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Short-term dynamics of day-ahead and intraday
electricity prices

Abstract

Purpose

Since the liberalization of electricity markets in the European Union, prices are sub-
ject to market dynamics. Hence, understanding the short-term drivers of electricity
prices is of major interest to electricity companies and policy-makers. Accordingly,
this paper studies movements of prices in the combined German and Austrian elec-

tricity market.

Approach

We estimate an autoregressive model with exogenous variables (ARX) in a two-
step procedure. We first de-seasonalize both time series, which inherently feature
seasonality, and, in a second step, measure the influence of all model variables on

the two dependent variables, i. e. the day-ahead and intraday EPEX prices.
Findings

Our results reveal that the short-term market is largely driven by seasonality, con-
sumer demand and short-term feed-ins from renewable energy sources. As a contri-
bution to the existing body of literature, this paper specifically compares the price
movements in day-ahead and intraday markets. In intraday markets, the influences

of renewable energies are much stronger than in day-ahead markets, i. e. by 24.12 %

for wind and 116.82 % for solar infeeds.
Originality
Knowledge on the price setting mechanism in the intraday market is particularly

scarce. This paper contributes to existing research on this topic by deriving drivers

Preprint submitted to International Journal of Energy Sector Management June 1, 2018



in the intraday market and then contrasting them to the day-ahead market. A
more thorough understanding is especially crucial all stakeholders, who can use
this knowledge to optimize their bidding strategies. Furthermore, our findings sug-
gest policy implications for a more stable and efficient electricity market.
Keywords: Electricity, price modeling, renewable energies, external drivers,

weather influence, time series analysis, autoregressive model

1. Introduction

Liberalized electricity markets have been fostered worldwide by policy-makers
since the end of the 20th century. The European Union has played a leading role
in liberalizing its electricity market and enforcing an integrated European market
across national boundaries (Jamasb and Pollitt, 2005), the starting point of which
was the European Directive' on the liberalization of national electricity markets in
1996 (Ellersdorfer, 2009).

Nowadays, participants in the electricity sector can trade electricity on the spot
market. For example, the German and Austrian spot market is organized by the
European Power Energy Exchange (EPEX), which is a joint venture between the
European Energy Exchange (EEX) and the French Powernext.? This has triggered
a fundamental change: though the largest share of electricity is traded in over-the-
counter transactions, trading in the intraday and day-ahead markets has become
prevalent. For instance, the electricity volume of the EPEX day-ahead spot market
has increased by roughly 300 % in the last ten years. This amounts to a daily day-
ahead trading volume of 750,559 MWh as of December 31, 2014.3

Such a dynamic spot market and the limitations of electricity storage lead to
unique market conditions with highly volatile electricity prices (e.g. Bierbrauer
et al., 2007, Deng and Oren, 2006, Weron, 2007). In addition, external variables,
such as fuel prices and economic factors, can influence the electricity spot price
(e.g. Gelabert et al., 2011, Paraschiv et al., 2014, Paschen, 2016). Electricity traders

thus form their price expectations based on fundamental, as well as external, fac-
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tors. Understanding these drivers of electricity prices can be of great help to various
stakeholders. Based on this information, electricity traders can improve their bid-
ding strategies and find new investment opportunities. Furthermore, policy-makers
benefit as they are able to verify that policy incentives, such as the preferential treat-
ment of renewables, are yielding the expected societal and environmental results
(Menanteau et al., 2003).

A crucial component of the electricity price is its price-setting mechanism, i. e.
the merit order. In the merit order system, power plants are activated in order, be-
ginning with those that entail the lowest marginal costs (Ellersdorfer, 2009). Power
plants with higher marginal costs are then connected to the grid step-by-step un-
til the electricity demand is satisfied. Figure 1 illustrates the marginal costs of the

system through the so-called merit order curve.
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Figure 1: Merit order curve describes price setting mechanism in spot markets (source: own illus-
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tration, adapted from Sensfuss et al. (2008)).

Based on the merit order curve, we observe that the electricity price is highly
dependent on the power plants involved — such as coal-fired power plants, gas-
steam power plants or wind farms — while, at the same time, consumer demand
changes from hour to hour. Therefore, many different factors on the demand side,

as well as the supply side, influence the electricity price. We group these factors as



follows:

1. Seasonality. The price of electricity depends on several seasonal considera-
tions. On the one hand, seasonality can originate from climate conditions,
such as temperature, and the hours of daylight (Weron, 2007). On the other
hand, different consumption levels, e. g. between working days and the week-
end, are an additional source of fluctuations. This results in the electricity
price having hourly, daily, weekly and yearly seasonal patterns.

2. Supply side. On the supply side, the infeed from renewable energies can have
a strong impact on the electricity price. Electricity from renewable sources,
such as photovoltaic plants and wind farms, is given preferential treatment in
the German electricity market in order to promote investment in environmentally-
friendly technologies. In addition to this special treatment, renewable energy
power plants can produce electricity with almost zero marginal cost per addi-
tional unit of electricity (Sensfuss et al., 2008).

3. Demand side. Electricity consumption, representing the demand side, may
play an important role as a price driver. If electricity consumption increases,
it is necessary to generate additional electricity from backup power plants. In
regard to the merit order system, this results in an increased share of infeeds
from power plants with higher marginal costs, such as coal-fired power plants.

4. Fuel prices. The price of electricity also reflects production costs, which de-
pend, among other things, on the corresponding fuel prices, such as the cost
of coal and natural gas.

5. Economic factors. Further economic factors, such as the exchange rate, can
increase generation costs for power plant operators. For instance, fuels are
frequently traded in U.S. dollars and, hence, they are subject to the highly

volatile exchange rate.

This paper contributes to an understanding of EPEX electricity prices by modeling

the short-term dynamics. While many studies have addressed merely the day-ahead



market, we also consider the intraday market and explicitly take the important step
of comparing the two.

The remainder of the paper is structured as follows. Section 2 provides an
overview of related work on modeling electricity prices. This serves as a foundation
for Section 3, in which we present our approach to modeling the EPEX electricity
price. The corresponding results in Section 4 compare the day-ahead and intra-
day electricity prices. Finally, in Section 5, we summarize our findings and present

policy implications.

2. Related work on modeling electricity prices

This section first presents related works regarding the choice of the underlying
model. Second, we address seasonality and, finally, we discuss the driving factors —
namely, consumption, renewable energies, fuel prices, emission rights and economic

variables.

2.1. Model choice

Various statistical techniques are used to analyze electricity price movements.
Related works predominantly focus on price forecasting, in which autoregressive
moving average ARMA(N,M) models are commonly utilized. The autoregressive (AR)
component includes N past values to explain the current price, while the second
component accounts for the moving average (MA) of M foregoing noise terms.
Incorporating exogenous factors into ARMA models further improves the forecast
(e.g. Contreras et al., 2003, Ludwig et al., 2015).

As an alternative, vector autoregressive (VAR) models investigate the influence
of several variables simultaneously (Liitkepohl, 2007) and typically treat variables
as endogenous. Several works analyze the impact of external variables on the elec-
tricity price through VAR models or their variants, e.g. structural VAR models or

the vector error correction model (VECM). For example, Bello and Reneses (2013),



Freitas and da Silva (2015) and Mufioz and Dickey (2009) use cointegration tech-
niques to study the Spanish market; Mohammadi (2009) and Mjelde and Bessler
(2009) consider the U. S. market; and Thoenes (2011), as well as Paschen (2016),
analyzes the day-ahead EEX price.

2.2. Seasonality

Electricity prices reflect seasonal characteristics of various duration (Weron, 2007).
Electricity prices usually decrease at night (when demand is low) and peak during
the daytime (when consumption is high). Daily seasonality may arise, among other
things, from higher industrial production and demand levels during weekdays as
compared to weekends. Monthly seasonality may originate, for example, from dif-
ferent weather conditions, such as windy or hot periods during the year. We refer
to Knittel and Roberts (2005) for deeper insight into the stylized facts of electricity

prices.

2.3. Driving factors of electricity prices

All of the aforementioned studies address the impact of different factors on elec-

tricity prices. We thus detail potential drivers in the following section.

Demand side: electricity consumption

In an efficient market, electricity consumption positively affects the price of elec-
tricity. Accordingly, previous works often take into account electricity consumption
or the grid load. For example, Bello and Reneses (2013), Clo et al. (2015) and
Gelabert et al. (2011) consider the load as an explanatory variable, while other
studies incorporate the expected load (e. g. Paraschiv et al., 2014, Wiirzburg et al.,

2013).

Supply side: infeed of renewable energies
Renewable energy sources can considerably influence the price of electricity due

to their low marginal costs. Hence, many references take the feed-in from renewable



energy sources into account. For instance, the feed-ins of photovoltaic plants and
wind farms make up a large share of German renewable electricity production and
are consequently of predominant interest (BMWi, 2017).

Wiirzburg et al. (2013) estimate several model specifications with, inter alia,
a joint variable, as well as the expected wind and solar production. Both specifi-
cations yield the same result: a significantly negative effect of renewables on the
electricity price in the short-run. In the case of wind power, the same relationship
is found when using the actual production data (Cutler et al., 2011, Gelabert et al.,
2011). This is in contrast to the long-term relationship, where Bello and Rene-
ses (2013) provide evidence of a positive relationship; the authors attribute this
finding to market participants who bid offensively over a span of time to restore
losses from periods with high feed-ins from wind power. Further studies, such as
Ketterer (2014), Paraschiv et al. (2014) and Wiirzburg et al. (2013), incorporate
the expected wind production instead of the ex post figures. The argument behind
this approach is that, for day-ahead markets, producers and consumers form their
decisions based on the expected generation.

In the case of solar power, Bello and Reneses (2013), Clo et al. (2015) and
Gelabert et al. (2011) find that solar production has a significantly negative impact
on the price of electricity. Paraschiv et al. (2014) and Wiirzburg et al. (2013) con-
sider expected solar production and also establish a negative relationship. All in
all, renewables should have — empirically and theoretically — a negative impact on
the short-term electricity price. When comparing wind and solar power, Paschen
(2016) reports a more prolonged negative effect of wind power shocks compared

to solar power.

Fuel prices
Coal-fired power plants account for 45 % of total German electricity production
(BMWi, 2017) and, therefore, the coal price may be a reasonable cost driver for elec-

tricity prices. Paraschiv et al. (2014) find a significantly positive short-term impact.



However, most studies utilize a long-term model to estimate the influence of the
coal price on electricity prices, albeit with diverging outcomes: there is evidence of
a positive effect (e. g. Bello and Reneses, 2013, Fell et al., 2010, Freitas and da Silva,
2015), as well as a negative effect (Mohammadi, 2009), whereas others cannot see
any significant effect (Ferkingstad et al., 2011, Mjelde and Bessler, 2009).

The gas price reveals similar differences between the short-term and long-term
influence. In the short-run, Wiirzburg et al. (2013), Paraschiv et al. (2014) and
Woo et al. (2011) provide evidence of a significant positive impact, whereas Freitas
and da Silva (2015) see no response to a shock in the price of gas. A year-by-
year evaluation suggests that this effect is highly dependent on the period under
consideration (Clo et al., 2015). The authors find a positive effect only for certain
years (e.g. 2006, 2007, 2011 and 2013). In long-term analysis, previous works
have measured that a 1 % change in the gas price results in a 0.68 % increase (Bunn
and Fezzi, 2009) or a 0.39% increase (Freitas and da Silva, 2015) in the price
of electricity over an extended period of time. Hence, electricity prices seem to
reflect changes in the gas price predominantly in the long run (e. g. Fell et al., 2010,
Thoenes, 2011).

Several studies suggest that the price of oil influences the price of electricity
since oil-fired power plants serve as backups (e. g. Paraschiv et al., 2014, Gelabert
et al., 2011). Erni (2012) argues that the oil price affects the transportation costs of
coal-fired power plants. However, Mohammadi (2009) does not find a significant
effect, though Paraschiv et al. (2014) establish a positive relationship between the
price of oil and electricity. Ferkingstad et al. (2011) observe a weakly exogenous
positive impact, similar to Mjelde and Bessler (2009) and Bello and Reneses (2013).
In Germany, oil-fired power plants meet only one percent of the electricity demand

(BMWi, 2017) and the price of oil might thus reveal a negligible influence.



Economic factors

Since most commodities are traded in U. S. dollars (USD), the exchange rate may
also be a relevant factor. Several studies find evidence of a relationship between the
exchange rate and commodity prices. Akram (2009) finds that a weaker dollar is
associated with higher commodity prices. Chen and Chen (2007) and Zhang et al.
(2008) provide evidence of a relationship between the oil price and exchange rates,
while Mufioz and Dickey (2009) analyze a cointegration relationship between the

electricity price, the oil price and the USD/euro exchange rate.

3. Materials and Methods

This section presents our datasets and the statistical approach to modeling short-
term electricity price movements. An overview of all variables under consideration

is given in Table 1, while the corresponding descriptive statistics are listed in Table 2.

3.1. Model variables: electricity price and exogenous drivers

In the model, we include the hourly infeeds from wind and solar power as prox-
ies for infeeds from renewables, since renewable energies had a total share of 25.8 %
of German electricity production in 2014 (BMWi, 2017). We take the actual values
of the infeeds from renewables and the grid load, thus avoiding the potential esti-
mation bias from using forecasts. Nevertheless, Erni (2012) finds a very high cor-
relation between the expected and the real wind infeed. We omitted the generated
electricity volume from other power sources, such as coal or nuclear power, since
these correlate with the overall demand that is already encoded in the load vari-
able. In addition, we incorporate feed-ins from renewable energy sources, as well
as fuel costs for electricity generation represented by the prices for coal, gas and
oil. We include the USD/euro exchange rate in our subsequent analysis to control
for exchange rate effects pertaining to commodity trading. In the day-ahead model,
the fuel prices, as well as the economic factors, enter the model as lagged variables,

since the day-ahead price is set one day in advance.



Insert Table 1 about here

3.1.1. Descriptive statistics
Figure 2 illustrates the hourly day-ahead spot price at EPEX with its correspond-
ing distribution from January 1, 2010 to December 31, 2014. We observe a high

volatility with significant positive and negative price peaks and also an indication

of seasonality.
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Figure 2: Time series (left) and corresponding histogram (right) of the hourly day-ahead electricity
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spot price at the EPEX (cropped to the range of —20<€ /MWh to 150<€ /MWh).

According to Table 2, the mean day-ahead spot price accounts for 43.32€ /MWh,
with a price range from —200€ /MWh to 210€ /MWh. The distribution shows a
skewness of —0.12 and a kurtosis of 5.52, resulting into a fairly normal distribu-
tion. In contrast, the intraday spot price accounts for a mean price of 42.37€ /MWh,
which is lower by 0.95€ /MWh. The intraday spot price ranges from —270.11€ /MWh
to 272.95€ /MWh, featuring higher price peaks. As a result, one can also find a
higher kurtosis of 9.60, whereas the skewness remains similar. When comparing
day-ahead and intraday prices, we see a statistically significant correlation coeffi-

cient of 0.8032.
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Insert Table 2 about here

3.1.2. Stationarity

Stationary time series represent a necessary condition for a robust estimation
and ensure the absence of a spurious regression (Wooldridge, 2012). Accordingly,
Table 3 reports the results of the augmented Dickey-Fuller test. We find stationary
time series in levels for both electricity prices, wind infeed, solar infeed and the
natural gas price. The prices for coal and crude oil, as well as the exchange rate,
are integrated of order one. We transform these into stationary time series by taking

the first differences.
Insert Table 3 about here

3.2. Methodology

In order to investigate drivers of electricity prices, we estimate autoregressive
models with exogenous variables (ARX) in a two-step procedure as follows (Wooldridge,
2012): the first step de-seasonalizes the time series, which inherently feature sea-
sonality namely, both electricity prices, solar infeed, wind infeed and electricity con-
sumption. In the second step, we measure the influence of all model variables on

the de-seasonalized electricity prices.

3.2.1. Step 1: de-seasonalizing electricity prices

Accounting for seasonality is a crucial step when analyzing electricity spot prices
(Weron, 2007). The two common approaches are (i) transformations, such as the
wavelet transformation or spectral decomposition, and (ii) the use of dummy vari-
ables for each periodic time interval, such as hour, day or month. We follow the
latter approach and include hourly, daily and monthly dummies plus a trend t. We
add lags of 24 hours, 48 hours and 168 hours to account for the recurring patterns

(Weron, 2007). Accordingly, we estimate

Pt = Ytt + glpt—24 + gzpt—48 + ‘gspt—168 + htDt,hour + WtDt,weekday + mtDt,month + pn
(D
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with electricity price P,, error term P,, binary dummy variables Dy,,, Dyyeekday> aS
well as D,.;,, and free parameters v,, &;, &,, &3, h,, w, and m,. The residual P,

gives the de-seasonalized electricity price, which we utilize in the following step.

3.2.2. Step 2: processing de-seaonalized electricity prices using regression techniques
Here, we analyze the impact of external variables by running regressions on
de-seasonalized day-ahead and intraday electricity prices via
P, = B,Wind, + B,PV, + BsLoad, + B,Wind, - PV,
+ BsACoal,_; + BeGas,_; + ,A0il,_, (2)
+ B AFX, 1 + €4,
P, , = B,Wind, + B,PV, + BsLoad, + ,Wind, - PV,
+ BsACoal, + B¢Gas, + 3,AOIl, 3)

+ BgAFX, + ¢,

with the de-seasonalized day-ahead spot price PA’t and de-seasonalized intraday
spot price 15“, coefficients f3; and error terms €, , and ¢; .. We include an interaction
term between wind and solar feed-ins and utilize the difference operator A to obtain

stationary time series based on the results from the Augmented Dickey-Fuller test.

4. Evaluation

This section presents the results of the de-seasonalization procedure. We inves-
tigate the influence of external factors on the EPEX electricity prices and compare

the results across the day-ahead and intraday markets.

4.1. Seasonal components of EPEX electricity prices

Due to the extensive scope of the full regression results of the de-seasonalization
process, we show only the goodness-of-fit measure — the adjusted R?. When studying
the adjusted R?, we see that pure seasonal influences already explain a large propor-

tion of the variance. The adjusted R? of 0.964 is slightly higher for day-ahead prices
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than the value 0.894 for the intraday market; allowing the latter to have a larger
proportion of its variance explained by non-seasonal influences. We note that all
standard errors are corrected for autocorrelations and heteroskedasticity; we later
also provide robustness checks to ensure that our results are not confounded.

In addition, we visualize all seasonal components, i. e. hourly, daily and monthly
dummies, without lags in Figure 3 and compare the day-ahead and intraday prices.*
The plots show a clear pattern as follows: the intraday price is higher on average
than that in the day-ahead market. The lowest average price throughout the day oc-
curs during the trading block from 4-5 a. m. for both the day-ahead and the intraday
markets, whereas it peaks during the block from 7-8 p. m. in both markets; see up-
per panel in Figure 3. Furthermore, we observe that electricity prices remain fairly
constant during weekdays, but drop significantly over the weekend (middle panel).
The lower panel illustrates monthly changes in electricity prices, using figures from
January as a point of reference. Consistent with previous findings, prices are lower

during the summer due to more hours of sunshine and less need for heating.
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Figure 3: The above plots show the seasonal components of electriticy prices. For this purpose, we
present dummy coefficients from our autoregressive mode for both the day-ahead (light gray) and
intraday (dark gray) markets. Black intervals denote standard errors. The dummies for Monday

and January are omitted as these serve strictly as references. For this visualization, we estimate the

model only with the seasonal components.
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4.2. Drivers of the EPEX day-ahead electricity price

We estimate four different model specifications to investigate the movements
of the day-ahead electricity price. All models utilize the de-seasonalized day-ahead
spot price as the dependent variable. The results are provided in Table 4. Model (A)
evaluates the influence of merely the demand and supply side. It also incorporates
an interaction term of wind and solar feed-ins to control for additional non-linear
effects. Models (B) and (C) additionally include fuel prices and exchange rates to
account for the costs of electricity generation.

In the first place, we find only stationary residuals and thus can confirm that
we are not analyzing a spurious regression. We find autocorrelation of the resid-
uals by using the Durbin-Watson test. Performing the Breusch-Pagan test indicates
heteroscedastic residuals. To adjust the test values for autocorrelation and het-
eroscedasticity, we apply the Newey-West procedure (Wooldridge, 2012). Hence,
we report the t-statistics, which are robust to heteroscedasticity and serial correla-

tion, in the subsequent evaluation.
Insert Table 4 about here

As expected, feed-ins from renewable energy sources reveal a statistically signif-
icant negative impact on the day-ahead electricity price. Increasing wind infeed by
one standard deviation results in a price decrease of —0.369 standard deviations in
the day-ahead electricity price; solar infeeds reduce the day-ahead electricity price
by —0.107 standard deviations. Furthermore, we include an interaction term be-
tween wind and solar feed-ins to account for additional non-linear effects, but which
turns out to be statistically non-significant at the 5% significance level. Therefore,
we exclude the interaction from our final model, in which we still observe that a rise
in electricity load by one standard deviation increases the electricity price by 0.404
standard deviations. The goodness-of-fit, i. e. the adjusted R?, numbers around 0.3.
While this value seems low at first, we must keep in mind that most fluctuations

originate from seasonal patterns, which have already been removed. Finally, we
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combine the R? values of both estimation steps from the ARX model to compute the
total explained variance. This amounts to 97.49 %, leaving unknown fluctuations
only a marginal space.

In addition, we find that fuel prices have no statistically significant influence
on the price of electricity. Therefore, adding fuel prices does not improve the ex-
planatory power of the model. The same holds true for the USD/euro exchange
rate.

Finally, we compare the different models in Table 4 in terms of the Akaike In-
formation Criterion (AIC) and the Bayesian Information Criterion (BIC). The for-
mer suggests including non-significant variables, whereas the latter puts a stronger
penalty on additional regressors. It attains the lowest value for the final model and
thus advocates this model choice. The corresponding F-tests (adjusted for signif-
icance levels from the Newey-West correction) suggest that the regressors have a

combined influence on the dependent variable.

4.3. Drivers of the EPEX intraday electricity price

We now analyze factors influencing the intraday electricity price. We follow the
previous estimation procedure and include a sub-sample analysis, due to expansion
of the market to Austria. In 2010 and 2011, the EPEX intraday market covered only
the German electricity production. In the years from 2012 to 2014, the EPEX intra-
day market additionally encompassed electricity supply from Austria. The results

are shown in Table 5.
Insert Table 5 about here

Similar to previous results, feed-ins from renewable energy sources have a statis-
tically significant negative impact on the intraday electricity price. A one standard
deviation increase in wind infeed results in a price decrease of —0.458 standard devi-
ations, while solar infeeds have a smaller influence of —0.232 standard deviations.

Consumer demand is positively related to price of electricity with a coefficient of

16



0.333. The adjusted R? numbers 0.359 and is thus slightly higher than for the day-
ahead market. The total explained variance from both estimation steps accounts for
95.84 %.

Evidently, there are no major changes in the impact of the underlying variables
on the intraday electricity price. However, the effects of solar infeed are much higher
in the second period, from 2012 to 2014, compared to the first period under con-
sideration. Interestingly, we find non-linear effects between 2010 and 2011, which
we do not find in the sample ranging from 2010 to 2014. In contrast, in the sec-
ond period, the oil price affects the intraday electricity price. Fuel prices yield the
same results as for the day-ahead market: we hardy find any significant coefficients
for coal, gas and oil price. We thus conclude that fuel prices do not substantially
contribute to the overall explanatory power of the model. We find the same results
for the exchange rate. In summary, we find that the market modification does not
considerably alter the price dynamics.

We finally compare the BIC for the complete period, where the lowest value
stems from the final model. We find a similar pattern for the F-tests: these again
provide statistical evidence that the regressors have a combined influence on the
intraday electricity price. As in the previous case, the highest test statistic can be

found for the final model.

4.4. Comparison of the day-ahead and intraday market

This section compares the results from the day-ahead and the intraday markets.

We find similarities, as well as differences, as follows (see Table 6):

1. Supply and demand side. The response of the intraday electricity price to
changes of renewable feed-ins is 24.12 % higher than for the day-ahead mar-
ket. In contrast, changes in electricity consumption produce a weaker re-
sponse in the intraday market. This indicates that the intraday market is less
driven by unexpected changes in demand, but is used more to balance sur-

prises in power generation from weather-dependent resources.

17



2. Fuel prices. Interestingly, fuel prices do not contribute to the explanatory
power of the model in either the day-ahead or the intraday market. Accord-
ingly, fuel prices can only be a minor cost driver for the electricity generation,
whereas a larger proportion is spent on the running costs for standby, main-
tenance and operation.

3. Economic factors. The results of the day-ahead and intraday markets are
similar with regard to the economic factors. Economic factors have no sub-
stantial impact on electricity prices in the period under consideration.

4. Total explained variance. We see that the day-ahead market reveals a slightly
higher total explained variance. This serves as an indication that intraday mar-
kets are either driven by other, unknown factors or else subject to speculations

to a larger extent.
Insert Table 6 about here

4.5. Discussion

Our research paper specifically addresses the intraday market. According to
Section 2, we see that previous research has largely neglected this market and we
thus cannot specifically compare our results to existing literature.

Overall, our empirical evidence reveals a strong impact of the demand and sup-
ply side on the short-term electricity price. In both markets, we find evidence of the
negative impacts of renewable infeeds, as well as the positive impact of consump-
tion levels, on electricity prices; each of them is statistically highly significant. These
results are in line with established theory, as well as previous research (e. g. Bello
and Reneses, 2013, Gelabert et al., 2011, Paschen, 2016). The more pronounced
influence within the intraday market can be partially explained by the almost im-
mutable demand, while regulations require most of the feed-ins from renewable
energy sources to be accommodated by the market.

Evidently, fuel prices do not contribute to the explanatory power of short-term

price dynamics. However, this relationship changes when studying the long-term
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relationship. In case of the coal price, our literature review in Section 2 identi-
fies only one study with a short-term model, which identifies a significant positive
impact (Paraschiv et al., 2014), while one can see a positive, negative or even no
relationship in the long run (Bello and Reneses, 2013, Ferkingstad et al., 2011,
Mohammadi, 2009). The price of gas reveals similar differences between the short-
term and long-term influence. In the long run, references provide evidence of either
a positive or no measurable influence (Freitas and da Silva, 2015, Wiirzburg et al.,
2013). In regard to the long term, previous works have measured that a 1 % change
in the gas price results in a 0.68 % increase (Bunn and Fezzi, 2009) or a 0.39 % in-
crease (Freitas and da Silva, 2015) in the price of electricity over an extended period

of time.

5. Conclusion and policy implications

5.1. Summary

Since the liberalization of the electricity market in Europe, and especially Ger-
many, prices are set by market participants and, hence, subject to various influences.
Understanding the short-term dynamics is of great interest to consumers, electricity
traders and policy-makers. Knowledge concerning the price setting mechanism in
the intraday market is particularly scarce. As a remedy, this paper contributes to
recent literature by comparing the price drivers in both the EPEX day-ahead and
intraday electricity markets. We utilize an autoregressive model to study seasonal-
ity, as well as the exogenous variables. Our findings suggest that the predominant
factors with regard to short-term dynamics are based on the supply and demand
side. On the supply side, we find that infeeds from wind farms negatively affect the
intraday electricity price by 24.12 % more than in the day-ahead market, while pho-
tovoltaic infeeds have a stronger (negative) impact by 116.82%. On the demand
side, the influence of electricity consumption on the electricity price is 17.77 % less

in intraday markets than in day-ahead markets.
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5.2. Policy implications

Based on our findings, we derive the following policy implications.

e Implication 1: In short-term electricity markets, fuel prices do not affect elec-
tricity prices. Hence, policy-makers can disregard fuel prices in short-term
markets when seeking to improve market efficiency through new market reg-

ulations.

e Implication 2: Electricity generation from renewable electricity sources has
low marginal costs. Accordingly, larger feed-ins from wind or solar power
reduces the price of electricity. Although this might serve to increase the pen-
etration of renewables, policy-makers must also consider the necessary invest-

ment costs and potential side effects in terms of grid stabilization.

e Implication 3: Policy-makers are able to reduce electricity prices when they
ensure a secure supply and matching demand. Therefore, different levers can
help reduce electricity prices. For example, policy-makers can offer incentives
to increase energy storage capacity or augment the prevalence of demand-side

management.

5.3. Outlook

In future work, we see the potential for advances in the following directions.
First, a long-term analysis of fuel prices may help to understand the influence of
fuel prices on electricity futures. Second, including the merit order effects could

contribute to our understanding of the short-term dynamics of electricity prices.
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Notes

!Directive 96/92/EC concerning common rules for the internal market of electricity.

2Note: The prices at the EPEX and EEX are identical. In the following, we make use of the
terminus EPEX.

3Retrieved on February 02, 2017 from https://www.eex.com/en/market-data/power/
spot-market/auction\#!/2014/12/31.

“Here, the dummies for Monday and January serve as point of reference in the regression and

are thus excluded to allow a unique solution of the estimation procedure.
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Variable, unit Symbol Frequency Description Data source

DEPENDENT VARIABLES

Day-ahead spot price, € /MWh Py Hourly Day-ahead auction electricity price with delivery in Germany and Austria. The European Power Ex-
auction price is set at 12:00 a.m. for each hour of the next day change (EPEX)

Intraday spot price, € /MWh Py Hourly Continuous intraday electricity price with delivery in Germany and (partially) European Power Ex-
Austria. Trading is possible up to 30 min before delivery change (EPEX)

EXOGENOUS VARIABLES

Wind infeed, MW Wind Hourly Aggregated total wind infeed from the four transmission system operators EEX Transparency
(TransnetBW, Tennet, Amprion, 50Hertz) in Germany

Solar infeed, MW PV Hourly Aggregated total photovoltaic infeed from the four transmission system EEX Transparency
operators (TransnetBW, Tennet, Amprion, 50Hertz) in Germany

Load, MW Load Hourly Total hourly electricity consumption in Germany ENTSO-E

Coal price, USD/t Coal Daily Credit Suisse Commodity Benchmark for coal API 2 spot return price index at Thomson Reuters Datastream
the Amsterdam-Rotterdam-Antwerp Hub

Gas price, € /MWh Gas Daily Setting price of natural gas first near future at the virtual gas trading hub Title Thomson Reuters Datastream
Transfer Facility (TTF)

0il price, USD/bbl oil Daily Brent crude oil spot price in USD per barrel Thomson Reuters Datastream

Foreign exchange rate, USD/euro FX Daily Closing price of U.S. dollar to euro exchange rate Thomson Reuters Datastream

Table 1: Overview of variables that are taken into account in the subsequent analysis.

Variable Symbol Unit Mean Median Min. Max. Std. dev. Skew. Kurt. Frequency
Day-ahead spot price Py € /MWh 43.32 44.01 —200.00 210.00 16.66 —0.12 5.52 Hourly
Intraday spot price Py € /MWh 42.37 42.01 —270.11 272.95 17.99 —0.12 9.60  Hourly
Wind infeed Wind Mw 20623.08 14742.20 115.00 118212.40 18704.10 1.60 2.72 Hourly
Solar infeed PV MwW 10627.31 251.70 0.00 96281.90 18116.31 2.00 3.47 Hourly
Load Load MwW 55003.04 54911.00 29201.00 79884.00 10139.15 —0.04 —1.05 Hourly
Coal price Coal USD 92.87 90.14 64.38 132.01 17,113 0.64 —0.74 Daily

Gas price Gas € /MWh 22.60 23.20 10.40 38.50 4.17 —0.34 0.80 Daily

0il price oil USD/bbl 102.09 108.01 58.69 126.62 14.85 —0.85 —0.32 Daily
Foreign exchange rate FX USD/euro 1.33 1.33 1.19 1.49 0.06 0.08 —0.38 Daily

Table 2: Descriptive statistics of day-ahead and intraday spot price, as well as all exogenous variables,

from January 1, 2010 to December 31, 2014.
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Variable Deterministic trend Lags  Test value Critical values

1% 5% 10%
Day-ahead spot price Drift, trend 0 —42.47 -3.96 —2.88 -—2.57
Day-ahead spot price (de-seasonalized)  None 0 —60.64 -2.58 —195 -—1.62
Intraday spot price Drift, trend 0 —42.95 —-3.96 =341 -3.12
Intraday spot price (de-seasonalized) None 0 —179.33 —2.58 —195 —1.62
Wind infeed Drift 0 —11.85 —-3.43 —-2.86 —2.57
Wind infeed (de-seasonalized) None 0 —84.86 —2.58 —1.95 —1.62
Solar infeed Constant, trend 0 —31.27 —3.96 —=3.41 —2.57
Solar infeed (de-seasonalized) None 0 —60.31 —2.58 —1.95 —1.62
Load Drift 0 —27.27 —3.43 —-2.86 —2.57
Load (de-seasonalized) None 0 —110.10 —2.58 —1.95 —1.62
Gas price Drift 0 —3.84 —3.43 —2.86 257
Coal price Drift, trend 0 —1.86 -3.96 —341 -3.12
ACoal price None 0 —23.10 —-2.58 —195 -—1.62
Oil price trend 0 0.43 -3.96 —-341 -3.12
AOil price None 0 —9.72 —-2.58 —195 -—1.62
Foreign exchange rate Drift 0 —2.33 —-3.43 —2.86 —2.57
AForeign exchange rate None 0 —25.35 —-2.58 —195 -—1.62

Note: varying the lag length results into the same outcomes

Table 3: Augmented Dickey-Fuller tests indicate that most time series are stationary. Only prices
for coal and crude oil, as well as the exchange rate, are integrated of order one. Details on de-

seasonalization are provided in Section 3.2.
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Dependent variable: hourly EPEX day-ahead electricity price (de-seasonalized)

A (B) © Final model
Infeed: Wind, —0.369"* —0.369"** —0.369"* —0.368"*
(—21.944) (—20.745) (—20.758) (—21.947)
Infeed: PV, —0.107*** —0.107** —0.107** —0.107***
(—9.768) (—9.848) (—9.834) (—9.832)
Load, 0.404*** 0.405™** 0.404* 0.404**
(23.557) (23.134) (23.136) (23.565)
Interaction: Wind, - PV, —0.004 —0.003 —0.003
(—0.374) (—0.269) (—0.274)
ACoal,_, —0.010 —0.012
(—0.909) (—0.995)
Gas,_; 0.017 0.017
(1.058) (1.056)
AOil,_, 0.004 0.004
(0.328) (0.304)
AFX, 0.007
(0.546)
Observations 43655 43655 43655 43655
Adjusted R? 0.304 0.305 0.305 0.304
AIC (in 1000) 298.001 297.982 297.981 298.000
BIC (in 1000) 298.044 298.051 298.059 298.035
F-statistic 1039.10 1025.30 1028.10 1038.50

Statistical significance levels: *p < 0.1; **p < 0.05; **p < 0.01

Standardized OLS coefficients (due to different units); robust t-statistics in parentheses

Table 4: Estimated coefficients (and corresponding robust t-statistics) of ARX models reveal those

variables that influence the day-ahead electricity price.
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Day-ahead price Intraday price  Relative difference

Influence of wind infeed —0.369*** —0.458™** +24.12%
Influence of solar infeed —0.107*** —0.232"** +116.82%
Influence of load 0.404*** 0.333*** —17.57%
Adjusted R2 of step 2 model 0.305 0.359 +17.70%
Total explained variance 97.94% 95.84% —2.14%

Statistical significance levels: *p < 0.1; **p < 0.05; **p < 0.01

Standardized OLS coefficients (due to different units) with robust p-values

Table 6: Comparison of the impact of the main drivers based on previous ARX models for the day-

ahead and intraday markets. The results originate from the full sample covering 2010-2014.
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