uncertainty. Thus, the conventional producers and the retailers have objective 

functions that are linear in expectations and variances6. Then, we define the optimal forward 

 
6 The forward position of renewable producers is defined as equation (1.4). 
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position for such risk-averse players as a function of the ex-ante forward premium, and the 

covariance between the “but-for-hedge” profit and the spot price (see Hirshleifer and 

Subramanyam, 1993, and Bessembinder and Lemmon, 2002), which is defined by equation 

(1.12). 

𝑄+ =
𝑃+ − 𝐸(𝑃-)
𝐴𝑉𝐴𝑅(𝑃-)

+
𝐶𝑂𝑉(𝜌, 𝑃-)
𝑉𝐴𝑅(𝑃-)

(1.12) 

Define  D
*
  to be the coefficient on the variance of the profit in the objective function, we 

consider it a measure of absolute risk aversion. 𝜌  is the profit function when no forward 

markets exist for the players to hedge risks. So, we define  𝜌E , 𝜌C for conventional producer 𝑖 

and the retailer 𝑛 respectively below: 

𝜌"! = 𝑃-𝑄"! − 𝐹" −
𝑎
𝑐
1𝑄"!2

$ (1.13) 

𝜌C- = 𝑃C𝑄C- − 𝑃-𝑄C- (1.14) 

Where 𝑃C is the retail price; 𝑄C- is the demand for retailer 𝑛. As the market should clear, we 

expect the sum of all forward positions to be zero. After derivation (see Appendix A.4), we 

obtain the forward price as an equation of expected spot prices and non-diversifiable risks as 

𝑃+

= ]
𝑁B + 𝑁!

1𝑁B + 𝑁!2 + 𝐴𝑁'𝑏&𝑉𝐴𝑅(𝑃-)
^ 𝐸(𝑃-)

−
𝐴

1𝑁B + 𝑁!2 + 𝐴𝑁'𝑏&𝑉𝐴𝑅(𝑃-)
_𝑃C𝑐𝑜𝑣(𝑄. , 𝑃-) − 𝑁' 𝑐𝑜𝑣 b𝑃F𝑄(" , 𝑃-c

−
𝑎
𝑐 𝑁!𝑐𝑜𝑣11𝑄"!2

$ , 𝑃-2d																																																																																																														(1.15) 

With a finite number of participants, the market cannot cancel out three types of risks: first, the 

demand risk for the industry; second, the wholesale risk for the green producers; and third, the 

conventional producers' production cost risk. These three risks reflect the hedge pressures on 

both producers and retailers. Additionally, to be more specific, we can further rewrite the 

wholesale risk of the green producers into its price risk and its supply risk  

𝑐𝑜𝑣(𝑃F𝑄( , 𝑃-) = 𝑏*𝑐𝑜𝑣(𝑃-* , 𝑃-) = (𝑏* − 𝑏&)𝑐𝑜𝑣(𝑃-* , 𝑃-) + 𝑏&𝑐𝑜𝑣(𝑃-* , 𝑃-) (1.16) 
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First, if the demand risk dominates the market, the forward price increases as the covariance 

between the demand and the price should be positive7 . Hirshleifer (1989) propose that a 

positive premium could be promoted by demand uncertainty if the commodities are superior. 

Second, a tendency towards higher forward prices can also be caused by more elastic realized 

renewable supply, 𝑏*, as expression (1.16) shows. This also suggests that a higher deviation 

of 𝑏* from 𝑏& increases the forward price. Finally, equation (1.15) shows that conventional 

production cost risk associates with a higher forward price. Hirshleifer (1989) suggests that the 

premium should increase in the unit production cost, irrespective of the demand elasticity.   

Using Taylor’s expansion for the covariance terms, we could re-write the ex-ante forward 

premium as a function of the moments of expected spot prices’ distribution (see Appendix A.5).  

𝑃+ = 𝛽&𝐸(𝑃-) + 𝛽*𝑉𝐴𝑅(𝑃-) + 𝛽2𝑆𝐾𝐸𝑊𝑁𝐸𝑆𝑆(𝑃-) + 𝛽3𝐾𝑈𝑅𝑇𝑂𝑆𝐼𝑆(𝑃-) (1.17)

Where  

𝛽& =
A.GA,

8A.GA,:GDA+>(HDC(?/)
  

𝛽* = − D
8A.GA,:GDA+>(HDC(?/)

k ?0
&%!

I*I1A,
*

𝐸(𝑌)%
(
* + A,

!%&
_𝛼& +

I*
*
𝐸(𝑌)%

(
*(2𝐸(𝑌) +

𝐸(𝑃-)𝛼4)d −
A,;
$
] $I*I1
*(*%$)

W&%!
A,
X
$%&

𝐸(𝑄.)$%&𝐸(𝑌)
%(* + $($%&)

*
W&%!
A,
X
$%*

𝐸(𝑄.)$%*𝛼**𝛼4^m  

𝛽2 = − D
8A.GA,:GDA+>(HDC(?/)

k ?0
!%&

I*I1*A,
J

𝐸(𝑌)%
'
* + A,

!%&
_I*I1

*
𝐸(𝑌)%

'
*(4𝐸(𝑌) −

𝐸(𝑃-)𝛼4)d +
A,;
*%$

I*I1
*

J
W&%!
A,
X
$%&

𝐸(𝑄.)$%&𝐸(𝑌)
%'*m  

𝛽3 =
D

8A.GA,:GDA+>(HDC(?/)
A,
!%&

I1
*

J
𝐸(𝑌)%

'
*  

where 

𝑌 = 𝛼2* − 𝛼3 + 𝛼4𝑃- , and, 𝛼&, 𝛼*, 𝛼2, 𝛼3, 𝛼4 are defined in equation (1.10).  

Comparing (1.17) with the results in Bessembinder and Lemmon (2002), there are similarities 

and dissimilarities. Whereas B&L posit that  𝛽* < 0 and 𝛽2 > 0, the signs of 𝛽*  and 𝛽2  in 

(1.17) are not predetermined. The model also provides the novel insight that the kurtosis of 

 
7 Demand by design has negative sign. Thus, taking out the negative sign, the positive covariance between the 
demand and the spot price increases the forward price.  
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the expected spot price distribution is a determinant of the ex-ante forward premium. Since we 

expect 𝑝 < 1, the sign of 𝛽3	is negative, suggesting that fatter tails in the spot price distribution 

leads to a lower forward premium. This indicates that the conventional producers haver higher 

net hedging pressure in the forward market as a result of concerning more extreme outliers in 

expected spot prices.  

Considering the sign of 𝛽*  and 𝛽2 , it is difficult to specify. However, it is clear that the 

parameter, 𝐸(𝑄.), is the key. Therefore, to better illustrate the coefficients’ signs and the 

underlying influential economic determinants of the premium, we simulate the ex-ante forward 

premium versus expected spot prices' variance and skewness at two expected demand levels. 

The simulations in Figure 1.1 and 1.2 (see Appendix A.6 for simulation explanation) suggest 

that the ex-ante forward premium is negatively (positively) related to the variance of spot prices 

and positively (negatively) related to the skewness of spot prices when the expected demand is 

low (high). Low demand suggests low price, and high impact from renewable generation. 

Therefore, higher variance of expected spot prices increases the conventional producers' 

hedging pressure in the forward market. They sell more forward contracts to avoid high 

variation in the revenue. While higher skewness of expected spot prices exposes the retailers 

to the risk of extreme price, which may happen when there is a negative shock on the renewable 

generation and the conventional producers exercise their market power. Considering that they 

have fixed retail price with final consumers, the retailers hedge this risk by buying more in the 

forward market. On the other hand, high demand implies high price and low impact from 

renewable generation. Yet it also implies greater likelihood for the conventional producers to 

exercise market power. Thus, more considerable variation of spot prices concerns the retailers 

as the price is already high. And higher skewness worries the conventional producers as it 

indicates a sharp increase in their production cost while the price cap lowers the price they can 

charge when the demand is very high (Milstein and Tishler, 2019). To further illustrate the 

model implications with respect to the demand risk, we simulate the ex-ante forward premium 

versus the expected demand and the demand volatility (see Appendix A.6 for simulation 

explanation). The simulation results are displayed in Figure 3. Consistent with the implications 

from B&L model, the bias in the forward price relative to the expected spot price increases 

with the expected demand level. Also, the sensitivity of the ex-ante forward premium to the 

expected demand is larger when the volatility of the demand increases. Thus, the highest ex-

ante forward premium is observed at the highest level of both the expected demand and the 

volatility of demand. Moreover, we find supportive evidence on our previous argument that 
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there is a switch of net hedging pressure from the players (the conventional producers and the 

retailers) in the market when the expected demand and the volatility of demand change. When 

the expected demand is low, the ex-ante forward premium decreases as the demand volatility 

increases, suggesting that conventional producers have higher hedging pressure with respect to 

higher demand variation; while, when the expected demand is high, the ex-ante forward 

premium increases as the demand volatility increases, indicating that retailers have higher 

hedging pressure with regard to greater demand variation.  

[INSERT FIGURE 1.1 HERE] 

[INSERT FIGURE 1.2 HERE] 

[INSERT FIGURE 1.3 HERE] 

Also, the simulation result, see Figure 1.4, confirms that the influence comes from the realized 

green supply condition, 𝑏* , conditional on certain 𝑏& , on the ex-ante forward premium is 

positive. This result indicates that retailers are subjected to this green supply risk. They hedge 

the risk by buying more in the forward market which increases the forward price. Moreover, 

we see that the magnitude of this positive impact from the green supply risk decreases with the 

demand level. This result may suggest a trade-off of hedging pressures from retailers and 

conventional producers. Because deviation of the realized green output from the expectation 

could lead to unexpected production of conventional producers to balance the network 

(Ciarreta and Zarraga, 2016), and this unexpected production is higher when demand is higher.   

[INSERT FIGURE 1.4 HERE] 

Moreover, we highlight the negative relationship between the ex-ante forward premium and 

the share of renewable generation (See Figure 1.5). The negative link suggests that 

conventional producers’ hedging pressures prevail in the forward market, and they respond to 

the increasing in renewable production by selling more in the forward market. 

[INSERT FIGURE 1.5 HERE] 

1.4 Model implications on the optimal day-ahead forward positions 

This section further obtains the optimal forward position for the conventional producers and 

the retailers (see Appendix A.7 and A.8).  
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We allow for heterogeneous 𝑁B retailers, each one is covering partial demand. The sensitivity 

of each retailer’s demand concerning the total demand is: 

𝑄C- = 𝜃K + 𝛿K
𝑄.
𝑁B

+ 𝜉K (1.18) 

Where 𝛿K is the power demand delta; If 𝛿K = 1, the retailer 𝑛 is fully diversified and takes an 

optimal forward position just the opposite of one conventional producer; If 𝛿K = 0, the retailer 

𝑛 has non-systematic demand risk; If 𝛿K 	≠ 0	and 𝛿K 	≠ 1, the retailer 𝑛’s demand risk is 

systematic. 

		𝑄C-
+ = 𝜑& +

𝑃+ − 𝐸(𝑃-)
𝐴𝑉𝐴𝑅(𝑃-)

+ 𝜑*
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𝑉𝐴𝑅(𝑃-)

+ 𝜑2
𝐾𝑈𝑅𝑇𝑂𝑆𝐼𝑆(𝑃-)

𝑉𝐴𝑅(𝑃-)
(1.19) 
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𝑌 = 𝛼2* − 𝛼3 + 𝛼4𝑃- , and 𝛼&, 𝛼*, 𝛼2, 𝛼3, 𝛼4 are defined in equation (1.10).  

The kurtosis of spot prices appears in the equation (1.19), with 𝜑2 > 0 . Notice that demand 

by design has a negative sign, so the optimal forward position of retailers is negative. Thus, a 

positive coefficient of kurtosis implies smaller forward positions taken by the retailers when 

spot prices have thicker tails. This result suggests a net hedging pressure of selling in the 

forward market, which is consistent with kurtosis's impact on the forward premium in the 

previous discussion. 

To check whether the retailers with systematic demand would take different hedging position 

from the retailers with non-systematic demand as B&L shows, we simulate the optimal hedging 

ratio of retailers with different demand delta versus the demand risk. Figure 1.6 shows the 

simulation result for the retailers with non-systematic demand (see Appendix A.7 for 

simulation explanation). Consistent with the implications from B&L model, the retailers with 

non-systematic demand hedge according to the changes in ex-ante forward premium. 

Particularly, they increase their hedging ratio when the ex-ante forward premium decreases as 
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a respond to the decreasing forward price, and they hedge less when the forward price is upward 

biased relative to the expected spot price. Figure 1.7 displays the simulation result for the 

retailers with systematic demand (see Appendix A.7 for simulation explanation). Again, 

confirming the implications from B&L model, the retailers with systematic demand would 

concern their revenue risk and decrease its hedging position (purchase forward contracts) when 

the expected demand and demand volatility decrease. In situations where both demand and 

demand risk are very low, the retailers may enter the opposite hedging position. As the expected 

demand and the demand variation increase, the retailers with systematic demand increase their 

forward positions to hedge against the large spikes in spot prices. In both cases, the retailers 

decrease hedging positions as the demand volatility grows when the expected demand is low, 

and they increase their hedging ratio along with the demand volatility when the expected 

demand is high, which is consistent with our previous argument on the net hedging pressure in 

the market with respect to the demand volatility.  

[INSERT FIGURE 1.6 HERE] 

[INSERT FIGURE 1.7 HERE] 

Meanwhile, the optimal forward position for the conventional producer 𝑖 is given by:  

𝑄"!
+ = ϒ& +

𝑃+ − 𝐸(𝑃-)
𝐴𝑉𝐴𝑅(𝑃-)

+ ϒ*
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𝑉𝐴𝑅(𝑃-)
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	 (1.20) 
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𝑌 = 𝛼2* − 𝛼3 + 𝛼4𝑃- , and 𝛼&, 𝛼*, 𝛼2, 𝛼3, 𝛼4 are defined in equation (1.10).  
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From equation (1.20), we notice that the conventional producer's optimal forward position is 

unlikely to be equal to its expected total production even when the forward price is an unbiased 

estimator of the expected spot price and the distribution of spot prices is Gaussian. With the 

competition from the green producers in both markets, it is difficult for the traditional 

generators to commit all their expected production in the forward market. Also, we see that the 

kurtosis appears in the expression (1.20) and its coefficient, ϒ2, is negative, indicating that the 

conventional producer reduces its forward position when kurtosis increases 8 . Figure 1.8 

displays the simulation result of the optimal hedging ratio of the conventional producers versus 

demand risk (see Appendix A.8 for simulation explanation). As expected, the conventional 

producers decrease (increase) their hedging position when the expected demand and the 

demand risk are low (high). And they hedge more (less) as the volatility of demand increases 

when the expected demand level is low (high).  

[INSERT FIGURE 1.8 HERE] 

1.5 Hypotheses on the ex-ante forward premium 

In this section, we summarize the ex-ante forward premium hypotheses developed from the 

model that can be empirically tested based on the results in Section 1.3.  

H1: The variance of spot prices decreases (increases) the ex-ante forward premium when the 

expected demand is low (high). 

H2: The skewness of spot prices increases (decreases) the ex-ante forward premium when the 

expected demand is low (high). 

H3: The kurtosis of spot prices decreases the ex-ante forward premium. 

H4: The higher the share of renewable generation over gross production, the lower the ex-ante 

forward premium.   

 
8 Comparing ϒ2  with 𝜑2 , with 𝑝 < 1, we expect that ϒ2 + 𝜑2 < 0. Thus, even though higher kurtosis of the 
distribution of spot prices is linked with lower optimal forward short positions taken by the conventional producer, 
the magnitude of this reduction is larger for the retailers than for the brown producers, which again suggests net 
selling pressure in the forward market.   
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1.6 Model-based expected spot prices 

1.6.1 Data Description 

The application of the model requires detailed information at the generation unit level. From 

the website of the Spanish spot energy market operator9  and the website of the Spanish 

electricity system operator10 , we retrieve detailed data for the year 2017, including unit 

information, unit bids and offers submitted to both the day-ahead market and the intraday 

market, and the day-ahead (forward) price as well as the intraday (spot) price.  

On a daily basis, 24 contracts of hourly delivery corresponding to the 24 hours in the next day 

are traded simultaneously and separately in the day-ahead electricity market. We observe the 

price-quantity pairs submitted by each seller and each buyer at contract level. After the day-

ahead market is closed, the market operator obtains 24 clearing prices by intersecting the 

aggregate supply and demand curves for each of the 24 contracts. Then, five hours later, the 

intraday market begins. Six intraday sessions are held consecutively so that market participants 

can adjust their positions up to four hours ahead of the real delivery time. Considering the fact 

that our model fits best to the sequential markets (Ito and Reguant, 2016), we choose the price 

from the first intraday session which is held just after the day-ahead market as spot prices. And 

we believe that there is little information update except the change of demand or supply in a 

short time interval of five hours so that we can minimize the effect of other potential factors 

that may influence the prices.   

Figure 1.9 and Figure 1.10 show the box plot of forward prices and of spot prices, respectively11. 

Both forward prices and spot prices exhibit hour and seasonal trends. There are generally two 

peak periods within one day, one from 9:00 to 12:00, and the other one from 19:00 to 21:00. 

Also, both prices' standard deviations are higher during the daytime (from 8:00 to 18:00) than 

that during the night-time. Moreover, prices are more likely to be positively skewed with fatter 

tails in peak hours. Comparing across seasons12, both prices are higher with more considerable 

volatilities in winter. And we notice that there are more extremely low prices in winter and in 

spring than in autumn or in summer. 

 
9 www.omie.es, the Iberian Energy Market Operator. 
10 www.esios.ree.es, the electricity system operator, Eléctrca de España. 
11 We give basic statistics of the forward price and the spot price in Appendix A.9.1 and A.9.2. 
12 We define seasons as Winter (December to February), Spring (March to May), Summer (June to August), and 
Autumn (September to November). 
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[INSERT FIGURE 1.9 HERE] 

[INSERT FIGURE 1.10 HERE] 

[INSERT FIGURE 1.11 HERE] 

Lastly, since the discussions on the model results in Section 1.3 rely on the assumption of 

positive covariance between the demand and the spot price, we plot the monthly average spot 

prices of peak hours and off-peak hours versus the monthly average demand of peak hours and 

off-peak hours13 in Figure 1.11. Demand and spot prices are higher in peak hours of a day and 

in winter.  

1.6.2 Estimations of model parameters 

The model predicts the optimal spot price as a function of the realized forward price, the 

individual brown production, the renewable supply slopes, the number of renewable producers, 

and the demand shock, as equation (1.7) shows. Therefore, to obtain the model-based expected 

spot prices, we need to get relevant information and estimate both brown and green producers' 

cost parameters and the demand shock in the spot market. 

We start by describing the unit information in the Spanish market. According to REE (Red 

Electrica de España) 14, renewable sources refer to solar thermal, solar P.V., wind, hydro, and 

geothermal and ocean. But in Spain, solar and wind are the two primary sources of green 

generations. As these green units are relatively small, we identify 2,924 renewable units and 

605 conventional units. The Spanish electricity market is highly concentrated, with the top 4 

companies covering 80% of the market share of generation (Iberian Data by EDP, 2017). A 

company may own both green units and brown units. However, this fact will not influence the 

result as the trading in the markets is at unit level, not the company level. There is no incentive 

for green units to withhold their generations strategically in the spot market15. 

Then, we start with the estimation of the parameters, 𝑏& and 𝑏*. By definition, 𝑏& and 𝑏* are 

the slopes of the supply curves of green producers in the day-ahead market and in the real-time 

market respectively. To achieve the estimations, we first obtain quantity-price pairs per unit 

per hour per day and per market (the day-ahead market and the intraday market). We observe 

that on average there are around 35 actively trading green units and 100 actively trading brown 

 
13 Peak hours and off-peak hours are defined based on the observation from Figure 6. 
14 www.esios.ree.es, RED Eléctrica De España. 
15 See Klinge Jacobsen and Schröder (2012) for a discussion of curtailment of renewable generation. 
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units competing in each hour each day and each market. Then, based on equation (1.4) and 

(1.5), we run the regressions defined below for 𝑏& and 𝑏* per hour per day 

𝑆𝑢𝑝𝑝𝑙𝑦0_NOBF;BP = 𝑐𝑜𝑛𝑠𝑡𝑎𝑛𝑡0_NOBF;BP + 𝑏&_0𝑝𝑟𝑖𝑐𝑒0_NOBF;BP + 𝜉0_NOBF;BP (1.21) 

𝑆𝑢𝑝𝑝𝑙𝑦0_0K)B;P;Q + 𝑆𝑢𝑝𝑝𝑙𝑦0_NOBF;BP = 𝑐𝑜𝑛𝑠𝑡𝑎𝑛𝑡0_BR;S + 𝑏*_0𝑝𝑟𝑖𝑐𝑒0 + 𝜉0_BR;S (1.22) 

Where 𝑖 represents the unit,	𝑝𝑟𝑖𝑐𝑒 represents prices in either the forward market (the day-

ahead market) or the spot market (the intraday market)16. Therefore, 𝑏&_0 is the slope of the 

green supply curve of unit 𝑖 in the forward market, and 𝑏*_0 is the slope of the final (realized) 

supply curve of unit 𝑖  that takes into account of unit 𝑖’s forward positions. We report the 

statistics of 𝑏& and 𝑏* in the Table A.9.3 in Appendix A. On average, we find that  𝑏& is around 

6.4 and 𝑏* is around 3.4, suggesting that the realized green supply in real-time is less elastic 

than the estimated one in the forward market. Also, we observe that the realized green supply 

slope, 𝑏*, generally has higher skewness and kurtosis than 𝑏&.  

Next, we estimate the shock 𝜖 on the total demand which is realized in the spot market. Since 

the shock should not be predictable by the market participants in the forward market, we run 

the regression of the realized total demand on variables such as the forward demand and the 

scheduled demand that may help the forecast. Also, we control for the renewable demand in 

the spot market because we need to eliminate the renewables' influence on the demand shock. 

We define the panel regression in equation (1.23)17 as below 

𝑇𝑜𝑡𝑎𝑙	𝐷𝑒𝑚𝑎𝑛𝑑P,U
= 𝑐𝑜𝑛𝑠𝑡𝑎𝑛𝑡 + 𝛽&𝐹𝑜𝑟𝑤𝑎𝑟𝑑	𝐷𝑒𝑚𝑎𝑛𝑑P,U + 𝛽*𝑅𝑒𝑛𝑒𝑤𝑎𝑏𝑙𝑒	𝑆𝑝𝑜𝑡	𝐷𝑒𝑚𝑎𝑛𝑑P,U
+ 𝛽2𝑆𝑐ℎ𝑒𝑑𝑢𝑙𝑒𝑑	𝐷𝑒𝑚𝑎𝑛𝑑P,U + 𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑠 + 𝐹𝐸

+ 𝜖P,U																																																																																																																																																			(1.23) 

Where 𝑑 represents day and ℎ means hour; controls include ordinal variables for the week, for 

the month, for the season, and the interactions between each two of the ordinal variables, as 

well as the interactions between each of the ordinal variables and each of the three independent 

variables; 𝐹𝐸 denotes for fixed effect to control for unobservable cross-sectional factors. Then, 

the residuals from regression (1.23) are the demand shocks18. We observe that the obtained 

 
16 𝑝𝑟𝑖𝑐𝑒3 in equation (1.22) denotes for prices combining the forward positions and the intraday positions. 
17 We describe the variables included in the regression in Appendix Table A.9.4, Table A.9.5, Table A.9.6, Table 
A.9.7, Table A.9.8. And the regression results are reported in Appendix Table A.9.9. 
18 The basic statistics of obtained demand shocks are given in Appendix Table A.9.10. 
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demand shocks have high variation and are positively skewed with excess kurtosis. Moreover, 

the demand shocks' average volatility is more elevated in peak hours than in off-peak hours.  

Finally, we estimate the cost parameters of conventional producers,	𝑎, and 𝑐. To account for 

the time-varying effects, we estimate 𝑎 and 𝑐 for the peak hours and the off-peak hours per 

season separately. The regression (1.24) we run is derived based on the equation (1.9). 

ln1𝑄"!2P,U = 𝑐𝑜𝑛𝑠𝑡𝑎𝑛𝑡 + 𝛿& ln W(2𝑃- −
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× 𝑠𝑒𝑎𝑠𝑜𝑛3 + 𝛿V𝑠𝑒𝑎𝑠𝑜𝑛4

+ 𝛿W ln W(2𝑃- −
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𝜖
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× 𝑃𝑒𝑎𝑘ℎ𝑜𝑢𝑟𝑠
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Where 𝑑 represents day; ℎ means hour; season2, season3, and season4 are dummy variables 

for summer (June to August), autumn (September to November), and winter (December to 

February) respectively; Peakhours is a dummy variable equals one if the hour is between 9:00 

and 20:00 and zero otherwise; 𝑄"! is the average unit-level total conventional production; the 

explanatory variable 19  ((2𝑃- − >(
>*
𝑃+) −

@
>*A'

) , is computed using market prices and the 

estimated 𝑏&, 𝑏* and	𝜖. Then, we can obtain 𝑎 and 𝑐 accordingly. We present the estimation 

results of 𝑎 and 𝑐 in Appendix Table A.9.11. We observe that the convexity measure, 𝑐, is 

larger than two which is consistent with the result from B&L. Also, c is higher in winter or in 

summer when the total demand is higher. But, for one day, c is higher in off-peak hours than 

in peak hours, indicating more convex cost due to sudden demand shock when short-term 

demand level is relatively low.   

 
19 As the parameters 𝑏4, 𝑏#, ϵ are average estimates, negative values for the explanatory variable may appear. 
Since this variable should be non-negative, we set negative value as missing value. 
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1.6.3 Model-based expected spot prices versus realized spot prices 

With model parameters obtained in the previous section, we can now derive model-based 

expected spot prices. Following the approach of B&L, we perform bootstrap with replacement 

using the historical hourly demand values from 2001 to 2017 to smooth the noise in demand. 

We generate 2000 realizations of total demand per hour per day for the year 2017 and compute 

the model-based spot price using the equation (1.8). Figure 1.12 plots the daily model-based 

expected spot price versus the realized spot price.  

[INSERT FIGURE 1.12 HERE]  

[INSERT TABLE 1.1 HERE] 

From Figure 1.12, we observe that the model-based spot price appears to be much more volatile 

than the realized price. Using the time-varying estimates of cost parameters may introduce 

variations into the expected spot price. Also, testing the difference between the realized spot 

price and the model-based spot price, which is reported in Table 1.1, we see that the mean 

difference is around -2.3, which is significantly different from 0. Therefore, we explore 

explanations for this difference. According to the previous literature, factors that potentially 

affect the power spot price are fuel prices (see Mohammadi, 2009; Roques, Newbery, and 

Nuttall, 2008; Deng and Oren, 2006; Liu and Gong, 2020; Gong and Lin, 2017; Gong and Lin, 

2018), liquidity (see Hagemann and Weber, 2013; Bevin-McCrimmon et al., 2018; Herráiz and 

Monroy, 2013), renewable inputs (see Kiesel and Paraschiv, 2017; Hagemann, 2015), and load. 

We then regress the daily differences series on fuel returns (Coal, Gas, Oil), market liquidity 

measures (price standard deviation, high to low measure, trading volume), renewable related 

series (forecast errors in wind production, forecast errors of solar output), and trend controls 

(week, month, season). If the model fails to account for the cost of conventional production or 

the renewable generation, we will find the corresponding coefficients to be significant. We 

present regression outcomes in Appendix A.9.12. Only the high-to-low liquidity measure 

explains the difference between the model-based spot price and the realized spot price at 10% 

significance level. The coefficients of the other two liquidity measures are not found to be 

significant. Meanwhile, fuel returns and renewable related variables are all insignificant. Thus, 

we conclude there is no firm evidence of the model's misspecification.  
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1.7 The empirical result on the hypotheses 

This section reports the preliminary empirical results on the hypotheses developed based on 

the model (see Section 1.5 for a summary). Particularly, to study the relationship between the 

ex-ante forward premium and the variance or the skewness of spot prices, which depends on 

the demand level as the model indicates, we introduce dummies to separate the effects. Thanks 

to the hourly data, we can construct a panel dataset. The advantages of using panel data include 

but not limited to more accurate inference of model parameters, the ability to control for 

omitted variables, reduction of measurement errors (Hsiao, 2007). Thus, the regression we run 

is defined in equation (1.8). We include fixed effects for cross-sectional unobservables and 

adopt a cross-section SUR method to correct both cross-section heteroskedasticity and 

contemporaneous correlation. Also, we compute the covariance matrix of estimated parameters 

using cross-section SUR. We calculate the ex-ante forward premiums by taking the difference 

between the realized day-ahead price and the model-based spot price. For the independent 

variables, we compute the variance, skewness, and kurtosis of expected spot prices using a 

centered moving average of 31 days rolling sample, which is the standard practice in the 

literature (e.g., Longstaff and Wang, 2004; Lucía and Torró, 2011). And another variable of 

interest, the production share of renewables, is computed as the percentage of renewable 

production over the total output based on the data from REE (RED Eléctrica De España). Lastly, 

control variables include ordinal variables for the week, month, and season to control for 

weekly, monthly, and seasonal trends and their mutual interactions, as well as the logarithm of 

the trading volume, the logarithm of realized total demand and autoregressive terms. Table 1.2 

reports the regression results.   

𝐸𝑥 − 𝑎𝑛𝑡𝑒	𝐹𝑜𝑟𝑤𝑎𝑟𝑑	𝑃𝑟𝑒𝑚𝑖𝑢𝑚),U

= 𝑐𝑜𝑛𝑠𝑡𝑎𝑛𝑡 + Ф&𝑣𝑎𝑟𝑖𝑎𝑛𝑐𝑒),U × 𝐿𝑜𝑤𝑑𝑒𝑚𝑎𝑛𝑑 + Ф*𝑣𝑎𝑟𝑖𝑎𝑛𝑐𝑒),U × 𝐻𝑖𝑔ℎ𝑑𝑒𝑚𝑎𝑛𝑑

+ Ф2𝑠𝑘𝑒𝑤𝑛𝑒𝑠𝑠),U × 𝐿𝑜𝑤𝑑𝑒𝑚𝑎𝑛𝑑 + Ф3𝑠𝑘𝑒𝑤𝑛𝑒𝑠𝑠),U × 𝐻𝑖𝑔ℎ𝑑𝑒𝑚𝑎𝑛𝑑

+	Ф4𝑘𝑢𝑟𝑡𝑜𝑠𝑖𝑠),U +ФV𝐸(𝑃-) + ФW𝑟𝑒𝑛𝑒𝑤𝑎𝑏𝑙𝑒𝑠ℎ𝑎𝑟𝑒),U +ФJ(𝑏* − 𝑏&)),U + 𝑐𝑜𝑛𝑡𝑟𝑜𝑙𝑠

+ 𝐹𝐸

+ 𝜇),U																																																																																																																																																			(1.25) 

[INSERT TABLE 1.2 HERE]  

Without including the demand level dummies, we find the variance of expected spot prices is 

significantly and positively related to the ex-ante forward premium, which is different from 
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B&L's implications. However, consistent with B&L, we find significantly positive impact on 

the ex-ante forward premium from the skewness of expected spot prices. The expected spot 

price's kurtosis has a significant and negative association with the ex-ante forward premium, 

confirming hypothesis 3. Also, hypothesis 4 suggests that the production share of renewables 

is negatively linked with the ex-ante forward premium, and it is supported by the data. 

Meanwhile, we find that higher difference between 𝑏* and 𝑏& suggests higher ex-ante forward 

premium which is consistent with our simulation result in section 1.3, indicating that the 

renewable supply risk is compensated by the premium.  

Once we introduce the interactions between the variance and the demand dummies, we observe 

that the link of the variance of expected spot prices to the ex-ante forward premium is 

significant and negative (positive) when the demand level is low (high), confirming hypothesis 

1. For hypothesis 2, only partial of the model implications is supported by the result. We find 

significant and positive coefficients of the interaction terms between the skewness and the 

demand dummies. Meanwhile, the coefficient of the kurtosis of expected spot prices is negative 

and significant, again confirming hypothesis 3. The influence from the production share of 

renewables on the ex-ante forward premium remains significant and negative. Moreover, the 

measure on the deviation of renewable supply, 𝑏* − 𝑏&, has significant and positive coefficient. 

We also compute the variance, skewness, and kurtosis of realized spot prices using historical 

data from 2001 to 2017 for robustness check. For each hour each day, there are around 17 

historical observations of spot prices. We report the results of regressions in Appendix A.9.13. 

Hypotheses except the ones on skewness and kurtosis of expected spot prices are again 

supported. Additionally, we run the regression (1.25) of realized forward prices (day-ahead 

prices) instead of the ex-ante forward premiums on the same variables, as the model 

implications should also apply to forward prices. The result is reported in Appendix A.9.13 

and all four hypotheses are supported. Thus, we conclude that this data sample largely supports 

the model’s implications. 

1.8 Conclusions 

The importance of the studies on the day-ahead forward premium in electricity markets arises 

for its implications on the market efficiency. Thus, significant bias in the day-ahead price 

becomes a great concern to financial investors, power producers, retailers, and policymakers 

among all. This chapter develops an equilibrium model to price short-term forward electricity 

contracts by introducing renewable (green) producers besides the conventional (brown) 
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producers. In doing so, this chapter extends and refines the implications of earlier models by 

including a richer market setup and a more realistic structure of the generating assets. We argue 

that market participants' hedging activities may change according to the expected spot price or 

to the fundamental economic determinant, the expected demand.  

The model implies that the day-ahead electricity price is a biased forecast of the expected spot 

price. And three risk factors cause this bias. First, the distribution of the expected spot prices 

significantly influences the ex-ante forward premium. The impact of the variance and the 

skewness of expected spot prices can be positive or negative depending on the level of the 

expected demand. While the kurtosis of expected spot prices is negatively associated with the 

ex-ante day-ahead premium. Second, increases in the deviation of realized renewable supply 

from the expected one will increase the ex-ante day-ahead premium, suggesting that the 

forward price compensates the renewable supply risk. Third, the model indicates that the higher 

the production share of green generation, the lower the ex-ante day-ahead premium. Moreover, 

the model provides the optimal forward positions for brown producers and retailers. When the 

expected demand level and demand risk are high (low), the brown producers as well as the 

retailers with systematic demand respond by increasing (reducing) their forward positions.  

Comparing the model-based expected spot price and the realized spot price, the model predicts 

the dynamic of spot prices. But using the time-varying estimates of model parameters for 

computing model-based expected spot prices introduces more variations into the fitted series. 

With respect to the model implications, empirical analysis on the ex-ante day-ahead premium, 

which is computed as the difference between the realized day-ahead price and the model-based 

expected spot price, largely confirms the hypotheses on the relationships between the premium 

and the distribution of expected spot prices. Also, the production share of green electricity 

generation is shown to be negatively related with the ex-ante day-ahead premium. 

Our findings may help in reconciling the mixed empirical evidence received by earlier 

equilibrium models and give added insights on the role of green generation on market 

participants' pricing and hedging decisions. Therefore, we believe that the implications of the 

model are useful for practitioners and policymakers alike. 
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Tables 

 

Table 1. 1 

Statistics on the difference between the realized spot price and the model-based spot price. 

 

 

 

 

 

 

 

 

 

 

 

 PS (Real)-PS(Model) 

Mean -2.329 

Median 0.512 

Maximum 37.932 

Minimum -79.909 

Std. Dev. 20.35 

Skewness -0.756 

Kurtosis 3.764 

Jarque-Bera 43.654 

Probability 0 

Hypothesis Test: Mean=0 (Prob.) 0.029 
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Table 1. 2 

Panel Fixed Effect Regression.  

The table shows the results of a panel fixed effect regression where the cross-section variable is the hour. The 
sample period of the prices is from 1 January 2017 to 31 December 2017, and the sample has 8,760 observations. 
The regression is described in equation (1.25). We use two demand dummies to account for high demand level; 
one is Highdemand95 equals to 1 if the demand belongs to the top 95% (percentile, total 438 observations), the 
other one is Highdemand50 equals to 1 if the demand belongs to the top 50% (percentile, total 4381 observations). 
Also, there are two demand dummies for the low demand level. Lowdemand05, which equals one if the demand 
belongs to the bottom 5% (percentile, total 438 observations). Lowdemand50, which equals one if the demand 
belongs to the bottom 50% (percentile, total 4381 observations). Control variables include the logarithm of the 
trading volume, the logarithm of the total demand, ordinal variables of week, season, month, and the interaction 
of each two ordinal variables, AR(1), and AR(7). T-statistics of coefficients are reported in brackets, and ** and 
*** denote p-values lower than 5% and lower than 1% respectively.  
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
Moving Average Measure 

Variable Coefficient Coefficient 

Constant -204 -205.18 

 
(-13.99) (-13.91) 

Volatility 0.04*** 
 

 
(4.19) 

 
Volatility×Highdemand95  0.006** 

  (1.96) 

Volatility×Lowdemand05 
 

-0.02** 

  
(-2.39) 

Skewness 0.52*** 
 

 
(4.51) 

 
Skewness×Highdemand50  0.57*** 

  (4.94) 

Skewness×Lowdemand50 
 

0.69*** 

  
(5.90) 

Kurtosis -0.19*** -0.17*** 

 
(-4.85) (-4.38) 

E(PW) -0.94*** -0.94*** 

 (-438.8) (-439.9) 

RES share -44.32*** -44.49*** 

 
(-32.84) (-32.76) 

b2-b1 0.43*** 0.43*** 

 
(16.11) (16.22) 

Controls Yes Yes 

Fixed Effect Yes Yes 

Observations 7872 7872 

R-squared 0.97 0.97 
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Figure 1. 9  

Boxplot of day-ahead prices 

 

 

Figure 1. 10  

Boxplot of intraday prices 
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Figure 1. 11  

Spot Prices (peak and off-peak) vs Total Demand (peak and off-peak) 

 

 

 

Figure 1. 12  

Model-based fitted spot prices versus Real spot prices 
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Chapter 2 

The connectedness of European electricity day-

ahead prices and the impact of renewable 

generation  

2.1 Introduction 

There are many benefits argued by the literature to have one integrated energy market, which 

include but not limit to increase competition, restrain market power, improve market efficiency, 

and lower power price etc. (Schmalensee and Golub, 1984; Hellwig, Schober, and Woll, 2020; 

Ferrer et al., 2018; Apergis, Baruník, and Lau, 2017). Thus, power market integration has been 

the political target for many countries or political unions, such as the E.U. Energy Union 

Strategy in 2015. As the market integration involves the removal of trade barriers, the ease of 

arbitrage, and the harmonization of national regulations, the regional power prices should 

converge, following the Law of One Price, when fully integration is achieved (Apergis, Fontini, 

and Inchauspe, 2017; Bower, 2002; Zachmann. 2008). Therefore, checking the convergence of 

regional prices could indicate the progress of market integration. The initial analysis on power 

price convergence were mainly testing the cointegration and analyzing the Granger-causality 

(De Vany and Walls, 1999; Park, Mjelde, and Bessler, 2006; Zachmann, 2008). Then, Diebold 

and Yilmaz (2009, 2012, 2014) propose the spillover index based on the forecast error 

decomposition of the vector autoregression (VAR) model to quantify the price connectedness 

among markets, which provides a dynamic measure that can be used to study the evolution of 

market connectedness. Specifically, if the markets are integrating and prices are converging, 

we shall expect an increasing trend in D&Y total price connectedness index over time. Also, 

D&Y method can illustrate the directional connectedness. The “From” connectedness 

measures one market’s percentage of forecast errors variance that can be explained by price 

shocks from other markets, while the “To” connectedness evaluates the total percentage of 

other market’s forecast errors variances that can be explained by the market. Thus, if we expect 

mutually spillover of price shocks among markets because of market integration, higher price 

risk of one market should increase both its “From” and “To” measures. Among many potential 
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risk factors that affect power price, we are particularly interested in renewable generation in 

this thesis. The literature has shown mix results on the direction of renewable generation’s 

impact on power price differences between markets (Woo et al., 2011; Ardian, Concettini, and 

Creti, 2018; Sapio, 2015). Yet whether and how this risk would alter the price connectedness 

are unclear. Thus, in this chapter, we adopt D&Y method to study the evolution of market 

integration in terms of price connectedness focusing on 12 E.U. power markets. And we 

provide preliminary empirical evidence on the impact of renewable generation on the price 

connectedness.  

Applying D&Y method on power prices is not new. Lorentzen, Dahl, and Jonsson (2017) adopt 

D&Y measure for volatility spillovers among four electricity markets in E.U. and find that 

dominant markets in the network transmit their price volatility to minor markets. Apergis, 

Baruník, and Lau (2017) introduce the asymmetric volatility and use D&Y index to study the 

asymmetric connectedness of the Australian electricity markets. They conclude that the power 

market of Australia is not fully integrated yet and suggest that more efficient transmission 

pricing strategies should be implemented to restrain the regional market power. Similarly, Do, 

Nepal, and Jamsab (2020) also study the asymmetry of volatility connectedness between the 

Irish and the Great Britain wholesale electricity markets using D&Y spillover index. Their 

results show that important event, policy reforms or market re-design can affect the 

connectedness significantly. However, obtaining D&Y measure using VAR model under the 

assumption of normally distributed errors may have robustness problem, as power prices have 

fat tails. Following Barbaglia, Croux, and Wilms (2020), we introduce t-lasso for estimating a 

large VAR to obtain robust price connectedness. To our knowledge, we are the first to apply 

this method for D&Y measure on the connectedness among electricity prices. Moreover, we 

are the first to include in our study 12 power markets that covers regional markets in the North, 

in the Central, and in the South of Europe. This allows us to provide a more general analysis 

of the market integration in the European Union.  

In this chapter, first, we find the total price connectedness among the 12 markets in E.U. are 

relatively low during our sample period. We obtain the measure at the value of 20.09% 

compared to an average 45% in the literature. Because we have included more markets than 

other research, this low total price connectedness suggests high dispersion of directional price 

connectedness among markets, for example we find that around 45.9% of Switzerland power 

price forecast errors’ variation can be explained by price shocks from other markets in the 

sample while the number is 3.1% for Italian market. This result indicates that the differences 
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between power markets in E.U. are still large. Second, we discover high pairwise directional 

price connectedness between markets that are not bordered, suggesting that cross-border 

transmission may not be the critical factor that improve price connectedness among power 

markets. Then, using the “From” and the “To” connectedness index as dependent variables, we 

run panel regressions on the forecast for wind and solar in the day-ahead market. We find that 

the renewable generation forecast of one market is significantly associated with the directional 

price connectedness of the market. Specifically, increase in renewable generation forecast 

would significantly decrease both the “From” connectedness and the “To” connectedness of 

the affected market. Thus, more renewable generation could decrease the market’s price shocks 

spillover to other markets and also decrease other markets’ price shocks to spillover to the 

affected market. This suggests that higher renewable generation would lead to less price 

connectedness among markets, which is consistent with the literature arguing that larger 

renewable generation can decrease price convergence (Woo et al., 2011; Horst Keppler, Phan, 

and Le Pan, 2016; Ardian, Concettini, and Creti, 2018). On the other hand, we find no evidence 

indicating that generation structure would affect one market’s price connectedness with other 

markets. To check whether cross-border transmission would help with the price connectedness 

among markets, we run the panel regression by including number of days of unexpected outage 

in the transmission grid. We find no strong evidence showing that shocks on the cross-border 

transmission grid would have an effect on the price connectedness of one market.  

Our contribution is twofold. First, estimating VAR using t-lasso approach to obtain the robust 

D&Y day-ahead price connectedness measure, we find the E.U. day-ahead power markets are 

connected at a lower level than expected suggesting large dissimilarities among markets. 

Further study on extensively comparing these markets can provide more insights on this result.  

Second, we provide evidence of the impact of renewable generation on the market integration 

from a different point of view, the price connectedness. And the results point out the 

significance of renewable generation’s influence to the price connectedness among power 

markets. With more and more power being generated by renewable energy sources, the 

renewable generation would impact the power market greater than ever. Thus, we believe that 

this study of day-ahead price connectedness among E.U. power markets can help policy makers 

and industry participants better understand the flow of price shocks among markets and provide 

insights on the impact of renewable generation on the power market integration in terms of 

price connectedness.  
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The remainder of this chapter is organized as follows: Section 2.2 reviews the literature on 

market integration and the impact of renewable generation; Section 2.3 describes the Diebold 

and Yilmaz (2009, 2012, 2014) connectedness index using t-lasso estimation approach; Section 

2.4 illustrates the static and the dynamic connectedness among the 12 E.U. power markets; 

Section 2.5 provides the empirical results on the panel regression; Section 2.6 makes summary 

and conclusions.   

2.2 Literature Review 

Market deregulation and integration can increase competition, restrain market power, 

efficiently allocate resources, decrease power prices, and improve social welfare (Joskow and 

Schmalensee, 1988). Nowadays, because the increase in renewable production brings greater 

challenge to the balance of one power market, market integration becomes even more important 

than before. Through integrated energy markets, the disruption of supply which is caused by 

the intermittent renewable sources could be smoothed, minimizing the regional power 

affordability problem (de Menezes and Houllier, 2016; de Menezes and Tamvakis, 2019). 

Therefore, power market integration has been the political target for many countries or political 

unions, such as the E.U. Energy Union Strategy 2015. 

In a fully integrated energy market, regional prices converge until there is no arbitrage 

opportunities (ignoring costs like transmission, congestion etc.). Thus, assessing the price 

convergence can provide insights on the market integration progress. Focusing on Australia 

National Electricity Market (NEM), Nepal and Foster (2016) adopt several econometric 

techniques, like pairwise unit root tests, cointegration analysis, and time-varying coefficient 

model, to analyze the spot electricity prices of NEM. They find that bilateral regional 

interconnections are the main driver for price convergence, but the differences between prices 

are significant and persistent during the period from 2006 to 2013. Thus, for NEM, the full 

market integration has not been achieved despite its history from 1998. In the same line of 

research, Apergis, Fontini, and Inchauspe (2017) propose that market structure plays a role in 

price convergence. Instead of using cointegration analysis, they apply the methodology from 

Phillips and Sul (2007, 2009) and discover that markets that have limited physical 

interconnection are able to achieve price convergence in the long run if there exist some 

similarities in the market structure. Europe also provides an ideal place for researchers to study 

the market integration process, as the number of national markets that are involved to build one 

single energy union is large. Among many, Bower (2002) is one of the first attempts on this 



 40 

topic focusing on EU. His sample includes 8 E.U. countries for the year 2001. Using the 

cointegration method, he finds significant cointegration relationships between regional markets, 

except Spain. Moreover, he suggests that market power is one of the major obstacles that 

prevent further integration of markets and price convergence. Other studies that also confirm 

partial price cointegration of E.U. markets see for example Bunn and Gianfreda (2010), 

Huisman and Kiliç (2013) among others. Questioning the cointegration method, de Menezes 

and Houllier (2016) argue that fractional cointegration analysis is more appropriate for 

electricity prices because of its mean-reverting behavior with periods of spikes. Based on their 

results, physically connected markets are found to have more persistent price convergence. But, 

in general, the electricity spot prices in E.U. (9 countries in their sample) are not becoming 

more significantly converged during the sample period from 2007 to 2012. From the literature, 

the interconnection between markets is a common concern for price convergence. Gebhardt 

and Höffler (2013) particularly focus on this issue and they point out that well-informed traders 

are not participating in cross-border trade due to limited interconnection capacity, which leads 

to larger price difference. See also Ciarreta and Zarraga (2015), Zareipour, Bhattacharya, and 

Cañizares (2007) among many other studies for similar findings. 

The other line of research focuses on the power network and the connectedness among regional 

markets. Since Diebold and Yilmaz (2009, 2012, 2014) proposed the spillover index based on 

the decomposition of forecast errors from VAR model, several papers have applied this 

measure. Nakajima and Toyoshima (2020) explore the connectedness between natural gas and 

wholesale electricity markets using futures contracts and conclude that the electricity futures 

market is not fully integrated. Lorentzen, Dahl, and Jonsson (2017) ask the question of 

volatility spillovers in EU electricity markets. Among four markets in their sample (Germany, 

France, Belgium, Netherland), France is discovered to be the most influential market in terms 

of transmitting volatility. Moreover, the authors notice that markets which are dependent on 

power imports are also more susceptible to receive shocks from the export markets. Apergis, 

Baruník, and Lau (2017) analyze the asymmetric volatility connectedness using regional prices 

of Australian electricity markets. Following them, Do, Nepal, and Jamsab (2020) also apply 

the asymmetric volatility connectedness on the Irish and the Great Britain wholesale electricity 

markets, and argue that important events, policy reforms or market re-design could affect the 

connectedness. However, we find no research try to link the price connectedness with the 

renewable generation. The literature has shown that renewable production has significant 

impact on the electricity prices (Cutler et al., 2011; Worthington and Higgs, 2017; Gelabert, 
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Labandeira, and Linares, 2011; Mulder and Scholtens, 2013). Regarding to the impact of 

renewable generation on the price convergence, Sapio (2015) and Figueiredo, Silva, and 

Cerqueira (2016) both argue that renewable generation can reduce price difference that is 

caused by congestion or market power. But Woo et al. (2011), Horst Keppler, Phan, and Le 

Pan (2016), and Ardian, Concettini, and Creti (2018) argue the opposite. Exploring how the 

renewable generation enlarge the price difference, Oggioni, Murphy, and Smeers (2014) show 

that, under the priority dispatch policy, an increase in the wind generation would impair the 

market integration. Tangerås (2015) set up a model of multinational electricity market and 

analyze the national market’s behavior in choosing renewable policy. His model predicts that 

if national market is allowed to choose policy to maximize its domestic welfare, electricity 

exporting (importing) market would adopt renewable policy that increase (reduce) power 

prices. Therefore, with decentralized implementation of renewable policy, increasing the 

renewable generation may distort transmission investment and market integration. 

Additionally, the risk of imbalance and outage can affect the cross-border transmission and 

therefore alter the direction of price convergence. Friesenbichler (2016) show that market size, 

renewable policy designs, and institutional architectures can help stabilize the market when 

more power is generated by renewable sources. Most of the relevant studies on renewable’s 

impact on price convergence focus on price differences. But, considering the dissimilarities 

among countries or regions, price differences may not apply if more markets are included in 

the study. Thus, D&Y price connectedness index is better when a large sample is involved. To 

fill the gap in the literature, we provide empirical evidence on whether and how the renewable 

production of one market can alter its price connectedness with other markets in the network 

and thus affect the market integration in general.  

2.3 Generalized Diebold and Yilmaz connectedness index  

To measure the price connectedness of power markets in E.U. we use the index proposed by 

Diebold and Yilmaz (2009, 2012, 2014). The index is constructed based on a simple VAR 

framework of Engle, Ito, and Lin (1990). But following Barbaglia, Croux, and Wilms (2020), 

instead of assuming Gaussian innovations, we introduce t-lasso in order to estimate large VAR 

model and to account for fat-tailed errors.  

Let’s consider a covariance stationary N-variable VAR(P) as shown by equation (2.1). Let 𝑿) 

be a J-dimensional vector of mean-zero prices 
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Where 𝑩! is the 𝐽 × 𝐽 matrix of autoregressive coefficients. We assume that the innovations, 

𝜺), are multivariate t-distributed 𝑡Z(𝟎,𝝍) with 𝑣 > 0 to be the degrees of freedom and 𝝍 to be 

the scale matrix. For simple matrix form, we can write equation (2.1) as	

𝑿 = 𝒀𝑩 + 𝑬 (2.2) 

Where 𝒀 is the matrix of lagged time series, 𝑩 is the autoregressive coefficient matrix, and 𝑬 

is the innovation matrix. As the innovations are t-distributed, the density function can be given 

by 
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Where 𝛀 = 𝝍%&. And we can estimate the model by minimizing the negative log likelihood  
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Where 𝑩û = argmin
𝑩

&
*A
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]
0,`Y&  is the penalized least 

square estimator of 𝑩 in which 𝑡𝑟(∙) is the trace operator, λ is a regularization parameter and 

𝐵!,0`  is the ijth element of the matrix 𝑩!. Also, 𝜔0`  is the ijth entry of the matrix 𝛀, 𝛾 is a 

regularization parameter and |𝛀| is the determinant of 𝛀.  

Next, following Diebold and Yilmaz (2014), the representation of the moving average, 𝑿) =

∑ 𝑨0𝜺)%0b
0Yc , has a 𝑁 × 𝑁 coefficient matrices 𝑨0 which has the recursion 𝑨0 = ∑ 𝜙0𝑨0%K

!
KY&  

with 𝑨c  to be an 𝑁 × 𝑁  identity matrix and 𝑨0  equals to zero if 𝑖 < 0. Then, the moving 

average coefficients allow us to apply variance decomposition in order to evaluate the fraction 

of the H-step-ahead error variance in forecasting 𝑥0  that is resulted by the shocks to 

𝑥 , 𝑤ℎ𝑒𝑟𝑒	𝑖 ≠ 𝑗.   
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Variance decomposition usually requires orthogonal innovations that could be achieved by 

Cholesky factorization. However, the method depends on the ordering of the variables. Diebold 

and Yilmaz (2009, 2012, 2014) then exploit the generalized VAR framework that generates 

variance decompositions that are invariant to ordering and meanwhile allows correlated shocks 

that can be accounted for using historically observed distribution of the errors.  

The H-step-ahead forecast error variance decomposition 𝐶0`
'(𝐻) is given by equation (2.5) 

𝐶0`
'(𝐻) =

𝜎 `
%& ∑ 1𝑒0\𝑨U𝝍𝑒 2

*d%&
UYc

∑ (𝑒0\𝑨U𝝍𝑨U\ 𝑒0)d%&
UYc

(2.5) 

Where 𝝍 is the scale matrix for the error vector 𝜺; 𝜎 ` is the standard deviation of the error 

term for the jth equation; 𝑒0 is the selection vector that has ones on the ith element and zeros 

otherwise. This is the connectedness matrix with each element denotes for the contribution in 

the forecast error variance from market i to market j. Then the connectedness index can be 

normalized by the sum of the elements in each row of the connectedness matrix as equation 

(2.6) shows 
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`Y&
(2.6) 

With the connectedness index matrix obtained, we can now define several directional measures. 

First, the total connectedness which measures the simple average spillover effects between 

markets is calculated as below 

𝐶'(𝐻) =
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× 100 (2.7) 

Second, we can measure the total directional connectedness from market i to all other markets 

as  
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In the same sense, we can also define the total directional connectedness to market i from all 

other markets as 

𝐶0∙
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Third, if we take the difference between the two directional connectedness for market i which 

are given by equation (2.8) and (2.9), we obtain the net connectedness 

𝐶0
'(𝐻) = 𝐶∙0

'(𝐻) − 𝐶0∙
'(𝐻) (2.10) 

Lastly, the net pairwise connectedness is defined as  

𝐶0`
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𝐶≤̀ 0
'(𝐻) − 𝐶≤0`

'(𝐻)
𝑁

) × 100 (2.11) 

Which measures the net connectedness between market i and market j. 

2.4 The connectedness of EU power markets 

The Energy Union strategy was launched in 2015 by the European Commission targeting to 

build a clean, secure, and fully integrated European energy market. We adopt the Diebold and 

Yilmaz connectedness measure (2009, 2012, 2014), which provides a more general way to 

measure the price connection for many possible underlying causal structures without much 

restricted assumptions (Diebold and Yilmaz, 2014), to obtain the price connectedness among 

12 E.U. regional markets.  

In this section, we first give basic descriptions on the electricity day-ahead prices of the 12 

markets. Then, we perform a full-sample connectedness analysis to provide a general picture 

of the EU power network. At last, we obtain rolling-sample conditional connectedness to 

explore the dynamics of the power network.  

2.4.1 Day-ahead prices  

We obtain weekly average day-ahead price data from ENTSO-E 

(https://transparency.entsoe.eu/) for 12 countries in E.U. from 01/06/2015 to 12/31/2019. 

These countries are Austria (AT), Belgium (BE), Switzerland (CH), Czech Republic (CZ), 

Denmark (DK), Spain (ES), Finland (FI), France (FR), Germany (DE), Italy (IT), Netherland 

(NL) and Sweden (SE). Thus, in this data sample, we include the North, the Central, and the 

South regional markets in the European Union. We give basic information on the prices in 

Table 2.1. From Table 2.1, we observe that Italy’s weekly average price is the highest 

(€52.31/MWh), followed by Spain with average daily price €49.39/MWh, and Sweden’s 

weekly average price is the lowest (€34.14/MWh). Regarding to the price distribution, 
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Belgium’s weekly prices are the most volatile among all with highest standard deviation 

(14.31), highest skewness (1.08), and highest kurtosis (4.67).  

[Insert Table 2.1 Here] 

In this chapter, we study the connectedness of power prices instead of returns. To obtain price 

shocks without seasonality, we apply the sinusoidal function plus seasonal variables to the 

prices as shown in equation (2.12) 

𝑃(𝑡) 	= 𝛼c + 𝛼& cos W𝛼* +
2𝜋𝑇
365X + 𝛼2 cos W𝛼3 +

4𝜋𝑇
365X + 𝛼4𝑌𝑒𝑎𝑟 + 𝛼V𝑄𝑢𝑎𝑟𝑡𝑒𝑟

+ 𝛼W𝑀𝑜𝑛𝑡ℎ + 𝜇) 

                                                                                                                                           (2.12) 

Where Year, Quarter, Month, Week are ordinal variables, and T denotes for time trend. The 

resulted 𝜇) for each market together forms the 𝑿) in equation (2.1). 

As 𝑿) should be covariance stationary, we perform both common unit root tests, like Levin, 

Lin, and Chu (2002) and Breitung (2001), and individual unit root tests, like Im, Pesaran, and 

Shin (2003) and Fisher-ADF as well as Fisher-PP, on the price shocks obtained from equation 

(2.9). And we find no evidence against the null hypothesis of stationarity.  

2.4.2 Unconditional connectedness of the E.U. power market 

In Table 2.2, we report the static connectedness table for the 12 power markets in EU. We 

choose VAR(2) model based on lag optimal selection method, AIC, BIC and Hannan-Quinn. 

And the predictive horizon is 14 days. As the longer the horizon is the more likely to have 

higher connectedness, we also examine other predictive horizons such as 30 days as robustness 

check. There are no significant changes among the results.  

Looking at first the own connectedness, reported in the diagonal of the table, we find them all 

larger than 50%, suggesting that most of the forecast error variance of one market’s day-ahead 

price comes from its own shocks. As a result, the directional connectedness, which measures 

the transmission of shocks from one market to all other markets (the “To” row) or that from all 

other markets to one market (the “From” column), is relatively small. And the total 

connectedness (the average of the total directional connectedness) is also low with the value 
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being 20.09%. This suggests that in general the day-ahead prices of the 12 power markets in 

study are connected at a low level20. 

Next, we turn to the pairwise directional connectedness measures. To better illustrate the 

notable features, we report the connectedness index bold if the two markets have cross-border 

transmission. From the table, we can see that, in general, we find no evidence showing that 

bordered markets have higher price connectedness than non-bordered markets. Moreover, it is 

surprising to notice that several relatively high pairwise connectedness are realized between 

non-bordered markets. Among them, the highest pairwise directional connectedness is found 

for 𝐶≤7,→Edd  (41.33%) while 𝐶≤Ed→7,d  (0.14%) is low. Specifically, the shocks on the day-ahead 

prices of Spain contribute around 41.33% of the variation of the forecast errors of the day-

ahead prices of Switzerland. Both Spain and Switzerland are net electricity importers which 

are bordered with France. The result suggests that Spanish day-ahead price shocks are the main 

influencer to the day-ahead prices of Switzerland, but not the other way around. Similarly, 

𝐶≤,7→7,d  is also observed to have the second largest pairwise connectedness (29.77%), while in 

return 𝐶≤7,→,7d  is very low (0.05%), suggesting asymmetric price shock spillover between the 

two markets. On one hand, Sweden is net exporter of electricity while Spain is net importer, 

which may explain the asymmetric connection. On the other hand, the two markets all have 

high renewable generation share of power production, which may suggest similar generation 

structure between the two markets. Zachmann (2008) shows that the prices of the two markets 

are converging significantly from 2002 to 2006. Other high pairwise directional connectedness 

is found for 𝐶≤"7→Did  (15.47%), 𝐶≤ji→.kd  (13.43%) and 𝐶≤+C→Eld  (7.74%). In all these cases, the 

fact that non-bordered markets have exhibited high pairwise directional price connectedness 

indicates that there may exist other potential factors other than cross-border transmission to 

explain similarities between market prices.  

Then, we turn to look at the total directional connectedness for each market, the “From” and 

the “To” connectedness. First, the “From” connectedness measures the total pairwise 

directional connectedness from other markets to the corresponding market. Switzerland is 

observed to have received the most price shock spillovers from other markets among the 12 

markets in study, as 45.88% of the total variance of the forecast error of its prices comes from 

other 11 power markets. This may be explained by its geographical location which is in the 

 
20 We conclude the connectedness is low by comparing the total connectedness value to 36.3% from Lorentzen, 
Dahl, and Jonsson (2017), 52.445% from Apergis, Baruník, and Lau (2017), and 49% from Xiao et al. (2019). 
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center of the 12 markets in study. Similarly, Austria, Spain, Germany, and Denmark also have 

relatively high “From” connectedness compared to other markets, which are 38.26%, 35.4%, 

25.95%, and 23.51% respectively. On the other hand, only 3.08% of the price forecast errors’ 

total variance of the Italian power market comes from other market in the network in sample. 

Second, the “To” row evaluates the total share of the price shocks given by the corresponding 

market to other markets (not limited to 100%). The power market of Germany is observed with 

the lowest value (3.26%), followed by Austria (3.67%), and Netherland (5.44%). Sweden 

(55.01%) is found to have the highest influence on other markets due to its significant price 

shock spillover to the market of Spain. Similarly, the Spanish power market also has high “To” 

measure (44.26%) mainly caused by its pairwise directional connectedness with the market of 

Switzerland.  

Following Diebold and Yilmaz (2014), we also plot the empirical survival functions of the total 

directional connectedness, the “From” and the “To”, in Figure 2.1. We see that in general 

markets are very similar in both receiving the shocks from others and transmitting shocks to 

others. The deviations for both measures are large. If we take the difference between the two 

measures, we obtain the net total directional connectedness for each power market (“To”-

“From”). For the market of Sweden (43.16%), the market of Italy (20.74%), the market of 

Belgium (16.17%), the market of France (11.34%), the market of Spain (8.86%), and the 

market of Finland (4.76%), they are net “giver” of price shocks to other markets. While for the 

market of Austria (-34.59%), the market of Switzerland (-32.72%), the market of Germany (-

22.69%), the market of Denmark (-8.71%), the market of Netherland (-6.07%), and the market 

of Czech Republic (-0.25%), they are net “receiver” of other markets’ price shocks. Though 

the power market of Germany was among the biggest exporter in 2019, one of its main export 

destination market, Poland, is not included in the analysis which could lower down its “To” 

directional connectedness measure. But we should not expect that a net exporter of power must 

be a net “giver” of shocks. Taking the two biggest power exporters in E.U. for example, we 

compare the generation mix of Germany with that of France and find huge differences. 

According to the statistics in 2017, 71.6% of the total power generation of France came from 

nuclear. This is a very stable source of power with low marginal cost and high capacity, which 

explains why France’s power prices are less affected by other markets and it can transmit high 

price shocks to others. Germany, on the other hand, had quite balanced generation mix, with 

renewable production accounted for around 40%, nuclear took around 10%, and conventional 

sources was around 50%. This structure made the power prices of Germany market more 
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vulnerable to price shocks from other markets than the market of France does. Malaguzzi Valeri 

(2009) and Apergis, Fontini, and Inchauspe (2017) in their studies confirm that generation 

technologies play an important role in market integration.  

Based on the net pairwise connectedness, we also plot the network in Figure 2.2. We report the 

net connectedness between markets that have values in the upper 10% percentile. The 

directional connectedness between the market of Spain and the market of Switzerland, that 

between the market of Sweden and the market of Spain, and that between the market of 

Belgium and the market of Austria are the most asymmetric among others, as indicated by the 

black lines. Moreover, Denmark has the highest number of edges connected to its node, 

suggesting that its prices are closely connected with other markets. While Finland and Italy are 

observed with only one net connection belonging to the upper 10% percentile, suggesting their 

prices are relatively less connected with other markets in the sample. 

[INSERT TABLE 2.2 HERE] 

[INSERT FIRGUE 2.1 HERE] 

[INSERT FIRGUE 2.2 HERE] 

2.5 Conditional connectedness of the power markets in EU 

In this section, we perform conditional connectedness analysis in order to study the dynamics 

of the connection among E.U. power markets. As the integration of markets is a long-term 

process, looking at only static connectedness cannot provide enough information on the 

progress. Thus, the connectedness obtained through rolling-sample will allow us to better 

understand the evolution of the EU network.  

We start our analysis with dynamic total connectedness, and then move to net directional 

connectedness for each market. Our results are robust to different levels of parameters (such as 

predictive horizon) or identification methods (such as the Cholesky-based identification).  

2.5.1 Conditional total connectedness 

Figure 2.3 shows the total price connectedness over rolling-sample windows of 52 weeks and 

predictive horizon 14 days. At first glance, the total connectedness is slightly decreasing over 

the years, starting around 55% and ending at 45%. Though Europe sees an increasing trend in 

the convergence of generation technologies, and in the size of interconnector capacities 

(Malaguzzi Valeri, 2009; Apergis, Baruník, Lau, 2017), we don’t observe dramatic 



 49 

improvements in the price connectedness of the 12 power markets in study in the last four years. 

However, from 2015 to 2017, there is an increase in the total connectedness. Ferrer et al. (2018) 

and Lundgren et al. (2018) point out that major macroeconomic and financial events could 

distort the connectedness. Thus, the global oil price collapse, the Greek debt crisis, the Brexit 

(Xiao et al., 2019; Do, Nepal, and Jamsab, 2020) during 2015 and 2016 could contribute to this 

sudden rise in E.U. power markets’ connectedness. Yet, we believe that the fundamental reason 

for the growth is the increasing demand of power in E.U. as Europe’s economy is recovering 

from the financial crisis and reaches to a decade record in 2017. Then, we observe that the 

connectedness starts to decrease when the major events withdraw their sudden influences in 

2017. Lastly, the high carbon price during 2017 to 2018 also put great downward pressure on 

the connectedness until 2019. Apergis, Baruník, and Lau (2017) argue that the carbon pricing 

mechanism can decrease connectedness due to market barriers and make the market less 

competitive or less efficient.  

2.5.2 Net Directional connectedness 

Instead of studying the “From” and “To” directional connectedness separately, we look at their 

difference, the net directional connectedness. We plot the measure for each market in Figure 

2.4 to better illustrate the change in their roles of transmitting price shocks over time. For 

positive (negative) net directional connectedness, it suggests that the market gives more (less) 

price shocks to other markets in total than it receives from other markets.  

Frist of all, we observe that most markets is switching between being a net giver and being a 

net receiver over time. But Italy and Spain are net givers for the majority of time, only 

occasionally become a net receiver during the sample period. The Spanish market and the 

Italian market are both bordered with the biggest electricity exporter in E.U., France. 

Corresponding to the periods that the two markets become net receivers, we see that the French 

market is experiencing also a decrease in its net connectedness. 

Second, the northern power markets, the market of Denmark, the market of Finland, and the 

market of Sweden, have similar trend in their net price connectedness over time. However, the 

price net connectedness for the market of Denmark and for the market of Sweden is more 

volatile than that for the market of Finland. These three markets are characterized with high 

renewable generation (over 50% according to IEA) which may cause high volatility in their 

price shocks. But Finland has cross-border transmission with Russia that could stabilize the 

shocks on the prices. 
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Then, the market of Belgium, and the market of Switzerland are observed to have similar price 

net connectedness trend over time. And the market of Austria and the market of Czech Republic 

both have a sharp increase in the price net connectedness from 2016 to 2017. Then their net 

connectedness decreases until 2018 and remain stable afterwards. 

Lastly, we observe that France’s price net connectedness is decreasing but Germany’s price net 

connectedness is increasing across time, suggesting that Germany’s power price shocks are 

becoming more influential in the network. 

The dynamics of the connectedness of each power market can be affected by many potential 

factors that require comprehensive knowledge of the power industry in corresponding market. 

As the power markets are becoming more integrated thanks to the E.U. energy policy, the 

individual market’s role in the process will change from time to time. Perhaps extending the 

study period can better illustrate the trend for each market. However, we leave this for future 

research.   

2.6 The impact of the renewable generation 

The E.U. Clean Energy Package 2019 has set a target of 32% for renewable energy sources in 

the E.U.’s energy mix by 2030. However, having more green production of electricity will 

bring challenges to the power network and the power prices’ integration. As the renewable 

sources, such as wind and solar, have low marginal cost but suffer from intermittency, more 

renewable production of electricity will affect the power price and the change of renewable 

production will alter the price connectedness among markets. Thus, in this section, we provide 

preliminary empirical evidence on the relationship between the renewable production and the 

directional connectedness of power markets.  

2.6.1 Data and methodology 

We have obtained rolling directional connectedness, the “From” and the “To” measure, for 

each market and use them as dependent variable in our panel analysis. In total, we have 12 

groups and 210 observations for each group. In Table 2.3, we report the statistics of the two 

measures. For the “From” measure, Austria has the highest average “From” value (46.95), 

suggesting that on average Austria has received more shocks than other markets. Belgium has 

the most volatile “From” measure with its standard deviation being 21.9. While, Italy has the 

lowest average “From” value (21.23), but the values are the most asymmetrically distributed 

with highest skewness (0.9) and highest kurtosis (4.01). For the “To” measure, Spain has the 
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highest average “To” value (55.76), indicating that on average Spain has given more shocks 

than other markets. Also, Spain’s “To” measure has the highest standard deviation (29.39). 

Meanwhile, Switzerland’s “To” measure are the most asymmetrically distributed with 

skewness being 2.01 and kurtosis being 11.59.  

For renewable generation, we use the forecast of wind and solar generation to account for the 

total supply of renewable production in each market. As the day-ahead market is held one day 

before the real delivery, players in the market only have the forecast information of the 

renewable delivery for next day. Also, we have discussed in the previous section that the 

generation structure of one market may affect its price connectedness. We therefore include 

the generation share of renewable production as well. We report basic descriptions of the two 

variables of interest for the 12 markets in Table 2.4. On average, the weekly average renewable 

generation forecast is the highest for Germany power market due to its high level of green 

production from solar and wind and large electricity production, while the number is lowest 

for power market of Switzerland as solar and wind in Switzerland are not the major renewable 

sources of power generation. Looking at the renewable generation share, Denmark on average 

has the highest value as its renewable generation takes around 65% of its total production. 

While Switzerland has the lowest weekly average renewable generation share, 1%. 

[Insert Table 2.4 Here] 

We also include power prices, renewable actual production, total production, total export, total 

import, and seasonal variables as control variables. Moreover, as the literature shows that cross-

border transmission is critical for price convergence, we obtain the data of unexpected 

unavailability in transmission grid for each market. Then we compute moving sum of the 

number of days with unexpected outage and include the variable as control variable in the 

regression.  

Lastly, the panel regression we run is shown below 
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Where DIF denotes for the first difference of the logarithm of variables to eliminate the fixed 

effect; 𝑔	𝑎𝑛𝑑	𝑡  represents group and time respectively; 𝑂𝑢𝑡𝑎𝑔𝑒_𝐸𝑥𝑝𝑜𝑟𝑡',)  and 

𝑂𝑢𝑡𝑎𝑔𝑒_𝐼𝑚𝑝𝑜𝑟𝑡',) are the rolling-over total number of days with unexpected unavailability 

in the export and import transmission grid; Controls include the logarithm difference of power 

prices, the logarithm difference of total production, the logarithm difference of total export, the 

logarithm difference of total import, seasonal variables that account for yearly, quarterly, and 

monthly trend, first difference of “From” (“To”) measure, and AR term to control for residual 

auto-correlation.  

If the markets are integrating, we expect that markets may rely on their cross-border 

transmission grid to balance the distortion of supply caused by change of renewable generation. 

Thus, we expect that, when there is unexpected unavailability in the transmission grid, the 

impact of renewable generation on the price connectedness would decrease. Thus, we include 

interactions between the outage numbers and the change of renewable generation. The panel 

regression is shown below 
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2.6.2 Results 

In Table 2.5, we report the panel regression results. In the benchmark regression, we observe 

that the change of forecast renewable generation is significantly associated with both the “From” 

connectedness and the “To” connectedness. Specifically, 1% increase of the forecast renewable 

generation (GW) in the day-ahead market will decrease the market “From” connectedness (“To” 

connectedness) by around 10% (12%). This indicates that an increase in the forecast renewable 

generation of one market will decrease both the market’s ability to spillover its price risks to 

other markets and the market’s ability to receive other market’s price risks, suggesting that the 

impact of one market’s renewable generation is limited to itself and not spillover to other 

markets. The implication is consistent with literature that argue more renewable generation can 

decrease market price convergence (Woo et al., 2011; Ardian, Concettini, and Creti, 2018). 

Moreover, we find that the change of import has significantly positive relationship with the 

“From” connectedness of one market. This implies that 1% positive change in the import of 

one market is associated with 27% increase in the “From” connectedness of the same market, 

indicating that the market receives more price risk spillover from other markets when it imports 

more electricity. While we find no such effect of the import on the “To” connectedness. Also, 

there is no significant evidence suggesting that change of renewable generation share would 

be linked with a change of the price connectedness of one market with other markets.  

Then, we introduce the interaction between the days of unexpected unavailability in the 

transmission grid and the renewable generation as equation (2.15) and (2.16) show. For the 

“From” connectedness, we find the interaction term between the number of days with 

unexpected unavailability in the import transmission grid and the change of renewable 
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generation significant and positive. Particularly, if the number of days with unexpected 

unavailability of units in the import transmission grid increases one, the impact of 1% change 

in the forecast renewable generation of one market on the “From” connectedness would 

increase by around 0.6%. This result suggests that, with more unexpected shocks on the import 

cross-border transmission grid, the impact of forecast renewable generation on the price 

connectedness would be less negative. For the panel regression on the “To” connectedness, we 

observe only the change of forecast renewable generation has significant and negative impact 

on the measure, which is consistent with the results from the benchmark regression. Meanwhile, 

we find no change of the renewable generation’s impact on the “To” connectedness when there 

is unexpected unavailability in the transmission grid. 

2.7 Conclusions 

We have adopted a large t-vector VAR approach on estimating Diebold and Yilmaz’s (2009, 

2012, 2014) connectedness measure to examine the day-ahead price connectedness among 12 

European day-ahead electricity markets. Moreover, we analyze the impact of renewable 

generation on the price connectedness among markets.  

First, we find that the general connectedness of the markets included is low during our sample 

period. We obtain the measure at the value of 20.09% compared to an average 45% in the 

literature. Moreover, we observe a decreasing trend in the average price connectedness among 

markets in the sample from 2015 to 2019. Thus, our result suggests no improvement of market 

integration in terms of price connectedness, which is inconsistent with the literature (Woo et 

al., 2011; Keppler, Phan, and Le Pan, 2016; Ardian, Concettini, and Creti, 2018). And we find 

no evidence showing that bordered markets have higher connectedness than non-bordered 

markets. In multiple cases, high directional pairwise connectedness between non-bordered 

markets indicates factors other than cross-border transmission that may affect price 

connectedness (Zachmann, 2008). Future research can be done to study the possible reasons 

for high price connectedness between those non-bordered power markets identified in this 

study.  

Second, we observe that the net price connectedness of one market is time varying (Liu and 

Gong, 2020; Hou, Li, and Wen, 2019). Markets could switch between being a net giver of price 

shocks and a net receiver of price shocks over time. For the two biggest electricity exporters in 

the European Union, France and Germany, we see that France’s price net connectedness is 
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decreasing but Germany’s price net connectedness is increasing across time, suggesting that 

Germany’s power price shocks are becoming more influential in the network.  

Third, we discover that the renewable generation is significantly associated with the market’s 

total directional price connectedness. Consistent with the literature arguing more renewable 

generation could decrease price convergence, we find positive change on the forecast 

renewable generation of one market has negative relationship with its “From” and “To” 

connectedness, suggesting that the market’s price is less connected with other markets in the 

network when there is more renewable generation. Also, we expect that markets may rely on 

cross-border transmission to balance the supply shock caused by the change of renewable 

generation. So, we check whether there is a decrease in the impact of renewable generation on 

the price connectedness when there is unexpected unavailability in the transmission grid. But 

we find no strong evidence confirming this argument. 

Our findings have pointed out the importance of renewable generation and its impact on the 

power market integration. Thus, managing properly the renewable generation in electricity 

markets is important for achieving the goal of One E.U. Energy Union.  

 

Tables 

  
Table 2. 1  

The descriptive statistics on the day-ahead electricity prices of 12 E.U. power markets.  

Note: AT for Austria, BE for Belgium, CH for Switzerland, CZ for Czech Republic, DK for Denmark, ES for 
Spain, FI for Finland, FR for France, DE for Germany, IT for Italy, NL for Netherland, and SE for Sweden. 

 

 
 

AT BE CH CZ DK ES FI FR DE IT NL SE 

Mean 36.28 44.09 43.30 37.21 34.39 49.39 37.21 41.92 35.42 52.31 41.03 34.14 

Median 34.61 41.05 40.56 35.47 33.38 49.79 34.57 38.62 34.15 51.27 40.02 33.18 

Maximum 73.22 109.32 86.05 67.31 63.06 79.99 64.22 90.32 64.30 90.52 69.13 63.00 

Minimum 10.59 8.79 20.57 15.23 10.21 19.56 16.21 21.09 10.59 27.97 23.24 8.06 

Std. Dev. 10.48 14.31 13.08 9.65 10.31 10.90 9.24 13.40 9.59 11.63 9.38 10.76 

Skewness 0.92 1.08 0.68 0.81 0.54 -0.39 0.62 0.99 0.79 0.55 0.73 0.30 

Kurtosis 3.90 4.67 2.80 3.56 3.27 3.45 2.86 3.70 3.70 3.45 3.33 3.05 

Jarque-Bera 45.85 81.60 20.43 31.72 13.53 8.65 16.73 47.85 32.71 15.15 24.00 3.93 

Probability 0 0 0 0 0 0 0 0 0 0 0 0.14 

Observations 261 261 259 257 261 261 260 260 261 261 260 261 
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Table 2. 2  

The static connectedness table.  

Note: we report the pairwise directional connectedness index bold if the two markets have cross-border 
transmission. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 AT BE CH CZ DK ES FI FR DE IT NL SE From 

AT 61.74 15.47 0.52 0.69 5.13 0.00 2.64 1.41 2.11 0.42 0.45 9.43 38.26 

BE 0.20 90.78 0.50 7.27 0.01 0.00 0.11 0.36 0.15 0.13 0.21 0.28 9.22 

CH 0.21 0.20 54.12 0.40 0.18 41.33 0.99 0.43 0.27 0.08 1.12 0.68 45.88 

CZ 0.62 1.10 0.63 82.67 0.58 0.25 4.46 7.74 0.04 1.16 0.34 0.41 17.33 

DK 0.34 0.44 3.02 0.09 76.49 0.19 0.28 3.94 0.05 13.43 0.02 1.71 23.51 

ES 0.09 0.15 0.14 0.84 1.61 64.60 0.49 0.60 0.28 0.38 1.05 29.77 35.40 

FI 0.22 0.03 2.41 1.60 0.70 0.01 90.44 0.25 0.06 1.19 1.91 1.17 9.56 

FR 0.04 2.22 0.41 3.87 0.03 1.03 1.78 90.42 0.02 0.09 0.00 0.09 9.58 

DE 1.78 2.26 2.03 0.55 4.49 0.23 0.15 1.40 74.05 2.67 0.00 10.40 25.95 

IT 0.02 0.31 0.01 0.31 0.08 0.01 1.34 0.32 0.16 96.92 0.17 0.35 3.08 

NL 0.13 2.84 1.08 1.24 0.06 1.15 0.09 2.61 0.10 1.48 88.49 0.72 11.51 

SE 0.00 0.38 2.41 0.23 1.93 0.05 1.99 1.88 0.01 2.80 0.16 88.15 11.85 

To 3.67 25.39 13.16 17.08 14.80 44.26 14.31 20.92 3.26 23.82 5.44 55.01 20.09 

Net -34.59 16.17 -32.72 -0.25 -8.71 8.86 4.76 11.34 -22.69 20.74 -6.07 43.16 
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Table 2. 3  

Descriptive statistics of the dynamic “From” and the dynamic “To” connectedness measures for the 12 power 

markets.  

Note: The measures are obtained through rolling-over sample of 52 weeks. 

 

 

 

 

 

 

 

 

 

 

 

 From 

 AT BE CH CZ DK ES FI FR DE IT NL SE 

Mean 46.95 33.81 46.06 40.25 45.53 30.46 35.16 42.70 43.25 21.23 41.71 44.91 

Median 46.28 24.71 47.81 38.83 46.92 33.39 35.14 39.67 48.81 20.15 40.95 42.89 

Maximum 82.03 80.53 73.34 70.50 75.95 59.44 80.80 75.47 86.46 49.19 84.04 77.57 

Minimum 10.91 8.77 15.86 14.29 8.23 2.83 8.71 8.59 2.78 5.79 7.48 16.99 

Std. Dev. 16.87 21.90 12.48 12.08 15.76 15.61 14.85 16.93 18.99 8.53 16.60 14.88 

Skewness -0.09 0.75 -0.23 0.38 -0.29 -0.27 0.50 0.23 -0.37 0.90 0.30 0.20 

Kurtosis 2.16 2.19 2.21 2.73 2.34 1.88 2.96 1.98 2.21 4.01 2.77 1.80 

Jarque-Bera 6.48 25.36 7.25 5.71 6.81 13.53 8.74 11.06 10.36 37.13 3.58 13.97 

Probability 0.04 0.00 0.03 0.06 0.03 0.00 0.01 0.00 0.01 0.00 0.17 0.00 

Observations 210 210 210 210 210 210 210 210 210 210 210 210 

 To 

 AT BE CH CZ DK ES FI FR DE IT NL SE 

Mean 34.15 41.51 40.36 44.07 21.71 55.76 33.01 37.87 39.33 40.67 29.48 54.10 

Median 27.79 43.73 37.51 36.90 19.94 46.23 26.33 33.37 38.31 36.48 27.10 52.12 

Maximum 136.00 107.46 169.42 125.53 48.98 140.69 107.31 106.37 94.82 102.92 86.49 97.45 

Minimum 6.94 8.92 7.94 15.34 7.39 12.80 8.56 16.38 16.02 6.97 5.09 23.02 

Std. Dev. 21.16 20.80 20.19 25.02 9.81 29.39 20.09 16.30 14.41 18.64 16.40 16.89 

Skewness 2.00 0.43 2.01 1.51 0.70 1.25 1.56 1.73 0.84 1.22 1.27 0.34 

Kurtosis 7.73 2.83 11.59 4.92 2.71 3.81 5.42 6.28 3.92 4.34 4.58 2.25 

Jarque-Bera 335.87 6.85 786.77 112.35 18.07 60.47 136.07 199.41 31.82 67.97 77.84 9.06 

Probability 0.00 0.03 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.01 

Observations 210 210 210 210 210 210 210 210 210 210 210 210 
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Table 2. 4  

Descriptive statistics of the day-ahead forecast renewable production and the renewable generation share for 
the 12 power markets.  

Note: Renewable generation forecast’s unit in MWh. 

 

 

 

 

 

 

 

 

 

 
 

 Renewable Generation Forecast 

 AT BE CH CZ DK ES FI FR DE IT NL SE 

Mean 80179 24994 1380 6112 8622 166512 10740 88301 1537932 17782 131583 45402 

Median 82274 23938 1448 6016 8805 168146 10759 86418 1590698 17746 129412 44853 

Maximum 103592 33424 1585 6657 10082 185105 16354 121795 1815665 22644 177307 53164 

Minimum 59055 19508 932 5770 6911 153588 5326 71418 1258542 15690 87843 39843 

Std. Dev. 13935 3711 197 225 814 6837 3863 13965 162176 1444 34532 3477 

Skewness 0.12 0.41 -0.88 0.66 -0.04 -0.19 -0.01 0.69 0.09 1.49 0.07 0.20 

Kurtosis 1.98 1.98 2.55 2.22 2.00 2.81 1.59 2.37 1.60 5.66 1.21 1.85 

Jarque-Bera 9.64 14.87 28.97 20.74 8.79 1.62 17.39 20.35 17.31 139.18 28.10 12.49 

Probability 0.01 0.00 0.00 0.00 0.01 0.44 0.00 0.00 0.00 0.00 0.00 0.00 

Observations 210 210 210 210 210 210 210 210 210 210 210 203 

 Renewable Generation Share 

 AT BE CH CZ DK ES FI FR DE IT NL SE 

Mean 0.13 0.12 0.01 0.03 0.65 0.24 0.07 0.06 0.25 0.06 0.22 0.11 

Median 0.14 0.11 0.01 0.03 0.58 0.24 0.07 0.06 0.26 0.05 0.25 0.11 

Maximum 0.16 0.15 0.01 0.04 1.00 0.27 0.10 0.08 0.32 0.06 0.26 0.13 

Minimum 0.10 0.09 0.01 0.03 0.50 0.23 0.03 0.05 0.20 0.05 0.06 0.10 

Std. Dev. 0.02 0.02 0.00 0.00 0.14 0.01 0.02 0.01 0.04 0.00 0.05 0.01 

Skewness -0.30 0.34 0.54 0.33 0.84 0.12 0.01 0.58 0.24 -0.13 -1.79 0.22 

Kurtosis 1.69 1.74 1.95 1.82 2.44 3.15 1.74 2.21 1.66 1.83 4.72 1.74 

Jarque-Bera 18.14 17.78 19.79 15.97 27.39 0.72 13.84 17.28 17.86 12.50 138.04 15.50 

Probability 0.00 0.00 0.00 0.00 0.00 0.70 0.00 0.00 0.00 0.00 0.00 0.00 

Observations 210 210 210 210 210 210 210 210 210 210 210 210 
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Table 2. 5  

Panel regression on the total directional connectedness.  

The estimations are achieved by a feasible GLS specification assuming the presence of cross-section 
heteroskedasticity. And the coefficient covariance is obtained using cross-section SUR method to control for 
contemporaneous correlations between cross-sections. All variables are logarithms of their original values when 
appliable. D represents first difference. Seasonal Controls include yearly, quarterly, and monthly ordinal variables. 
AR terms are chosen based on correlogram tests. We denote the significance (p-value) of the statistics with *** 
(1%), ** (5%), * (10%) respectively.  

 

 

 

 

 

 

 

 

 

 

Variables 
Benchmark Include Interaction Terms 

D(From) D(To) D(From) D(To) 

 coefficient coefficient coefficient coefficient 

Constant -0.88 -0.15 -0.82 -0.16 

D(RES_Forecast) -0.1** -0.12** -0.085 -0.18** 

D(RES_Percentage) 0.45 0.63 0.48 0.26 

Outage_Export -0.007 0.0006 -0.0006 0.002 

Outage_Import 0.005 -0.003 0.004 -0.004 

Outage_Export×D(RES_Forecast)   -0.005 -0.0001 

Outage_Import×D(RES_Forecast)   0.006* 0.0007 

Outage_Export×D(RES_Percentage)   0.25 0.70 

Outage_Import×D(RES_Percentage)   -0.28 -0.61 

D(Export) 0.29 0.53 0.28 0.43 

D(Import) 0.27** 0.15 0.28** 0.16 

D(Price) 0.18 0.13 0.18 0.12 

D(Production) 0.72 0.47 0.68 0.53 

D(From)  -0.007  -0.007 

D(To) -0.005  -0.005  

AR(1) -0.007***  -0.07***  

AR(3)  -0.1***  -0.1*** 

Seasonal Controls YES YES YES YES 
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Figures  
 

 

Figure 2. 1  

Empirical survival functions of the total directional connectedness. 

Note: the solid line denotes for the “To” index, the dash line denotes for “From” index. 

 

 

Figure 2. 2  

Static net connectedness of the power network 

Note: we report upper 10% net connectedness values in the figure. black lines for the upper 99%, red lines for the 
upper 95% to 99%, and the orange lines for the upper 90% to 95%. Node size depends on the number of edges 
connected to the node. 

 

To From 
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Figure 2. 3  

The dynamic total connectedness  

Note: The measure is obtained through rolling sample of 52 weeks with predictive horizon 14 days. 

 

 

 

 

 

 

 

 

 

Figure 2. 4  

The dynamic net directional connectedness for each power market 

Note: the measures are obtained through rolling sample of 52 weeks with predictive horizon 14 days. 
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Chapter 3  

The impact of renewables on the variance of 

power returns under different support schemes:  

the case of Spanish Intraday power market 

3.1 Introduction 

The variance of electricity returns is of great concern for the whole society. Due to the fact that 

electricity cannot be economically stored yet, power market has experienced more volatile 

price movement than that of any other commodity market. For example, during the 2000 to 

2001 California electricity crisis, the wholesale prices increased around 800%. Therefore, 

understanding the volatility of power returns is critical not only for both producers and 

consumers, but also for the stability of the economic activities of the whole society. It is shown 

by the literature that the power volatility is featured by large spikes or jumps (Escribano, Peña, 

and Villaplana, 2011), autoregressive conditional heteroscedasticity (Chan, Gray, and Van 

Campen, 2008), periodicity effects (Escribano and Sucarrat, 2018), and can be transmitted 

across markets (Ciarreta and Zarraga, 2016). Meanwhile, in the transition process to low-

carbon economies, the Renewable Energy Sources starts to play an increasingly important role 

in altering the power market as we have discussed in the previous chapters. On one hand, higher 

generation share of renewables is related with lower average electricity prices because of the 

merit order effect (Edenhofer et al., 2013; Rubin and Babcock, 2013). On the other hand, more 

renewable generation increase significantly the volatility of electricity returns (Kyritsis, 

Andersson, and Serletis, 2017; Rintamäki, Siddiqui, and Salo, 2017). In this chapter, instead 

of using generation data, we use the intraday supply data of renewable generation units to study 

the relationship between the renewable producers’ intraday position and the variance of power 

returns. According to our argument in chapter one, the intraday positions of renewable 

producers are affected by two factors: the prices, which indicate the arbitrage opportunities, 

and the supply conditions in general. Both factors for renewable producers can be influenced 

by the renewable support scheme. Winkler et al. (2016) find that the kind of support instrument 

can influence the degree to which renewable energy sources influence the market. They 
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conclude that FIT (Feed-in-tariffs) is associated with higher renewable energy market impact, 

while a more market-oriented support scheme, such as market premium, can decrease the 

extent to which markets are affected by renewables. Focusing on the Spanish power market, 

we intend to provide empirical evidence on the question of whether the support schemes would 

alter the impact of renewable supply on the variance of power returns. 

Different support schemes change the degree to which the renewable producers are affected by 

the market prices and generation costs (Winkler et al., 2016). For example, Feed-in tariffs 

would eliminate the market price risk and decrease the capital costs for renewable producers; 

Feed-in premium subjects the renewable producers to low market price risk and low capital 

costs; Quota schemes requires fully participation of renewable producers in the market but 

allows them to be compensated by trading green certificates, therefore indicates high market 

price risk for the renewable producers. The renewable policy in Spain has witnessed several 

changes since 2000s. From 1998 to 2004, the incentive system based on Feed-in premium was 

established. Then, in the period of 2004 to 2007, the renewable producers were allowed to 

choose between Feed-in tariffs and Feed-in premium. Later, due to the significant tariff deficit, 

the Spanish regulators started to introduce cap and floor to the Feed-in premium scheme and 

added more costs for renewable producers since 2007. In 2012, the announcement of renewable 

policy moratorium signaled a period of uncertainty of renewable support scheme. Lastly, in 

2014, a new market-based incentive scheme was put in force until now. Therefore, the 

renewable support scheme in Spain is becoming more market-oriented over time. Using the 

trading data of the Spanish intraday market, we obtain the intraday renewable supply and 

intraday price from 2001 to 2017 covering the five periods of different renewable support 

schemes. For the method, we decide to apply the commonly used model for variance study in 

the literature, including both conditional variance model, GARCH and EGARCH, and 

unconditional realized variance measure with LS regression. We use weekly average returns 

to eliminate extreme outliers, but still the return series is skewed with fat tails. Thus, we assume 

student t-distribution for the errors and obtain more robust results. We find that the renewable 

intraday supply ratio, which is calculated as the renewable intraday supply over total renewable 

supply, is significantly and positively related with the variance of power returns, so as the 

renewable generation share. After introducing the support scheme dummies in the variance 

equation, we find that the variance of power returns is decreasing in the process of heading to 

a more market-oriented renewable support scheme in Spain. Regarding to the renewables’ 

impact on variance of power returns under different support schemes, we find consistent and 
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significant evidence showing that the renewable intraday supply increases the variance of 

power returns in the period of the abolishment of FIT-FIP support scheme during 2012 to 2014, 

suggesting that the renewable support schemes can decrease the volatility of power returns 

(Ciarreta, Pizarro-Irizar, and Zarraga, 2020). Additionally, the EGARCH(1,1) model suggests 

that the effect of renewable intraday supply on the variance of power returns also becomes 

larger in the period of introducing cap and floor to FIP and establishing more tariff system cuts 

during 2007 to 2012. These results point out the importance to minimize renewable policy 

uncertainty and cost for stabilizing the power returns. However, we observe no significant 

difference of the renewables’ impact on the variance of power returns comparing the FIP 

support scheme, the FIP-FIT support scheme, and the new rate-based incentive scheme in the 

Spanish power market. 

Our contribution is twofold. First, we apply more robust method for the estimations. On one 

hand, we assume t-distribution of errors to account for the fat tails of power returns. On the 

other hand, we discuss and use the robust realized variance measure for auction trading power 

market like the Spanish intraday market. To our best knowledge, we are the first to discuss this 

question. Second, we discuss the effect of the renewable supply on the variance of power 

returns under difference support schemes focusing on the case of Spanish power market, 

providing preliminary empirical evidence on this topic (Winkler et al., 2016). Therefore, we 

believe our study provides insights on the renewable policy for stabilizing the power returns. 

The remainder of this chapter is organized as follows: Section 3.2 reviews the literature; 

Section 3.3 describes the basic methodology; Section 3.4 discusses the renewable support 

schemes in Spain and the estimation methods including support schemes dummies; Section 3.5 

gives details on the data; Section 3.6 shows the estimation results; Section 3.7 makes summary 

and conclusions.   

3.2 Literature Review 

Although renewable energy sources are beneficial for the society in many aspects, their 

intermittent nature that comprises non-controllable variability and partial unpredictability 

brings great challenge to the design and the operation of electricity markets (Kyritsis et al., 

2016). Many studies have shown that increasing renewable share may aggravate the market 

failure by increasing price volatility and lowering the average price (Edenhofer et al., 2013; 

Rubin and Babcock, 2013; Ketterer, 2014; Pereira da silva and Horta, 2019). But some studies 

point out that not all renewable sources increase the volatility. Jónsson, Pinson, and Madsen 
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(2010) use a non-parametric regression model to study the electricity price and find that higher 

wind penetration in the day-ahead market decreases volatility. Paraschiv, Erni, and Pietsch 

(2014) argue that as solar power is stable during peak hours, it is likely that it decreases price 

volatility. Kyritsis et al. (2016) suggest that wind power generation increases the volatility of 

electricity prices by challenging electricity market flexibility while solar power generation 

reduces the volatility of electricity prices by scaling down the use of peak-load power plants. 

Meanwhile, it is also possible that renewable’s impact on volatility differs in different market. 

Rintamäki et al. (2016) build distributed lag models using Danish and German data for the 

estimation of the impact of renewables on electricity price volatility. They discover that in 

Denmark the wind power decreases the daily volatility of prices but in Germany it increases 

the volatility. Thus, they suggest that policy measures for facilitating the integration of 

renewable energy should be tailored to region-specific patterns. Ballester and Furió (2015), on 

the other hand, propose that peak and off-peak hours should be analyzed separately. They focus 

on the Spanish day-ahead electricity market and confirm that the renewable generation share 

is negatively related with the market marginal prices but positively related with the price 

volatility. And they show evidence for viewing separately the peak hour prices and off-peak 

hour prices as different commodities with different features. They discover that price volatility 

is higher, and jumps are more frequent during peak hours in the period of 2002 to 2019 and the 

opposite is true for the period of 2010 to 2013.  

Another line of research on the impact of renewables on the electricity markets takes the 

renewable support schemes into consideration. Barradale (2010) and Meyer and Koefoed (2003) 

both show that renewable policy uncertainty would create uncertainty over returns for the green 

investors, therefore caused the volatility in green investment. Jägemann (2014) shows that the 

support scheme affects the exposure of the renewable producers to the price signals of the 

wholesale market. Thus, the trading behavior of renewable participants will be influenced by 

the support schemes adopted by the market. Moreover, the plant design would take the support 

scheme into consideration and therefore decide the extent to which the plant is dependent on 

the developments of price (Winkler et al., 2016). There are several studies focusing on the 

advantages and disadvantages of different support schemes. Feed-in tariffs gives the renewable 

producers a fixed payment for each unit of electricity they produce irrelevant to the market 

price or market demand. It is considered the most effective policy to encourage the rapid 

deployment of renewable energy (Couture and Gagnon, 2010). But, on the other hand, the 

Feed-in tariffs scheme eliminates the market risk for the renewable producers causing 
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inefficient allocation of resources and high support expenditures (Fagiani, Barquín, and 

Hakvoort, 2013). Feed-in premium consists of a premium adding to the electricity market price 

but still maintains a relatively constant total income for the renewable producers. This support 

scheme subjects the renewable producers to low market price risk and low capital cost, and 

induces the short-term reactions of renewable producers to the market signals. However, the 

short-term market reactions from renewable producers are very limited and the premium design 

is quite complex which could still cause high public support expenditures. Then, some markets 

introduce cap and floor to the Feed-in premium scheme which makes the renewable producers 

react more to the price signals. Under all premium schemes, the renewable producers will have 

opportunity costs that should equal to the premium payment if they change their position 

according to the market conditions. And the opportunity costs resulted would affect the bidding 

behavior of renewable producers in the market (Winkler et al., 2016). Quota-based support 

scheme refers to the support provided by trading certificates based on quotas while the 

renewable producers receive market price for the electricity generated. This support scheme 

indicates high market price risk and thus high capital cost for the renewable producers. But it 

also obliges the renewable producers to react to both short-term and long-term market price 

signals. In a study comparing the quota-based support scheme and FIT (Feed-in tariffs) scheme, 

Haas et al. (2011) conclude that FIT system provides better promotion of renewables while 

quota-based scheme shows a low effectiveness with respect to renewable energy deployment 

of less mature technologies. In 2014, the Spanish market adopted a rate-based support scheme. 

The new scheme is developed based on the concept of “reasonable rate of return”, meaning 

that the renewable unit will be compensated if its revenue is below the “reasonable rate of 

return”. Because this “reasonable rate of return” is unrelated with the market power price, the 

renewable producers are affected greatly by the fluctuations of prices (Ciarreta, Pizarro-Irizar, 

and Zarraga, 2020). Ciarreta, Pizarro-Irizar, and Zarraga (2020) find that this new incentive 

scheme would decrease the power price volatility and encourage good integration of renewable 

generations. Asking a similar research question to ours, Winkler et al. (2016) look at two types 

of support schemes: the fixed Feed-in tariffs and market-oriented support scheme (Feed-in 

premium or quota-based scheme). Based on their simulation, market-oriented scheme reduces 

the renewables’ impact on power market, while fixed Feed-in tariffs leads to higher influence 

of renewable energy on the power market. In this chapter, we focus on the renewable support 

scheme changes from 2001 to 2017 and provide preliminary evidence on the renewables’ 

impact on the power variance under different support schemes.  
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3.3 Models  

In this section we explain the models that we apply to study the effect of renewables on the 

variance of electricity returns. To obtain robust results, we use both the conditional variance 

models and the unconditional measure on the realized variance with robust linear regression. 

To account for the fat tails in the power returns, we assume student-t distribution for the errors 

in all models. 

3.3.1 Univariate GARCH-type models 

The study on the variance of power returns requires appropriate models. Because of its non-

storability, electricity returns experience much higher variation than that of other assets. 

However, a natural problem to model the return variation is that the latent variance is not 

directly observable. Thus, univariate models like GARCH family model proposed by Engle 

(1982) and Bollerslev (1986) are widely used for the volatility estimation of power prices. The 

literature has shown that GARCH-type model is an effective tool for modeling and forecasting 

the mean and the volatility of electricity prices (Escribano, Peña, and Villaplana, 2011; Knittel 

and Roberts, 2005; Liu and Shi, 2013; Ciarreta, Pizarro-Irizar, and Zarraga, 2020). Higgs (2009) 

studies the Australian electricity market prices using both multivariance and univariance 

GARCH model. They find that GARCH model that accounts for the student-t distribution 

produces the best results. Therefore, we consider two commonly used GARCH-type processes 

in this chapter: GARCH (1,1) and EGARCH(1,1). And we assume student-t distribution of 

errors to account for the fat tails in power returns. First, we define the mean process of the 

power returns using ARMA (p, q) model as below 

𝑟) = 𝑐 +å𝛼0𝑟)%0

!

0Y&

+å𝛽0𝜀)%0

o

0Y&

+ 𝛾&𝑀𝑜𝑛𝑡ℎ) + 𝛾*𝑄𝑢𝑎𝑟𝑡𝑒𝑟) + 𝛾2𝑌𝑒𝑎𝑟) + 𝜀) (3.1) 

Where 𝑟) is the log difference of electricity intraday prices; AR(i) and MA(i) are chosen based 

on ACF and PACF plots; Month, Quarter, and Year are ordinal variables controlling for 

seasonality. The residuals are tested using Ljung-Box statistic for both residuals and squared 

residuals. Then, the conditional variance is defined as 

𝜀) = ∫ℎ)𝜇) (3.2) 

where ℎ)  is the conditional variance. And we assume that the errors, 𝜀) , follows student-t 

distribution with degree of freedom of v.  
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For GARCH (1,1) process, we estimate the following 

ℎ) = 𝛿c + 𝛿&𝜀)%&* + 𝛿*ℎ)%& + 𝛿2𝑅𝐸𝑆) +å𝜁K

A

KY&

𝐶𝑜𝑛𝑡𝑟𝑜𝑙K (3.3) 

Where 𝑅𝐸𝑆 represents the variable of interest on the renewables; Controls include possible 

factors that may affect the conditional variance of power returns. In standard GARCH(1,1) 

model, 𝛿& + 𝛿* should be less than 1 as the unconditional variance is finite.  

To account for the asymmetric effects of positive and negative shocks on the conditional 

variance, we also apply EGARCH(1,1) model. The literature has shown that electricity prices 

exhibit significant inverse leverage effect (Knittel and Roberts, 2005; Liu and Shi, 2013;  

Ciarreta, Pizarro-Irizar, and Zarraga, 2020 etc.). Following the literature, we define the 

EGARCH(1,1) process below 

log(ℎ)) = 𝛿c + 𝛿&%&
|𝜀)%&|

∫ℎ)%&
+ 𝛿&%*

𝜀)%&
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+ 𝛿*log	(ℎ)%&) + 𝛿2𝑅𝐸𝑆) +å𝜁K

A

KY&

𝐶𝑜𝑛𝑡𝑟𝑜𝑙K  

                                                                                                                                             (3.4) 

Where 𝑅𝐸𝑆	and Controls are the same as in GARCH(1,1). The asymmetric effect of shocks on 

volatility is captured by 𝛿&%* . If 𝛿&%*  is positive and significant, then there is an inverse 

leverage effect. 

As we assume a t-distributed errors, the log-likelihood function is shown below 

𝐿) = −
1
2 𝑙𝑜𝑔 º
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2 𝑙𝑜𝑔𝜎)

* −
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2 𝑙𝑜𝑔 ]1 +

(𝜀))*

𝜎)*(𝜐 − 2)
^ (3.5) 

3.3.2 Realized variance of electricity returns 

It is argued by some studies that most of the variance models fail to account for stylized facts 

that are presented in returns, such as autocorrelations or excess kurtosis (Bollerslev,1987; 

McAleer and Medeiros, 2008). Therefore, researchers turn to high-frequency intraday data to 

form ex-post variance measures. Under certain assumptions, ex-post variation measures 

converge to the integrated variance over a short period as the sampling frequency increases. 

There are several realized variance measures proposed by the literature: the cumulative squared 

intraday returns (Andersen and Bollerslev, 1998), the daily range (Parkinson, 1980), the 
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bipower realized variance (Barndorff-Nielsen and Shephard, 2004), the two-scales realized 

variance (Zhang, Mykland, and Aït-Sahalia, 2005), and the realized kernel (Barndorff-Nielsen 

et al., 2008). Applying the realized variation measures on electricity returns is not new but 

problematic (Chan, Gray, and Van Campen, 2008; Haugom et al., 2011; Ullrich, 2012; 

Frömmel, Han, and Kratochvil, 2014; Ciarreta and Zarraga, 2016). The realized variance 

measure is developed under the time-continuous framework while the electricity market in 

some countries is organized as auctions. Haugom et al. (2011) point out this question: “ … 

prices at the Nordic electricity market are determined daily at approximately 13:00 for fixed 

time intervals the following day in an implicit auction market. These prices cannot be 

considered as a true time series.”. Therefore, it is important to apply the appropriate realized 

measure on the variance of power returns in study. In this section, we first describe the Spanish 

power market and derive the appropriate realized variance measure for the Spanish power 

returns. Then we give the robust linear regression model in the end. 

            (1) Daily electricity return and its daily variance 

First and foremost, it is important to understand first the Spanish power market. By design, 

either the Day-ahead market or the Intraday market in Spain21 is organized as auction market. 

In the market, there are 24 auction units in which the traders trade the contract of one-hour-

delivery of electricity in the corresponding hour of the delivery day. Therefore, electricity, 

unlike other commodities, is not traded in a time-continuous way in Spain. On the contrary, 

electricity that is delivered in different hours is traded separately and simultaneously as if it is 

distinct goods. For that reason, we should re-define the return as well as the daily variance to 

better account for this specificity.  

First, following Huisman, Hurrman, and Mahieu (2007) and Peña (2012), we define the hour-

return of electricity price of hour i day t as the following: 

𝑟0,) = 1𝑝0,) − 𝑝0,)%&2 (3.6) 

Where t represents day and i, which takes the value from 1 to 24, denotes the hour. Instead of 

taking the logarithm of the prices, we use the difference at the level between prices because of 

the fact that hourly electricity price could be zero or even negative. Also, note that this 

definition is different from the literature (Frömmel, Han, and Kratochvil, 2014; Ciarreta and 

 
21 OMIE (Operador Del Mercado Ibérico De Energía- Polo Español), the organizar of the Day-ahead market and 
the intraday market 
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Zarraga, 2016) in which the 24 prices are regarded as a time-continuous process. However, 

based on our description of the Spanish market earlier, it is clear that those 24 prices are not 

time-continuous but rather daily observations for the 24 contracts of electricity delivery. 

As the returns of hour i have daily frequency, we can model it under the GARCH framework 

which is common practice in the literature. Yet, the assumption that the 24 hour-returns are 

strongly correlated is natural therefore shall not be ignored. Thus, the multivariate GARCH 

framework fits better in this scenario. To account for the dynamic correlation, we use DCC-

GARCH to model both the hour-returns and its daily variance. Following Bollerslev (1990) 

and Engle (2002), we define the vector of 𝒓𝒕 which consists of the 24 mean-zero hour-returns 

as the following 

𝒓) = 𝑯)

&
*𝒛) (3.7) 

Where 𝑯)  is a (24´24) matrix of conditional variances of 𝒓), and 𝒛) is a (24´1) vector of i.i.d 

errors such that E(𝒛)) = 0 and E(𝒛)𝒛)i) = 𝐼. Further, 𝑯)  is defined as  

𝑯) = 𝑫)𝑹)𝑫) (3.8) 

Where 𝑫) is a (24´24) diagonal matrix of the conditional standard deviation of 𝒓), and 𝑹) is 

the time-varying correlation matrix. Each element of 𝑯)  is determined by r0`,)1ℎ0,)ℎ̀ ,)2
(
* , 

where 𝑖, 𝑗 represents the hour. And the conditional variances ℎ0,), can be estimated individually 

based on the GARCH (p, q) model as the following 

ℎ0,) = w0 +å aq,r

9

oY&

𝑟0,)%o* +å bq,s

?

!Y&

ℎ0,)%! (3.9) 

Next, we shall define the daily electricity return. According to OMIP (Operador de Mercado 

Ibérico de Energía), the arithmetic mean of the 24 hour-prices is defined as the daily spot price 

and is used as the settlement price for derivatives traded in the market. Thus, we define the 

daily electricity return as the simple average of the 24 hour-returns as the following 

𝑅) =
∑ 𝑟0,)*3
0Y&

24
(3.10) 

This definition can also be interpreted from the portfolio point of view. As the 24 hour-returns 

are daily observations, we propose to construct a portfolio of those returns with equal weights. 
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Then, equation (3.10) can also be viewed as the mean return of the portfolio. There are two 

major advantages to apply the portfolio argument in the case of Spanish power return. Firstly, 

this view is consistent with the implication from the trading design of the Spanish power market. 

By having 24 separately and simultaneously auction units, electricity being delivered in 

different hours the next day is essentially different commodities. Secondly, this view provides 

a convenient way to define the daily variance of the Spanish daily electricity returns. According 

to the portfolio variance definition, we define the daily variance of electricity daily return as in 

equation (3.11) 

𝑉) = W
1
24X

*

≈2åå𝑐𝑜𝑣(𝑟0,) , 𝑟 ,)

*3

`Y&

)
*3

0Y&

+åℎ0,)

*3

0Y&

∆ 	𝑖 ≠ 𝑗 (3.11) 

Where ℎ0,) denotes for the daily variance of the hour-return of hour i day t that is defined by 

equation (3.9). Therefore, the daily variance of the electricity daily return is composed of the 

individual variances of hour-returns and the covariances between every two hour-returns.  

            (2) the realized daily variance 

Since our definitions for the daily return and daily variance of the Spanish electricity returns 

are different from the literature, we shall re-discuss the appropriate realized measure for the 

daily variance that is defined in equation (3.11). To begin with, we briefly overview the 

quadratic theory, as most realized measures are developed accordingly. Under the univariate 

continuous-time diffusion framework, the mean-zero returns are generated by the martingale 

process as defined by the quadratic theory in the following 

𝑑𝑟) = 𝜎)𝑑𝑊) (3.12) 

Where 𝑊) denotes for a Brownian motion and t for day. Then, by Ito’s lemma, one can get 

𝐸(𝑟)G&* ) = « 𝐸(𝜎)Gt* )
&

c
𝑑𝜏 (3.13) 

Thus, the squared daily return provides an unbiased estimator of the latent variance when the 

returns have daily frequency.  

On the other hand, according to the multivariate framework, the realized covariance which is 

defined by  
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𝑹𝑪𝑶𝑽) = å𝒓K,)

n

KY&

𝒓K,)′ (3.14) 

Where 𝑹𝑪𝑶𝑽) is the realized covariance matrix and 𝒓K,) is the vector of returns at observation 

interval 𝑛	day 𝑡. Then, Barndorff-Nielsen and Shephard (2004b) have shown that 

𝑚
&
* ]𝑣𝑒𝑐ℎ(𝑹𝑪𝑶𝑽)) − 𝑣𝑒𝑐ℎ I« å(𝑡 + ∆)𝑑∆

&

c
J^

P
→𝑁(0,𝚷)) (3.15) 

So, the product of two realized returns, 𝑟0,)	𝑎𝑛𝑑	𝑟 ,) where 𝑖 ≠ 𝑗, is an unbiased estimator of the 

latent covariance between them.   

Now, going back to equation (3.11) which is our definition for the daily variance of the daily 

electricity return, we can obtain the unbiased realized variance measure by simply replacing 

the variance and covariance terms in equation (3.11) with their realized measures that are 

derived from the quadratic theory in both equation (3.13) and equation (3.14).  

𝑅𝑉) = W
1
24X

*

œ2åå𝑟0,)𝑟 ,)

*3

`Y&

*3

0Y&

+å𝑟0,)*
*3

0Y&

– = I
∑ 𝑟0,)*3
0Y&

24 J
*

= 𝑅)*							𝑤ℎ𝑒𝑟𝑒	𝑖 ≠ 𝑗 (3.16) 

As the equation (3.16) shows, the resulting realized daily variance measure is the squared daily 

return where the daily return is defined in equation (3.10). This result also is consistent with 

the quadratic theory, which provides supportive evidence on our way of defining the daily 

variance as the portfolio variance of the 24 returns. In the overview of quadratic theory earlier, 

we described that if we regard the daily return as a time-continuous process with daily 

frequency, then the squared daily return is the unbiased estimator of the latent daily variance.  

The reason for us to take the trouble to re-define the variance using portfolio argument and 

then derive the realized measure instead of just using quadratic theory to get the squared daily 

return is that the portfolio argument for constructing the daily variance is fundamentally 

different from time-continuous assumption which is common in the literature. This difference 

leads to divergent direction of modeling the latent daily variation. For example, under the time-

continuous framework, higher frequency data can provide better proxy for the unobservable 

daily variance. Thus, summing up the squared hour-returns should be a more accurate measure 

than the squared daily return if we regard the 24 hour-returns as one time-continuous process. 

However, our definition of daily variation accounts for not only the sum of all squared hour-

returns but also the covariances between each two hour-returns (see equation (3.11)) as we treat 
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the 24 hour-returns are separate but correlated daily observations. Hence it is important to be 

clear about the assumptions being made and choose the appropriate one that are more suitable 

for the Spanish power market. We have applied several methods to find more supportive 

evidence on our proposal of the latent daily variation. Also, we made comparisons among 

several realized daily variation measures that are used extensively in the literature and found 

the squared daily returns provide the best estimation for the latent daily variations of the 

Spanish power returns. Details are reported in Appendix B.  

            (3) the realized daily variance and ARMA(p, q) model 

With the appropriate realized variance measure on the daily electricity returns, we apply 

ARMA(p,q) model shown as below 

𝑅𝑉) = 𝑐 +å𝛼0𝑅𝑉)%0

!

0Y&

+å𝛽0𝜀)%0

o

0Y&

+ 𝜙𝑅𝐸𝑆 +å𝜁K

A

KY&

𝐶𝑜𝑛𝑡𝑟𝑜𝑙K + 𝜀) (3.17) 

Where p and q are chosen based on ACF and PACF plots; RES represents the variable of 

interest on the renewables; Controls include potential factors that may affect the realized 

variance of power returns and seasonal variables. In order to account for the fat tails of errors, 

we assume 𝜀)~	𝑡(𝜇) , Ψ) , 𝜐) with 𝜇) being the location parameter, Ψ) being the scale parameter, 

and 𝜐 being the degrees of freedom. Then, following Lange, Little, and Taylor (1989), the log-

likelihood for the estimation is 

𝐿) = −
1
2 𝑙𝑜𝑔

|𝛹)| −
1
2 𝑙𝑜𝑔 º

𝛤 b𝜐2c
*

𝛤 b𝜐 + 12 c
*ø −

1
2 𝑙𝑜𝑔	(𝜐) −

𝜐 + 1
2 𝑙𝑜𝑔 ]1 +

(𝜀))*𝛹)%&

𝜐
^ (3.18) 

3.4 The effect of the renewables on the variance of electricity returns under 

different renewable support schemes 

3.4.1 The renewable support schemes in Spain 

In this section, we begin by giving a brief overview of the renewable support schemes that are 

once implemented on the Spanish electricity market. Since its liberalization in 1997, the 

Spanish power market has witnessed a surge in renewable generations. Among many reasons, 

the political acts that are in favor of green investment have played a crucial role in developing 

the renewables. The Electric Power Act in 1997 is the basic regulation that signals the begin 

of promotion of renewable energies. It establishes the grid access for the renewable generation 
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and introduces the support payment for electricity produced by the renewables. Then, in 1998, 

the Royal Decree 2818/1998 set an incentive system based on Feed-in premium. The final price 

received by the renewable producers consists of the market price and a fixed premium which 

depends on the technology used. In order to make the support scheme more stable and 

predictable, the Royal Decree 436/2004 in 2004 gives the renewable producers free choice 

between Feed-in tariffs and Feed-in premium. Therefore, in this period, the combination of FIT 

and FIP support schemes truly set off the rapid growth in renewable generations22 (Ciarreta, 

Pizarro-Irizar, and Zarraga, 2020). However, two major problems follow the combined support 

scheme: on one hand, both the consumer cost and the tariff deficit increase a lot, leading to a 

great pressure on the finance situation nationwide (Ciarreta, Pizarro-Irizar, and Zarraga, 2020); 

on the other hand, the renewable supply is insensitive to the demand situation (Held et al., 2007) 

suggesting an inefficient allocation of resources. As a result, in 2007, the Royal Decree 

661/2007 makes several modifications on the support schemes. First, cap and floor prices are 

introduced for the overall remuneration level. Second, different tariffs are established 

distinguishing peak hours and off-peak hours. Thus, this modification on the support scheme 

subjects the renewable producers to higher market price risk and the demand risk. Yet the 

financial black hole still keeps growing23. In the period from 2007 to 2012, there are more cuts 

to the tariffs and more fees are charged to renewable producers (for example a grid access fee). 

Then, in 2012, there is a temporary suppression of the FIT-FIP support scheme, signaling a 

two-year period of renewable policy uncertainty. In the early of 2013, the FIT-FIP system is 

abolished sequentially and formally. Finally, a new incentive system comes into force in 2014. 

This new incentive scheme (Royal Decree 413/2014) regulates that supplements will only be 

given when the government decides that one facility cannot recover its costs by market sale 

and that the total revenues received by that facility including this remuneration shall not exceed 

the reasonable profitability level which is linked to the government bonds (see del Río, Calvo-

Silvosa, and Iglesias, 2015; Ciarreta, Pizarro-Irizar, and Zarraga, 2020 for detailed discussion). 

Compared to the previous supportive scheme, the new one reduces significantly the revenue of 

many renewable facilities as they receive much less remuneration than before while making 

them more subject to the volatility of power returns. Moreover, another main concern for this 

new incentive scheme is its uncertainty. Since the government is able to revise the crucial 

parameters that can change the remuneration levels every six years, the producers and the 

 
22 Renewable’s share over gross production went from 9% in 2004 to 28% in 2013 according to REE.  
23 The tariff deficit increased from €0.25 billion in 2000 to €26 billion in 2013 (Ciarreta, Pizarro-Irizar, and 
Zarraga, 2020). 
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investors cannot anticipate the support levels after six years or even three years (del Río, Calvo-

Silvosa, and Iglesias, 2015)24. Therefore, this change in renewable support scheme brings great 

uncertainty both to the future green investment and to the revenue prospect of existing facilities. 

In Figure 3.1, we plot the daily electricity prices and the daily renewable shares over gross 

production from 1st May 2001 to 31st December 2017. Additionally, we indicate major Spanish 

renewable energy regulations published during that period in Figure 3.1 as well25. 

[INSERT FIGURE 3.1 HERE] 

From Figure 3.1, we observe that the share of renewable generation over gross generation starts 

to grow steadily after the adoption of combined FIT-FIP support scheme in 2004 with only a 

few turndowns in 2008 and 2009 which may be caused by the global financial crisis. Then, 

with more restrictions on remuneration and increasing cost for grid access after 2007, the 

renewable share stays constant but shows higher volatility than before. After 2014 when the 

new incentive scheme is in force, the fluctuation of renewable share becomes even more 

intensified. The same pattern can also be observed in the daily prices. On one hand, with higher 

renewable share, the daily price experiences more downward pressure. On the other hand, from 

2010, the volatility of the daily price becomes higher, especially in the period from 2012 to 

2014 which is consistent with the uncertain period of renewable energy policy.  

3.4.2 Methodology 

Following Ciarreta, Pizarro-Irizar, and Zarraga (2020), we use dummies to account for 

different support schemes. Specifically, we have one dummy for the period from 2004 to 2007 

(the combination of FIT and FIP scheme), one dummy for the period from 2007 to 2012 (FIP 

with cap and floor and cuts of tariff system), one dummy for the period from 2012 to 2014 (the 

abolishment of renewable support), and one dummy for the period from 2014 to 2017 (the new 

market-based remuneration scheme). We first include these dummies in the variance equation 

of GARCH and EGARCH model as well as the mean equation of realized variance to study 

whether the variance of power returns would be different under different support schemes, as 

shown by equation (3.19), (3.20) and (3.21). 

For the GARCH(1,1) model, we introduce dummies in the variance equation (3.3) as  

 
24 With FIT-FIP system, the incentive level was set for 20 years. 
25 The regulations are organized based on Ciarreta, Pizarro-Irizar, and Zarraga (2020). 
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For the EGARCH(1,1) model, we introduce dummies in the variance equation (3.4) as 
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For the robust linear regression on realized variance, we introduce dummies in the mean 

equation (3.17) as  

𝑅𝑉) = 𝑐 +å𝛼0𝑅𝑉)%0

!

0Y&

+å𝛽0𝜀)%0

o

0Y&

+ 𝜙𝑅𝐸𝑆 + å 𝜂n

3

nY&

𝑑𝑢𝑚𝑚𝑦n +

å𝜁K

A

KY&

𝐶𝑜𝑛𝑡𝑟𝑜𝑙K + 𝜀) (3.21)

 

Then, we go further to include the interaction terms between the variable of interest, namely 

the renewable supply, and the dummies in order to study whether the impact of renewables on 

the variance of power returns would differ under different support schemes. According to 

Winkler et al. (2016), we would expect that the renewables’ influence on the variance of 

electricity returns should be lower after the introduction of the new rate-based support schemes. 

For the GARCH(1,1) model, we introduce the interaction terms in the variance equation (3.3) 

as  
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𝐶𝑜𝑛𝑡𝑟𝑜𝑙K (3.22)

 

For the EGARCH(1,1) model, we introduce the interaction terms in the variance equation (3.4) 

as 
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For the robust linear regression on realized variance, we introduce the interaction terms in the 

mean equation (3.17) as  
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3.5 Data  

In this chapter, we use weekly average data to minimize short-term spikes in the price. This is 

justified especially in policy evaluation studies (Ciarreta, Pizarro-Irizar, and Zarraga, 2020; 

Aperigis and Lau, 2015). First, we obtain the intraday hourly prices from OMIE with the period 

spans from 1st May 2001 to 31st December 2017. Then we compute daily average prices by 

taking the arithmetic mean of the hourly prices. Daily returns are obtained as the difference 

between the logarithm of daily prices. Lastly, weekly returns are the average of 7 days daily 

returns. The use of weekly returns can eliminate short-term extreme shocks on return volatility 

which seems to be appropriate in this study. For the realized daily variance, we calculate the 

hour-returns based on equation (3.6) and the daily returns on equation (3.10). Then, as we 

showed previously that the consistent estimator for the latent daily variance is the squared daily 

return, we get the realized measure by squaring the obtained daily returns according to equation 

(3.16). Finally, we take the average of 7 days of daily returns to obtain the weekly realized 

variance measures.  

Table 3.1 depicts the main statistics of the weekly returns and realized variance of power 

returns. The average return is near zero with standard deviation to be 0.20. The series is 

negatively skewed (-0.6) and has quite fat tails (kurtosis=22.17). Meanwhile, the mean realized 

variance is 0.04 with standard deviation to be 0.19. Its skewness is 9.46 and kurtosis is 103.64, 

suggesting very asymmetrical distribution with very fat tails. Thus, the weekly returns and 

weekly realized variance are not normally distributed. We also report unit root tests for the two 

series and find no significant evidence against stationarity. 
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[INSERT TABLE 3.1 HERE] 

As we have discussed in chapter one, the intraday position of renewable producers is affected 

by both the market price risk and the renewable generation conditions. Therefore, the 

renewable producers’ intraday supply is greatly influenced by the support scheme adopted by 

the market. Ito and Reguant (2016) show that the wind producers’ day-ahead hedge ratio that 

is calculated as the day-ahead supply over the total supply will decrease significantly once the 

support scheme changes to fixed tariffs. Thus, for the variable of interest, we choose to use the 

renewable intraday supply over total supply 26  to account for the relative changes of the 

renewable intraday position. We define the variable, the Intraday RES supply ratio, as equation 

(3.25) shows: 

𝐼𝑛𝑡𝑟𝑎𝑑𝑎𝑦	𝑅𝐸𝑆	𝑠𝑢𝑝𝑝𝑙𝑦	𝑟𝑎𝑡𝑖𝑜)

=
𝐼𝑛𝑡𝑟𝑎𝑑𝑎𝑦	𝑅𝐸𝑆	𝑟𝑒𝑛𝑒𝑤𝑎𝑏𝑙𝑒	𝑠𝑢𝑝𝑝𝑙𝑦)

𝐼𝑛𝑡𝑟𝑎𝑑𝑎𝑦	𝑅𝐸𝑆	𝑟𝑒𝑛𝑒𝑤𝑎𝑏𝑙𝑒	𝑠𝑢𝑝𝑝𝑙𝑦) + 𝐷𝑎𝑦 − 𝑎ℎ𝑒𝑎𝑑	𝑅𝐸𝑆	𝑟𝑒𝑛𝑒𝑤𝑎𝑏𝑙𝑒	𝑠𝑢𝑝𝑝𝑙𝑦)
							(3.25) 

Using the market trading data at unit level from OMIE, we obtain the day-ahead renewable 

supply and intraday renewable supply per hour per day from 1st May 2001 to 31st December 

2017. Then, the weekly day-ahead renewable supply and weekly intraday renewable supply 

are computed as the average of 7 days of daily day-ahead renewable supply and intraday 

renewable supply. At last, the weekly intraday RES supply ratio is derived according to 

equation (3.25). Note that the intraday position of renewable producers can be negative if they 

buy more electricity in the intraday market than they sell in both markets. To control for 

endogeneity, we also obtain oil price, carbon price, coal price, total electricity load and 

renewable generation share over total generation as control variables. Table 3.2 gives the 

descriptive statistics of the weekly average of these independent variables.  

[INSERT TABLE 3.2 HERE] 

The weekly intraday RES supply ratio is not normally distributed with mean to be around 0.03, 

positive skewness (0.41) and high kurtosis (101.23). Meanwhile, the variable ranges from -

1.49 to 0.36. As discussed earlier, we believe there should be a positive correlation between 

the intraday renewable supply and the variance of power returns. To better illustrate the 

dynamic of the correlation, we obtain the time series of correlation coefficients between the 

monthly average renewable intraday supply ratio and realized variance using a rolling window 

 
26 Total supply is the supply of renewable producers both in the day-ahead market and the intraday market.  
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of 12 observations and plot it in Figure 3.2. From the plot, the correlation is generally negative 

before 2007 with a few positive values in 2004. This coincides with the low renewable 

generation period. With such low level of green production, the renewable intraday supply’s 

influence is quite small. We find 23 out of 50 negative correlation coefficients are between 0 

and -0.2 confirming that most of the time in that period the correlation is weak. Meanwhile, as 

renewable share started to increase because of the FIT-FIP incentive scheme put in force since 

2004, the correlation coefficient begins to rise as well. After 2007, the correlation becomes 

positive and remains to be positive until the end of the sample. From Figure 3.1, we know that 

2007 is the year that the renewable share goes up rapidly. And Ciarreta, Pizarro-Irizar, and 

Zarraga (2020) also mention that after the enactment of RD 661/2007 there is a boost of 

renewable energy. Thus, the increasingly importance of renewable generation explains the 

positive and rising correlations between the realized variance and the intraday supply of 

renewables.  

[INSERT FIGURE 3.1 HERE] 

3.6 Regression Results 

To begin with, we provide results of the benchmark regressions without support scheme 

dummies in Table 3.3. Since carbon was traded from 2007, we run the regressions using full 

sample data first without carbon return and coal return. In the mean equation, we find that the 

power returns and the realized variance of power returns are both significantly autocorrelated, 

as the AR(1) and MA(1) terms are significant in all regressions. But we find no evidence on 

the seasonality of power returns or the realized variance of power returns. Regarding to the 

variance, in EGARCH(1,1) model, we find significant leverage effect suggesting that bad news 

increases electricity return’s variance while good news decreases the variance. This result is 

inconsistent with some literature that find inverse leverage effect in variance of electricity 

prices (Knittel and Roberts, 2005; Liu and Shi, 2013; Ciarreta, Pizarro-Irizar, and Zarraga, 

2020). Then, as expected, we observe consistent result confirming the significant and positive 

impact of renewable intraday supply on the variance of electricity intraday returns. This result 

indicates that more renewable supply in the intraday market the higher the variance of power 

intraday returns. Since both the renewable supply and the variance of power returns can be 

affected by the carbon price, we then include the carbon returns and coal returns as control 

variables in the regressions on reduced sample. We see that the previous results still hold. 

Moreover, we find that the renewable generation share also has significantly positive 
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relationship with the variance of power returns which is consistent with the literature 

(Edenhofer et al., 2013; Rubin and Babcock, 2013; Ketterer, 2014). 

[INSERT TABLE 3.3 HERE] 

Next, we introduce the support scheme dummies into the regressions and report the results in 

Table 3.4. For the regressions with only support scheme dummies, all previous results are again 

confirmed. There is consistent evidence showing that the power returns are autocorrelated as 

AR(1) and MA(1) terms are all significant. And leverage effect still holds in EGARCH (1,1) 

model. With regards to the renewables’ impact on the variance, we again find significant and 

positive coefficient of renewable intraday supply ratio in all three regressions. However, 

looking at the support scheme dummies, we discover significant and negative coefficients of 

the dummies in the variance equation of both GARCH(1,1) and EGARCH (1,1) models, 

implying that the variance of power returns is decreasing in the process of heading to a more 

market-oriented renewable support scheme. Particularly, the coefficient of the dummy for the 

period from 2007 to 2012 and the coefficient of the dummy for the period from 2014 to 2017 

in the variance equation of GARCH(1,1) and EGARCH(1,1) model are the lowest, suggesting 

that the variance of power returns is on average the lowest when cap and floor are introduced 

to the support system and when the new rate-based support scheme is in place. This result is 

consistent with the result from Ciarreta, Pizarro-Irizar, and Zarraga (2020), indicating that the 

new renewable support scheme decreases the variance of power returns. Yet, we observe no 

significant results for the dummies in the linear regression on the realized variance measure.  

Lastly, we include the interactions between the renewable intraday supply ratio and the 

renewable support scheme dummies in the regressions. Again, from GARCH(1,1) and 

EGARCH (1,1) model, we find that the variance of power returns is lower during the period of 

2007 to 2012 and the period of 2014 to 2017. Meanwhile, all previous results on the 

autocorrelation of power returns and leverage effect in variance are confirmed. As the 

renewable supportive scheme would affect the renewable intraday position, we expect that the 

relationship between the renewable intraday supply ratio and the variance of power returns 

would be different under different support scheme. Based on Winkler et al. (2016), the 

renewables’ influence on the variance of electricity returns should be lower after the 

introduction of the new rate-based support schemes than it is under the FIT-FIP scheme. 

However, our results don’t support this expectation. We find consistent and significant 

evidence showing that the renewable intraday supply increases the variance of power returns 
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in the period of the abolishment of FIT-FIP support scheme during 2012 to 2014. Additionally, 

the EGARCH(1,1) model suggests that the effect of renewable intraday supply on the variance 

of power returns also becomes larger in the period of introducing cap and floor to FIP and 

establishing more tariff system cuts during 2007 to 2012. But we don’t observe any evidence 

indicating that the adoption of new incentive scheme would alter the renewables’ impact on 

the variance of power returns. This result implies that the uncertainty of renewable supportive 

scheme would amplify the renewables’ impact and lead to higher variance of electricity returns. 

And there is no significant difference in the relationship between the renewable intraday supply 

ratio and the variance of power returns comparing the FIP support scheme, the FIP-FIT support 

scheme, and the new rate-based incentive scheme in the Spanish power market. 

[INSERT TABLE 3.4 HERE] 

3.7 Conclusions 

This chapter asks the question of whether the renewables’ impact on the power market would 

be different under different renewable support schemes. In the transition process to low-carbon 

economies, the Renewable Energy Sources starts to play an increasingly important role in 

altering the power market. In the literature, it has been shown that more renewable generation 

is related with lower average electricity prices because of the merit order effect (Edenhofer et 

al., 2013; Rubin and Babcock, 2013). However, more renewable generation also increases 

significantly the volatility of electricity returns (Kyritsis, Andersson, and Serletis, 2017; 

Rintamäki, Siddiqui, and Salo, 2017). In chapter one, we argue that the renewable supply is 

affected by both the market prices and the renewable generation conditions. These two factors 

can be greatly influenced by the renewable support scheme adopted by the market. Therefore, 

different support scheme would change the renewable producers’ positions and then alter the 

impact of renewables on the power market. Focusing on the Spanish intraday market, we 

provide preliminary empirical evidence on the renewables’ impact on the variance of power 

returns under different support schemes. To obtain robust and consistent answers to the 

research question, we apply three different methods that are commonly used in the literature. 

Specifically, we use two univariance GARCH-type models and one robust regression using 

realized variance measure. To account for the fat tails in the return series, we assume student 

t-distribution of the errors. While GARCH-type models are applied to power returns directly, 

the LS regression on the realized variance measure needs to use the robust estimator of the 

latent variance of power returns. One contribution of this chapter is that we discuss and derive 
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the robust estimator of realized daily variance of power returns when the power market is 

organized as an auction.  

Using detailed trading data at unit level, we obtain weekly average of the renewable producers’ 

intraday supply ratio and intraday power returns from 2001 to 2017. We find that first the 

power intraday weekly-average returns are significantly autocorrelated, but there is no strong 

evidence of seasonality. Second, we observe leverage effect, instead of inverse leverage effect, 

in the variance of power returns. Thus, the volatility of power returns is more sensitive to 

negative shocks than positive shocks. This is inconsistent with some literature (Knittel and 

Roberts, 2005; Liu and Shi, 2013; Ciarreta, Pizarro-Irizar, and Zarraga, 2020). Third, there is 

consistently and significantly positive relationship between the renewables’ intraday supply 

ratio and the variance of power returns, providing supportive evidence on this topic (Ketterer, 

2014; Pereira da silva and Horta, 2019). Also, the renewable generation share has significant 

and positive association with the variance of power returns. These results confirm that more 

renewable generation leads to higher variation of electricity returns and point out the 

importance of managing properly the renewable generation for the power market.  

As the renewable support schemes are critical for supporting the development of renewable 

generation, lowing the renewable generation cost and changing the extent to which the 

renewable producers are exposed to the market price risk, we expect that the impact of 

renewable producers’ intraday supply on the power market would change under different 

support schemes adopted by the Spanish power market. Winkler et al. (2016) argue that a more 

market-oriented support scheme, such as market premium, discourages the renewable 

producers to accept extreme low prices, and thus decreases the renewables’ impact on power 

volatility. To empirically test this argument, we introduce renewable support scheme dummies 

that account for four periods of adjustment on the renewable policy in Spain. Following the 

literature, these four periods are: the period from 2004 to 2007 (the combination of FIT-FIP 

support scheme), the period from 2007 to 2012 (the establishment of cap and floor to the 

premium and the cuts to the tariff system), the period from 2012 to 2014 (the abolishment of 

FIT-FIP), and the period from 2014 to 2017 (the new rate-based remuneration scheme). 

Including the dummies in the variance equations, we find that the variance of power returns is 

on average lower when cap and floor are introduced to the support system and when the new 

rate-based support scheme is in place. This is consistent with the literature arguing that 

renewable support schemes can help decrease price volatility (Ciarreta, Pizarro-Irizar, and 

Zarraga, 2020). Then we introduce the interaction variables between the renewable intraday 
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supply ratio and the support scheme dummies. We observe that the renewable intraday supply 

has higher impact on the variance of power returns during the period from 2012 to 2014 when 

the FIT-FIP scheme is abolished and the new renewable policy is unknown. The result implies 

that the uncertainty of renewable policy would amplify the renewables’ effect on the power 

market and cause greater variation in the market returns. But, so far, we have no strong 

evidence suggesting any significant difference in the relationship between the renewable 

intraday supply ratio and the variance of power returns comparing different support schemes 

in the Spanish power market. Further study on the change of renewable intraday position under 

different support schemes is needed to provide more insight on the research question. We 

believe the study could provide insights on the renewable support policy that can stabilize the 

electricity returns in terms of renewables’ impact.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 84 

Tables 
 

Table 3. 1  

Statistics on the power returns and realized variance of returns (weekly average).  

Among the four unit root tests, the Augmented Dickey-Fuller test (ADF), the Phillips-Perron (PP) test, and the 
Elliott-Rothenberg-Stock DF-GLS test (ERS) have null hypothesis of the series has a unit root. While, the 
Kwiatkowski-Phillips-Schmidt-Shin test (KPSS) has null hypothesis of the series is stationary. We denote the 
significance of the statistics from the four unit root tests with *** (1%), ** (5%), * (10%) respectively.  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 Returns Realized variance of returns 

Mean 0.0006 0.04 

Median 0.004 0.005 

Maximum 1.45 2.59 

Minimum -1.61 5.18´10-8 

Std. Dev. 0.20 0.19 

Skewness -0.60 9.46 

Kurtosis 22.17 103.64 

Jarque-Bera 13352.64 379683.7 

Probability 0 0 

Observation 869 869 

                       Unit root tests 

ADF test -19.95*** -11.41*** 

PP test -43.91*** -26.99*** 

ERS test -1.63*** -11.33*** 

KPSS test 0.04 0.25 
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Table 3. 2  

Descriptive statistics of independent variables.  

Note: all variables are averaged over daily observations of 7 days to get weekly value. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 

 Oil Price  
Carbon 

Price 
Coal Price 

Load 

Change 

Renewable 

Share 

Renewable 

intraday 

supply ratio 

Mean 67.61 91.44 87.17 0.0004 0.13 0.03 

Median 62.10 93.25 80.77 0.001 0.12 0.02 

Maximum 143.46 125.05 215.80 0.51 0.35 0.36 

Minimum 18.27 48.72 43.48 -0.64 0.01 -1.49 

Std. Dev. 30.90 18.36 28.91 0.07 0.08 0.09 

Skewness 0.29 -0.13 1.54 -0.74 0.41 -5.25 

Kurtosis 1.91 1.93 6.31 17.59 2.17 101.23 

Jarque-Bera 55.52943 29.18744 509.751 7786.07 49.51838 353389 

Probability 0 0 0 0 0 0 

Observations 869 574 597 869 869 869 
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Table 3. 3  

Estimations of GARCH(1,1) and EGARCH(1,1) on power returns, and Robust regression on realized variance 
measures for both full sample and reduced sample.  

Note: Errors are assumed to follow student t distribution. We denote the significance level with *** (1%), ** 
(5%), * (10%) respectively. 

 

 

 

 

 

 

 

 

 

 
 

Variables 
Full Sample Reduced Sample 

GARCH EGARCH Realized Variance GARCH EGARCH Realized Variance 

 Mean  Mean 

Constant -1.12*** -0.07 32.53** 0.19 -0.19 33.77 

Month 0.002 0.002 -0.01 -0.01 0.003 -0.01 

Quarter -0.006 -0.003 0.02 0.04 -0.008 0.02 

Year 0.001*** 0.00 -0.02** -0.0001 9.72´10-5 -0.02 

AR(1) 0.6*** 0.66*** 0.82*** -0.02 0.48*** 0.84*** 

MA(1) -0.77*** -0.80*** -0.67*** -0.02 -0.66*** -0.72*** 

 Variance  Variance  

Constant 0.002* -1.02***  0.02*** -2.05***  

Resid(-1)2 0.45*** 0.51***  0.25*** 0.48***  

Resid(-1)  -0.17***   -0.21***  

GARCH(-1) 0.59*** 0.86***  0.51*** 0.73***  

RES intaday supply ratio 0.01*** 1.07*** 0.16** 0.04*** 3.89*** 0.32* 

RES share 0.001 0.53* 1.23*** -0.05*** 3.62*** 1.46*** 

Oil -0.02 0.17 0.09 0.07 0.95 0.19 

Load -0.01 0.05 0.09 -0.02 -0.84 0.19 

Carbon Return    0.02 -3.76 0.22 

Coal Return    -0.05*** -0.77 -0.13 

Error distribution  student t student t student t student t student t student t 

Observations 868 868 869 573 573 573 
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Table 3. 4  

Estimations of GARCH(1,1) and EGARCH(1,1) on power returns, and Robust regression on realized variance 
measures including the support scheme dummies.  

Note: Errors are assumed to follow student-t distribution. We denote the significance level with *** (1%), ** 
(5%), * (10%) respectively. 

 

Variables 

Without Dummies interact with RES supply 
With Dummies interact with RES 

supply 

GARCH EGARCH 
Realized 

Variance 
GARCH EGARCH 

Realized 

Variance 

 Mean Mean 

Constant 0.38 -0.85* 13.87 0.28 0.11 17.53 

Month -0.01*** 0.002 -0.01 0.0002 -0.001 -0.01 

Quarter 0.04*** -0.01 0.02 2.32´10-5 -0.004 0.02 

Year -0.0002 0.0004* -0.01 -0.0001 -5.6´10-5 -0.009 

AR(1) 0.008* 0.61*** 0.78*** 0.57*** 0.98*** 0.77*** 

MA(1) -0.09* -0.77*** -0.64*** -0.74*** -0.99*** -0.63*** 

 Variance  Variance  

Constant 0.02*** -0.95***  0.01** -2.01***  

Resid(-1)2 0.4*** 0.55***  0.39*** 0.49***  

Resid(-1)  -0.13**   -0.23***  

GARCH(-1) 0.36*** 0.63***  0.47*** 0.61***  

RES intraday supply ratio 0.01*** 2.21*** 0.17** -0.02 2.08* 0.52* 

RES share 0.02*** 6.99*** 1.34*** 0.03*** 6.37*** 1.17*** 

Oil 0.01*** -0.3 0.08 -0.004 0.27 0.08 

Load -0.02*** 0.01 0.09 -0.01** 0.48 0.09 

Dummy_1 -0.020*** -0.34** -0.03 -0.004 -0.36*** -0.001 

Dummy_2 -0.024*** -1.14*** -0.01 -0.01** -1.18*** -0.05 

Dummy_3 -0.017** -0.93*** -0.06 -0.006 -0.86*** -0.02 

Dummy_4 -0.024*** -1.52*** -0.17 -0.01** -1.38*** -0.09 

Dummy_1´ RES intraday supply 

ratio 
   0.03 0.23 -0.47 

Dummy_2´ RES intraday supply 

ratio 
   0.03 3.37* -0.52 

Dummy_3´ RES intraday supply 

ratio 
   0.09* 6.07* 1.41* 

Dummy_4´ RES intraday supply 

ratio 
   0.03 2.02 0.24 

Error distribution  student t student t student t student t student t student t 

Observations 868 868 869 868 868 869 
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Figures  
 

Figure 3. 1  

The dynamics of Day-ahead daily prices (Left) and the Renewable share of Spanish power market (Right).  

Note: We also indicate six major renewable regulations in the period. 

Figure 3. 2  

The dynamics of correlation coefficients between the realized variance and the intraday supply of RES-E units 

(monthly).  

Note: The correlation coefficients are obtained using a rolling window of 12 observation (yearly). 
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Appendix to Chapter 1 
 

A.1 The optimal spot Price 

In this section, we provide details of deriving the optimal spot price by maximizing the profit 

function of conventional producer 𝑖.  
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Taking the first derivative with respect to 𝑃-, we get 
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Re-arrange the above equation, the following the expression can be obtained 
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And solving for the optimal spot price 𝑃-∗  
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Which is text equation (1.7). 

A.2 The change of optimal spot price with green supply 

In this section, we compare equation (7) with the model-based optimal spot price from B&L 

(2002) regarding to the mean and the variance. First, it is necessary to list the equation of 

optimal spot price from B&L (2002) below. 
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For the difference between the means, we get  
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$%&2d > 0 ; If 𝑏* → 0 , 𝐸(𝑃-\ ) −

𝐸(𝑃-∗ ) → −∞. 

For the difference between the variances, we first rewrite the text equation (7) as  

𝑃-∗ =
1

2𝑏*𝑁'
(𝑄(+ + ϵ) +

1
2
𝑎𝑄"!

$%& (𝐴. 2 − 3) 

Thus,  

𝑉𝑎𝑟(𝑃-∗ ) = I
1

2𝑏*𝑁'
J
*

𝑉𝑎𝑟(𝑄(+ + ϵ) +
1
4
𝑉𝑎𝑟1𝑎𝑄"!

$%&2 +
1

2𝑏*𝑁'
𝑐𝑜𝑣1𝑄(+ + ϵ, 𝑎𝑄"!

$%&2

= I
1

2𝑏*𝑁'
J
*

𝑉𝑎𝑟(𝑄(+ + ϵ) +
1
4𝑉𝑎𝑟

1𝑎𝑄"!
$%&2																																						

 

																																																																																																																																																							(𝐴. 2 − 4) 

Note that 𝑐𝑜𝑣1𝑄(+ + ϵ, 𝑎𝑄"!
$%&2 = 0 because neither the renewable forward supply nor the spot 

demand is correlated with the conventional production by design.  

Then, the difference between the variances is 

𝑉𝑎𝑟(𝑃-\ ) − 𝑉𝑎𝑟(𝑃-∗ ) =
3
4𝑉𝑎𝑟1𝑎𝑄"!

$%&2 − I
1

2𝑏*𝑁'
J
*

𝑉𝑎𝑟(𝑄(+ + ϵ) (𝐴. 2 − 5) 

If 𝑏* → ∞, 𝑉𝑎𝑟(𝑃-\ ) − 𝑉𝑎𝑟(𝑃-∗ ) →
2
3
𝑉𝑎𝑟1𝑎𝑄"!

$%&2 > 0; If 𝑏* → 0, 𝑉𝑎𝑟(𝑃-\ ) − 𝑉𝑎𝑟(𝑃-∗ ) →

−∞. 

A.3 The conventional production as a function of the optimal spot price 

In this section, we derive step by step the text equation (1.10) in which the conventional 

production is a function of 𝑃-. Before formal derivation, we first give descriptions on Taylor’s 

expansion that helps to give the approximation of function 𝐹~ where 𝑧 is a constant around the 

point 𝐸(𝐹), such as 
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𝐹𝑧 = [𝐸(𝐹)]𝑧 !1 − 𝑧 +
𝑧(𝑧 − 1)

2 "+ 𝑧(2 − 𝑧)[𝐸(𝐹)]𝑧−1𝐹+
𝑧(𝑧 − 1)

2 [𝐸(𝐹)]𝑧−2𝐹2 

Thus, applying Taylor’s expansion, we get  

𝑄𝐵𝑖
𝑐−1 = !

(𝑐 − 2)(𝑐 − 3)
2 "𝐸 %𝑄𝐵𝑖&

𝑐−1
+ (𝑐 − 1)(3 − 𝑐)𝐸 %𝑄𝐵𝑖&

𝑐−2
𝑄𝐵𝑖

+
(𝑐 − 2)(𝑐 − 1)

2 𝐸 %𝑄𝐵𝑖&
𝑐−3

𝑄𝐵𝑖
2  

                                                                                                                                     (𝐴. 3 − 1) 

Then, replacing 𝑄"!
$%& in text equation (1.11) with expression (A.3-1), we get 

𝑎
2
(𝑐 − 1)(𝑐 − 2)

2 𝐸 %𝑄𝐵𝑖&
𝑐−3

𝑄𝐵𝑖
2 + +

𝑎
2	 (𝑐 − 1)(3 − 𝑐)𝐸 %𝑄𝐵𝑖&

𝑐−2
,𝑄𝐵𝑖

+
𝑎(𝑐 − 2)(𝑐 − 3)

4 𝐸 %𝑄𝐵𝑖&
𝑐−1

+
𝑏1
2𝑏2

𝑃𝐹 +
ϵ

2𝑏2𝑁𝑔
−𝑃𝑊 = 0 

                                                                                                            (𝐴. 3 − 2) 

According to quadratic formula and considering 𝑄"! > 0, we can solve (A.3-2) and get 𝑄"! as 

a function of 𝑃- as shown by text equation (1.10).  

A.4 The optimal forward premium 

In this section, the forward premium is derived in detail. First, according to text equation (1.12), 

we can write the optimal forward position of all conventional producers and the retailers in 

similar format as expression (A.4-1) and (A.4-2) shows respectively.  

𝑄𝐵
𝐹 = 𝑁𝑃

𝑃𝐹 −𝐸(𝑃𝑊)
𝐴𝑉𝐴𝑅(𝑃𝑊)

+𝑁𝑃
𝐶𝑂𝑉 %𝜌𝑝, 𝑃𝑊&
𝑉𝐴𝑅(𝑃𝑊)

(𝐴. 4 − 1) 

𝑄𝑅
𝐹 = 𝑁𝑟

𝑃𝐹 −𝐸(𝑃𝑊)
𝐴𝑉𝐴𝑅(𝑃𝑊)

+𝑁𝑟
𝐶𝑂𝑉2𝜌𝑅, 𝑃𝑊3
𝑉𝐴𝑅(𝑃𝑊)

(𝐴. 4 − 2) 

Second, the sum of all forward position of green producers are defined in the model, as 

expression (A.4-3) shows: 

𝑄𝐺
𝐹 = 𝑁𝑔𝑏1𝑃𝐹 (𝐴. 4 − 3) 

Since the forward market should clear, 𝑄(+ + 𝑄C+ + 𝑄"+ = 0, as demand by design has negative 

sign, which gives: 



 iv 

𝑃𝐹 −𝐸(𝑃𝑊)
𝐴 ∗ 𝑉𝐴𝑅(𝑃𝑊)

(𝑁𝑃 +𝑁𝑟)+
𝑁𝑃𝐶𝑂𝑉 %𝜌𝑝, 𝑃𝑊&+𝑁𝑟𝐶𝑂𝑉2𝜌𝑅, 𝑃𝑊3

𝑉𝐴𝑅(𝑃𝑊)
+𝑁𝑔𝑏1𝑃𝐹 = 0 (𝐴. 4 − 4) 

Re-arrange equation (A.4-4), we get 

					𝑃+ − ]
𝑁B + 𝑁!

1𝑁B + 𝑁!2 + 𝐴𝑁'𝑏&𝑉𝐴𝑅(𝑃-)
^ 𝐸(𝑃-)

= −
𝐴

1𝑁B + 𝑁!2 + 𝐴𝑁'𝑏&𝑉𝐴𝑅(𝑃-)
ÿ𝑁!𝑐𝑜𝑣1𝜌!, 𝑃-2 + 𝑁B 𝑐𝑜𝑣(𝜌C , 𝑃-)Ÿ 

                                                                                                                                     (𝐴. 4 − 5) 

The “but-for-hedge” profit of conventional producers and the retailers are defined in text 

equation (1.13) and (1.14). Therefore, the right side of equation (A.4-5) equals to: 

−
𝐴

1𝑁B + 𝑁!2 + 𝐴𝑁'𝑏&𝑉𝐴𝑅(𝑃-)
ÿ𝑁!𝑐𝑜𝑣1𝜌!, 𝑃-2 + 𝑁B 𝑐𝑜𝑣(𝜌C , 𝑃-)Ÿ

= −
𝐴

1𝑁B + 𝑁!2 + 𝐴𝑁'𝑏&𝑉𝐴𝑅(𝑃-)
_𝑃C𝑐𝑜𝑣(𝑄. , 𝑃-) − 𝑁' 𝑐𝑜𝑣 b𝑃-𝑄(" , 𝑃-c

−
𝑎
𝑐 𝑁!𝑐𝑜𝑣11𝑄"!2

$ , 𝑃-2d	

																																																																																																																																																						(𝐴. 4 − 6)	

Text equation (1.15) is obtained by replacing the right side of expression (A.4-5) with (A.4-6). 

A.5 The ex-ante forward premium as a function of the moments of the spot prices’ 

distribution 

In this section, we expand text equation (1.15) and give details of derivation of text equation 

(1.17). First, we re-write all covariance terms in expression (A.4-6) to be covariances between 

the conventional production and the spot price. By design, 𝑄. =
A,9$!
(&%!)

. And 𝑁'𝑄(" = 𝑄. −

𝑁!𝑄"!. Then, (A.4-6) equals to: 

ÿ𝑁!𝑐𝑜𝑣1𝜌!, 𝑃-2 + 𝑁B 𝑐𝑜𝑣(𝜌C , 𝑃-)Ÿ

=
𝑃C𝑁!
1 − 𝑝 𝑐𝑜𝑣1𝑄"! , 𝑃-2 +

𝑁!
𝑝 − 1 𝑐𝑜𝑣1𝑃-𝑄"! , 𝑃-2 −

𝑁!𝑎
𝑐 𝑐𝑜𝑣1𝑄"!

$ , 𝑃-2 

                              (𝐴. 5 − 1) 
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Second, from expression (A.5-1) we see that in order to derive text equation (1.17) we need to 

have 𝑐𝑜𝑣1𝑄"! , 𝑃-2, 𝑐𝑜𝑣1𝑃-𝑄"! , 𝑃-2 and 𝑐𝑜𝑣1𝑄"!
$ , 𝑃-2.  

So, re-define text equation (1.12) as 𝑄"! = 𝛼& + 𝛼*(𝑌)
(
* in which 𝑌 = 𝛼2* − 𝛼3 + 𝛼4𝑃-. 

Applying Taylor’s expansion, we get: 

𝑄"! = 𝛼& + 𝛼*(𝑌)
&
* = 𝛼& + 𝛼* u

3
8𝐸

(𝑌)
&
* +

3
4𝐸

(𝑌)%
&
*𝑌 −

1
8𝐸

(𝑌)%
2
*𝑌*v

= 𝛼&

+ 𝛼* uö
3
8𝐸

(𝑌)
&
* +

3
4𝐸

(𝑌)%
&
*(𝛼2* − 𝛼3) −

1
8𝐸

(𝑌)%
2
*(𝛼2* − 𝛼3)*ú

+ ö
3
4𝐸

(𝑌)%
&
*𝛼4 −

1
4𝐸

(𝑌)%
2
*(𝛼2* − 𝛼3)𝛼4ú 𝑃- −

1
8𝐸

(𝑌)%
2
*𝛼4*𝑃-* v 

               (𝐴. 5 − 2) 

Then, with expression (A.5-2), we can continue to acquire 𝑐𝑜𝑣1𝑄"! , 𝑃-2and 𝑐𝑜𝑣1𝑃-𝑄"! , 𝑃-2 

as discussed above. 

𝑐𝑜𝑣1𝑄"! , 𝑃-2 = 𝛼* uö
3
4𝐸

(𝑌)%
&
*𝛼4 −

1
4𝐸

(𝑌)%
2
*(𝛼2* − 𝛼3)𝛼4ú 𝑉𝐴𝑅(𝑃-)

−
1
8𝐸

(𝑌)%
2
*𝛼4*𝑐𝑜𝑣(𝑃-* , 𝑃-)v 

                                                                                                                                     (𝐴. 5 − 3) 

And, 

𝑐𝑜𝑣1𝑃-𝑄"! , 𝑃-2

= 𝛼&𝑉𝐴𝑅(𝑃-)

+ 𝛼* uö
3
8𝐸

(𝑌)
&
* +

3
4𝐸

(𝑌)%
&
*(𝛼2* − 𝛼3) −

1
8𝐸

(𝑌)%
2
*(𝛼2* − 𝛼3)*ú 𝑉𝐴𝑅(𝑃-)

+ ö
3
4𝐸

(𝑌)%
&
*𝛼4 −

1
4𝐸

(𝑌)%
2
*(𝛼2* − 𝛼3)𝛼4ú 𝑐𝑜𝑣(𝑃-* , 𝑃-)

−
1
8𝐸

(𝑌)%
2
*𝛼4*𝑐𝑜𝑣(𝑃-2 , 𝑃-)v 

                                        (𝐴. 5 − 4) 

Also, according to Taylor’s expansion 

𝑄"!
$ =

(𝑐 − 1)(𝑐 − 2)
2 𝐸1𝑄"!2

$ + 𝑐(2 − 𝑐)𝐸1𝑄"!2
$%&𝑄"! +

𝑐(𝑐 − 1)
2 𝐸1𝑄"!2

$%*𝑄"!
* 	 



 vi 

                                                                                                                                     (𝐴. 5 − 5) 

Where       

𝑄"!
* = 𝛼&* + 𝛼**(𝑌) + 2𝛼& 𝛼*(𝑌)

&
* 

             

Thus, 𝑐𝑜𝑣1𝑄"!
$ , 𝑃-2 can be attained as equation (A.5-6) shows. 

𝑐𝑜𝑣1𝑄"!
$ , 𝑃-2 = 𝑐(2 − 𝑐)𝐸1𝑄"!2

$%&𝑐𝑜𝑣1𝑄"! , 𝑃-2 +
𝑐(𝑐 − 1)

2 𝐸1𝑄"!2
$%*𝛼**𝛼4𝑉𝐴𝑅(𝑃-)

+ 2𝛼& 𝛼* uö
3
4𝐸

(𝑌)%
&
* ∗ 𝛼4 −

1
4𝐸

(𝑌)%
2
*(𝛼2* − 𝛼3)𝛼4ú 𝑉𝐴𝑅(𝑃-)

−
1
8𝐸

(𝑌)%
2
*𝛼4*𝑐𝑜𝑣(𝑃-* , 𝑃-)v 

                                                                                                                                     (𝐴. 5 − 6) 

Define 𝑐𝑜𝑣(𝑃-* , 𝑃-) = 𝑠𝑘𝑒𝑤(𝑃-)𝑆𝐷(𝑃-)2 + 2𝐸(𝑃-)𝑉𝑎𝑟(𝑃-), and 𝑐𝑜𝑣(𝑃-2 , 𝑃-) =

𝑘𝑢𝑟𝑡𝑜𝑠𝑖𝑠(𝑃-)𝑆𝐷(𝑃-)3 + 3𝐸(𝑃-)𝑠𝑘𝑒𝑤(𝑃-)𝑆𝐷(𝑃-)2 + 3𝐸(𝑃-)*𝑉𝑎𝑟(𝑃-). 

We can re-write equation (A.5-3), (A.5-4), and (A.5-6) as follows: 

𝑐𝑜𝑣1𝑄"! , 𝑃-2 =
𝛼*𝛼4
2 𝐸(𝑌)%

&
*𝑉𝐴𝑅(𝑃-) −

𝛼*𝛼4*

8 𝐸(𝑌)%
2
*𝑆𝐾𝐸𝑊𝑁𝐸𝑆𝑆(𝑃-) (𝐴. 5 − 7) 

𝑐𝑜𝑣1𝑃-𝑄"! , 𝑃-2

= u𝛼& +
𝛼*
2 𝐸

(𝑌)%
&
*(2𝐸(𝑌) + 𝐸(𝑃-)𝛼4)v 𝑉𝐴𝑅(𝑃-)

+ uö
𝛼*𝛼4
8 𝐸(𝑌)%

2
*(4𝐸(𝑌) − 𝐸(𝑃-)𝛼4)ú 𝑆𝐾𝐸𝑊𝑁𝐸𝑆𝑆(𝑃-)

−
1
8𝐸

(𝑌)%
2
*𝛼4*𝐾𝑈𝑅𝑇𝑂𝑆𝐼𝑆(𝑃-)v 

                                                                                                                                     (𝐴. 5 − 8) 



 vii 

𝑐𝑜𝑣1𝑄"!
$ , 𝑃-2 = k

𝑐𝛼*𝛼4
2 𝐸1𝑄"!2

$%*𝐸(𝑌)%
&
* b(2 − 𝑐)𝐸1𝑄"!2 + (𝑐 − 1)𝛼&c

+
𝑐(𝑐 − 1)

2 𝐸1𝑄"!2
$%*𝛼**𝛼4m𝑉𝐴𝑅(𝑃-)

+ k−
𝑐𝛼*𝛼4*

8 𝐸1𝑄"!2
$%*𝐸(𝑌)%

2
*ÿ(2 − 𝑐)𝐸1𝑄"!2

+ (𝑐 − 1)𝛼&Ÿm 𝑆𝐾𝐸𝑊𝑁𝐸𝑆𝑆(𝑃-) 

                                                                                                                                     (𝐴. 5 − 9) 

           Finally, replacing (A.5-1) with (A.5-7), (A.5-8) and (A.5-9), we can get text equation 

(1.17). 

A.6 Simulations 

In this section, we provide details on the simulations and explanations. We begin by assigning 

values to parameters in the model, then simulations are performed in order to gauge the sign 

of 𝛽* and 𝛽2, as well as the the impact of 𝑝 and green production uncertainty risk, 𝑏* − 𝑏&, on 

the ex-ante forward premium.  

To measure 𝛽* and 𝛽2, first we set the cost factors of the renewable producer, 𝑏&	𝑎𝑛𝑑	𝑏*, to be 

5 and 8. Note here that different values of 𝑏&	𝑎𝑛𝑑	𝑏* do not alter the result. Second, both the 

total demand and the demand shock in the spot market are assumed to be normally distributed. 

Specifically, we set the total demand to be at low level (high level) when its mean is 100 (2000) 

and its standard deviation changes from 5 (10) to 10 (60) with intervals being 1 (0.1). The 

demand shock follows distribution with mean zero and standard deviation to be 10 (60) when 

demand level is low (high). The retail price 𝑃C is set as 60 assuming 1.2 times the average spot 

price 50. In practice, the retail price charged by the retailer does not change frequently and thus 

it applies to the consumers under all circumstances. Fourth, we choose 𝑝 as a percentage of the 

renewable production over the total production to be 50%.  Fifth, the convexity measure of the 

conventional cost function 𝑐  ranges from 2 to 4 (6 for high demand scenario). Also, 𝑎  is 

calculated according to equation (1.9) conditional on 𝑄"! = 50	, 𝑃- = 8	, 𝑃+ = 7, 𝑎𝑛𝑑	𝜖 =

25	 in low demand scenario and 𝑄"! = 1000	, 𝑃- = 80	, 𝑃+ = 75, 𝑎𝑛𝑑	𝜖 = 500  in high 

demand scenario. This is to fix the spot price to be 8 (80) when the demand is very low (high), 

the forward price, the individual conventional production and the demand shock are therefore 

also very low (high). Sixth, without losing generality, we set 𝑁! = 𝑁B = 𝑁' = 200. Finally, 
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similar to B&L we set the absolute risk aversion parameter, 𝐴 = c.J
*%

 .	Note that 𝐴 can be chosen 

discretionarily to scale the results.  

The sign of 𝛽*  and 𝛽2  in (1.17) can be inferred by changing the cost parameter 𝑐  and the 

volatility of the total demand. Thus, for each 𝑐 and 𝑠𝑡𝑑(𝑄.), we generate 1000 realizations for 

the fitted spot price based on expression (1.7). Then, the forward premium is derived according 

to equation (1.15). We report the bias in the forward price as a percentage of the expected spot 

prices as shown in Figure 1.1 and Figure 1.2. 

Figure 1.1 displays the bias of forward price versus the cost and demand risk in the situation 

where the total demand is low. In agreement with B&L, forward premium decreases in variance 

and becomes more negative when 𝑐 = 2, suggesting the sign of 𝛽* is negative. Also, the bias 

in the forward premium increases in skewness when 𝑐 increases, indicating that the sign of 𝛽2 

is positive.  

However, in Figure 1.2 where the demand is high, the results are different. With quadratic cost 

(𝑐 > 2) and green production fixed, the skewness of the spot prices remains constant. Instead 

of observing a decreasing trend of forward premium, the forward bias increases in demand risk, 

implying the 𝛽*  is positive when the demand is at high level. This implies that the hedge 

pressure switches from the producers’ side to the retailers’ side in the case of high expected 

demand and high demand volatility. Regarding the sign of 𝛽2, we observe a decreasing trend 

in 𝑐 when the demand is high. This suggests that the net hedge pressure from the producers’ 

side is stronger than the retailers’ pressure in the case of high demand and high skewness. As 

𝑐 becomes higher, the spot prices are more likely to be positively skewed.  

For the simulation of forward premium versus demand risk, following the previous simulations, 

we set the cost factors of the renewable producer, 𝑏&	𝑎𝑛𝑑	𝑏*, to be 5 and 8. And 𝑐 is fixed at 3. 

Thus, 𝑎 is calculated according to equation (1.9) conditional on 𝑄"! = 1000	, 𝑃- = 50	, 𝑃+ =

45, 𝑎𝑛𝑑	𝜖 = 250. The retail price 𝑃C is set as 60 assuming 1.2 times the average spot price 50. 

The renewable production is assumed to take 50% of total demand. Lastly, 𝑁! = 𝑁B = 𝑁' =

200 and 𝐴 = c.J
*%

 . 

Next, we present simulations on the change of renewable supplies versus the ex-ante forward 

premiums. The unpredictable conditions for generating power using renewable resources 

expose the market to the risk of renewable supply, which could potentially lead to more volatile 

prices. Thus, we simulate the forward bias versus the change of the elasticity of the renewable 
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supply, 𝑏* − 𝑏&, and the expected demand. To better visualize the simulation results without 

losing generality, we set 𝑏& to be 5 and change 𝑏* from 3 to 7. Thus, higher 𝑏* increases the 

difference between 𝑏*  and 𝑏& , indicating better realized green generation conditions than 

expected. Moreover, we set 𝑐 to be 3 and 𝑎	is calculated using (1.9) with 𝑃-	to be 50, 𝑃+ to be 

45, 𝑄"! to be 500, and demand shock’s mean to be 250. Also,	𝑃C = 60, 𝑁! = 𝑁B = 𝑁' = 200 

and 𝑝 = 50%. Lastly, the mean of the expected demand changes from 1000 to 1500 with 

standard deviation to be 30.  

Finally, we present the forward bias in relation with the percentage of renewable production 

over total demand and the expected demand in Figure 1.4. The percentage 𝑝 changes from 30% 

to 70%, implying an increase in production share of renewable production. And the expected 

demand level changes from 1000 to 1500 with standard deviation to be 30. Meanwhile, we set 

𝑐 to be 3 and 𝑎	is calculated using (1.11) with 𝑃-	to be 50, 𝑃+ to be 45, 𝑄"! to be 500, and 

demand shock’s mean to be 250. Also, 𝑏& = 5, 𝑏* = 8, 𝑃C = 60 and 𝑁! = 𝑁B = 𝑁' = 200.  

A.7 The optimal forward position of retailers 

In this section, details on the derivation of the optimal forward position of retailers are provided. 

To do so, we need to derive the covariance term between the “but-for-hedge” retailer profit and 

the spot price as expression (A.7-1) shows 

If we assume there is one retailer with partial demand risk in the market, and 𝑄. =
A,9$!
&%!

. 

Applying the covariance properties together with text equation (1.19), we get 

𝐶𝑂𝑉(𝜌CK, 𝑃-) = 𝑃C𝐶𝑂𝑉(𝑄CK, 𝑃-) − 𝐶𝑂𝑉1𝑃F𝑄CK, 𝑃-2

= 𝑃C
𝛿C-
𝑁B

𝑁!
1 − 𝑝 ÿ𝐶𝑂𝑉1𝑄"! , 𝑃-2Ÿ − 𝜃K𝑉𝐴𝑅

(𝑃-) − 𝜉K𝑉𝐴𝑅(𝑃-)

−
𝛿C-
𝑁B

𝑁!
1 − 𝑝 ÿ𝐶𝑂𝑉1𝑄"!𝑃- , 𝑃-2Ÿ 

                                                                                                             (𝐴. 7 − 1) 

𝐶𝑂𝑉1𝑄"! , 𝑃-2 is given by expression (A.5-7), 𝐶𝑂𝑉1𝑄"!𝑃- , 𝑃-2 is given by expression (A.5-

8). Thus, we can derive the optimal forward position of the retailer as equation (1.19) states.  

Next, we explain the simulation details of the optimal forward positions of one retailer with 

systematic risk (𝛿C- equals to 40) and non-systematic risk (𝛿C- equals to 0). For simulation, 

we set 𝑐 to be 3 and 𝑎	is calculated using (1.9) with 𝑃-	to be 50, 𝑃+ to be 45, 𝑄"! to be 1000, 



 x 

and demand shock’s mean to be 250. Also, 𝑏& = 5, 𝑏* = 8, 𝑃C = 60 and 𝑁! = 𝑁B = 𝑁' =

200. The expected demand varies from 500 to 1000 and its standard deviation varies from 20 

to 60. For non-systematic retailers, we simulate the extreme case that the retailer’s demand is 

fixed at 600, so the simulations would be smoother without the disturbance from independently 

distributed shocks on the retailer’s demand. For systematic retailers, we choose delta equals to 

40 so that the retailer’s demand is large enough.  

A.8 The optimal forward position of conventional producers 

In this section, details on the derivation of the optimal forward position of conventional 

producers are provided. To do so, we first need to derive the covariance term between the “but-

for-hedge” conventional profit and the spot price as expression (A.8-1) shows 

𝑐𝑜𝑣1𝜌!, 𝑃-2 = 𝑐𝑜𝑣1𝑃-𝑄"! , 𝑃-2 −
𝑎
𝑐 𝑐𝑜𝑣

11𝑄"!2
$
, 𝑃-2 (𝐴. 8 − 1) 

As we have derived 𝑐𝑜𝑣1𝑃-𝑄"! , 𝑃-2 and 𝑐𝑜𝑣11𝑄"!2
$ , 𝑃-2 in section (A.5), we can just insert 

equation (A.5-8) and (A.5-9) into (A.8-1). According to expression (1.12), we could have text 

expression (1.20). 

Then, we give the simulation details of the optimal forward position of one conventional 

producer versus the expected demand and demand volatility. For simulation, we set 𝑐 to be 3 

and 𝑎	is calculated using (1.9) with 𝑃-	to be 50, 𝑃+  to be 45, 𝑄"!  to be 1000, and demand 

shock’s mean to be 250. Also, 𝑏& = 5, 𝑏* = 8, 𝑃C = 60  and 𝑁! = 𝑁B = 𝑁' = 200 . The 

expected demand varies from 1000 to 1500 and its standard deviation varies from 20 to 60. All 

the values are consistent with simulations before. 
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A.9 Tables 

 
Table A.9-1  

Statistics on seasonal day-ahead prices 

 
Winter 

Hour 1 2 3 4 5 6 7 8 9 10 11 12 

Mean 57.54 51.76 48.32 45.31 44.22 45.89 51.26 60.11 63.56 66.35 67.50 66.52 

Median 56.95 51.91 49.18 45.94 45.00 46.95 51.19 60.60 65.01 67.52 68.36 66.85 

Maximum 97.70 90.00 81.69 78.98 77.50 78.00 80.10 95.01 98.01 98.61 98.61 97.35 

Minimum 27.57 15.00 9.80 5.48 5.27 5.27 5.00 5.27 9.27 17.10 22.67 21.95 

Std. Dev. 13.75 13.58 13.43 13.70 13.73 13.56 14.31 17.00 17.37 15.84 14.42 14.28 

Skewness 0.39 -0.09 -0.45 -0.41 -0.42 -0.48 -0.50 -0.51 -0.55 -0.36 -0.21 -0.20 

Kurtosis 3.30 3.82 4.08 4.12 4.22 4.24 4.24 4.05 3.88 3.59 3.40 3.40 

Probability 0.28 0.26 0.03 0.03 0.02 0.01 0.01 0.02 0.03 0.20 0.53 0.55 

Observations 90 90 90 90 90 90 90 90 90 90 90 90 

Hour 13 14 15 16 17 18 19 20 21 22 23 24 

Mean 65.29 64.22 61.99 60.17 60.11 64.10 70.42 73.19 71.95 69.35 65.83 61.34 

Median 65.38 62.70 61.03 59.86 59.75 65.86 72.67 75.24 72.81 70.03 65.01 60.11 

Maximum 96.50 96.00 94.01 92.84 91.19 96.69 99.18 101.70 101.99 100.67 99.18 96.19 

Minimum 19.51 18.10 15.19 10.56 11.90 16.60 25.00 30.43 30.01 22.01 12.40 12.40 

Std. Dev. 14.12 14.25 14.54 15.20 15.24 15.30 14.38 13.24 13.07 12.84 13.58 13.84 

Skewness -0.20 -0.10 -0.12 -0.31 -0.36 -0.33 -0.36 -0.20 -0.10 -0.27 -0.37 -0.13 

Kurtosis 3.47 3.42 3.21 3.44 3.23 3.00 2.94 3.07 3.33 4.13 4.70 3.92 

Probability 0.48 0.67 0.83 0.33 0.35 0.45 0.38 0.73 0.75 0.05 0.00 0.18 

Observations 90 90 90 90 90 90 90 90 90 90 90 90 

Spring 

Hour 1 2 3 4 5 6 7 8 9 10 11 12 

Mean 45.43 41.81 39.47 38.49 38.22 39.41 43.04 46.01 47.58 48.41 47.81 46.81 

Median 48.14 42.18 39.65 39.23 39.28 40.12 43.98 48.67 50.36 50.54 50.00 48.60 

Maximum 54.93 54.04 53.25 52.79 52.02 52.13 54.12 55.58 57.80 59.58 58.22 57.55 

Minimum 27.04 14.00 12.16 12.00 12.00 12.40 13.90 12.89 14.69 15.61 12.12 10.00 

Std. Dev. 6.90 7.70 7.91 8.23 8.22 8.46 8.09 8.30 8.40 7.60 7.50 7.45 

Skewness -0.70 -0.66 -0.60 -0.79 -0.93 -0.91 -1.36 -1.88 -1.80 -1.94 -2.16 -2.13 

Kurtosis 2.42 3.36 3.33 3.69 4.14 4.15 5.60 6.98 6.74 7.80 9.56 9.85 

Probability 0.01 0.03 0.05 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Observations 92 92 92 92 92 92 92 92 92 92 92 92 

Hour 13 14 15 16 17 18 19 20 21 22 23 24 

Mean 46.18 45.68 44.27 42.57 41.79 42.44 43.87 46.47 49.25 51.33 49.18 46.74 

Median 48.45 48.06 46.53 43.64 41.91 41.67 44.58 47.72 50.20 52.77 50.61 48.49 



 xii 

Maximum 57.06 56.07 54.93 54.93 54.50 54.53 55.00 61.05 56.97 58.80 57.01 56.00 

Minimum 10.29 7.09 5.00 2.30 2.30 5.01 8.70 15.67 21.00 32.96 34.41 31.67 

Std. Dev. 7.67 8.00 8.22 8.71 8.84 8.40 7.18 6.30 5.16 4.58 4.88 5.63 

Skewness -1.88 -2.03 -1.93 -1.63 -1.47 -1.49 -1.50 -1.20 -2.10 -1.61 -0.98 -0.79 

Kurtosis 8.51 9.34 8.95 7.76 7.02 7.27 8.01 7.59 11.29 6.16 3.51 2.85 

Probability 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.01 

Observations 92 92 92 92 92 92 92 92 92 92 92 92 

Summer 

Hour 1 2 3 4 5 6 7 8 9 10 11 12 

Mean 49.71 46.33 44.19 43.53 43.15 43.44 45.04 47.27 49.12 50.57 50.73 50.97 

Median 50.15 46.27 43.94 43.02 42.67 43.03 45.00 48.25 50.55 51.88 51.99 51.83 

Maximum 59.99 55.65 54.05 53.78 52.57 53.00 54.93 58.01 58.62 58.59 58.01 58.10 

Minimum 37.86 35.00 32.89 32.50 30.00 28.50 28.50 28.00 29.77 32.29 33.58 35.99 

Std. Dev. 4.75 4.65 4.71 4.62 4.62 4.70 4.85 5.64 5.78 5.10 4.82 4.39 

Skewness -0.38 -0.08 0.23 0.19 0.05 -0.10 -0.17 -0.67 -0.85 -1.24 -1.21 -1.07 

Kurtosis 2.99 2.41 2.44 2.65 2.88 3.18 3.50 3.48 3.53 4.41 4.31 4.08 

Probability 0.33 0.48 0.37 0.59 0.96 0.87 0.50 0.02 0.00 0.00 0.00 0.00 

Observations 92 92 92 92 92 92 92 92 92 92 92 92 

Hour 13 14 15 16 17 18 19 20 21 22 23 24 

Mean 51.77 52.12 51.65 50.42 49.66 49.31 48.94 48.95 50.14 52.14 51.83 49.15 

Median 52.26 52.55 51.95 51.27 50.80 50.66 50.03 49.99 51.05 52.24 51.84 49.87 

Maximum 59.20 59.15 59.00 58.93 59.03 59.03 58.62 58.00 58.43 59.35 60.15 59.99 

Minimum 38.80 42.53 41.72 40.60 37.99 37.49 37.47 38.60 41.91 44.09 44.99 40.00 

Std. Dev. 4.07 3.60 3.55 4.10 4.65 4.81 4.55 4.18 3.75 3.04 3.19 3.86 

Skewness -0.82 -0.59 -0.67 -0.59 -0.58 -0.52 -0.40 -0.31 -0.44 -0.02 0.20 -0.14 

Kurtosis 3.56 3.15 3.62 3.01 2.74 2.54 2.49 2.52 2.81 2.96 3.01 2.77 

Probability 0.00 0.07 0.02 0.07 0.07 0.09 0.17 0.31 0.22 0.99 0.74 0.77 

Observations 92 92 92 92 92 92 92 92 92 92 92 92 

Autumn 

Hour 1 2 3 4 5 6 7 8 9 10 11 12 

Mean 53.68 50.13 47.89 46.78 46.27 47.11 51.09 56.44 57.61 58.92 58.60 57.81 

Median 52.40 50.25 49.29 48.32 47.33 48.59 49.98 55.52 57.76 59.19 58.44 56.69 

Maximum 71.04 66.84 62.65 61.84 60.53 60.43 70.10 78.45 76.39 77.23 77.97 76.69 

Minimum 36.36 30.00 24.47 24.88 23.85 25.00 25.23 29.00 32.00 33.80 33.60 33.25 

Std. Dev. 7.68 6.99 6.97 6.83 6.74 6.24 7.69 9.86 9.98 9.11 8.48 8.19 

Skewness 0.25 -0.08 -0.66 -0.99 -1.13 -0.90 0.00 -0.12 -0.19 -0.17 -0.16 -0.09 

Kurtosis 2.75 3.10 3.75 4.27 4.62 4.19 3.97 2.78 2.57 2.82 3.32 3.35 

Probability 0.55 0.94 0.01 0.00 0.00 0.00 0.17 0.82 0.53 0.76 0.67 0.75 

Observations 91 91 91 91 91 91 91 91 91 91 91 91 

Hour 13 14 15 16 17 18 19 20 21 22 23 24 



 xiii 

Mean 57.39 57.27 55.87 54.02 53.53 55.66 58.51 60.99 62.39 61.41 57.61 54.47 

Median 56.86 57.81 55.99 53.51 52.98 53.70 60.51 62.69 63.76 61.84 57.28 53.31 

Maximum 76.39 76.39 75.00 73.00 73.73 76.31 78.94 79.62 78.81 75.61 70.27 70.00 

Minimum 34.05 34.81 35.15 33.96 33.25 33.59 35.15 37.80 41.53 47.30 42.90 38.50 

Std. Dev. 7.56 7.37 7.35 7.81 8.35 9.59 10.65 9.91 7.98 6.40 6.72 6.98 

Skewness 0.00 -0.10 -0.07 0.00 0.04 0.09 0.04 -0.21 -0.20 -0.02 -0.05 0.07 

Kurtosis 3.57 3.71 3.69 3.38 2.95 2.45 2.17 2.23 2.26 2.23 2.18 2.61 

Probability 0.54 0.36 0.39 0.77 0.98 0.53 0.26 0.24 0.26 0.32 0.28 0.72 

Observations 91 91 91 91 91 91 91 91 91 91 91 91 

 

 
Table A.9-2  

Statistics on seasonal intraday prices 

 
Winter 

Hour 1 2 3 4 5 6 7 8 9 10 11 12 

Mean 57.16 52.06 48.70 45.38 44.19 45.95 51.06 59.98 63.87 66.57 67.84 66.88 

Median 55.50 51.46 48.98 45.37 44.69 46.80 51.31 60.56 66.23 70.00 70.29 68.42 

Maximum 98.70 92.44 85.99 79.60 76.18 79.04 81.10 98.37 100.31 101.18 102.49 100.00 

Minimum 22.63 13.83 5.90 2.16 3.00 1.50 1.51 3.86 5.10 1.00 16.51 19.45 

Std. Dev. 15.55 15.24 14.65 15.00 14.58 14.63 15.69 17.96 18.43 17.66 16.09 15.67 

Skewness 0.31 0.03 -0.26 -0.38 -0.40 -0.48 -0.54 -0.46 -0.55 -0.65 -0.41 -0.31 

Kurtosis 3.34 4.01 4.29 3.98 3.95 4.22 4.15 3.98 3.82 4.36 3.63 3.40 

Probability 0.40 0.15 0.03 0.06 0.05 0.01 0.01 0.03 0.03 0.00 0.14 0.35 

Observations 90 90 90 90 90 90 90 90 90 90 90 90 

Hour 13 14 15 16 17 18 19 20 21 22 23 24 

Mean 65.63 64.59 62.31 60.37 60.18 63.97 70.10 72.76 71.40 69.13 65.70 61.28 

Median 66.34 63.88 60.80 60.05 60.28 65.50 72.78 75.49 72.83 69.55 65.41 60.03 

Maximum 99.77 99.77 97.73 95.00 93.78 94.71 99.18 100.70 101.50 99.67 101.35 98.51 

Minimum 18.41 16.58 13.19 8.60 10.71 15.38 20.97 22.63 22.93 19.91 11.91 11.30 

Std. Dev. 15.21 15.20 15.71 16.44 16.31 16.04 15.23 14.50 14.34 13.89 14.82 14.87 

Skewness -0.25 -0.13 -0.16 -0.37 -0.40 -0.44 -0.46 -0.45 -0.31 -0.24 -0.22 0.04 

Kurtosis 3.47 3.48 3.43 3.69 3.34 3.05 2.95 3.25 3.30 3.61 4.03 3.75 

Probability 0.41 0.57 0.59 0.14 0.25 0.23 0.21 0.20 0.42 0.32 0.09 0.35 

Observations 90 90 90 90 90 90 90 90 90 90 90 90 

Spring 

Hour 1 2 3 4 5 6 7 8 9 10 11 12 

Mean 44.53 42.08 39.88 38.40 37.97 38.83 42.06 45.38 47.27 48.39 47.87 47.02 

Median 45.58 42.67 40.62 39.60 39.07 40.02 43.56 48.37 50.54 51.00 50.39 49.00 

Maximum 55.50 55.51 53.62 52.15 52.15 52.13 55.38 56.34 59.95 59.58 58.28 57.31 



 xiv 

Minimum 18.93 10.80 11.84 11.84 11.19 8.51 8.30 8.70 8.00 8.82 10.90 10.00 

Std. Dev. 7.19 7.35 7.14 7.83 7.89 8.29 8.52 9.02 9.39 8.36 7.72 7.59 

Skewness -0.96 -0.99 -1.08 -1.35 -1.44 -1.61 -1.73 -1.90 -1.87 -2.23 -2.42 -2.31 

Kurtosis 4.18 5.40 5.45 5.73 6.09 7.03 7.45 7.60 7.56 10.11 11.64 11.25 

Probability 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Observations 92 92 92 92 92 92 92 92 92 92 92 92 

Hour 13 14 15 16 17 18 19 20 21 22 23 24 

Mean 46.37 45.91 44.40 42.73 42.05 42.44 43.61 46.19 48.83 51.06 48.75 46.02 

Median 48.35 46.83 45.79 43.82 43.00 42.46 44.16 47.73 49.98 52.19 49.98 47.84 

Maximum 57.50 57.23 56.14 55.93 55.54 55.54 55.46 60.56 58.82 58.90 56.92 54.47 

Minimum 10.29 7.09 5.00 1.80 1.50 2.00 7.70 12.67 15.00 30.00 31.94 28.54 

Std. Dev. 7.67 7.94 8.40 8.97 9.31 9.03 7.77 6.79 5.75 5.02 5.04 6.12 

Skewness -1.84 -2.00 -1.78 -1.60 -1.69 -1.70 -1.48 -1.26 -2.32 -1.88 -0.94 -0.82 

Kurtosis 8.81 10.13 8.81 8.09 8.50 8.71 7.73 7.76 14.29 8.14 3.77 2.93 

Probability 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.01 

Observations 92 92 92 92 92 92 92 92 92 92 92 92 

Summer 

Hour 1 2 3 4 5 6 7 8 9 10 11 12 

Mean 49.13 46.48 44.59 43.76 43.32 43.46 44.71 46.96 48.83 50.14 50.40 50.66 

Median 50.30 46.59 44.52 43.38 43.13 43.42 44.59 47.63 50.00 51.49 51.85 51.65 

Maximum 59.84 55.90 54.96 53.13 52.70 54.03 54.79 57.93 58.72 59.21 59.99 59.96 

Minimum 33.55 31.95 30.55 30.00 29.10 30.24 33.50 33.20 33.20 34.93 36.15 39.40 

Std. Dev. 5.21 4.54 4.40 4.29 4.34 4.47 4.62 5.62 6.00 5.62 5.15 4.71 

Skewness -0.49 -0.39 -0.26 -0.38 -0.37 -0.30 -0.01 -0.35 -0.58 -0.78 -0.62 -0.50 

Kurtosis 3.08 3.52 3.66 4.05 3.82 3.43 2.55 2.61 2.74 3.02 2.72 2.62 

Probability 0.16 0.18 0.26 0.04 0.10 0.36 0.68 0.30 0.06 0.01 0.05 0.11 

Observations 92 92 92 92 92 92 92 92 92 92 92 92 

Hour 13 14 15 16 17 18 19 20 21 22 23 24 

Mean 51.49 51.80 51.30 49.99 49.35 48.86 48.60 48.54 49.48 51.40 51.19 48.28 

Median 52.12 52.01 51.46 50.31 50.42 50.15 49.43 49.26 50.31 52.03 51.57 49.68 

Maximum 61.95 62.03 61.50 61.30 60.96 60.10 59.25 58.69 59.19 59.35 59.05 58.01 

Minimum 40.75 42.00 40.89 39.43 40.40 37.49 37.47 40.10 40.21 41.89 41.82 39.00 

Std. Dev. 4.51 4.17 4.23 4.61 4.90 5.13 4.93 4.66 4.30 3.68 3.58 4.06 

Skewness -0.38 -0.29 -0.38 -0.15 -0.11 -0.11 -0.05 0.01 -0.18 -0.34 -0.17 -0.18 

Kurtosis 2.81 2.94 3.15 2.63 2.36 2.19 2.20 2.11 2.39 2.66 2.67 2.22 

Probability 0.31 0.53 0.31 0.65 0.41 0.26 0.29 0.22 0.38 0.34 0.65 0.25 

Observations 92 92 92 92 92 92 92 92 92 92 92 92 

Autumn 

Hour 1 2 3 4 5 6 7 8 9 10 11 12 

Mean 52.96 50.04 47.93 46.47 45.88 46.69 50.33 56.20 57.42 58.83 58.35 57.48 



 xv 

Median 51.66 49.93 48.78 47.66 47.10 48.00 49.61 55.12 56.94 57.80 57.51 56.39 

Maximum 72.54 68.94 62.62 61.34 57.34 56.80 70.80 77.73 78.39 79.23 79.77 78.93 

Minimum 32.09 29.50 24.47 24.88 23.85 25.00 27.00 30.50 33.10 35.78 35.60 37.50 

Std. Dev. 8.02 7.12 7.02 6.86 6.61 6.37 7.95 10.37 10.65 9.83 9.24 8.91 

Skewness 0.33 0.08 -0.55 -1.03 -1.27 -1.04 0.11 -0.02 -0.07 0.02 0.16 0.27 

Kurtosis 3.11 3.38 3.78 4.48 4.89 4.12 3.46 2.51 2.49 2.51 2.82 2.84 

Probability 0.43 0.72 0.03 0.00 0.00 0.00 0.61 0.63 0.58 0.64 0.78 0.54 

Observations 91 91 91 91 91 91 91 91 91 91 91 91 

Hour 13 14 15 16 17 18 19 20 21 22 23 24 

Mean 57.20 57.11 55.73 53.60 53.05 54.96 57.96 60.39 61.80 61.10 57.15 53.87 

Median 57.33 57.13 55.14 52.92 52.15 52.50 58.89 62.48 63.31 61.06 57.00 52.04 

Maximum 78.15 78.29 76.50 74.50 75.23 78.31 80.94 81.62 80.81 77.51 73.99 71.05 

Minimum 35.53 35.81 37.55 35.05 33.25 34.19 36.54 37.29 41.00 47.28 40.00 38.43 

Std. Dev. 8.36 8.21 7.98 8.42 8.78 9.96 11.02 10.51 8.46 6.84 7.49 7.83 

Skewness 0.31 0.25 0.43 0.42 0.38 0.36 0.18 -0.12 -0.06 0.24 0.12 0.30 

Kurtosis 3.29 3.33 3.28 3.27 3.16 2.58 2.17 2.20 2.33 2.38 2.31 2.53 

Probability 0.41 0.50 0.22 0.23 0.32 0.27 0.21 0.27 0.42 0.31 0.37 0.34 

Observations 91 91 91 91 91 91 91 91 91 91 91 91 

 

 
Table A.9-3  

Statistics on estimated 𝑏4	and 𝑏# 

 
b1 

Hour 1 2 3 4 5 6 7 8 9 10 11 12 

Mean 7.27 7.14 7.02 6.83 6.61 6.50 6.53 6.13 5.57 5.41 5.45 5.47 

Median 6.77 6.66 6.48 6.25 6.05 5.89 5.97 5.58 5.05 4.89 4.96 5.11 

Maximum 18.49 19.59 19.47 19.52 17.66 17.83 17.19 14.22 14.26 12.57 13.52 14.69 

Minimum 1.54 1.54 1.45 1.45 1.46 1.43 1.41 1.56 1.56 1.33 1.32 1.31 

Std. Dev. 3.42 3.38 3.36 3.35 3.28 3.25 3.15 2.87 2.67 2.44 2.46 2.53 

Skewness 0.62 0.62 0.67 0.71 0.73 0.75 0.64 0.59 0.74 0.59 0.60 0.63 

Kurtosis 2.99 2.99 3.04 3.08 3.02 3.11 2.85 2.69 3.02 2.66 2.74 2.83 

Probability 0.00  0.01  0.05  0.07  0.10  0.08  0.00  0.00  0.00  0.00  0.00  0.00  

Observations 365 365 365 365 365 365 365 365 365 365 365 365 

Hour 13 14 15 16 17 18 19 20 21 22 23 24 

Mean 5.54 5.68 5.92 6.00 6.11 6.24 6.61 6.80 7.01 7.31 7.30 7.07 

Median 5.20 5.18 5.52 5.41 5.56 5.80 6.17 6.58 6.48 6.93 6.92 6.64 

Maximum 15.53 15.54 15.71 15.43 15.05 14.98 15.91 17.03 17.79 17.94 16.75 16.71 

Minimum 1.22 1.28 1.12 1.01 0.95 0.94 0.95 1.01 1.62 1.66 1.07 1.18 

Std. Dev. 2.63 2.65 2.75 2.77 2.83 2.78 3.01 3.06 3.15 3.25 3.19 3.07 



 xvi 

Skewness 0.68 0.67 0.67 0.64 0.64 0.64 0.57 0.57 0.66 0.71 0.63 0.68 

Kurtosis 3.00 3.05 3.01 2.84 2.79 2.81 2.66 2.71 3.00 3.17 3.01 3.14 

Probability 0.00  0.00  0.04  0.15  0.08  0.01  0.00  0.00  0.01  0.50  0.10  0.00  

Observations 365 365 365 365 365 365 365 365 365 365 365 365 

b2 

Hour 1 2 3 4 5 6 7 8 9 10 11 12 

Mean 3.58 3.65 3.74 3.81 3.81 3.89 3.83 3.56 3.21 3.05 3.06 3.11 

Median 3.40 3.48 3.53 3.57 3.57 3.64 3.58 3.38 2.99 2.90 2.97 3.01 

Maximum 10.37 12.94 13.76 14.74 13.64 14.24 10.43 11.31 11.63 7.91 9.16 9.22 

Minimum 1.23 1.42 1.43 1.43 1.44 1.45 1.42 1.25 1.26 1.21 1.17 1.18 

Std. Dev. 1.21 1.27 1.33 1.48 1.48 1.44 1.29 1.20 1.16 1.06 1.01 1.07 

Skewness 1.58 2.13 2.36 2.96 2.47 2.54 1.76 1.87 2.13 1.22 1.43 1.68 

Kurtosis 8.15 13.48 15.16 19.50 14.40 14.82 8.39 10.10 12.49 5.86 8.42 9.26 

Probability 0.01  0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.06  0.04  0.01  

Observations 365 365 365 365 365 365 365 365 365 365 365 365 

Hour 13 14 15 16 17 18 19 20 21 22 23 24 

Mean 3.14 3.17 3.22 3.30 3.31 3.26 3.21 3.18 3.24 3.37 3.48 3.58 

Median 2.98 3.02 3.08 3.15 3.18 3.13 3.05 3.05 3.01 3.19 3.29 3.35 

Maximum 9.04 8.86 9.56 11.44 11.83 11.93 8.48 8.60 9.68 9.74 9.80 9.35 

Minimum 1.27 1.31 1.17 1.26 1.28 1.31 1.11 1.24 1.12 1.16 1.29 1.38 

Std. Dev. 1.09 1.11 1.12 1.20 1.19 1.17 1.09 1.04 1.21 1.17 1.14 1.10 

Skewness 1.59 1.30 1.48 1.99 2.26 2.10 1.16 1.14 1.79 1.51 1.76 1.64 

Kurtosis 8.23 6.73 7.76 11.67 13.95 13.28 5.62 5.72 8.27 7.02 8.54 8.31 

Probability 0.00  0.00  0.01  0.00  0.00  0.00  0.00  0.00  0.01  0.14  0.35  0.01  

Observations 365 365 365 365 365 365 365 365 365 365 365 365 
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Table A.9-4  

Data information for regression (1.23) 

 
 

Table A.8-5  

Statistics on total demand 

Date Description Full description source whether accepted bids 

Total demand Forward demand plus Intraday demand OMIE yes 

Renewable spot demand Demand by renewable producer in intraday market OMIE yes 

Forward demand Forward demand in day-ahead market OMIE yes 

Scheduled demand Final scheduled demand after day-ahead market OMIE 
 

Total Demand 

Hour 1 2 3 4 5 6 7 8 9 10 11 12 

Mean 
27687.

79  

25540.

33  

24325.

21  

23580.

69  

23211.

42  

23501.

59  

24996.

57  

27337.

99  

28934.

84  

31015.

06  

32640.

74  

33240.

82  

Median 
27549.

30  

25611.

10  

24304.

20  

23572.

70  

23215.

60  

23479.

80  

25157.

00  

27591.

50  

29270.

50  

31447.

80  

32703.

70  

33366.

30  

Maximum 
33355.

70  

32456.

70  

31369.

70  

30944.

60  

30481.

40  

30822.

00  

32357.

80  

40013.

30  

42477.

30  

44207.

10  

45237.

00  

45601.

60  

Minimum 
20791.

80  

17884.

70  

17950.

80  

16293.

50  

15556.

80  

15915.

90  

16442.

70  

16691.

10  

17003.

30  

19896.

40  

21559.

30  

21841.

30  

Std. Dev. 
2576.8

4  

2620.6

5  

2535.3

4  

2584.5

3  

2556.2

1  

2613.4

9  

3010.2

4  

4352.8

5  

4922.2

6  

4982.9

2  

4769.6

2  

4581.8

6  

Skewness -0.02  -0.15  -0.02  -0.05  -0.05  -0.06  -0.18  0.02  0.04  -0.03  -0.13  -0.14  

Kurtosis 2.72  2.89  2.79  2.84  3.03  3.06  2.79  2.71  2.63  2.59  2.71  2.71  

Probabilit

y 
0.56  0.46  0.70  0.76  0.93  0.88  0.26  0.53  0.33  0.28  0.33  0.28  

Observati

ons 
365 365 365 365 365 365 365 365 365 365 365 365 

Hour 13 14 15 16 17 18 19 20 21 22 23 24 

Mean 
33695.

33  

33890.

74  

33488.

54  

32816.

97  

32451.

80  

32243.

12  

32568.

34  

32888.

54  

33391.

61  

33438.

78  

31910.

77  

29621.

82  

Median 
33989.

20  

34086.

90  

33926.

00  

33311.

60  

32786.

90  

32500.

80  

32620.

00  

32510.

40  

33008.

00  

33524.

30  

31727.

50  

29378.

40  

Maximum 
45206.

60  

45329.

50  

44813.

30  

44569.

50  

44039.

00  

43863.

70  

46082.

50  

47187.

10  

48095.

30  

44524.

40  

41918.

10  

37239.

60  

Minimum 
21186.

70  

21957.

20  

22566.

20  

19906.

20  

19889.

90  

18864.

50  

19306.

50  

20300.

50  

21654.

90  

21266.

40  

21416.

60  

21886.

80  

Std. Dev. 
4596.2

9  

4462.9

2  

4365.9

6  

4563.7

1  

4696.1

5  

4909.8

2  

5076.7

0  

5089.5

9  

4664.5

2  

4009.6

3  

3379.0

8  

2892.2

3  

Skewness -0.29  -0.27  -0.23  -0.25  -0.25  -0.20  0.03  0.20  0.23  -0.08  0.11  0.12  

Kurtosis 2.66  2.64  2.64  2.62  2.56  2.45  2.51  2.51  2.80  2.91  2.96  2.67  

Probabilit

y 
0.03  0.04  0.08  0.05  0.04  0.03  0.16  0.05  0.15  0.78  0.70  0.27  

Observati

ons 
365 365 365 365 365 365 365 365 365 365 365 365 
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Table A.9-6  

Statistics on forward demand 

 

 
 

 

 

 

 

 

 

 

Forward Demand 

Hour 1 2 3 4 5 6 7 8 9 10 11 12 

Mean 
25544.

42  

23590.

22  

22493.

93  

21796.

69  

21494.

13  

21746.

41  

23011.

86  

25051.

24  

26555.

43  

28540.

46  

30184.

51  

30855.

22  

Median 
25381.

50  

23610.

00  

22510.

60  

21783.

50  

21478.

90  

21802.

20  

23120.

10  

25080.

70  

26837.

20  

28821.

90  

30306.

20  

31035.

50  

Maximum 
31555.

00  

30388.

70  

29504.

80  

29183.

60  

28775.

80  

29847.

20  

31230.

70  

36770.

60  

39112.

60  

40910.

40  

41694.

50  

42081.

50  

Minimum 
19041.

40  

16424.

20  

16247.

80  

14818.

90  

14506.

90  

14666.

60  

15339.

80  

15459.

80  

15780.

60  

18012.

30  

19146.

90  

20004.

50  

Std. Dev. 
2511.8

7  

2542.0

3  

2462.5

1  

2513.3

8  

2494.7

4  

2564.3

3  

2916.2

5  

4046.0

5  

4570.3

4  

4682.9

0  

4480.9

0  

4325.3

2  

Skewness 0.00  -0.07  0.01  0.02  0.02  0.03  -0.11  0.02  0.05  -0.02  -0.13  -0.12  

Kurtosis 2.66  2.85  2.88  2.94  3.13  3.17  2.85  2.71  2.64  2.59  2.71  2.70  

Probabilit

y 
0.41  0.73  0.89  0.97  0.87  0.78  0.56  0.53  0.35  0.28  0.32  0.31  

Observati

ons 
365 365 365 365 365 365 365 365 365 365 365 365 

Hour 13 14 15 16 17 18 19 20 21 22 23 24 

Mean 
31310.

36  

31538.

18  

31168.

98  

30582.

64  

30230.

08  

29943.

38  

30116.

09  

30373.

73  

30862.

19  

30991.

80  

29692.

71  

27570.

12  

Median 
31584.

60  

31825.

00  

31323.

00  

30871.

30  

30511.

30  

30138.

00  

29982.

00  

30211.

40  

30667.

20  

31204.

00  

29452.

90  

27212.

60  

Maximum 
41997.

60  

41906.

80  

41197.

10  

40679.

40  

40115.

00  

39154.

60  

40996.

30  

41965.

50  

42818.

50  

40444.

90  

38139.

30  

34559.

50  

Minimum 
19960.

40  

20546.

80  

20591.

10  

18576.

80  

18398.

40  

17447.

30  

18415.

60  

18671.

40  

19454.

10  

19541.

00  

19605.

00  

19397.

60  

Std. Dev. 
4347.9

4  

4232.6

5  

4152.7

5  

4301.3

3  

4416.0

7  

4569.4

0  

4667.8

8  

4681.4

9  

4306.7

4  

3842.6

2  

3359.8

3  

2864.0

4  

Skewness -0.25  -0.22  -0.19  -0.22  -0.22  -0.19  0.02  0.16  0.18  -0.09  0.12  0.14  

Kurtosis 2.65  2.63  2.61  2.60  2.56  2.44  2.45  2.47  2.79  2.92  2.85  2.64  

Probabilit

y 
0.06  0.08  0.10  0.07  0.05  0.03  0.10  0.06  0.27  0.75  0.55  0.21  

Observati

ons 
365 365 365 365 365 365 365 365 365 365 365 365 
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Table A.9-7  

Statistics on scheduled demand 

 

Scheduled Demand 

Hour 1 2 3 4 5 6 7 8 9 10 11 12 

Mean 
34551.

25  

32501.

81  

31357.

55  

30825.

23  

30550.

77  

30497.

20  

31325.

16  

33621.

51  

35991.

23  

38336.

53  

39949.

73  

40636.

20  

Median 
34477.

80  

32453.

60  

31188.

40  

30676.

00  

30424.

70  

30277.

10  

31431.

90  

34066.

10  

36788.

20  

39042.

70  

40438.

60  

41048.

60  

Maximum 
41760.

90  

38845.

30  

37619.

70  

36917.

10  

36728.

70  

37324.

50  

39171.

00  

41453.

20  

45040.

10  

47522.

00  

48807.

40  

49068.

00  

Minimum 
27865.

70  

25931.

60  

25083.

20  

24346.

60  

24192.

30  

24137.

80  

24122.

00  

23658.

90  

24959.

40  

27064.

20  

28367.

30  

29593.

90  

Std. Dev. 
2442.5

4  

2244.1

6  

2232.2

9  

2317.6

4  

2351.8

2  

2336.4

6  

2484.8

9  

3595.3

4  

4514.1

1  

4692.6

9  

4439.0

5  

4187.6

7  

Skewness -0.06  -0.02  0.02  0.02  0.06  0.07  -0.12  -0.27  -0.32  -0.43  -0.45  -0.42  

Kurtosis 2.58  2.73  2.81  2.80  2.85  2.98  3.23  2.64  2.47  2.57  2.73  2.72  

Probabilit

y 
0.23  0.57  0.75  0.73  0.77  0.85  0.42  0.04  0.01  0.00  0.00  0.00  

Observati

ons 
365 365 365 365 365 365 365 365 365 365 365 365 

Hour 13 14 15 16 17 18 19 20 21 22 23 24 

Mean 
41128.

08  

41330.

89  

40747.

38  

40126.

65  

39616.

19  

39219.

72  

39417.

33  

40148.

57  

41212.

05  

41558.

74  

39704.

58  

36945.

78  

Median 
41518.

20  

41561.

90  

40944.

70  

40418.

40  

39753.

10  

39498.

90  

39185.

80  

39785.

00  

41326.

90  

41341.

20  

39418.

50  

36697.

40  

Maximum 
49199.

80  

49128.

70  

48990.

60  

48894.

50  

48714.

30  

48260.

10  

49588.

30  

50824.

10  

51754.

70  

51109.

10  

47777.

70  

44545.

80  

Minimum 
30257.

10  

30562.

30  

29641.

70  

28910.

70  

28344.

00  

27915.

70  

27789.

90  

27602.

20  

28670.

70  

32523.

90  

31602.

50  

28913.

00  

Std. Dev. 
4131.1

3  

4000.3

3  

3892.5

0  

4032.1

7  

4126.8

6  

4265.4

2  

4496.6

3  

4689.8

6  

4471.3

1  

3835.8

4  

3304.0

2  

2838.7

4  

Skewness -0.44  -0.39  -0.33  -0.31  -0.26  -0.25  -0.09  0.02  0.03  0.17  0.19  0.08  

Kurtosis 2.63  2.66  2.67  2.59  2.53  2.50  2.51  2.57  2.77  2.82  2.69  2.57  

Probabilit

y 
0.00  0.00  0.02  0.02  0.02  0.02  0.13  0.24  0.66  0.32  0.16  0.20  

Observati

ons 
365 365 365 365 365 365 365 365 365 365 365 364 
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Table A.9-8 

Statistics on renewable spot demand 

 

Renewable Spot Demand 

Hour 1 2 3 4 5 6 7 8 9 10 11 12 

Mean 259.37  210.94  214.46  225.65  221.91  225.13  236.65  323.40  357.17  405.29  394.04  379.88  

Median 216.60  177.50  174.60  192.80  190.70  194.90  194.20  232.60  262.70  294.80  293.60  287.80  

Maximum 
1956.8

0  

1515.1

0  

1466.0

0  

1240.2

0  

1251.9

0  

1190.8

0  

2140.0

0  

2604.7

0  

2183.3

0  

2378.1

0  

2342.6

0  

2321.3

0  

Minimum 42.20  35.80  31.30  37.90  37.30  36.50  38.90  27.70  20.10  50.70  47.90  46.80  

Std. Dev. 209.44  157.66  156.10  150.08  148.94  155.51  208.19  344.51  346.76  391.73  361.96  333.85  

Skewness 3.97  4.13  3.37  2.46  2.56  2.56  5.05  3.27  2.72  2.67  2.83  2.77  

Kurtosis 27.66  30.24  21.47  13.67  15.06  13.70  38.97  15.63  11.29  10.66  12.13  11.91  

Probability 0 0 0 0 0 0 0 0 0 0 0 0 

Observation

s 
365 365 365 365 365 365 365 365 365 365 365 365 

Hour 13 14 15 16 17 18 19 20 21 22 23 24 

Mean 361.53  356.92  342.12  336.84  341.57  405.91  451.62  496.06  501.83  448.91  357.06  300.45  

Median 285.50  282.20  283.60  272.30  273.20  282.20  290.70  306.40  324.50  318.40  276.00  257.10  

Maximum 
1876.2

0  

1889.1

0  

2331.1

0  

2226.1

0  

2521.0

0  

2979.6

0  

3050.2

0  

2988.6

0  

2943.0

0  

2609.7

0  

2468.7

0  

1900.5

0  

Minimum 34.80  32.30  23.60  15.70  14.70  29.50  48.70  48.70  48.90  39.60  38.80  0.00  

Std. Dev. 300.53  287.97  272.95  275.99  303.01  417.92  504.42  544.30  526.35  415.98  315.05  218.92  

Skewness 2.69  2.65  3.10  3.20  3.52  3.10  2.72  2.45  2.39  2.47  3.01  2.86  

Kurtosis 11.53  11.66  16.98  17.53  20.55  14.58  10.70  8.89  8.67  10.18  15.75  17.35  

Probability 0 0 0 0 0 0 0 0 0 0 0 0 

Observation

s 
365 365 365 365 365 365 365 365 365 365 365 365 
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Table A.9-9  

Results for regression (1.23) 

 

Variable Coefficient Std. Error t-Statistic Prob.   

Constant 495.6406 158.6204 3.124697 0.0018 

Forward Demand 0.935767 0.009752 95.95497 0 

RES Spot Demand 1.998755 0.095328 20.96718 0 

Scheduled Demand 0.069595 0.009118 7.632421 0 

Week -36.559 21.71988 -1.68321 0.0924 

Month 229.9823 14.00548 16.42088 0 

Season 20.7745 40.84825 0.508577 0.6111 

Week×Month 2.784412 0.889537 3.130181 0.0018 

Week×Season -13.0063 2.50876 -5.18437 0 

Month×Season -24.365 2.325632 -10.4767 0 

Week×Forward Demand 0.001264 0.001412 0.895412 0.3706 

Week×RES Spot Demand -0.00162 0.009907 -0.16348 0.8701 

Week×Scheduled Demand -0.00021 0.001361 -0.15081 0.8801 

Month× Forward Demand 0.00971 0.000697 13.92907 0 

Month×Scheduled Demand -0.01134 0.000681 -16.6665 0 

Month× RES Spot Demand 0.002583 0.010496 0.246096 0.8056 

Season× Forward Demand 0.006754 0.002479 2.7243 0.0065 

Season× RES Spot Demand -0.25455 0.032158 -7.91581 0 

Season× Scheduled Demand -0.0009 0.002279 -0.39466 0.6931 

Cross-section fixed (dummy variables)                                  YES 
  

R-squared 0.992721     Mean dependent var 29934.84 

Adjusted R-squared 0.992686     S.D. dependent var 5540.67 

S.E. of regression 473.838     Akaike info criterion 15.16439 

Sum squared resid 1.96E+09     Schwarz criterion 15.19833 

Log likelihood -66370.5     Hannan-Quinn criter. 15.17596 

F-statistic 28994.31     Durbin-Watson stat 1.32873 

Prob(F-statistic) 0 
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Table A.9-10  

Statistics on residuals from regression (1.23) 

 

Demand Shock 

Hour 1 2 3 4 5 6 7 8 9 10 11 12 

Mean 0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  

Median -40.46  -24.02  -17.44  -22.25  0.11  -8.22  -59.77  -68.10  -46.14  -75.42  -70.44  -58.63  

Maximum 
2022.4

8  

1788.4

9  

1783.7

3  

1557.0

1  

1480.2

1  

1313.6

4  

1359.1

1  

2256.9

3  

1552.1

7  

1748.8

0  

1901.8

8  

1780.9

8  

Minimum 

-

1105.5

1  

-

1184.4

8  

-

1093.0

6  

-

1190.6

7  

-

1266.1

1  

-

1008.9

4  

-

1239.8

1  

-

1104.0

5  

-

1241.5

3  

-

1332.4

1  

-

1199.1

6  

-

1079.1

9  

Std. Dev. 451.16  402.34  374.38  376.36  370.66  367.38  399.90  522.61  499.40  505.55  501.40  485.31  

Skewness 0.86  0.78  0.48  0.37  0.23  0.28  0.49  0.61  0.44  0.56  0.62  0.52  

Kurtosis 4.88  4.95  4.52  3.67  3.62  3.40  3.42  3.70  2.99  3.37  3.32  3.47  

Probabilit

y 
0.00  0.00  0.00  0.00  0.01  0.03  0.00  0.00  0.00  0.00  0.00  0.00  

Observati

ons 
365 365 365 365 365 365 365 365 365 365 365 365 

Hour 13 14 15 16 17 18 19 20 21 22 23 24 

Mean 0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  

Median -45.37  -51.61  -45.16  -50.79  -58.72  -70.98  -87.89  -81.66  -90.46  -69.16  -23.37  -51.48  

Maximum 
1825.6

2  

1799.1

0  

1616.3

4  

1560.7

7  

1444.4

7  

2080.3

1  

2066.0

3  

2306.2

9  

2797.8

4  

1856.3

1  

1453.4

3  

1342.3

1  

Minimum 

-

1074.7

3  

-

1102.3

7  

-

1128.3

2  

-

1027.9

0  

-

1077.7

4  

-

1030.6

1  

-

1117.8

3  

-

1044.6

2  

-

1172.0

3  

-

1355.0

1  

-

1157.3

6  

-

951.37  

Std. Dev. 489.72  476.31  471.13  468.72  472.27  511.35  535.77  543.48  580.74  552.15  483.47  425.60  

Skewness 0.59  0.48  0.43  0.50  0.52  0.90  1.08  1.01  0.92  0.46  0.26  0.45  

Kurtosis 3.83  3.73  3.31  3.43  3.19  4.36  4.85  4.72  4.63  3.14  2.72  3.14  

Probabilit

y 
0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.00  0.07  0.00  

Observati

ons 
365 365 365 365 365 365 365 365 365 365 365 365 
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Table A.9-11 

Estimated a and c 

 
a Spring Summer Autumn Winter 

off peak 1.1E-21 1.59E-54 2.6E-24 3.3E-42 

peak 1E-19 2.31E-43 5.4E-22 4.1E-35 

c     

off peak 11.7151 25.8114 12.1413 20.8874 

peak 10.5573 20.3761 10.8949 17.2367 
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Table A.9-12  
 
Regression on the difference between model fitted prices and the real prices 
 
Note: In this table, we provide regression results on the difference between the real prices and model fitted prices. 
Fuel costs, include coal return, gasoil return, and heating oil prices, are front month futures contract prices on 
corresponding commodities obtained through www.investing.com. Liquidity measures are hightolow (the highest 
price per day minus lowest one), std (standard deviation of hourly prices per day), volume (total trading volume 
both of day-ahead market and intraday market). Renewable production uncertainty measures are solarerror 
(forecast errors of solar production), winderror (forecast errors of wind production). Controls are month, week, 
season dummies. 

 
Variable Coefficient Std. Error t-Statistic Prob.   

Constant 29.79 20.08 1.48 0.14 

Coal 35.83 160.58 0.22 0.82 

Gas and Oil -137.20 137.96 -0.99 0.32 

Heating oil 128.46 134.53 0.95 0.34 

High to Low -2.13 1.17 -1.83 0.07 

Standard Deviation 5.89 4.52 1.30 0.19 

Volume 0.00 0.00 -0.80 0.43 

Solar forecast error 0.05 0.03 1.63 0.10 

Wind forecast error -0.02 0.02 -1.06 0.29 

Week 0.13 1.27 0.10 0.92 

Month -0.27 0.45 -0.61 0.54 

Season -2.13 1.79 -1.19 0.23 

R-squared 0.22     Mean dependent var -2.25 

Adjusted R-squared 0.18     S.D. dependent var 21.81 

S.E. of regression 19.77     Akaike info criterion 8.86 

Sum squared resid 75405.76     Schwarz criterion 9.06 

Log likelihood -896.41     Hannan-Quinncriter. 8.94 

F-statistic 5.03     Durbin-Watson stat 1.07 

Prob(F-statistic) 0.00 
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Table A.9-13  

Robustness Check: Panel fixed effect regression results with historical measures    

Note: The table shows the results of a panel fixed effect regression where the cross-section variable is the hour. 
The sample period is from 1 January 2017 to 31 December 2017, and the sample size is 8,760 observations. The 
regression is described in equation (1.25). Different from the Table 2, we use historical measures on the volatility, 
the skewness, and the kurtosis of historical spot prices and also we run the same regression with the forward price 
to be the dependent variable. We use two demand dummies to account for high demand level; one is 
Highdemand95 equals to 1 if the demand belongs to the top 95% (percentile, total 438 observations), the other 
one is Highdemand50 equals to 1 if the demand belongs to the top 50% (percentile, total 4381 observations). Also, 
there is two demand dummies for the low demand level. Lowdemand01, which equals one if the demand belongs 
to the bottom 1% (percentile, total 87 observations). Lowdemand05, which equals one if the demand belongs to 
the bottom 5% (percentile, total 438 observations). For simplicity, we report the results without distinguishing the 
specific demand dummy used for each equation. Details can be found in online data. Control variables include 
the logarithm of the trading volume, the logarithm of the total demand, ordinal variables of week, season, month, 
and the interaction of each two ordinal variables, and AR(1), AR(7). T-statistics of coefficients are reported in 
brackets, and ** and *** denote p-values lower than 5% (t-stat 1.96) and lower than 1% (t-stat 2.58) respectively. 

 Ex-ante Forward Premium The Forward Price 

 
Historical Measure Moving Average Measure Historical Measure 

Variable Coefficient Coefficient Coefficient Coefficient Coefficient Coefficient 

Constant -251** -254* -213.86*** -214.55*** -251*** -254.3*** 

 
(-16.96) (-17.04) (-14.79) (-14.55) (-16.93) (-16.99) 

Volatility 0.04*** 
 

0.04***  0.04***  

 
(2.75) 

 
(4.11)  (2.74)  

Volatility×Highdemand  0.02**  0.003  0.01* 

  (2.05)  (0.92)  (1.89) 

Volatility×Lowdemand 
 

-0.02**  -0.02***  -0.02*** 

  
(-2.51)  (-2.29)  (-2.65) 

Skewness 0.07 
 

0.52***  0.08  

 
(1.21) 

 
(4.52)  (1.21)  

Skewness×Highdemand  -0.23  0.21***  -0.29* 

  (-1.29)  (2.8)  (-1.65) 

Skewness×Lowdemand 
 

0.12*  0.39***  1.08*** 

  
(1.88)  (5.94)  (2.79) 

Kurtosis -0.04 -0.01 -0.2*** -0.08*** -0.04 0.002 

 
(-1.54) (-0.48) (-4.86) (-2.76) (-1.54) (0.07) 

E(PW) -0.94*** -0.94*** 0.06*** 0.06*** 0.06*** 0.06*** 

 (-462) (-461) (27.21) (27.58) (28.95) (28.6) 

RES share -45.09*** -45.39*** -44.29*** -44.67*** -45.1*** -45.47*** 

 
(-32.19) (-32.24) (-32.69) (-32.82) (-32.12) (-32.25) 

b2-b1 0.42*** 0.42*** 0.43*** 0.44*** 0.42*** 0.42*** 

 
(16.22) (16.02) (15.99) (16.29) (16.19) (15.83) 

Controls Yes Yes Yes Yes Yes Yes 

Fixed Effect Yes Yes Yes Yes Yes Yes 

Observations 8592 8592 7872 7872 8592 8592 

R-squared 0.97 0.97 0.86 0.86 0.86 0.86 
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Appendix to Chapter 3 
 

In this appendix, five realized variance measures that are common in the literature are discussed. 

The main concern of using the five realized measures for electricity returns from auction 

trading power market is whether the returns can be seen as time-continuous process. Using the 

Spanish data, we adopted several methods to show the squared daily return defined in the text 

is the most appropriate realized variance measure for Spanish power returns. This is to provide 

supportive evidence for our definition of power returns and realized daily variance from 

electricity market that is organized as an implicit auction.   

B.1 Four realized variance measures 

In this section, we define other four realized variance measures that are common in the 

literature. These four measures then will be compared with the squared daily return that is 

defined in the text.  

B.1.1 Sum of the squared intraday returns 

Realized volatility measure benefits from the availability of the high-frequency data. In 

quadratic theory, using the cumulative sum of the squared intraday returns reduces the 

measurement error on the daily variation. Andersen and Bollerslev (1998) provide empirical 

evidence on the improvement in both in-sample fitness and out-of-sample forecast ability for 

the latent daily volatility. Yet whether it is still the case under the auction trading scheme 

remains to be questioned. Notice that first, the definition of the intraday return is different. 

Particularly, when assuming continuous trading during the day, the intraday return is defined 

as the following 

𝑟),U = (𝑝),U − 𝑝),U%&) (𝐵. 1 − 1) 

While in the auction market, we define the intraday return as text equation (3.1). Thus, if we 

adopt the assumption of the time-continuous process of intraday returns, the cumulative sum 

of the processes looks like  

𝐶𝐼𝑅)0nR%$OK)0KÜOÜ/,) = å𝑟),U*
*3

UY&

=å1𝑝),U − 𝑝),U%&2
*

*3

UY&

(𝐵. 1 − 2) 
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Following Ciarreta and Zarraga (2016), the return for the hour one is the difference between 

the price at hour one of day t and hour twenty-four of day t-1, as they argue that electricity spot 

market operates around the clock.  

On the other hand, the sum of squared intraday returns using returns from equation (3.1) is  

𝐶𝐼𝑅;Ü$)0OK,) = å𝑟),U*
*3

UY&

=å1𝑝),U − 𝑝)%&,U2
*

*3

UY&

(𝐵. 1 − 3) 

Obviously, considering our proposal to include both hourly variances and covariances in the 

daily variance equation of power returns in the auction market, 𝐶𝐼𝑅;Ü$)0OK  (Cumulative 

Intraday Returns) only consider hourly variances which could lead to large measurement bias 

and 𝐶𝐼𝑅)0nR%$OK)0KÜOÜ/  under inappropriate assumption fails to measure properly the daily 

volatility.   

B.1.2 Intraday range measure 

Following Hansen and Huang (2012) and Frömmel (2014), we also include one intraday range 

measure in this research. The intraday range is defined as the squared difference between the 

maximum and the minimum price during the day.  

𝐼𝑅) = 1𝑝),n;m − 𝑝),n0K2
* (𝐵. 1 − 4) 

Assuming the prices follow a Brownian motion, Alizadeh, Brandt, and Diebold (2002) show 

that this range measure is superior as a volatility proxy to squared daily returns as it has less 

variation of the measurement errors and can be well approximated as Gaussian.  

Yet, applying this measure to proxy the daily volatility of the power returns in the auction 

market can be problematic. While it may potentially estimate the realized price range of the 

portfolio that consists of 24 power prices, 𝐼𝑅) (Intraday Range) can misvalue the daily variation 

due to ignoring the intercorrelations among hourly returns. 

B.1.3 Realized bipower variation 

Barndorff-Nielsen and Shephard (2004) propose the robust volatility measure, bipower 

variation, in the presence of jumps using high-frequency data. It is defined as  

𝐵𝑉) = 𝜇&%*(
𝑚

𝑚 − 1)å
®𝑟),0%&®®𝑟),0®

n

0Y*

(𝐵. 1 − 5) 



 xxviii 

Where 𝜇& = 𝐸(|𝑍|) ≡ ›*
á
, 𝑍~𝑁(0,1). And 𝑚 denotes for the frequency of the intraday data, 

which equals to 24 in our case. Without considering the microstructure noise, bipower realized 

volatility converges to the latent volatility by excluding the jumps presented in the realized 

measure of cumulative intraday returns. However, Brownless and Gallo (2010) conclude that 

the data frequency needs to be carefully chosen to balance with the microstructure noise in 

order for the bipower variation to be robust. 

        B.1.4 Hourly prices, demeaned processes and realized measures 

Auction trading is mainly adopted by the spot electricity markets in European countries. 

Thanks to its long period of available data, we choose the day-ahead prices from the Spanish 

market with the purpose of identifying the appropriate realized volatility measure. We obtain 

price data from the OMIE website (http://www.omie.es) with the data ranges from the 1st 

January 2008 to 31st December of 2018. We present basic descriptions of the hourly prices in 

Table B.1.1. First, hourly prices are on average higher during the peak-time than that during 

the off-peak time, suggesting the major price influence comes from the demand. Negative 

prices appear in hours four and five in the morning. Zero prices appear in all hours. Second, 

hourly prices are mostly negative skewed, with the exception in hour 21 and 22. Higher kurtosis 

is observed from hours 11 to 15 and from hour 22 to hour 1. These indicate a strong hourly 

trend during the day.  
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Table B.1.1  

Hourly day-ahead prices from the Spanish market: data period from 01/01/2008 to 31/12/2018 

 

 

B.1.4.1 Demeaned returns 

To model daily returns and construct realized measures, we need mean-zero returns. However, 

the electricity price changes are hardly mean-zero. Thus, following Knittel and Roberts (2005) 

and Chan et al. (2008), we take the following steps to de-mean the raw power price changes. 

First, the returns are defined as a time-continuous process such as 

𝑑𝑝(𝑡) = 𝜃(𝑡)𝑑𝑡 + 𝜎𝑑𝑝(𝑡) = 𝜅1𝜇(𝑡) − 𝑝(𝑡)2𝑑𝑡 + 𝜎𝑑𝑝(𝑡) (𝐵. 1 − 6) 

Where	𝜃(𝑡) denotes for the time-varying mean of the returns, and further, the spot price reverts 

to the conditional mean, 𝜇(𝑡), at a rate of 𝜅 > 0.  In order to incorporate seasonality, the 

conditional mean 𝜇(𝑡) is modeled as the following 

𝜇(𝑡) 	= 𝛼c + 𝛼&𝐼)-RRgRKP + 𝛼*𝐼)
dOS0P;Q + 𝛼2𝐼)-0K)RB + 𝛼3𝐼)

,!B0K' + 𝛼4𝐼),ÜnnRB (𝐵. 1 − 7) 

Or 

 
H1 H2 H3 H4 H5 H6 H7 H8 H9 H10 H11 H12 

 Mean 46.78 42.03 37.97 36.31 35.18 36.53 40.87 46.25 48.01 50.30 51.62 51.13 

 Median 48.24 43.69 40.00 38.58 37.43 38.62 42.53 48.00 49.75 51.48 52.49 51.86 

 Maximum 102.09 102.39 99.26 90.00 85.10 85.79 87.00 97.64 99.80 101.22 100.40 100.40 

 Minimum 0 0 0 -0.001 -0.001 0 0 0 0 0 0 0 

 Std. Dev. 14.19 14.66 15.17 15.26 15.28 14.93 15.08 15.57 16.32 16.03 15.64 15.54 

 Skewness -0.54 -0.60 -0.61 -0.58 -0.54 -0.63 -0.71 -0.58 -0.56 -0.51 -0.46 -0.44 

 Kurtosis 4.24 3.85 3.31 3.10 2.95 3.20 3.67 3.90 3.81 3.93 4.11 4.13 

 Jarque-Bera 450.25 359.21 265.02 229.82 199.25 272.43 412.19 359.42 321.77 322.39 348.26 342.38 

 Probability 0 0 0 0 0 0 0 0 0 0 0 0 

 Observations 4018 4018 4018 4018 4018 4018 4018 4018 4018 4018 4018 4018 

 
H13 H14 H15 H16 H17 H18 H19 H20 H21 H22 H23 H24 

 Mean 51.46 50.73 48.57 47.07 46.59 48.17 50.84 53.80 55.48 56.56 53.14 48.77 

 Median 52.11 51.67 49.94 48.59 48.00 49.36 51.00 53.04 54.69 55.48 53.20 49.72 

 Maximum 103.10 102.30 100.40 99.82 100.00 102.70 109.69 113.92 112.00 145.00 110.00 104.20 

 Minimum 0 0 0 0 0 0 0 0 0 0 0 0 

 Std. Dev. 15.42 15.47 15.26 15.47 15.84 15.99 16.31 16.44 15.43 14.40 13.61 13.74 

 Skewness -0.45 -0.48 -0.53 -0.57 -0.54 -0.43 -0.18 -0.04 0.04 0.11 -0.20 -0.40 

 Kurtosis 4.20 4.12 4.01 3.90 3.75 3.76 3.77 3.74 3.84 4.40 4.28 4.27 

 Jarque-Bera 373.94 364.27 363.15 353.40 284.84 218.03 120.26 92.08 118.35 339.09 299.74 375.66 

 Probability 0 0 0 0 0 0 0 0 0 0 0 0 

 Observations 4018 4018 4018 4018 4018 4018 4018 4018 4018 4018 4018 4018 
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𝜇(𝑡) 	= 𝛼c + 𝛼&𝐼)-RRgRKP + 𝛼*𝐼)
dOS0P;Q + 𝛼2𝐼)-0K)RB + 𝛼3𝐼)

,!B0K' + 𝛼4𝐼),ÜnnRB

+𝛼4𝐼)
àNN!R;g (𝐵. 1 − 8)

 

Where 𝐼) is the indicator function for the weekend, holiday, winter, spring, summer and off-

peak hour (from 10 pm to 9 am) which takes the value 1 if the condition is met and 0 otherwise. 

As we discussed in section III, the returns defined in auction markets are different from those 

in time-continuous trading markets. Since we will use both returns under auction trading 

assumption and returns under the time-continuous trading assumption, we define 𝜇(𝑡)  as 

equation (B.1-7) for the auction returns and 𝜇(𝑡) as equation (B.1-8) for the time-continuous 

returns. Then, the time-varying conditional mean of the price changes, which is 𝜃(𝑡), can be 

estimated by obtaining the parameters in equation (B.1-7) or (B.1-8) and the mean-reversion 

rate, 𝜅. The de-meaned price changes thereafter are computed by  

𝑟)∗ = 𝑟) − 𝜃(𝑡)flflflflflfl	 (𝐵. 1 − 9) 

Where 𝑟) is the raw returns calculated by the difference between prices. For the auction returns, 

we estimate the time-varying conditional means for each hourly prices and then de-meaned the 

hourly returns according to (B.1-9). While, for the time-continuous returns, we treat the 24-

hourly prices as time series. Thus, we only estimate one series of time-varying conditional 

mean and subtract it from the time-continuous raw returns. In Table B.1.2, we present the 

estimations on the parameters of (B.1-7) and (B.1-8) as well as the mean-reversion rate 𝜿 for 

the auction returns and for the time-continuous returns separately. To begin with, the prices on 

weekdays during autumn are higher in peak-hours (from around 9 am to 22 pm) and lower in 

off-peak hours. While the prices are higher in the nighttime (from 23 pm to 5 am) but lower in 

the daytime during the weekends and holidays. And, compared to the prices in autumn, the 

mean prices are generally lower in winter and spring. But in summer, the prices in most hours 

are not significantly different from that in autumn, except from 8 am to 10 am and from 19 pm 

to 22 pm which has lower prices. The mean reversion rate for the 24 hours is similar but slightly 

higher during peak hours than in off-peak hours. With regards to the estimations for the time-

continuous returns, mean prices in peak hours are higher than that in off-peak hours if it is 

weekdays and in autumn. Meanwhile, winter, spring, summer all have lower mean prices 

compared to autumn, but holidays seem to have no significant influence on the mean. Lastly, 

we obtain a lower mean-reversion rate in time-continuous estimation.  
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Table B.1.2  

Estimates of drift in electricity prices. 

Note: For the hourly prices, as we regard them as separate processes, we estimate equation (B.1-7) for each hour 
price series. For time-continuous trading assumption, we regard the hourly prices as a time-continuous process 
and estimate equation (B.1-8).  ***, **, and * denote statistical significance at the 1%, 5% and 10% levels 
respectively. 

 

 

 

 

 

Price (auction-trading) Hour1 Hour2 Hour3 Hour4 Hour5 Hour6 Hour7 Hour8 

constant 11.69*** 11.22*** 10.87*** 10.48*** 9.86*** 9.65*** 12.14*** 19.64*** 

weekend 1.33*** 1.25*** 0.85** 0.52 -0.15 -1.83*** -5.97*** -11.41*** 

winter -0.99** -1.48*** -2.02*** -2.23*** -2.16*** -1.93*** -2.08*** -1.80*** 

spring -2.43*** -2.47*** -2.44*** -2.41*** -2.19*** -2.01*** -2.26*** -3.88*** 

summer 0.05 0.31 0.53 0.62 0.63 0.39 -0.13 -1.40*** 

holiday 1.82 3.89*** 4.46*** 3.80** 3.71** 2.03 -1.05 -7.01*** 

mean-reversion rate 0.27*** 0.29*** 0.31*** 0.30*** 0.29*** 0.25*** 0.25*** 0.37*** 

 Hour9 Hour10 Hour11 Hour12 Hour13 Hour14 Hour15 Hour16 

constant 22.11*** 21.03*** 17.39*** 15.21*** 15.62*** 14.30*** 13.60*** 15.00*** 

weekend -13.25*** -12.01*** -9.51*** -8.04*** -7.70*** -6.84*** -6.03*** -7.23*** 

winter -1.44*** -0.87** -0.67* -0.69* -0.84** -0.94** -0.99*** -1.24*** 

spring -4.10*** -3.86*** -3.21*** -2.92*** -3.16*** -2.97*** -3.02*** -3.44*** 

summer -1.26*** -1.03** -0.62 -0.35 -0.21 -0.01 -0.04 -0.01 

holiday -9.91*** -12.01*** -10.0*** -8.46*** -6.88*** -5.65*** -4.58*** -5.47*** 

mean-reversion rate 0.42*** 0.38*** 0.30*** 0.26*** 0.27*** 0.25*** 0.25*** 0.28*** 

 Hour17 Hour18 Hour19 Hour20 Hour21 Hour22 Hour23 Hour24 

constant 16.10*** 16.63*** 15.60*** 17.60*** 15.86*** 15.52*** 10.46*** 10.14*** 

weekend -8.38*** -8.58*** -6.94*** -5.50*** -2.63*** 0.51 2.07*** 0.94*** 

winter -1.26*** -0.86** 0.06 0.79* -0.01 0.03 -0.44 -0.63* 

spring -3.93*** -4.29*** -4.34*** -4.76*** -4.06*** -3.32*** -2.33*** -2.27*** 

summer -0.11 -0.68* -1.47*** -2.41*** -2.58*** -1.93*** -0.43 -0.31 

holiday -6.01*** -7.11*** -6.41*** -6.52*** -3.15** -0.66 3.03*** 1.45 

mean-reversion rate 0.30*** 0.30*** 0.27*** 0.31*** 0.27*** 0.29*** 0.21*** 0.22*** 

 Price (time-continuous) 

constant 3.58*** 

off-peak 2.06*** 

weekend -0.23*** 

winter -0.21*** 

spring -0.68*** 

summer -0.11*** 

holiday -0.19 

mean-reversion rate 0.05*** 
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B.1.4.2 Realized variance measures 

With the de-meaned returns, we calculate the five realized measures based on the definitions 

in section B.1.1-B.1.3. In Table B.1.3, we show the basic information on the obtained measures. 

Notably, comparing among the realized measures, the squared daily returns have the lowest 

mean value (68.5), lowest standard deviation (174.5) but the highest skewness (8.4) and highest 

kurtosis (124.7). Next, the 𝐶𝐼𝑅;Ü$)0OK  have the highest mean value (3190.8), the highest 

standard deviation (5562.1) and third-largest skewness (5.8) as well as kurtosis (61.9). On the 

other hand, The 𝐶𝐼𝑅)0nR%$OK)0KÜOÜ/ witnesses the lowest skewness (4.6) and kurtosis (38.1). 

While observing the three realized measures are more or less similar (the BV, IR, 

𝐶𝐼𝑅)0nR%$OK)0KÜOÜ/), the distribution of DR (squared daily returns) is quite asymmetrical and 

the size of 𝐶𝐼𝑅;Ü$)0OK  are generally very large. With respect to the correlations among the 

measures, we also present a correlation matrix in Table B.1.4. The BV, IR, and 

𝐶𝐼𝑅)0nR%$OK)0KÜOÜ/  which are developed under the time-continuous framework are closely 

correlated with each other, and DR and 𝐶𝐼𝑅;Ü$)0OK that adopt auction trading assumption has 

a high level of co-movement.  

 
Table B.1.3  

Statistics of five realized volatility measures 

Note: we report the distribution statistics for the five realized volatility measures constructed using de-meaned 
returns. 𝐷𝑅 for daily squared returns, 𝐶𝐼𝑅=>?@3AB for cumulative intraday squared returns using auction-trading 
de-meaned returns, 𝐶𝐼𝑅@3CDE?AB@3B>A>F for cumulative intraday squared returns using time-continuous de-meaned 
returns, IR for intraday range measure, BV for bipower variation measure. 

 

 

 

 

 𝐷𝑅 𝐶𝐼𝑅!"#$%&' 𝐶𝐼𝑅$%()*#&'$%'"&"+ IR BV 

Mean 512.73 359.85 68.49 3190.81 537.13 

Median 339.89 193.59 17.84 1394.10 348.60 

Maximum 11051.36 11979.84 4158.03 103657.10 9682.79 

Minimum 23.59 8.24 0.00 46.15 15.21 

Std. Dev. 590.08 567.92 174.53 5562.14 636.24 

Skewness 5.16 6.39 8.40 5.80 4.56 

Kurtosis 55.26 75.41 124.73 61.98 38.07 

Jarque-Bera 475070.4 905096.7 2528248 604853.5 219791.3 

Probability 0 0 0 0 0 

Observations 4018 4018 4018 4018 4018 
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Table B.1.4  

Correlation matrix of the five realized volatility measures 

Note: 𝐷𝑅 for daily squared returns, 𝐶𝐼𝑅=>?@3AB for cumulative intraday squared returns using auction-trading de-
meaned returns, 𝐶𝐼𝑅@3CDE?AB@3B>A>F for cumulative intraday squared returns using time-continuous de-meaned 
returns, IR for intraday range measure, BV for bipower variation measure. 

 

 

 

 

 

 

 

B.2 Evidence on the realized variance measures 

B.2.1 Simulations 

The usual way to check the ability of the proposed realized measures to proxy the latent daily 

variation is to compare the implied estimations with the realizations. However, latent daily 

variation cannot be directly observed. Following the approach by Andersen and Bollerslev 

(1998), we first fit the de-meaned hourly power returns (under auction trading assumption) 

with VAR(1)-DCC-GARCH model to account for both correlations among returns and their 

volatilities, and then simulate 100000 observations for the expected means together with 

variances. Afterward, we construct the daily return and its variances according to equation (3.5) 

and (3.6). By simulating a large number of observations, we expect the distribution of 

simulated data could be close to the population distribution.  

Then, we use the simulated hourly returns to obtain the realized measures discussed in section 

III. To begin with, we compute hourly prices by setting the initial prices as zero and then obtain 

the time-continuous hourly returns according to expression (B.1-1). Then, the first measure is 

the squared daily returns that can be obtained by averaging the simulated hourly returns. For 

the cumulative intraday squared returns, we apply both return series to compute the sum of 

intraday squared returns under auction trading assumption as well as the measure under time-

continuous trading assumption. The intraday range measure is the squared difference between 

the maximum hourly price and the minimum one. And the bipower variation measure is 

calculated using the time-continuous hourly returns due to the fact that it is developed under a 

time-continuous framework.  

Correlation BV IR DR 𝐶𝐼𝑅!"#$%&' 𝐶𝐼𝑅$%()*#&'$%'"&"+ 

BV 1.00     

IR 0.79 1.00    

DR 0.22 0.25 1.00   

𝐶𝐼𝑅!"#$%&' 0.41 0.48 0.91 1.00  

𝐶𝐼𝑅$%()*#&'$%'"&"+ 0.96 0.82 0.24 0.44 1.00 
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To evaluate the realized measures’ forecast ability on the simulated daily variance, we adopted 

two methods here. One is the MSE, mean of the squared errors. This is the most common 

choice when evaluating forecasts for the mean. For simplicity, in this section, we only apply 

the basic MSE for the evaluations. The other metric used by the literature frequently is obtained 

through the realized measure-volatility regression, as Andersen and Bollerslev (1998) shows 

å 𝑟)G`/n*

`Y&……n

= 𝑎 + 𝑏𝜎)G&* + 𝑢 (𝐵. 2 − 1) 

Where m is the intraday sample frequency and t denotes for the day. Irrespective of the realized 

volatility measures being used, the coefficient a and b would equal zero and unity individually 

if the measures are correctly specified. Moreover, 𝑅* from the regression provides a direct 

evaluation of the variability in the realized measures. In the time-continuous framework, 𝑅* 

takes the form 

𝑅* = 1 − 𝑉𝐴𝑅≈ å 𝑟
)G `n

*

`Y&……n

− 𝜎)G&* ∆ • 𝑉𝐴𝑅 ≈ å 𝑟
)G `n

*

`Y&……n

∆

%&

(𝐵. 2 − 2) 

Though it is problematic to use directly the 𝑅*as a criterion, with a benchmark, it is useful to 

compare among different realized measures.  

Table B.2.1 gives the results of using the two evaluation methods to assess the five realized 

measures’ predictability on the daily variations. Setting the squared daily returns as the 

benchmark, we observe that none of the other four measures can beat the squared daily returns. 

Specifically, the squared daily returns have the largest 𝑅* being 0.098 and the smallest mean 

squared errors being 2.05× 103. 𝐶𝐼𝑅;Ü$)0OK  ranked second with 𝑅* being 0.0061 and MSE 

being 5.91× 10W. The intraday range measure and the bipower variation have nearly zero 𝑅* 

while the 𝐶𝐼𝑅)0nR%$OK)0KÜOÜ/ has a negative one, suggesting a poor fit for the constructed daily 

variances. Also, the MSE of these three measures is very large.  

From the simulation results, as discussed section 3.2 the squared daily returns are still a valid 

realized volatility measure for the daily variation of the power returns in an auction market, 

though very noisy. However, the realized volatility measures developed under the time-

continuous framework, such as the cumulative squared intraday returns that is proved to 

improve the forecast ability from the squared daily returns by Andersen and Bollerslev (1998), 

no longer have better forecast performance when they are applied to returns in an auction 
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market. This supports our argument that the realized volatility measure should be chosen with 

prudence in the case of the power market thanks to its different organization in trading.  

Table B.2.1  

Simulation evaluation results 

Note: we report the evaluation results of the five simulated realized volatility measures’ fitness to the simulated 
daily variances. 𝐷𝑅 for daily squared returns, 𝐶𝐼𝑅=>?@3AB for cumulative intraday squared returns using auction-
trading de-meaned returns, 𝐶𝐼𝑅@3CDE?AB@3B>A>F for cumulative intraday squared returns using time-continuous de-
meaned returns, IR for intraday range measure, BV for bipower variation measure. MSE refers to the mean 
squared errors, and 𝑅# which is computed according to text equation (36) measures the variability in the realized 
measures. 

 

 

 

 

B.2.2 Empirical evidence  

In this section, we first run a robust regression of the five realized volatility measures on the 

historical daily variations to provide empirical evidence on the estimation ability of the five 

measures on observed daily variances. Then, we adopt the evaluation methods of the 

probabilistic forecasts to check how close the realized volatility measures can proxy the latent 

daily variations. Since the real data-generating process cannot be observed, we adopt these two 

methods to provide further evidence on the appropriate realized volatility measure for the 

power returns in an auction market.  

In table B.2.2, we present the regression results on the five realized volatility measures. 

Because we are interested in the ability of the measure to explain the total variation of the 

historical daily variances, we don’t include any seasonal dummies or other control variables. 

We observe that only the squared daily returns have a significant and positive relationship with 

the observed daily variances. While the bipower variations, the intraday range measure, and 

the cumulative squared intraday returns both under the time-continuous trading assumption 

and auction trading assumption all have a negative or non-significant coefficient, suggesting 

an opposite direction of the links or even no relation between these measures and the historical 

daily volatility.  

 

 DR 𝐶𝐼𝑅!"#$%&' 𝐶𝐼𝑅$%()*#&'$%'"&"+ IR BV 

MSE 2.05× 10, 5.91 × 10- 3.33 × 10./ 3.99 × 10./ 1.12 × 10./ 

𝑅0 0.0982 0.0061 −3.88 × 10*1 1.64 × 10*1 1.23 × 10*- 
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From Figure B.2.1 to Figure B.2.4, we show the results of the evaluations on the probabilistic 

forecasts. Particularly, we first fit the de-meaned daily returns with the autoregressive model27 

and then obtain the fitted means. Next, we construct the probabilistic forecasts on the observed 

de-meaned daily returns by using the fitted means and the five realized volatility measures to 

be the standard deviations. In doing so, the difference in performance is only caused by the 

difference in the volatility that is determined by the five realized volatility measures. Obviously, 

the squared daily returns perform better than other measures in all four aspects of the calibration, 

indicating the measure proxy the latent daily variation the best.   

Thus, combining all the evidence, we can identify the most appropriate realized volatility 

measure for the power returns in an auction market, which is the squared daily returns. 

Meanwhile, we have shown that the univariate realized volatility measures which are 

developed under the time-continuous framework and utilize the high-frequency data do not 

provide a better measure for the latent daily variation of returns in auction markets.  

 

Table B.2.2 

Regression results 

Note: we report the robust linear regression of the five realized volatility measures on the historical daily variations. 
Specifically, we run the equation 𝐻𝑉@ = 𝑐𝑜𝑛𝑠𝑡𝑎𝑛𝑡 + 𝑅𝑀@ + 𝜖@, where HVt refers to historical daily variances and 
RMt denotes for the realized volatility measure. 𝐷𝑅 for daily squared returns, 𝐶𝐼𝑅=>?@3AB for cumulative intraday 
squared returns using auction-trading de-meaned returns, 𝐶𝐼𝑅@3CDE?AB@3B>A>F  for cumulative intraday squared 
returns using time-continuous de-meaned returns, IR for intraday range measure, BV for bipower variation 
measure. ***,**, and * denote statistical significance at the 1%, 5% and 10% levels respectively. And, 
significance is marked according to robust errors. 

 

 

 

 

 

 

 

 
 

 

 

 

 
27 We fit an autoregressive model with AR(1) and AR(7) in the mean equation.  

 Historical daily variance 

Constant 4.51*** 4.17*** 4.37*** 4.51*** 4.03*** 

𝐶𝐼𝑅$%()*#&'$%'"&"+ -0.08***     

𝐶𝐼𝑅!"#$%&'  -0.01    

IR   -0.06***   

BP    -0.08***  

DR     0.02*** 

R-squared 0.036 0.001 0.02 0.04 0.01 
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Figure B.2.3  

Boxplots of the five realized measures as volatility with respect to the observed daily returns 

Note:  𝐷𝑅 for daily squared returns, 𝐶𝐼𝑅=>?@3AB for cumulative intraday squared returns using auction-trading 
de-meaned returns, 𝐶𝐼𝑅@3CDE?AB@3B>A>F for cumulative intraday squared returns using time-continuous de-
meaned returns, IR for intraday range measure, BV for bipower variation measure. 

 

 

 

 

 

 

 

 

 
Figure B.2.4  

Brier scores for the five realized measures as volatility with respect to the observed daily returns 

Note:  𝐷𝑅 for daily squared returns, 𝐶𝐼𝑅=>?@3AB for cumulative intraday squared returns using auction-trading de-
meaned returns, 𝐶𝐼𝑅@3CDE?AB@3B>A>F for cumulative intraday squared returns using time-continuous de-meaned 
returns, IR for intraday range measure, BV for bipower variation measure. 

 

 

 

 

 




