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Abstract: In this paper, we propose dynamic, short-term, financial risk management strategies for
small electricity producers and buyers that trade in the wholesale electricity markets. Since electricity
is mostly nonstorable, financial risk coming from extremely volatile electricity prices cannot be
reduced by using standard finance-based approaches. Instead, a short-term operational planing and
a proper trade diversification might be used. In this paper, we analyze the price risk in terms of the
Markowitz mean—variance portfolio theory. Hence, it is crucial to forecast properly the variance of
electricity prices. To this end, we jointly model day-ahead and intraday or balancing prices from
Germany and Poland using ARX-GARCH type models. We show that using heteroscedastic volatility
significantly improves probabilistic price forecasts according to the pinball score, especially if variance
stabilizing transformation is applied prior to a model estimation. The price forecasts are then used for
construction of dynamic diversification strategies that are based on volatility-type risk measures. We
consider different objectives as well as a buyer’s and a seller’s perspective. The proposed strategies
are applied for the diversification of trade among different markets in Germany and Poland. We
show that the objective of the strategy can be achieved using the proposed approach, but the risk
minimization is usually related to lower profits. We find that risk minimization is especially important
for a seller in both markets, while for a buyer a profit maximization objective leads to a more optimal
risk-return trade-off.

Keywords: electricity market; probabilistic forecasting; GARCH,; strategy; risk minimization; volatility

1. Introduction

In recent years we observe a rapid growth of the share of renewable energy sources
(RES) in the European electricity markets. For example in Germany, the percentage of
overall energy produced by the solar panels raised from none in 2004 to nearly 10% in
2021 [1]. Similarly, for energy produced by the wind turbines, we witness increase from
5% to 23% in the same time interval. This makes electricity prices weather dependent and
more volatile. When demand is low and solar, wind and conventional energy generators
are competing for dispatch of their energy, it is even possible that negative electricity
prices occur. The effect of RES on energy prices has been reported by many authors, see
e.g., [2-5]. The distributed generation induced by the growth of RES has also changed
profiles of participants in the wholesale electricity markets. A number of small producers
and traders joined the market. For them risk associated with electricity price volatility can
be a crucial trading parameter. Some renewable energy generators strive to mitigate the
weather dependence and high volatility using energy storage, see e.g., [6,7] for possible
approaches in this context. However, such solutions are still expensive and cannot be used

Energies 2023, 16, 807. https:/ /doi.org/10.3390/en16020807

https:/ /www.mdpi.com/journal/energies


https://doi.org/10.3390/en16020807
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/energies
https://www.mdpi.com
https://orcid.org/0000-0001-6110-3394
https://doi.org/10.3390/en16020807
https://www.mdpi.com/journal/energies
https://www.mdpi.com/article/10.3390/en16020807?type=check_update&version=2

Energies 2023, 16, 807

2 of 28

to smooth the power plant output entirely. Another solution is an optimization of trading
strategies aimed at minimization of the price risk. In this paper, we follow this direction.

The aim of the work is to propose dynamic, short-term, financial risk management
strategies for small electricity producers and buyers that trade in the wholesale electricity
markets. Differently than other commodities, electricity is mostly nonstorable, so financial
risk coming from extremely volatile electricity prices cannot be reduced by using standard
finance-based approaches, like e.g., replicating strategies or choosing optimal trading times.
However, electricity trade can still be optimized using diversification. In this paper, we
show that properly constructed joint probabilistic forecasts of prices from different energy
markets might be utilized to diversify trading and, as a consequence, allow for a risk
mitigation as well as finding an optimal trade-off between risk and profit.

Construction of the wholesale electricity markets can vary between the countries, but
usually it is divided into three trading platforms operating in different times before delivery.
Energy is bought and sold mainly on the day-ahead market, complemented with intraday
trading, which can be done in an auction or continuous market scheme. A final adjustment
of supply and demand is done in the balancing markets, usually run by a transmission
system operator (TSO). The growth of the intraday markets is induced by the increasing
share of RES. Having such a volatile production profile, the RES generators often prefer to
sell energy on a market, where the time of delivery is closer to the price settling moment.
Traders can additionally balance their positions in the intraday market in response to some
new information, e.g., about a weather forecast. On the other hand, prices close to delivery
are usually more volatile.

When a market participant trades energy in both—day-ahead and intraday markets—
decisions on the proportion of energy traded in each of the markets need to be made
before the day-ahead auction. This process can be improved by using forecasts of energy
prices. Such approach was first considered by the authors of [8], who used point forecasts
of electricity prices to decide in which market energy should be sold to improve profits.
Strategies for the diversification of trade were further proposed by the authors of [9] who
showed that a quantile-based probabilistic forecasts allow to improve trading outcomes for
the Polish market by allowing for a percentage split of electricity volume among different
trading platforms. In a follow up paper [10] the authors used different financial risk and
profit measures as objectives for trade optimization of an electricity seller. The decision
of the share of energy traded in each of the markets was based on the probabilistic price
forecasts. Using an Autoregressive model with eXogenous variables (ARX model) applied
to the data from the German and Polish markets the authors of [10] showed that the strategy
objective can be achieved for all cases, except for the volatility-based risk measures. Here,
we follow this approach and further improve volatility forecasts and, as a consequence,
also the outcomes of the corresponding strategies.

The idea of using volatility as a risk measure comes from the classical portfolio theory
of Markowitz and his influential paper from 1952 [11]. Since then, it has been widely used
for portfolio allocation in financial markets (see e.g., [12] for a review). It was also adopted
for electricity markets. The authors of [13] used a portfolio theory for an optimal allocation
of electricity trade between PJM spot market and the corresponding contract market. A
mean-variance portfolio approach was also used in a follow up paper, [14], for an optimal
allocation between spot trade in the PJM market and risk-free bilateral contract signed with
local customers. The authors of [15] used a mean—variance portfolio optimization to identify
optimal base load generation portfolios for large electricity generators. In the classical
form portfolio allocation uses the historical volatility of returns. However, for dynamic,
short-term strategies the time-structure of volatility should be taken into account. Probably
the most common way to model heteroscedasticity is the GARCH times series, [16]. It also
allows for a direct calculation of volatility forecasts. Such approach was used for modeling
and forecasting of the day-ahead electricity prices by many authors, see e.g., [17-20]. While
there is a mixed evidence for the usefulness of the GARCH model for point electricity price
forecasting (e.g., the authors of [17] showed that it can be outperformed by models with
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time-varying coefficients), it has been found to improve the probabilistic forecasts of the
price distribution e.g., in [21].

In this paper we focus on purely financial risks related to electricity prices. We assume
that on the day before delivery a wholesale electricity market participant has to decide on
the percentage of energy to be traded on the day-ahead market. The rest of the volume
is then traded on the complementary (intraday or balancing) market. It should be noted
that the volume (load or supply) risk is not taken into account. However, in the literature
one can also find optimization strategies that utilize forecasts of load for an optimal energy
dispatch models. Among many others, the authors of [22] used forecast scenario-based
method to hedge the uncertainty of electric load and wind power output. Volatility of load
was considered in [23] and used for improving short-term load forecasting.

In order to validate the proposed approach, we consider the German and Polish
electricity markets and jointly model day-ahead and intraday or balancing prices using
ARX-GARCH-type models. The ARX specification is chosen following previous papers
on a similar trading problem [8-10], while the GARCH specification is used to improve
volatility forecasts. To our best knowledge, this is the first paper in which a heteroscedastic
nature of these prices is modeled jointly. We show that allowing for a time-varying variance
can improve probabilistic forecasts of electricity prices, especially if a variance stabilizing
transformation is applied initially. The variance forecasts are then used for a dynamic
day-ahead portfolio selection for an energy trader (buyer or seller). We evaluate the
outcomes of the strategies based on hourly prices from the German and Polish markets.
Energy production profiles differ significantly between these countries, resulting in different
objectives for electricity traders. We show that the presented approach is universal and
can be used for markets with different characteristics. The contribution of the paper to the
existing literature on financial optimization of trade in electricity markets is threefold. First,
we generalize the approach of [10] using the GARCH model to improve volatility forecasts.
Second, we propose different strategy objectives based on volatility forecasts. Finally, we
analyze separately a buyer’s and a seller’s perspective.

The rest of the paper is structured as follows. In Section 2—Datasets, we describe the
analyzed data and markets. The considered models and data transformation approaches
are then discussed and briefly evaluated in Section 3—Models. Section 4—Price forecasts is
devoted to the construction and evaluation of the point and probabilistic forecasts. Next,
in Section 5.1—Strategies, we propose several trading strategies with different objectives
based on volatility-type measures separately for a buyer and a seller. The outcomes of
the strategies are analyzed in Section 5.2—Evaluation of the obtained portfolios. Finally,
Section 6—Summary and Discussion concludes the paper.

2. Datasets

We analyze electricity prices from the German and Polish markets from the period:
1 January 2017-31 December 2020. For Germany, we consider the hourly day-ahead and
intraday auction prices from the EPEX SPOT market [24]. The prices are settled in a blind
auction scheme on the day before delivery. The day-ahead auction is closed on 12 am, while
the intraday auction on 3 pm. In the case of Poland, we also consider hourly day-ahead
auction prices settled on TGE market [25] on 12 am on the day preceding delivery. However,
instead of the intraday, we use the hourly prices form the balancing market. The intraday
market in Poland was launched in 2019 and still its liquidity is very low.

Following e.g., [4,10,26] we also analyze multiple exogenous variables that are im-
portant factors for electricity price formation. Specifically, the German dataset contains
forecasts of overall electricity generation, forecasts of wind and solar generation and fore-
casts of load. The corresponding Polish exogenous variables are the forecasted demand,
forecasted wind generation, forecasted reserves and system imbalance. The latter variable
is defined as a difference between generation of the balancing market participants, called
balance responsible parties, and their final position, i.e., energy that they should provide to
the network [27]. Two other factors considered for both markets are the gas prices and CO,



Energies 2023, 16, 807

4 of 28

emission allowance prices, which can reflect general trends in electricity production costs.
The last variable taken into account for the Polish market is the forecast of the mean daily
temperature in Warsaw. All exogenous variables are given in Table 1 together with their
notation, frequency, unit and source.

Table 1. A list of variables together with their unit, notation, frequency and source.

Data Unit Notation Frequency Source
Germany
Day-ahead prices [EUR/MWHh] Pg ; hourly EPEX SPOT
Intraday prices [EUR/MWh] P, hourly EPEX SPOT
Forecasted generation [MWh] X hourly ENTSO-E
Forecasted wind generation [MWh] X5 hourly ENTSO-E
Forecasted load [MWh] X3 hourly ENTSO-E
Forecasted solar generation [MWh] Xy hourly ENTSO-E
. . . CFI271,
CO; emission prices [EUR/Mg CO»] X5 daily investing.com
Gas prices [EUR/MWAh] X6 daily Borse Frankfurt
Poland
Day-ahead prices [PLN/MWHh] PE ¢ hourly TGE [25]
Balancing prices [PLN/MWHh] Pl} ¢ hourly PSE [28]
Forecasted demand [MWnh] Xq hourly PSE [28]
Forecasted wind generation [MWh] X3 hourly PSE [28]
Forecasted reserves [MWHh] X3 hourly PSE [28]
Imbalance [MWh] Xy hourly PSE [28]
CO; emission prices [PLN/Mg CO»] X5 daily PSE [28]
Gas prices [PLN/MWHh] Xe daily cire.pl
Temperature [°C] X7 daily imgw.pl

Source: Authors’ elaboration.

The considered electricity prices and their differences (spread) are plotted in
Figures 1 and 2 for Germany and Poland, respectively. The character of electricity prices is
highly dependent on the working day cycle. The prices are more volatile and on average
higher during morning and evening peaks. During the afternoon hours the price is still
visibly volatile, but the prices are on average lower than during the peaks. Finally, prices
are relatively stable and the lowest during the night hours. For illustration, the prices are
plotted in Figures 1 and 2 as averages over the hourly prices from a given block of hours,
ie., 22-6 (night), 7-12 (morning peak), 13-17 (midday), 18-21 (evening peak).

For the German markets, the day-ahead and intraday prices contain many negative
values, which are observed frequently in the morning and afternoon hours. On the other
hand, high prices are observed mostly during the morning and evening peaks. Prices are
also more volatile at the end of year, with an exception for 2020. These observations can be
explained mostly by the high RES share in the German market and the impact of COVID-19
pandemic in year 2020. Pandemic caused a decrease in demand and this visibly induced the
smaller prices. The spread presented in the bottom panel of Figure 1 shows that, although
the day-ahead and the intraday prices have similar characteristics, the difference between
them can be significant.
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Figure 1. German day-ahead prices (top panel), intraday prices (middle panel) and the spread, i.e.,
the difference between day-ahead and intraday prices (bottom panel). For illustration the hourly
prices were averaged over four representatives blocks of hours: 22-6 (night), 7-12 (morning peak),
13-17 (midday), 18-21 (evening peak). Source: Authors’ elaboration.

The Polish market has a significantly smaller share of RES. As for 2021, the share
of RES for Germany was approximately 50% and for Poland only 15% [1]. Although the
number and capacity of RES generators in Poland increases, it is still a very different market
than in Germany, what yields different characteristics of electricity prices. Indeed, there are
no negative prices in the Polish market. Instead, high positive price spikes are frequently
observed, especially during the day. In the night hours rather price drops occur but their
magnitude is much lower than in the German market. The difference between balancing
and day-ahead markets is more pronounced. The balancing prices are more volatile and
spiky. Only during the night hours prices behave similarly to the day-ahead prices from
the same block.
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Figure 2. Polish day-ahead prices (top panel), balancing prices (middle panel) and the spread, i.e.,
the difference between day-ahead and balancing prices (bottom panel). For illustration the hourly
prices were averaged over four representatives blocks of hours: 22-6 (night), 7-12 (morning peak),
13-17 (midday), 18-21 (evening peak). Source: Authors’ elaboration.

3. Models

There are many modeling techniques that were used for short-term electricity price
forecasting, like among others, statistical (see, e.g., [29-31]) or machine learning (see
e.g., [26,32]) approaches. See also [33] or [34] for comprehensive reviews. Here, we fol-
low [8-10] and use econometric approach based on time series models.

3.1. The Mean Model

As the mean model for electricity prices from both markets we use Autoregressive
model with eXogenous variables (ARX), which is a standard approach in electricity price
modeling. In the ARX model, electricity prices are explained by a linear relation with
technical, business and market variables. Although the model is quite simple, many
authors have shown its good performance, as compared to more sophisticated nonlinear
methods, especially in a short-time horizon (see [33] and references therein). Precisely,
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the considered hourly day-ahead prices are modeled as 24 one-dimensional time series of
the form

7
P), = aDi+ BXp: + Y 6P, + 5mhin(p?,1) +7y mfx(PP,l) +el, (1)
I=1

where 1 is the given hour and t denotes time in days, while € , is the stochastic noise.
Similarly, the complementary (i.e., intraday or balancing) market prices, P,} ., are given by

7
P,},t =aD; + BXp; + Z HIP}}J?, + ’yPP?,tfl + (5n}lin (Ptl_z) +7 m}?x (P}_z) + e;,t. (2)
=2

The vector D; consists of dummy variables, which account for varying business
conditions within a week. Here, the distinction is made between Monday, Saturday, Sun-
day/Holiday, and the other days of the week. Such vector reflects the weekly seasonality of
electricity prices. Further, X}, ; is a vector of exogenous variables. In this paper, we consider
a set of all exogenous variables from Table 1. The weekly seasonality, being a typical prop-
erty of electricity markets, is reflected in 7-daily lags of the autoregressive part in (1) and (2).
Since a decision regarding the trade on the day-ahead market must be done before closing
of the corresponding auction and not all complementary market prices on day t — 1 are
already known, we exclude lag 1 from the autoregressive part in the complementary market
model, (2). Instead, following [8], the day-ahead price from day f — 1, P,?,til, is included in
the model for the complementary market prices, (2). Finally, the intraday effects are taken
into account by considering the maximal and minimal prices from the previous day with
known prices, min(P? ;), max(P? ;) and min(P} ,), max(P} ,). Note, that following [10],
for the German data and the intraday market model (2), the minimum and maximum prices
for day t are replaced by the minimum and maximum of the day-ahead prices from day
t — 1. After such change, the model yielded better results in terms of forecasts. The German
intraday auction-based market is closed only three hours after the day-ahead auction, so
the day-ahead prices have similar characteristics to the intraday prices.

3.2. The Variance Models

ARX model is based on the assumption that the volatility of the error term is constant
over time. This seems to be justified, if only point forecasts are the objective of the analysis.
However, when considering probabilistic forecasts, allowing for the model heterogeneity
might bring significant improvement, see e.g., [21]. This is particularly important, if
volatility based risk forecasts are the principle in a decision making process. We assume
that the error terms for both markets 62/ ; and ellq, ; are given by the General Autoregressive
Conditionally Heteroscedastic (GARCH) model, [16], i.e.,

i _ o i
€nt = ‘Zh,tah,t'

(ch)" = chch(ehyn) i (chn)s =01, ©)

where ¢ , are zero-mean, finite-variance, i.i.d. random variables, c;, ¢| and d; are the

N2
model coefficients, while (0’}1 t) are the conditional variances. The model specification (3)

allows for time dependence in the volatility of the error term, with the current variance
being the function of the previous variance and the square of the previous error term. Note,
that here we use only lags of order 1, i.e., GARCH(1,1) model. Based on a time analysis
of autocorrelation (ACF) and partial autocorrelation (PACF) values it seems to be enough
for capturing heteroscedasticity of prices and not overparametrizing the model. A similar
choice was done e.g., by the authors of [17,19].

The GARCH model specification (3) yields a symmetric relation between the current
volatility and the past values of the error terms, neglecting their sign. Since electricity prices
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considered in this paper are not symmetric and the market differently responds to negative
and positive shocks (see Figures 1 and 2), we also consider an asymmetric generalization of
the GARCH model, namely the GJRGARCH [35]

i xi i
€t = St tr

i N2 i i N i NP i\ @)
(Uh,t) :c0+cl(eh,t71) +d1(0’h,t71) +el]l{e;;1<0}(€h,t—1> , 1=0,1,

where ¢; , are zero-mean, finite-variance, i.i.d. random variables, c;, ¢}, d| and ¢} are the

SN2
model coefficients, 1 (el <0} is the indicator function, while (U;l t) are the conditional
t— 7

variances. Note that for ei = 0, the GJRGARCH model simplifies to the GARCH model,
while for ¢! = 0 and di = 0 the resulting volatility is constant, yielding a simple ARX
model, (1) and (2).

The GARCH (or GJRGARCH) model is applied to the volatility of the ARX model
errors, yielding an ARX-GARCH (ARX-GJRGARCH) model for the prices. For simplicity
of the notation, we will further denote it just as the GARCH (or GJRGARCH) model.

3.3. Variance Stabilizing Transformation

For the considered markets, both day-ahead and complementary prices exhibit high
volatility and price spikes. According to [36], lower variation of data usually leads to
more accurate predictions. Therefore, following [37], we apply a mean normalization
and an area hyperbolic sine (asinh) variance stabilizing transformation to the prices. It
leads to dampening of both downward and upward spikes and symmetrizes the prices.
This transformation can be viewed as a substitute of the log-transform that is not feasible
for most electricity markets due to occurrences of negative prices. Adding a constant to
the prices might allow for logarithmic transformation, but this would be problematic in
practice. While finding such a constant in-sample is possible, we do not know if the future
price would always be greater. Moreover, such an approach cannot be used for dampening
of downward spikes, as those would be enlarged instead. Asinh transformation is therefore
a relatively simple alternative that has logarithmic tail behavior for both positive and
negative values (see [37] for a discussion on transformations for electricity prices).

Let us define the normalized price as

) 1, . .
Pt = 5 (P;l’t — a), i=0,1, (5)
where b is the standard deviation of Ph ; in the calibration window and a is the mean of this
sample. Asinh transformation is then given by the formula

Y}, = asinh(p},,) = log(p, +/ (P}, )2 +1), i =01, (6)

where ph ; is the normalized price from Equation (5) and the second equality comes directly
from the definition of the area hyperbolic sine (asinh) function. Further, if the transfor-
mation is used, the models (1)—(4) are applied to the transformed prices YP’[, The plots of
transformed prices are given in the Appendix A (see Figures A1 and A?2).

Overall, we use six modeling approaches: (i) ARX model with a constant variance
applied to prices (denoted by ARX); (ii) ARX model with a constant variance applied
to transformed prices (denoted by ARX asinh); (iii) ARX-GARCH(1,1) model applied to
prices (denoted by GARCH); (iv) ARX-GARCH(1,1) model applied to transformed prices
(denoted by GARCH asinh); (v) ARX-GJRGARCH(1,1) model applied to prices (denoted
by GJRGARCH); (vi) ARX-GJRGARCH(1,1) model applied to transformed prices (denoted
by GJRGARCH asinh).
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3.4. Model in-Sample Evaluation

Before deriving the price forecasts we briefly evaluate the in-sample fit of the models.
The study uses a rolling window scheme. The coefficients of the ARX models, (1) and (2)
are estimated in a calibration window using the least squares method separately for each
hour h. The calibration window is then shifted one day forward and the procedure is
repeated. We evaluate the fit of the model for each calibration window. The length of the
calibration windows is set to 365 days, i.e., one year. The first calibration window is marked
in Figures 1 and 2 with a vertical line. In total we have 1088 calibration windows. Note that
the last price in the calibration window is not known yet for complementary markets, so
Equation (2) is estimated based on widow [t — 365, —1].

We start with Verifying the presence of possible heteroscedasticity in the series of
the ARX model residuals eh b eh ; using the ARCH-LM test by [38]. Precisely, we use the
procedure suggested by [39] to account for a possible misspecification of the conditional
mean, which might lead to over-rejection of the null hypothesis of homoskedasticity
(see [40]). Technical details of the procedure are given in the Appendix. The obtained
results are presented in Table 2. The hypothesis of no ARCH effects in residual series was
rejected in 9 — 36% of the calibration windows, depending on the market and weather data
were transformed. The evidence is in general more pronounced if the asinh transformation
is applied prior to the model estimation, especially for the Polish balancing and German
intraday markets. For the Polish day-ahead market we get a different picture. Here,
the significant ARCH effects are detected in more windows if the model is applied to
nontransformed prices.

Table 2. Percentage of rejected hypotheses in tests for residuals on: (i) no ARCH effects; (ii) Gaussian
distribution; (iii) Student’s t distribution. All tests were performed on a 5% significance level. For
transformation denoted by ‘—’, the models were fitted to nontransformed prices.

Poland Germany
Day-Ahead Balancing Day-Ahead Intraday
Transformation — Asinh — Asinh — Asinh — Asinh
no ARCH 15% 9% 25% 36% 20% 32% 16% 15%
Gaussian 36% 23% 64% 33% 55% 3% 42% 2%
Student’s t 1% 1% 2% 6% 0% 0% 0% 0%

Source: Authors’ elaboration.

The procedure of applying GARCH(1, 1) in the rolling window is straightforward.
In each step we fit the model to in-sample residuals obtained from the ARX model given
by Equations (1) and (2). We use the maximum likelihood method to estimate the model
coefficients. It requires assuming the distribution of §h 1 =10,1 (see (3) and (4)). Here,
we use the Gaussian and Student’s t distributions. The choice is further evaluated based
on the Kolmogorov—Smlrnov goodness of fit test applied for the sample of standardized
residuals, i.e., Eh ‘ /0 O’h pr 1 i=0,1, where 0 O’h ; is the estimated GARCH volatility. The obtained
results are given in Table 2. Again, asinh transformation usually improves the fit. For the
German markets Gaussianity is rejected only in 2-3% of 1088 calibration windows, which
is below the significance level. For the Polish markets, an acceptable fit is obtained only for
the Student’s t distribution. Hence, further for the estimation of the GARCH model, we
assume a Gaussian distribution for the German markets and Student’s t for the Polish ones.

4. Price Forecasts

A proper planing of operational decisions of an electricity market participant requires
a knowledge about possible future price movements. If profit is the only objective, then
decisions can be made based on the point forecasts. However, if also a risk and uncertainty
mitigation is the aim, then a knowledge about predicted price distribution is important. In
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this section we first introduce and briefly evaluate point forecasts obtained for the consid-
ered models. Next, we compare the accuracy of the corresponding probabilistic forecasts.

4.1. Point Forecasts

If the variance stabilizing transformation is not applied, the point forecasts of the prices
are simply given by a linear combination of the explanatory variables with the parameters
estimated from a preceding calibration window. The situation is different, if the asinh trans-
formation is used and the model is fitted to the transformed prices, Y;'l’t. Then, the forecasts

can be simply derived for transformed prices, Y;’;, ., but the backward transformation is not
straightforward, due to non linearity of the asinh function (see [41] for a discussion on
this issue). Here we use the mathematically correct approach and approximate the point
forecasts of prices as the mean of simulated scenarios of transformed prices:

A 1 N "y
By = Lb-sinh(Y, ) +a, i=0,1, @)
=1

where each scenario Y/;; L j=1,2,..., Nissimulated from the fitted ARX or GARCH model
and a, b are the parameters used for normalization in (5). The transformed price scenarios

Y . are calculated using the historical simulation method, i.e., Y,i b= }A(,i ¢t 62 i where

1
htj
efm j are either the in-sample residuals from the ARX model or the in-sample standardized
residuals multiplied by the forecasted volatility for the GARCH model. In the case of
complementary market, a two-step GARCH forecast is used, analogously as lags in (2).

We evaluate the performance of the point forecasts using the Mean Absolute Error
(MAE) calculated for each hour in the validation window separately MAE;, = % 2?:1 | Py t+365
—Ish,t+365 |, with T = 1088. The results obtained for the ARX model for each hour as well
as their hourly average are given in Table 3. The values of MAE for the GARCH and
GJRGARCH models are not reported in the table, as they are not significantly different
from the ones obtained from the ARX model, according to the one-sided Diebold-Mariano
test on equal predictive accuracy [42]. Here, the accuracy of the point forecasts is driven by
the mean model, described by the ARX equation in all cases.

According to the values of MAE, the variance stabilizing transformation (asinh) yields
a significant difference in the forecast accuracy. For both German markets and the Polish
balancing market, applying transformation prior to the model estimation leads to improve-
ment of the forecast accuracy for most hours. This effect is especially apparent during the
day, namely 12-20 h for the German markets and 7-21 h for the Polish balancing market,
when the prices are usually higher and more volatile. For the Polish day-ahead market
transformation applied to prices prior to the model estimation leads to significantly lower
accuracy of the point forecasts for 12 of the hours and an improvement only for the evening
peak at 20 h. The average of hourly MAE for the Polish day-ahead market is higher if
transformation is applied. However, according to the Diebold-Mariano test, this difference
is not significant at the 5% significance level.

4.2. Probabilistic Forecasts

One can use several methods (see [43] for a review on probabilistic forecasting for
electricity prices) to derive the possible scenarios of the next-day price. In the paper we
use the historical simulation [44] and generate a sample of possible price scenarios for the
next day using the sample of bidimensional model residuals (62, b e}l, ;) from the calibration
window. The predicted distribution is then approximated by the empirical distribution
of the simulated samples. Precisely, the jth price scenario for the hth hour on day ¢ + 1 is
calculated as

Piiv1j=Pipatey i=01, j=t=Nt—(N=1),..,t—i )
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if no transformation is used or
Phicry=besinh (Vg +ej) +a, i=01, j=t-Nt—(N=1),..t=i ()

if the case of the asinh transformation. Variables (—:;1 j are either the in-sample errors of
the fitted ARX model or, for the GARCH (GJRGARCH) model, e;l, i = C}'l, ].[T;'l,t Sy where
&,’m 414 18 the forecasted volatility based on (3) (or (4) for GGRGARCH) and @l, ; are the
standardized in-sample residuals. N is the length of the calibration window i.e., N = 365.

Finally, for the Polish balancing market we impose price caps of (70,1500) on the simulated
scenarios, in compliance with the market regulations.

Table 3. Mean absolute error (MAE) of hourly point forecasts obtained from the ARX model fitted
to prices as well as prices transformed using asinh function. The unit of MAE is EUR/MWh and
PLN/MWh for Germany and Poland, respectively. For each market, each hour as well as their hourly
average (last row) significantly lower values according to the Diebold-Mariano test calculated at 5%
significance level are denoted by *.

Germany Poland
Day-Ahead Intraday Day-Ahead Balancing
Hour — Asinh — Asinh — Asinh — Asinh
1 423 412* 457 4.64 13.43 13.65 27.44 27.24
2 4.38 419* 4.6 4.58 13.61 13.76 26.87 26.98
3 4.56 4.36* 5.01 491 13.53 * 13.84 28.22 28.44
4 4.45 4.38 498 494 13.33 * 13.77 28.63 28.66
5 4.44 4.38 4.68 4.77 12.98 * 13.48 28.01 27.91
6 4.28 416* 443 4.53 12.94* 13.3 27.43 27.46
7 49 4.62% 5 4.83*% 14.97 15.03 29.65 28.77 *
8 5.37 513* 5.52 5.4 17.1 17.42 41.74 38.87 %
9 541 5.31 5.68 5.6 22.63 23.03 48.76 44.98 *
10 51 5.06 5.23 5.27 25.19°% 25.98 55.45 51.64 *
11 517 5.08 5.39 5.37 24.09 24.62 56.15 51.52 %
12 5.56 523* 5.68 5.47* 26.77 27.3 61.01 56.09 *
13 591 532% 6.22 5.74* 26.81* 27.56 5591 52.17*
14 6.51 5.67 * 7.12 6.28 * 25.33 25.95 55.19 51.61 %
15 6.78 596 * 7.34 6.49 * 19.21* 20.74 51.27 47.7*
16 6.3 56* 6.77 5.96 * 18.19 * 19.86 50.56 46.32 %
17 5.96 5.42* 6.24 5.69 * 20.42* 21.19 50.14 46.7*
18 5.53 515* 6.07 56% 244 23.62 52.36 46.46 *
19 525 5.07 % 5.8 5.54* 23.09 23.61 45.89 42.98 *
20 593 5.72* 6.4 6.13 % 24.82 23.68 * 43.63 41.13*
21 493 * 5.06 5.49 5.53 194 19.72 39.09 38.17 *
22 416 4.28 4.53 4.65 12.86 * 13.35 35.63 * 36.55
23 3.81 3.84 4.06 3.96 13.52 * 13.8 27.85*% 28.19
24 4.04 3.98 4.73 441* 13.32* 13.79 27.61 27.66
Avg. 512 4.88* 5.48 526 * 18.83 19.25 41.44 39.34 *

Source: Authors’ elaboration.

The probabilistic forecasts are evaluated in the validation window using the Pinball
loss function (PL) [45]

©or () Pir ) (1- Q)(thih(lﬂ - P, if P, < @ptih(Q), W
PL(Qpi (4), Py q) = L ot 10
" q(Pty = Qpi, (9)) if Pl = Qp, (),
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where Q P, (9) is the gth quantile of the forecasted price distribution and Pti L is the actually
t,h 4
observed value. Note that PL(QPih (9),P!,,q) can be calculated for each hour 1 and day
t, ’

t in the validation window and a chosen gth quantile. Here, we evaluate the fit in all
percentiles, i.e., g € {0.01,0.02,...,0.99}. The pinball values are then averaged over all
quantiles for a given hour, producing an hourly pinball score, or over all hours for a given
quantile, yielding a percentile pinball score. The mean scores obtained in the validation
window for the considered models and both markets are plotted in Figures 3 and 4. In
all cases except for the Polish day-ahead market a significant improvement in the fit of
probabilistic forecasts can be observed if the asinh transformation is applied prior to the
model estimation. The highest difference between the pinball scores obtained for models
with or without transformation is obtained for the midday, i.e., 10-18 h for the German
markets and 8-21 h for the Polish balancing market. It is also observed for the middle
range of the quantiles with a small shift towards quantiles lower than median for the
German market and higher than median for the Polish balancing market. Recall, that the
German prices are characterized by large drops, while the Polish prices by spikes. These
observations are more affected by the transformation, yielding larger differences from the
forecasts obtained without transformation. For the Polish day-ahead market, the influence
of the transformation is not that clear. It yields lower values of the mean pinball score for
the noon (10-12) and evening peaks (18-20) and higher for the afternoon peak (14-16).

The significance of the differences between the models is further evaluated pairwise
using the one-sided Diebold-Mariano test. The obtained results for each pair of the
considered models are plotted in Figures 3 and 4. Precisely, we calculate the number of
hours (left panels) or percentiles (right panels) for which the test hypothesis that the model
in a given row is not worse than the model in a given column, was rejected at the 5%
significance level. For both German markets and the Polish balancing market the asinh
transformation significantly improves the results for most hours and percentiles and all of
the considered models. For the Polish day-ahead market the accuracy of the probabilistic
forecasts is overall slightly lower if transformation is applied. Comparing the fit of the
ARX, GARCH and GJRGARCH models, we can observe a significant improvement if time-
varying volatility is taken into account. The GARCH and GJRGARCH models outperform
the ARX model for all markets and both approaches to transformation, except only for the
percentile pinball scores for the day-ahead German market and no transformation. Except
for the Polish day-ahead market, the difference between the GARCH and the ARX models
is even strengthen if transformation is applied. Then in all cases, the GARCH model yield
significantly more accurate probabilistic forecasts then ARX. Such effect is not visible for the
GJRGARCH model, which is always outperformed by the GARCH model for transformed
prices, while in the case of no transformation the overall fit is comparable.

The GARCH model significantly improves the accuracy of probabilistic forecasts, so it
will be further used for a strategy construction. On the other hand, the asinh transformation
significantly improves the probabilistic as well as point forecasts for both German markets
and the Polish balancing market. Hence, further we will use transformed prices for these
three markets and nontransformed prices for the Polish day-ahead market.
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Figure 3. Pinball scores obtained for probabilistic forecasts of the German day-ahead (panels (a—-d)) or
intraday (panels (e-h)) electricity prices obtained using ARX, GARCH and GJRGARCH models with
or without asinh transformation. The mean score over all percentiles for each hours is plotted in the
left panels ((a)—for day-ahead and (e)—for intraday), while the mean over hours for each quantile
in the right panels ((b)—for day-ahead and (f)—for intraday). The corresponding, aggregated, one-
sided Diebold-Mariano test results are given in the corresponding bottom panels (c,d,g,h). Source:
Authors’ elaboration.
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Figure 4. Pinball scores obtained for probabilistic forecasts of the Polish day-ahead (panels (a—d))
or balancing (panels (e-h)) electricity prices using ARX, GARCH and GJRGARCH models with or
without asinh transformation. The mean score over all percentiles for each hour is plotted in the left
panels ((a)—for day-ahead and (e)—for balancing), while the mean over hours for each quantile in
the right panels ((b)—for day-ahead and (f)—for balancing). The corresponding, aggregated, one-
sided Diebold-Mariano test results are given in the corresponding bottom panels (c,d,g,h). Source:

Authors’ elaboration.

5. Portfolio Selection Based on Probabilistic Forecasts

We assume that an electricity trader (buyer or seller) can decide on the day preceding
delivery on the percentage of energy to be sold (for seller) or bought (for buyer) on the
day-ahead market. The remaining part is then sold (or bought) on the complementary
market, i.e., intraday for Germany or balancing for Poland. Additionally, we assume that
the trader is a price taker, so his decisions do not influence the auction results and that
the volume of the trade is constant. In the following we propose different strategies for
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the choice of the market, aiming at risk minimization, profit maximization or an optimal
trade-off between these two.

5.1. Strategies

Using the day-ahead probabilistic forecasts of the prices from the day-ahead and
complementary markets, (8) and (9), we can simulate possible scenarios of the next day
price composed of energy sold (bought) on both markets as

Shtj = wh,tP,},t’j +(1— whlt)P,?,t,j, ji=12,...N, (11)

where wy,; € [0,1] is a part of energy sold on the complementary market, while Pﬁ, i P,?l j
is the price scenario for the complementary and the day-ahead market, respectively. In
order to recover the joint distribution, the residuals (Gg,t, i e}l,t, ]-) from both markets used for
scenario generation are treated as a bidimensional sample. Because the calibration window
for complementary market does not contain the current day price, the corresponding
residuum from the day ahead sample is not taken into account in scenario generation.
Given a vector of simulated scenarios, s; + = [sy,+.1,Snt2, - - -, SntN], different risk and profit
measures can be calculated for both, a seller and a buyer of energy. Strategies for a buyer
can be constructed using the same algorithms as for a seller, but applied to prices with a
negative sign. It comes from the fact that minimizing the price is equivalent to maximizing
its negative value, i.e., ming,, (Sh,t,j) = — MaXy,, (—sh,t,]-) and a buyer, contrariwise to a
seller, would minimize the price he has to pay for energy. For clarity, we give also the
buyer’s objectives explicitly.

We use three strategies that are focused only on the risk minimisation. Those are
represented by the standard deviation (volatility, std) and semistandard deviations (sstd),
measuring only up or downward risk. Due to its symmetry, std is the same for a buyer and
a seller and so the strategy for both positions is based on

min sy
Ot (12)
subject to 0 < wy,; <1,

where 05, , is the standard deviation of the portfolio price scenarios, see Equation (11).

The standard deviation as a risk measure in its classic form treats all deviations
from the mean as risky. However, depending on the trader’s position, the risk is not the
same for high and low prices. Hence, the second risk-minimizing strategy is based on
the semistandard deviation (sstd). For a seller we use sstd that takes into account only
prices that are below the mean, i.e., cause losses with respect to the average price. The
optimization problem is then given by

. 2
min \/ E [(Sh,t = Elsnt]) 1y, <Efs, 1)

(13)
subject to 0 < wy,; < 1.

On the other hand, for a buyer we use sstd, which calculates deviation of the prices
that are higher than the expected value, i.e., are more expensive than the average price. The
optimization problem is then given by

. 2
min \/ E [(sh,t = Elsnt]) Lis, >Els, 1)

(14)
subjectto 0 < wy,; < 1.

We also consider three strategies aimed at finding the optimal trade-off between the
risk and return. Those are further called the optimal strategies. The first one is based
on minimization of risk, given that the return of strategy is greater than return from
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trading only on the day-ahead market. This is assured by an additional condition in the
optimization problem. For a seller it is given by

min oy
It
Wit

subject to 0 < wy,; <1, (15)
]E[Sh,t} > p}?/t/

while for a buyer

minog,,
Wi, ¢ .

subject to 0 < wy,; <1, (16)
]E[Sh,t} S p}(l),t'

We further call this strategy ’std-profit’.

A second optimal strategy is based on the Sharpe ratio [46] idea, which in the classical
form is defined as the profit over the risk-free rate per unit of risk. Here, the risk is
measured by the standard deviation and the profit as the expected value of the diversified
price (11). If the seller’s position is analyzed and the profits are positive, then maximization
of the Sharpe ratio leads to maximization of profit and, at the same time, minimization of
risk. However, electricity prices can be negative. In such a case maximum Sharpe ratio
would be achieved for a maximized value of risk. Hence, we propose to use the following
modification of the Sharpe ratio

E(sp,)
max Osyt
Wt .

Elsp,t] - 05, if Elsye] <0,
subject to 0 < wy,; < 1.

’ lf E[Sh,t] > O,
(17)

On the other hand, if a buyer’s perspective is taken into account, the objective is to
minimize the expected price together with minimizing the risk. For a positive price this can
be achieved by minimizing the product of the expected value and standard deviation. For
negative prices, analogously as for a seller, the product needs to be replaced with a fraction,
i.e., we have

Elspsl - 05, i E[spe] >0,
ming{ E(sy ;)

Wy | —t if Efsy,] <0, (18)
USh,t

subjectto 0 < wy,; < 1.
The last optimal strategy considered in this work maximizes profit under the assump-

tion, that the volatility of diversified price, (11), is not greater than the volatilities of both
markets. Hence, the optimization problem for a seller is given by

max E[sy, ;]
Wt

subject to 0 < wy,; <1, (19)

s,y — mm{aP}f,’UPﬁt} <0,

while for a buyer by
min E[sy ;]
wh,t

subject to 0 < wy,; <1, (20)

Usht —min{ap}o ’O'P; } S 0.
¢ Lt t
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We further call this strategy ‘mean-std’. In contrast to ‘std-profit’ strategy, here, the
objective is the profit maximization with a risk control.

Finally, we also use a strategy based only on the profit maximization. For a seller the
optimization problem is given by

max [Es, ;]
Wh,t (21)
subjectto 0 < wy,; <1,
while for a buyer by
minE[s, ]
Wt (22)

subject to 0 < wy,; < 1.

Note that, since the expected portfolio price is a linear combination of the expected
prices from both markets, the profit maximization strategy will simply aim at choosing the
market with a higher expected price, i.e., will yield wy,; € {0,1}. We further denote this
strategy by ‘mean’.

All of the above objectives are based on the first and second moments of the diversified
price (11) distribution. Since this price is a linear combination of prices from both markets,
each of the objectives can be rewritten in terms of a polynomial function of weight wy, ;
with parameters given by the moments of the forecasted distributions of prices from both
markets and the covariance of their joint distribution as well as the corresponding semi
second moments in the case of sstd. Once these parameters are given, some of the problems,
like the volatility minimization or profit maximization can be solved analytically. However,
since this cannot be done in general, for unification in the practical application we search
for the optimal weights numerically in all cases.

5.2. Evaluation of the Obtained Portfolios

We apply each of the proposed strategies in the rolling window scheme, i.e., for each
day t and hour / in the validation window we calculate day-ahead probabilistic forecasts of
prices from both markets using the ARX-GARCH model (see Section 4.2 for details). Based
on the results of Sections 3.4 and 4 we apply the variance stabilizing asinh transformation
prior to the model estimation for prices from both German markets and the Polish balancing
market. The predicted distribution is then used in the optimization problem to derive the
percentage of energy to be sold (for seller) or bought (for buyer) on the day-ahead market,
based on a given objective of the strategy. In this way a decision is made separately for
each hour and day, so it dynamically adjusts to changing market conditions. The strategy
outcome is then evaluated in the whole validation window.

Having the forecasts of mean, variance, and covariance of the prices as well as their
semianalogs, the optimization problems specified in Section 5.1 can be treated as linear
or quadratic programming problems with constraints (see e.g., [47] for a review on mean—
variance optimization problems). To solve them, we apply the interior-point algorithm as
this flexible method has proven to perform well on both large and small scale problems [48].
We use a Matlab fmincon function with a starting solution that is found based on a grid
search over ten equally spaced weights from range [0, 1].

We start with calculating mean of the energy price, (11), obtained for each of the
strategies. We also calculate the corresponding standard deviation of the prices. The results
for each hour and both, buyer and seller, are given in Figures 5 and 6, for Germany and
Poland respectively. For the German markets there are small differences between mean
day-ahead and intraday prices, so the mean strategy price is also close to these prices.
Larger differences are observed in the standard deviation, especially during the evening
peak, with more volatile intraday prices. Strategies aimed at profit maximization yield
mean prices that are close to the prices of the market with higher (for a seller) or lower (for
a buyer) prices. Interestingly, it leads to a higher standard deviation for a buyer, especially
in the evening peak and during the night, when more price drops are observed. On the
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other hand, strategies with an objective in risk minimization lead to lowering the standard
deviation in all cases.
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Figure 5. Means (for buyer—panel (a) and for seller—panel (c)) as well as standard deviations (for
buyer—panel (b) and for seller—panel (d)) of hourly prices in the validation window obtained from
different strategies in the German market. For reference, also the results of trading only on the
day-ahead (DA) or intraday (ID) market are plotted with dashed lines.Source: Authors’ elaboration.
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Figure 6. Means (for buyer—panel (a) and for seller—panel (c)) as well as standard deviations (for
buyer—panel (b) and for seller—panel (d)) of hourly prices in the validation window obtained
from different strategies in the Polish market. For reference, also the results of trading only on the
day-ahead (DA) or balancing (BL) market are plotted with dashed lines. Source: Authors’ elaboration.

For Poland the differences between the markets are more pronounced. The balancing
market is characterized by higher average prices than the day-ahead market and at the
same time much higher volatility. Here, price maximization leads a seller to trading mostly
on the balancing market, but especially during the afternoon even a higher prices can be
achieved by combining it with a day-ahead market trading. On the other hand, a buyer
strategy with an objective in price minimization leads to trading mostly on the day-ahead
market, but again even lower prices can be achieved, if using a strategy. For strategies
aimed at profit maximization, a higher volatility is related to selling, what is a consequence
of price spikes, characterizing the balancing market. This is not the case, if risk is also
controlled in the strategy. Then for both, a buyer and a seller, most trade is done on the
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day-ahead market. Overall a buyer would mainly trade on the day-ahead market with
lower prices and lower volatility. For a seller a choice is dependent on the general objective,
as profits are higher on the balancing market, but at the cost of higher volatility.

Looking at Figures 5 and 6a clear hourly pattern can be observed with significant
differences between times of the day. Hence, we further analyze results separately for four
blocks of hours: (i) night (22 h-7 h) with the lowest prices and volatility; (ii) morning peak
(8 h—12 h) with high prices and volatility; (iii) afternoon (13 h-17 h) with moderate prices
and volatility; (iv) evening peak (18h—21h) with high prices and volatility. In Figures 7-10
we plot the mean prices versus the standard deviation for each of the strategies averaged
over a given block of hours. For reference we also plot the corresponding values for both
markets. These would be the outcomes of trading only in one of the markets with no
strategy used.
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Figure 7. Average results of the portfolio allocation, (7, ;, E[sy, ;]) obtained for a seller in the German
market using different strategies. The averages are calculated over all days in the validation window
and hours within the considered blocks: 7-12, 13-17, 18-21, 22-6. The results of trading only on the
day-ahead (DA) or intraday (ID) market are plotted for reference. Source: Authors’” elaboration.
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Figure 8. Average results of the portfolio allocation, (77, ;, E[sy, ;]) obtained for a buyer in the German
market using different strategies. The averages are calculated over all days in the validation window
and hours within the considered blocks: 7-12, 13-17, 18-21, 22-6. The results of trading only on the
day-ahead (DA) or intraday (ID) market are plotted for reference. Source: Authors’ elaboration.
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For the German market the strategy aiming only on the profit maximization yields
profits that are not only higher than obtained from the other strategies, but also higher
than the means from both markets. Usually it is achieved at the cost of higher standard
deviation. Controlling risk lowers the standard deviation in most cases, but the profits
are also lower. Comparing different blocks of hours, the best results were obtained for the
morning peak with lower standard deviation and, especially for a buyer, higher profit than
from both markets, if it is controlled in a strategy. For both, afternoon and evening blocks,
the outcomes of the strategies with a risk control are between both markets. During the
night the risk is lowered as compared to both markets, if it is taken into account. For a
seller the optimal strategies ‘std-profit’ and ‘mean-std’ yield better result than each of the
markets, both in the mean and standard deviation.

Poland, seller
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Figure 9. Average results of the portfolio allocation, (7, ;, E[s), ;]) obtained for a seller in the Polish
market using different strategies. The averages are calculated over all days in the validation window
and hours within the considered blocks: 7-12, 13-17, 18-21, 22-6. The results of trading only on the
day-ahead (DA) or balancing (BL) market are plotted for reference. To improve visibility, a zoom
from the area marked with rectangles is also plotted. Source: Authors’ elaboration.
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Figure 10. Average results of the portfolio allocation, (77, 4, E[s ;]) obtained for a buyer in the Polish
market using different strategies. The averages are calculated over all days in the validation window
and hours within the considered blocks: 7-12, 13-17, 18-21, 22-6. The results of trading only on the
day-ahead (DA) or balancing (BL) market are plotted as for reference. To improve visibility, a zoom
from the area marked with rectangles is also plotted. Source: Authors’ elaboration.
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Results of the strategies obtained for the Polish market are on average similar for all
blocks of hours. If risk is taken into account, then most of the trade is done on the day-ahead
market. If a higher profit is the objective, then more energy is traded on the balancing
market. This effect is more pronounced for a seller, which benefits from price spikes.

The comparison with trading only on the day-ahead and complementary markets is
further evaluated in Table 4. We calculate an overall profit of the strategies with respect to
trading only on one of the markets. For a seller it is given by

T+365 24

p= Z Z (wh,tpi},t +(1- wh,t)PP(z),t - P}l;,t)r i=0,1, (23)
+=366 hi=1

where i denotes the reference market and T is the length of the validation window. For a
buyer the profit is given by

T+365 24

p=3 Y (Phi—wnPhi+ (1 —wy )P, ), i=0,1. (24)
t=366 h=1

In Table 4 we also present the average of the hourly standard deviations of the prices
resulting from the strategies, (11). The corresponding standard deviations of prices are
equal to 16.39 for the German day-ahead market, 16.59 for the German intraday market,
50.61 for the Polish day-ahead market and 73.57 for the Polish balancing market.

Table 4. Strategy results in the validation window for different objectives for the Polish and German
market: total profit over trading only on one of the markets (p-DA for the day-ahead, p-BL for the
balancing and p-ID for the intraday market) as well as the portfolio standard deviations (std).

Germany Poland

Strategy Seller Buyer Seller Buyer
p-DPA p-ID std p-DA p-ID std p-DA p-BL std p-DPA p-BL std
std —1135 2583  16.39 1135 —2583 16.39 7371 —88,569 50.89  —7371 88,569  50.89
sstd —1397 2320 16.4 874 —2844 16.38 6808 —89,132 50.83 —8787 87,153 51.03
std-profit 754 4471  16.35 1988 —1729 16.42 8322 —87,617  50.98 —102 95,838  50.87
sharpe -97 3620 1637 2906 —811 16.45 9220 —86,720 50.86  —5522 90,418  50.95
mean-std 213 3930 164 2482 —1236 16.42 14,611 —81,328 51.18 —131 95809  51.78
mean 3686 7403  16.48 7403 3686 16.52 91,829  —4111 64.72  —4111 91,829  61.36

Source: Authors’ elaboration.

Strategies aiming at risk minimization, indeed yield lower average standard devia-
tions. Usually risk mitigation is achieved at the cost of lower profits. However, applying
additional condition on the expected prices (strategy "std-profit’) yields the lowest risk for a
seller on the German market and buyer on the Polish market with one of the highest profits.
For the German market the best results in terms of profits were achieved with the ‘'mean’
strategy, but dropping the risk control visibly increases standard deviation (see Table 4).
Interestingly, for a buyer on the Polish market better results, not only in risk but also in
profit, were achieved by the ’std-profit’ and ‘'mean-std’ strategies. For a seller in the Polish
market, a significant difference between the ‘'mean’ strategy and strategies that include
risk control can be observed. A seller that aims at profit maximization would trade mostly
on the balancing market, which on average has much higher prices than the day-ahead
market. On the other hand these prices are also much more volatile than the day-ahead, so
all strategies that involve risk measure in the objective function would yield much higher
weights for the day-ahead market.

Finally, we compare the overall performance of the strategies by calculating the mean
diversified price per unit of risk. This ratio might be interpreted as a measure of the final
risk-return trade-off. The price is averaged over all hours and days in the validation
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window, while the risk is measured by the corresponding, averaged standard deviation.
The values for both markets and all strategies are given in Table 5. In order to reflect
the opposite positions of seller and buyer, the latter’s price is multiplied by —1. As a
consequence for both positions higher ratio means a better risk-return trade-off. The
obtained results indicate that for the seller’s strategies best results are achieved if risk
is taken into account. Especially, for the Polish market, the simple profit maximization
strategy yields much lower ratio. The highest values are obtained for the strategies that
are based on both, risk and profit, objectives. However, the differences with simple risk
minimization strategies are not high. On the other hand, for the buyer’s perspective
the profit maximization strategy yields the best results. Again the difference is more
pronounced for the Polish market. Buyer in the German market benefits from price drops,
so reducing the standard deviation caused mainly by downward spikes is not his objective.
In the case of the Polish market, buyer would mainly trade in the day-ahead market, which
is represented by lower prices and lower standard deviation. Hence, profit maximization
would also lead to lowering risk.

Table 5. The average price of a seller as well as a buyer per unit of risk, measured by a standard
deviation. The buyer’s prices are negative to denoted the outflow, while the seller’s positive to denote

the inflow.
Strategy
Risk Minimization Optimal Strategies Profit Maximization
std sstd std-Profit Sharpe Mean-std Mean
seller 2.29 2.29 2.30 2.30 2.30 2.29
Germany
buyer —2.29 —2.30 —2.29 —2.28 —2.29 —2.26
seller 4.34 4.35 4.33 4.34 4.32 3.46
Poland
buyer —4.34 —4.33 —4.34 —4.33 —4.26 —3.60

Source: Authors’ elaboration.

6. Summary and Discussion

In this paper, we have generalized approach of [10] by considering the GARCH
model for volatility forecasts of the day-ahead and complementary (intraday or balancing)
markets in Germany and Poland. By including interrelations between the markets in the
ARX equations as well as bivariate distribution of the GARCH residuals we used a joint
heteroscedastic model for the day-ahead and complementary markets. We have shown
that including a time-varying, heteroscedastic volatility improves probabilistic forecasts
(except for the Polish day-ahead market), especially if a variance stabilizing transformation
is applied prior to the model estimation. While it is widely agreed that using a variance
stabilizing transformation is important for fitting linear models to electricity prices, we
show that it is also important, when modeling heteroscedastic effects by the GARCH model.
However, we have found that the transformation is not always optimal. For the Polish
day-ahead prices considered in this paper, applying the variance stabilizing transformation
worsen the in-sample fit as well as the forecasting performance. Hence, we believe that the
effects of variance stabilizing transformation on electricity prices should be always verified
for considered datasets before the final choice of the modeling approach.

The price forecasts were used as a basis for constructing dynamic, day-ahead diversifi-
cation strategies. In contrast to the previous studies, we considered not only seller’s but
also buyer’s perspective. We proposed several objectives using the forecasted volatility
aiming at the risk minimization and/or profit maximization. The objectives were based
on the mean-variance portfolio theory. However, we have adjusted some of the measures
for electricity prices. In particular, we use a semistandard deviation, which in contrast
to the standard deviation is not symmetric around mean, and hence involves different
perspectives of a buyer and seller. We have also modified the classical Sharpe ratio objective
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to account for negative prices and the buyer’s position. We evaluated the outcomes of
the proposed strategies in three-yearly validation window for the markets in Germany
and Poland. We found that strategies designed for risk mitigation, indeed, yielded the
lowest volatilities, but at the cost of low profits. On the other hand, if the profit was
the only objective, the risk has significantly increased. Strategies combining both, profit
maximization and risk minimization, lead to a risk-return balanced results.

We applied the proposed approach for two electricity markets with significant differ-
ences in price characteristics. First, the Polish market experiences high price spikes, whereas
German prices are characterized by downward spikes that include negative prices. Second,
the prices from the Polish balancing market are on average higher than the day-ahead
prices, but this is accompanied by much higher standard deviation. For the German market
the differences between day-ahead and intraday prices are lower and rather symmetric.
Surprisingly, if a single-value comparison between strategies, representing the risk-return
trade-off, is made, the results for both markets yield to similar conclusions. For the seller’s
strategies best results are achieved, if risk is taken into account. On the other hand, for the
buyer’s perspective the pure profit maximization strategy yields the best results. How-
ever, if we also look on the comparison with pure day-ahead or complementary market
trading a clear difference between the countries can be observed. In the case of the Polish
market, if risk mitigation is taken into account, then most of the trade should be done in
the day-ahead market. If a higher profit is the objective, then more energy should be traded
in the balancing market. This effect is more pronounced for a seller, which benefits from
price spikes. For the German market risk mitigation strategies might be beneficial from the
seller’s perspective with both, risk and profit, improved as compared to trading only in
one of the markets. Using risk minimization as the objective for the German market results
in avoiding drops in prices, what is profitable for sellers. On the other hand, for a buyer
risk mitigation strategies yield lower profits than trading purely in the intraday market.

The presented approach can be further improved. First, the volume risk was not taken
into account. For an electricity trader it would require an analysis of individual production
or demand size. While the price risk is common for all market participants, the volume
risk, especially from RES production, is varying between the traders, see e.g., [49,50] for
different production profile analysis. If the forecasts of individual trading volume were
known, then they could be simply incorporated into the price model, as the product of
forecasted price and volume, see [51] for the SVAR model approach with an overall RES
production forecasts or [52,53] for an analysis of the product distribution in the context
of electricity markets. Second, in the paper, we have followed the approach of [8-10] and
for comparability we used the ARX as the mean model. Using other models with a good
predictive performance for electricity prices, like e.g., LASSO, [30], might improve strategy
outcomes. Third, we assumed that the trader is a price taker, neglecting the influence
of trading decisions on auction results. The authors of [10] showed how diversification
strategies can be approximately adjusted using a scaling parameter that reflects the size of
the trader’s influence. A more accurate approach would require an analysis of bid/ask and
supply/demand curves, see e.g., [54-56] for an application of such approach. Finally, when
finding optimal weights we assumed that the parameters of the forecasted distribution can
be calculated exactly. This assumption was validated in the final analysis of the strategy
outcomes. However, estimation of parameters from a finite sample is burdened with
uncertainty and as a consequence a possible bias. One of the possible solutions is to
improve the estimation procedure, using e.g., the bootstrap method. Another possibility is
to include uncertainties in the weights optimization procedure, using the so-called robust
optimization (see e.g., [47] for a comprehensive review on this issue).

We believe that adjusting the presented general approach in an individual context
would help electricity traders in finding an optimal risk—profit balance for a company.
Since electricity is a special commodity with limited storage possibilities and extreme price
volatility, standard risk management strategies, that are well developed for other com-
modities or financial markets cannot be easily adopted. Instead, a short-term, operational
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planning of wholesale electricity trade can be dynamically optimized. We believe that the
proposed diversification strategies might be utilizied in such practical context. Moreover,
as the presented approach is fully automatic, it might improve a decision making process
in operational time.
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Figure Al. German day-ahead prices (top panel), intraday prices (middle panel) and the spread
(bottom panel) after the asinh transformation. For illustration the hourly prices were averaged
over four representatives blocks of hours: 22-6 (night), 7-12 (morning peak), 13-17 (midday), 18-21
(evening peak). Source: Authors’ elaboration.
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Polish day-ahead asinh transformed prices
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Figure A2. Polish day-ahead prices (top panel), balancing prices (middle panel) and the spread
(bottom panel) after the asinh transformation. For illustration the hourly prices were averaged
over four representatives blocks of hours: 22-6 (night), 7-12 (morning peak), 13-17 (midday), 18-21
(evening peak). Source: Authors’ elaboration.

Appendix B. Misspecification Testing

The authors of [40] show, that the misspecification of the conditional mean over-rejects
the null hypothesis for homoskedasticity. In our case, in-sample residuals from the ARX
models defined in Equations (1) and (2) exhibit autocorrelation. We acknowledge the
influence of such misspecification on the ARCH-LM test result and proceed to remove the
autocorrelation from the residues following the procedure suggested by [39]. The method
originally used by the authors was designed for the AR model, so we modify it slightly to
fit the considered ARX model. The procedure is shortly described below.

Let us define the true model for the prices as

P;;,t = f(P;;,t_l,...,P;;,t_n, Xty Xnt1r- -0 Xngomi A) +e;;,t, i=0,1. (A1)
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where we take n = 7 to account for weekly seasonality and m = 2 to include non-linear
effects of exogenous variables, f(-; -) is an unknown function and A is the vector of parame-
ters. Let us assume that the disturbance term e;'l, ; is given by Equation (3). We then assume
that f(+;-) can be approximated by a sum of two functions: one of autoregressive and one
of exogenous variables. Finally, we apply a 2nd-order Taylor approximation to the model
from Equation (A1)

P;l,t ~ aD; + Z QIP;t,tfl + Z Z 911112 (Pllz,tfll : P}ll,t—lz>

=1 L=1lkL=1

2 2
Xpei+ Yo Y O (Xussy - Xty ) + €ns
0 1=0j2=h

. (A2)
+
j=
For German prices we include gas prices and CO, emission prices only in the first
order component. This decision is dictated by the fact that values of current and lagged
gas prices and emissions were often the same, resulting in problems with the order of
the parameter matrix used in the OLS estimation. The authors of [39] argue, that using
residuals obtained from such polynomial approximation can be advantageous, since it is
possible that they show size and power properties similar to those of the true model.
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