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ARTICLE INFO ABSTRACT

The liberalization of electricity markets and the development of renewable energy sources has led to new
challenges for decision makers. These challenges are accompanied by an increasing uncertainty about future
electricity price movements. The increasing amount of papers, which aim to model and predict electricity prices
for a short period of time provided new opportunities for market participants. However, the electricity price
literature seem to be very scarce on the issue of medium- to long-term price forecasting, which is mandatory for
investment and political decisions. Our paper closes this gap by introducing a new approach to simulate elec-
tricity prices with hourly resolution for several months up to three years. Considering the uncertainty of future
events we are able to provide probabilistic forecasts which are able to detect probabilities for price spikes even in
the long-run. As market we decided to use the EPEX day-ahead electricity market for Germany and Austria. Our
model extends the X-Model which mainly utilizes the sale and purchase curve for electricity day-ahead auctions.
By applying our procedure we are able to give probabilities for the due to the EEG practical relevant event of six
consecutive hours of negative prices. We find that using the supply and demand curve based model in the long-
run yields realistic patterns for the time series of electricity prices and leads to promising results considering
common error measures.
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1. Introduction and motivation According to Weron, there was only a negligible amount of papers

published before the year 2000, whereas in 2005 and 2006 the amount

The past decades in electricity price research were characterized by
the rapid liberalization process of several electricity markets across the
world and the increasing development of renewable energy. Either
voluntarily or by regulation, many institutions in the field of electricity
contributed to a continuously improving transparency and quality of
mostly freely available information on electricity prices and related
time series. This in turn has helped researchers and practitioners to
understand the mechanics of the price formation and lead to a large
amount of papers which focus on electricity price forecasting.

of papers reached their first peak point followed up by its hitherto
maximum in 2009 [1].

Research in electricity price forecasting originates from many dif-
ferent fields of science, e.g. engineering or statistics, which led to a
manifold structure of different approaches. However, most of these
approaches have in common that they focus on forecasting electricity
prices in the short-term, specifically up to one day ahead with an hourly
resolution (see e.g. [2] or [1] for a literature review on electricity price
forecasting). In contrast to this, electricity price forecasting methods
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which consider a longer period of time are rare [3]. A large proportion
of research for that time horizon originates from fundamental models,
which capture the dynamics of the system, e.g. the estimated cost
functions of the market participants [4,5]. These model types often lack
to use realistic time series of prices and related data and therefore
cannot provide a realistic hourly resolution of price predictions, which
is typically the case in day-ahead markets.

Nevertheless, there are some models which are able to capture the
hourly behavior of electricity price and provide mid- to long-term
forecasts. Even though the literature is not consentaneous on this issue,
we refer to the time horizon of one month to one year as mid-term and
to the time horizon of more than one year as long-term. The model of
[6] for instance consists of a hybrid approach using fundamental and
econometric, e.g. autoregressive, modeling techniques. They are able to
utilize the hourly day-ahead electricity price series of Spain to forecast
the whole year 2005. Yan and Chowdhurry were able to use data
mining techniques, e.g. support vector machines (SVM), to study the
PJM market in 2013 and 2015. In 2013 they show by a forecasting
study that combining a least squares support vector machine with an
ARMAX model yields promising results when the hourly forecast of one
month is considered. For their setup they use training data of one year,
e.g. 2009, to forecast the month of July 2010 [3]. Applying a two-stage
SVM in 2015 they extend their model to be able to capture severe price
peaks, which they describe as extremely difficult to model in a mid-
term forecasting setting [7]. As in their previous paper, they forecast
one month with hourly resolution.

Another important limitation of most electricity price forecasting
models is their focus on specific moments of the distribution, particu-
larly the mean and the variance. Also machine learning techniques
commonly concentrate on point forecasts - which is a comparable
counterpart to forecasting the mean in an econometric setting. Even
though it seems most important at first glance to get point or mean
forecasts for the electricity price, it is often the uncertainty of prices
which has the highest impact for market participants. Achieving a
precise point forecast may provide a solid basis for flexible investment
decisions, but cannot account for the likelihood of possible extreme
events, which can have tremendous consequences for the business as a
whole. However, some researchers tackle this issue by analyzing and
modeling the variance as well. But the concept of variance alone is not
enough to quantify uncertainty in the case of electricity prices, as they
usually tend to have non-symmetric heavy-tailed distributions which
also vary over time. Hence, a possible solution for this issue can be to
model the whole time-dependent distribution function of prices. This
field of research was considered in electricity price forecasting espe-
cially in recent years. It can be summarized under the discipline of
probabilistic forecasting. One of the early papers covering probabilistic
forecasts in terms of interval forecasts originated in 2006 by [8]. They
utilize well-known point forecasting models like ARX with GARCH
components to construct interval forecasts for the hourly electricity
price of the California Power Exchange. Later contributions, which
explicitly focus on probabilistic forecasting emerged from econometric
as well as machine learning approaches. For instance, Kou et al. were
able to achieve day-ahead probabilistic forecasts for several electricity
markets by combining machine learning with a variational hetero-
scedastic Gaussian process [9]. A common approach during the recent
years for econometric probabilistic forecasting was constructing pre-
diction intervals by quantile regression. A basic introduction for this
topic can be found in [10], among others. Extensions include for in-
stance the Factor Quantile Regression Averaging of [11] or lasso-based
approaches as done by [12].

A recent review done by [13] focused on the raising awareness of
probabilistic forecasting in electricity price forecasting. They support
their argument of an increased necessity of these methods by quanti-
fying the development of published articles from the year 2003, where
the first related article was published by [14] and the year 2016. Given
their numbers they show that probabilistic electricity price forecasting
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gained a tremendous increase in 2016, when the amount of published
papers almost quadrupled from 3 to 11 in the year 2016 by the time of
their study.

Another important direction of electricity price models originates
from fundamental or structural electricity price models. For these
models the electricity price is considered as an equilibrium of supply
and demand (see e.g. [15-17]). Here the major price drivers are the
fundamental inputs like the load and the merit order curve and espe-
cially the marginal cost of the available power plant portfolio. These
models are popular for long term forecasting of electricity prices as
impacts of regulative changes, for example the closing of a certain
power plant or a newly installed wind farm, can be easily drawn.
However, these models usually only model the equilibrium price, e.g.
the mean electricity price at a certain time point, but not the full un-
derlying distribution. Even though new approaches in this direction like
[18] try to overcome this problem particularly by providing a re-
presentative fundamental market situation, the general problem that no
temporal dependency information is used remains unsolved.

Many researchers who conduct a review study seem to mainly focus
on the difference in models and try to compare them by presenting
overviews or their popularity over time ([2,13,1]; among others). This
focus resembles a point of view where the method is of utmost im-
portance and not necessarily the purpose of modeling. However, from a
practical standpoint it could be argued that the way how electricity
prices are modeled is not as much important as the goal the modeling
strategy actually pursues. For instance, if an electricity company is in-
terested in building a new power plant, they will mainly be interested in
long term electricity price forecasts over the whole lifetime of the plant,
rather than to focus on a short-term horizon. Comparing different
model strategies however may prove not to be too useful in this si-
tuation as it requires deep knowledge about properties and limitations
of these models. Therefore we decided to present a brief review of the
literature with the focus of the actual purpose of modeling rather than
the model itself. This review part can therefore be considered as an
update to e.g. [13] with taking a new point of view on the issue. Hence,
we will continue with a review of the recent and practical relevant
topics of forecasting horizon and probabilistic forecasting.

For our study we divided these two categories in the following sub-
categories. Forecasting horizon was divided into mid-term and long-
term forecasting as well as a category which accumulates over all
horizons. This last category was chosen to easily determine the relative
amount of mid- and long-term forecasting compared to all price fore-
casting horizons. Probabilistic forecasting is a binary category which
acknowledges a paper as probabilistic forecasting whenever the full
density of prices is forecasted. This specifically excludes papers which
only forecast mean or variance. To analyze the amount of papers
published in this field, we used Scopus as it is not only a well-known
and reliable source for papers but also has an user-friendly interface for
refined queries. To achieve rigour we geared the applied keywords
towards the study of [13] with minor changes. These keywords were
combined by logical links to create the database-syntax specific queries
for Scopus with the requirements for our categories. Hence, we needed
to conduct six different queries, one for all electricity price forecasting
papers,’ one for mid-term forecasting,” another one for long-term

1 (TITLE(((((“electric*” OR “energy market” OR “power price” OR “power market” OR
“power system” OR pool OR “market clearing” OR “energy clearing”) AND (price OR
prices OR pricing)) OR Imp OR “locational marginal price”) AND (forecast OR forecasts
OR forecasting OR prediction OR predicting OR predictability OR “predictive densit*”))
OR (“price forecasting” AND “smart grid*”)) OR TITLE-ABS(“electricity price forecasting”
OR “forecasting electricity price” OR “day-ahead price forecasting” OR “day-ahead mar*
price forecasting” OR (gefcom2014 AND price) OR ((“electricity market” OR “electric
energy market”) AND “price forecasting”) OR (“electricity price” AND (“prediction in-
terval” OR “interval forecast” OR “density forecast” OR “probabilistic forecast”))) AND
NOT TITLE (“unit commitment”)) AND (EXCLUDE(AU-ID,“[No Author ID found]” un-
defined)).

2 Query of footnote 1 combined with: AND (TITLE(“mid-term”) OR TITLE(“mid term”)
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