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Abstract—Traders and practitioners in diverse power exchanges
are nowadays being most exposed to uncertainty than ever. The
combination of several factors such as renewable generation and
regulatory changes calls for suitable electricity price forecasting
models that can deal with complex and unusual market
conditions. Several authors have proposed combining
fundamental approaches with econometric models in order to
cover all relevant aspects for electricity price forecasting. This
combination has shown positive results for medium-term
horizons. However, this approach has rarely been carried out for
short-term  applications.  Moreover, several day-to-day
applications in electricity markets require fast responsiveness
and accurate forecasts. All of these facts encourage this work’s
short-term hybrid electricity price forecasting model, which
combines a cost-production optimisation (fundamental) model
with an artificial neural network (econometric) model. In order
to validate the advantages and contributions of the proposed
model, it has been applied to a real-size power exchange with
complex price dynamics, such as the Iberian electricity market.
Moreover, its forecasting performance has been compared with
those of the two individual components of the hybrid model as
well as other well-recognised methods. The results of this
comparison prove that the proposed forecasting model
outperforms the benchmark models, especially in uncommon
market circumstances.

Index Terms—Econometric Models, Electricity Markets,
Fundamental Models, Hybrid Models, Short-Term Forecasting

I. INTRODUCTION AND LITERATURE REVIEW

As of today, electricity market agents and participants are
increasingly being exposed to price uncertainty and high
market volatility, especially since the deregulation and
liberalisation of power exchanges. Moreover, this uncertainty
is further heightened by the growing penetration of renewable
energy sources and global financial instability. Furthermore,
regulatory and market structural changes are intensifying the
complexity of the system. Therefore, the combination of these
facts strongly encourages the use of electricity price
forecasting models.

Other uses of electricity price forecasting models among
traders and practitioners include risk management, speculation
and strategic purposes. Moreover, these traders and
practitioners usually take part in day-to-day applications and
decision making, which call for fast forecasting approaches.
Therefore, the fact that electricity market price forecasting
models are highly demanded is not in question.
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One way of classifying these models is by paying attention
to their applications, purposes and aims, which are mostly
related to the planning horizon, i.e., short- medium- and long-
term. Short-term forecasting model uses regularly include
statistical and econometric methods, while longer term
applications generally involve fundamental modelling of the
market dynamics [1].

The work presented in this manuscript focuses on electricity
market price forecasting in the short term (horizons ranging
from a few hours up to one week in advance), which plays a
very important role in day-to-day market operations.
Furthermore, a great number of research works confirm that
electricity market prices exhibit volatile and non-stationary
behaviour, making price forecasting a highly challenging task.
Therefore, the current literature encompasses numerous
forecasting methods in order to yield accurate and adequate
forecasts, as can be seen in [2].

Some of the most traditional electricity price forecasting
models in short-term applications are statistical/econometric
methods, which involve time-series methods (e.g. ARIMA,
GARCH [3]-[6]), Artificial Intelligence (Al) techniques (e.g.
Support Vector Machine, Radial Basis Function Networks
[7]-[11]) and combinations of both types of models [12]-[18].

These combinations have recently received a wide
acceptance due to their proficiency at modelling linear (time
series) as well as non-linear (Al) trends and patterns in
datasets [19]. Furthermore, these models are capable of
capturing the revealed behavioural aspects of market
participants, such as strategic and speculative behaviour [20].

However, statistical models may not be able to fully
incorporate market dynamics and operation to their electricity
price forecasts. Furthermore, these models tend to have
difficulties when it comes to representing regulatory and
market structural changes. Moreover, another weakness of
econometric models lies in the assumption that history repeats
itself, which is not suitable in most cases for today’s power
markets, which are more volatile and complex than ever.

To cover these aspects, market clearing prices are estimated
by means of fundamental methods, which are aimed at
thoroughly modelling the power market, including all
generation units and their technical features, such as
production costs. Nevertheless, market clearing models are not
usually resorted for short-term price forecasting applications,
often due to their poor performance at capturing short-term
price dynamics, as mentioned in [1].

Therefore, fundamental models are sometimes combined
with other approaches, such as econometric methods, in order
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to improve their predictive performance. However, recent
works prove that a great deal of work has been carried out in
the context of these hybrid models for medium-term horizons,
not only from a point-forecasting perspectives but also from
probabilistic points of view [1], [21], [22].

This fundamental-econometric combination will be referred
to as hybrid models for the remainder of the manuscript. One
of the main advantages of these medium-term hybrid models
is the capability to consider most relevant, economic drivers of
electricity market prices, such as supply, demand, unit
commitment, dispatch and technical constraints [20], [23]-
[25]. By doing so, the behaviour and operation of the power
market is successfully incorporated to the electricity price
forecasts, which is of great interest for its participants.

Fundamental procedures are increasingly being resorted to
by traders and practitioners considering the ongoing structural
and regulatory changes that most power exchanges are
experiencing (e.g. new taxes, incentives for specific
generation technologies, CO, emission allowances, etc.),
which do have an effect on electricity market prices [26].

However, according to the work presented in [20], these
models tend to provide less volatile and more flat predictions
than those ultimately observed. Moreover, fundamental
approaches that aim to thoroughly model power exchanges in
hourly resolution are commonly avoided in short-term price
forecasting applications due to extremely large size and
resolution times in real power systems. This issue calls for
simplification methods that are usually targeted at the
temporal resolution or the structure of the system, such as the
generation technology aggregation that has been carried out in
[23]. This simplification provides a reduction of the volume of
the input data, which may also be effectively reduced by
means of variable selection and shrinkage tools.

It is well known that electricity prices are affected by a
plethora of factors, ranging from weather-related variables
(e.g. wind speed, rainfall amounts) to energy generation
parameters (e.g. fuel prices, maintenance costs). Variable
selection tools have been considered in economic and price
forecasting frameworks in [24], [27]-[29] with the purpose of
screening out the least useful and most noisy predictors. These
works cover several variable selection methods, including
traditional approaches such as stepwise regression, least
squares and principal components; as well as more complex
approaches such as least absolute shrinkage selection operator
(LASSO, [30]), ridge regression [31] and elastic nets
(combination of LASSO and ridge regression, [32]). Some of
these methods have been recently applied to electricity price
forecasting in [33], whose results suggest utilising an elastic
net above the other approaches due to its beneficial outcomes
regarding day ahead electricity price forecasting accuracy by
means of linear regression.

The above paragraphs have pointed out some insufficiencies
and scarcities in the context of short-term electricity price
forecasting that encourage motivation for the proposed model

of this manuscript. Several hybrid forecasting methods have
been mainly employed in medium- and long-term horizons,
and thus their adequacy in the short term is either poor or
untested.

Moreover, price forecasting models that combine
fundamental and econometric approaches have proved
beneficial in medium-term horizons, as these take several
aspects into account such as market dynamics and
structural/regulatory market changes (fundamentals), as well
as strategic/speculative behaviour and linear/non-linear
modelling capabilities (econometrics). However, the literature
regarding this kind of hybrid models in short-term contexts is
relatively scarce and thus it would be interesting to determine
if the same advantages can be attained for the short term.

Therefore, the main objective of this work is to propose a
novel short-term hybrid electricity price forecasting model,
which takes advantage of the combination of fundamental and
econometric approaches in order to capture not only the
effects caused by structural and regulatory market changes,
but also the strategic and speculative behaviour exhibited by
market agents, as discussed in [20].

The only work in the literature that considers the same kind
of fundamental-econometric hybrids for short-term electricity
price forecasting is the one presented in [23], although it
yields daily average values for forecasting periods of one
month instead of monthly values for periods of one day to one
week (as considered in this manuscript). Furthermore, while
the fundamental component of [23] represents a simplified
bidding curve in which generation technologies are stacked
together and an estimated generation price is obtained as a
linear function of the different generation costs, the authors of
this manuscript intend to consider a higher level of detail on
their fundamental model by taking advantage of other
elements, such as the operation of the power system, technical
features of generation units, demand levels and
interconnections with other markets. Moreover, the authors of
[23] then utilise the estimated generation cost in a non-linear
regression model, although it would be interesting to consider
an Al approach, such as neural networks, on this stage of the
hybrid model. However, there are no other similar hybrid
short-term approaches in the literature, which thoroughly
model the power exchange with hourly precision, to the best
knowledge of the authors.

This work’s hybrid forecasting tool consists of a cost-
production optimisation model which is linked to a neural
network model. The proposed hybrid model has been tested on
a real-size market with complex price dynamics: the Iberian
(Portuguese and Spanish) electricity market. Furthermore,
other benchmark models were tested on the same case studies
so as to further validate the proposed forecasting model.

The remainder of this manuscript is organised as follows:
section |l describes this work’s methodology. Section Il
presents the case studies in which the proposed forecasting
method has been tested, as well as a comparison with other
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Fig. 1. Proposed hybrid forecasting model

forecasting procedures. Section 1V contains the conclusions
that were drawn in this work, including the suggestions for
extensions and future developments of the proposed
methodology.

The general objective of this work is to create a new short-
term hybrid electricity price forecasting model and put it to the
test on a real, full-scale and complex electricity market, such
as the Iberian power exchange. Forecasts have been
considered for both one day and one week horizons so as to
agree with the two ends of the short-term framework. The
proposed fundamental-econometric hybrid model is displayed
on Fig. 1.

PROPOSED METHODOLOGY

The first half of the model, displayed at the left part of Fig.
1, is composed of a cost-production optimisation model that
aims to simulate the market-clearing process by minimising
the total system costs, which are constrained by generation
unit technical features, regulation limits, transmission limits
and the demand vs. generation balance. Thus, in this model,
the estimated electricity market price can be obtained as the
dual variable of the demand balance constraint.

The above optimisation model, which is similar to the one
presented in [20], has been applied to the Iberian power
exchange. Nevertheless, in order to decrease its runtime,
certain simplifications were carried out. This simplification
consisted of an aggregation of similar power plants, which are
owned by the same market agent and have identical cost
functions and other technical features. As a result, the
optimisation problem size was significantly reduced and thus
the estimation time of electricity market prices was reduced
from a few minutes to a few seconds.

However, even though other variables were simultaneously
calculated (e.g. transmitted power, emissions, generation
outputs), only the estimated price was utilised for the second
half of the proposed hybrid model. Nevertheless, the authors

do not deny the possibility that considering other outputs in
the statistic model may prove beneficial. Moreover, an
additional term may be incorporated to the objective function
in order to consider agent strategic behaviour, which is
defined in [20] as the “conjectured-price response”.
Nevertheless, the authors discarded this possibility due to the
fact that agent strategic behaviour can also be incorporated to
the forecasts by means of econometric methods, such as the
second half of the proposed hybrid approach.

As shown on Fig. 1, the estimated market price is used as an
additional input variable to the neural network model, which is
trained alongside other inputs in order to produce short-term
electricity price forecasts. The other input variables that were
considered are as follows:

o Lagged electricity market prices
e Expected system demand

o Expected system wind generation
e Expected system solar generation

e Dummy variable indicating if it is business day or not
(non-business days include Sundays and holidays)

o Dummy variable indicating if it is Saturday or not

These variables are effortlessly obtainable from the Spanish
ISO information website [34], and are appropriately handled
by neural network models. Moreover, in order to bear in mind
several levels of autoregression and seasonalities, four lagged
prices were taken into account with the following delays: one
day, two days, one week and two weeks.

The neural network model configuration is shown on Fig. 1,
which is comprised of a hidden layer and an output layer.
According to [35], experience shows that one hidden layer is
suitable for most applications. The hyperbolic tangent sigmoid
was utilised as the activation function of the hidden layer’s
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Fig. 2. Training, validation and test/forecast periods arrangement

neurons, whereas a pure linear transfer function was selected
for the output layer.

The neural network was trained as per the standard
Levenberg-Marquardt algorithm, which is one of the most
popular neural network training methods utilised in electricity
price forecasting applications, such as [8] and [36]. Therefore,
different numbers of neurons were utilised on the hidden layer
in order to test different levels of complexity and avoid
overfitting.

The number of neurons is chosen as soon as the training
algorithm reaches its performance optimality conditions by
computing the mean squared error (MSE) on the validation
period (a time span that is placed between training and
test/forecast periods). The network with the number of
neurons on its hidden layer that yields the lower MSE was
then utilised to ascertain the electricity market price for the
forecast period. The MSE is calculated as per the following
formula with the conventional notation (¥; represent the
forecasted values for a certain period of N hours, whereas Y;
are the real values pertaining to the same period):

N
1 -
MSE = - (%= %)’ @
i=1

Moreover, in order to take into account the variability and
the randomness of the initialisation of the neural network’s
weights at the start of the training process, a high number of
replications of the described neural network procedure were
carried out. This is also done bearing in mind that neural
networks are, to some extent, prone to getting stuck on local
minima on the training process, and thus the global optimum
may not be ascertained. The final step involves calculating the
mean of the obtained forecasts in every replication in order to
yield the forecast of this work’s proposed hybrid model.

However, the training data, which consists of 10 variables,
were modified with the intention of increasing efficiency as
well as reducing overfitting occurrences. The training,
validation and forecasting periods have been organised
according to the timeline of Fig. 2.

The training set is comprised of three time spans of d; days
each: Ty, T, and Ts. The last one is placed right before the
validation period V and contains the most updated information
for the neural network to train on. This information reinforced
by the data pertaining to T, which occurs one year before Ta.
Furthermore, T, contains a possible evolution of electricity
prices and all related variables, which is what happened a year
before the forecasting period. This training set arrangement is

more efficient and better reflects the behaviour of electricity
prices on the forecasting period F than utilising three times d;
days immediately prior to the validation period V.
Furthermore, both V and F periods are set to be of the same
duration, which is of d, days (i.e. the forecasting horizon).

Not only the arrangement of the input data was modified, but
also a test was carried out in order to assess variable
importance. Additionally, it would be useful to increase the
parsimoniousness of the model, i.e. reducing model
complexity as well as increasing predictive accuracy, and thus
reducing possible overfitting occurrences.

To this end, the variables were tested in a backward-
elimination manner, i.e. evaluating all ten factors at once and
discarding one by one the most noisy and redundant.
However, this is more straightforward in linear regression
cases than in neural network applications. Therefore, the
performance of the neural network model was assessed for
several combinations of variables and numbers of neurons in
the hidden layer (comparing its validation set MSE) using a
backward-elimination procedure until only one variable was
considered. This procedure was carried out five times for
numerous days. As a result, the variables that have been
mostly discarded are the following two:

e Two-day lagged electricity market prices
e Dummy variable indicating if it is Saturday or not

The estimated price from the fundamental model has not
been discarded, which suggests that the underlying
information within these prices is useful to the hybrid model
(e.g. coal costs, CO, emission allowances, maintenance
schedules). Moreover, elastic nets were also used for the same
purpose, although this method is more appropriate for linear
regression contexts, and the results were similar for a certain
tolerance level (elastic net parameters). However, the authors
preferred the backward-elimination procedure because it is a
non-parametric approach and thus does not require further
studies in order to ascertain additional information.

Therefore, the volume of the input data was reduced by
20% and, as a result, the model’s performance was enhanced
in terms of runtime and forecasting accuracy. The forecasting
accuracy is measured in terms of the Mean Absolute
Percentage Error (MAPE), which is computed as follows:

MAPE = 100 3
N

-~ @

Y;

i=1

I1l. CASE STUDIES, RESULTS AND DISCUSSION

This section is composed of three parts. On the first
subsection, seven case studies are presented. On the second
subsection, the forecasts yielded by the proposed forecasting
model are analysed whereas on the third subsection the
resulting forecasts are compared with five benchmarks.
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Fig. 3. Iberian electricity market prices for late 2016

A. Case study description and selection

Several periods in late 2016 have been studied for both
forecasting horizons (one day and one week). Nevertheless,
for the sake of simplicity and clarity, only the most
representative cases that are characterised by different types of
complexities are detailed in this section (shown on Table 1), all
of which pertain to the period depicted on Fig. 3.

The most outstanding period is 21/Nov/2016, when prices
collapsed due to unusually high wind generation in the Iberian
power system, reaching 10.88€/MWh at early morning hours.
Moreover, this day presents a range of 56.61€/MWh and a
standard deviation of 15.07€/MWh. These values are
significantly higher than those of its adjacent days, which
present a range of 30.12€/MWh at most and a maximum
standard deviation of 9.48€/MWh. Therefore, it would be
interesting to analyse the models’ forecasting performance on
such a day (case Cy).

Furthermore, there is an apparent price level difference
between November and December, which implies a slight
market structural change. Moreover, coal plants were slightly
less available in December than in November, whereas
demand levels also increased in December [34]. For these
reasons, a day and a week that do not present uncommon
behaviours have been selected for both months in order to
compare both market circumstances (cases C;, Cs, Cs and C,).

Moreover, the most erratic weekly period in Fig. 3 takes
place between 05/Dec/2016 and 11/Dec/2016, which contains
two Spanish National holidays on the 6™ and 8" of December
(case Cg). Due to these holidays, electricity prices are lower
than on their adjacent days.

Additionally, another uncommon day included in Fig. 3 is
26/Dec/2016 (case C,), which is a Monday. However, the
usual Christmas Day holiday happened on Sunday and thus
the studied day was a holiday on most areas of Spain, so it
cannot be considered a normal business day. These seven case
studies put the proposed forecasting model to the test under
diverse circumstances and challenges, all of which are
analysed and discussed in the following subsections.

B. Proposed hybrid price forecasting model

First of all, the cost-production optimisation model has been
run for the training and forecasting periods with hourly
precision. In this test, regular circumstances in the Iberian

TABLE |
CASE STUDY TRAINING, VALIDATION AND FORECAST PERIODS
Case Training periods Validgtion Forecgsting
tudy period period
s T.UT, Ts v F
15/0ct/2015 to  15/0Oct/2016 to
C 13/Dec/2015  13/Nov/2016 14/Nov/2016 15/Nov/2016
21/0ct/2015 to  21/0ct/2016 to
C, 19/Dec/2015 19/Nov/2016 20/Nov/2016 21/Nov/2016
Co 1%’55’;’; oA 1%’)‘8‘& 201010 11/Decr2016  12/Dec/2016
24/Nov/2015 to 24/Nov/2016 to
C, 23/3an/2016 24/Dec/2016 25/Dec/2016 26/Dec/2016
c 08/0ct/2015 to 08/Oct/2016 to 07/Nov/2016 to 14/Nov/2016 to
s 06/Dec/2015 06/Nov/2016 13/Nov/2016 20/Nov/2016
c 29/0ct/2015 to  29/0ct/2016 to  27/Nov/2016 to 05/Dec/2016 to
6 26/Dec/2015 26/Nov/2016 04/Dec/2016 11/Dec/2016
c 05/Nov/2015 to 05/Nov/2016 to 05/Dec/2016 to 12/Dec/2016 to
7 03/Jan/2016 04/Dec/2016 11/Dec/2016 18/Dec/2016

power system were assumed regarding weather conditions
(wind generation, hydro inflows, etc.). As a result, the
estimated electricity market price was determined and used as
an additional input to the neural network model.

The neural network model was run for seven different
market circumstances in order to assess its adequacy for the
short term. This includes horizons of one day and one week
with hourly precision. Once the day or week to forecast was
set, all periods according to the timeline of Fig. 2 can be set.
In all cases, a training set arranged as per Fig. 2 was used with
d; equal to 30 days, thus a total of 90 days were used as
training data. Neural networks with this training set were
trained considering different numbers of neurons (10 to 60
with a step of 5). The neural network with the lowest MSE on
the validation set was later used to forecast the electricity
market price on the test/forecast period. This procedure (from
neural network training to forecasting) was carried out 300
times, whose mean was used as the resulting forecast of the
proposed electricity market price forecasting model.

For the weekly cases, the authors previously tested this
methodology by both using a standard 168-hour horizon and a
rolling window of a 24-hour horizon, i.e. forecasting day by
day up to one week. However, by using a rolling-window
method on a neural network model, the authors found that the
forecasts given in every simulation had a considerably higher
volatility than those yielded by the neural network model with
a 168-hour horizon, as well as a generally higher MAPE.
Therefore, the rolling-window method was not utilised in
these cases. Nevertheless, daily lagged prices were not
included in the weekly forecasts, because, in reality, daily
lagged price information becomes unknown if forecasting
further than one day. Nevertheless, the estimated price from
the fundamental model may contain, to some extent, the
information of daily lagged prices.

The first case study (C,) is displayed on Fig. 4, which
shows the forecast for 15/Nov/2016 (Tuesday). The daily
trend that electricity prices usually exhibit is successfully
mimicked and the model yields a MAPE of 2.179%, which
mostly corresponds to the early morning hours, whereas the
late hours are considerably accurate.
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Fig. 4. Electricity price forecast for 15/Nov/2016 (C;)

The dashed and dotted lines of Fig. 4 represent the forecasts
of both components of the proposed hybrid model on their
own, i.e. only the neural network model without the additional
estimated price from the cost-minimisation model (Benchmark
1 or BM,), and also this estimated price on its own
(Benchmark 2 or BM,). By analysing and comparing these
results, the benefits of the hybridisation of both methods can
be checked and verified.

The estimated price of BM, clearly lacks intraday dynamics
and thus vyields a lower accuracy (5.675% MAPE).
Nevertheless, this forecast is somewhat centred on the average
price level, which is of vital importance for the developed
hybrid model. The daily behaviour exhibited by BM; better
resembles electricity price patterns mainly thanks to its
adaptability for non-linear trends, although its accuracy is
considerably lower on the afternoon and evening (2.856%
MAPE). The combination of the advantages of both models
yields a suitable adaptive behaviour, and thus increases the
accuracy of the hybrid model forecast.

Regarding the one-week case studies, the forecast for the
week of 05/Dec/2016 to 11/Dec/2016 is displayed on Fig. 5.
In this case study, the resulting MAPE is of 5.878%. Once
again, it can be seen on Fig. 5 that the estimated price from the
fundamental model (BM,) fails to follow the intraday pattern
(8.709% MAPE). The neural network model on its own (BM,)
shows an adequate performance (6.136% MAPE), although it
seems to yield considerably lower values on the early hours of
Thursday to Sunday, which may be caused by a slight
underperformance of the neural network model as the
forecasting horizon increases.

This performance decrease is somewhat diminished by the
estimated price of BM,, which provides the equilibrium price
level even at longer horizons and thus results in a more
accurate forecast for the hybrid model. The benefits of the
proposed hybrid model are experienced yet again, which
strongly supports the statement that the combination of both
models’ advantages is highly valuable. Furthermore, the
fundamental model’s ability to incorporate the effects of the
reduction of availability in the system coal power plants
provided a slight upward pressure on the hybrid model’s price
forecasts. This contribution of the fundamental model proved
relevant and useful in this forecasting period.
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Fig. 5. Electricity price forecast from 05/Dec/2016 to 11/Dec/2016 (Ce)

The rest of the cases (C,, Cs, C4, Cs and C;) are discussed
on the following subsection, including the performance of the
other benchmark forecasting models.

C. Comparison with other forecasting models

The performance of this work’s proposed hybrid forecasting
model has been compared with five other electricity price
forecasting models, two of which represent the split versions
of the hybrid model (BM; and BM,). The third benchmark
(BM,) is a slight modification of a linear regression model that
was proposed in [37] and most recently applied to electricity
price forecasting in [33]. This linear regression model can be
represented as per the following equations in order to calculate
the log-price p, , at day d and hour h:

Pan = BriPa-1n + BroPa—2n + Br3zPa-7n t Brabd-1
+ BrsZan + BreDsat + Br7Dsun (3)
+ BrgDuon + €an

T
1
Pan = log (Pd,h) - TZ log (Pd,h) (4)
t=1

The betas are the regressor coefficients, which respectively
represent lagged log-prices (one, two and seven days), the
minimum log-price of the 24 hours in day d minus one, the
expected demand and three dummy variables indicating if day
d is Saturday, Sunday or Monday.

Furthermore, as mentioned before, a slight modification
was carried out, which pertains to the logarithmic transform of
Equation (4), where T refers to the training period. The
mirror-log transform, recently applied to electricity price
forecasting in [38], was applied due to the possibility of prices
equal to zero in the Iberian power system, which is
represented in the following equations:

Ngp = W (5)
1
Pan = sgn(nan) [109 (nd,h + E) + log (C)] (6)

First of all, according to Equation (5), the prices were
normalised by subtracting their mean in the training period
(ur) and dividing by their standard deviation in the training
period (o7). The parameter ¢ was set to 1/3 as done in [38].



TABLE Il
COMPARISON OF THE PROPOSED FORECASTING MODEL WITH FIVE
BENCHMARKS IN TERMS OF MAPE (%)

Model C, C, Cs C, Cs Cs C;

Proposed 2.179 1596 3.726 3.242 6.146 5.878 4.119
BM; 2.856 1379 4.075 3.825 6.172 6.136 4.166
BM; 5675 2673 6.812 1083 11.23 8.709 8.135
BM; 7522 2784 5421 1363 1195 10.84 7.746
BM, 9.280 2248 6.238 6.657 9.894 13.67 7.224
BMs 7595 3191 8544 1957 12.84 1411 10.85

The fourth benchmark (BM,), based on ARIMA models, is
more established than the previous two and well recognised.
These models have been widely used in electricity price
forecasting, including the Iberian electricity market [39]. In
this case, the model consists of a transfer function with
SARIMA noise, which has been developed according to the
methodologies presented in the works of [40], [41]. Electricity
prices were stabilised (variance) by means of the Box-Cox
transformation [42]. The BIC value of the fitted models was
used as model selection criterion. The obtained SARIMA
noise presents the following parameters with the standard
notation: SARIMA(1,0,0)168(1,0,2)24(1,0,0);. The expected
demand was used as an exogenous variable in this model that
can be therefore also referred to as a SARIMAX model.

The last benchmark (BMs) is a simple naive approach in
which the real electricity prices from the previous week are
directly taken as the forecast:

Pcl,h = Pcl—7,h (7

The MAPE of these benchmarks along with those yielded
by the proposed electricity price forecasting model on the
seven case studies are displayed on TABLE Il. First of all, it is
worth noting that the proposed model outperforms the others
in all cases except C,, in which the pure neural network model
yields a higher accuracy. This is mostly due to the fact that, in
early morning hours, BM;’s forecast is closer to the real value
than the proposed model’s forecast. Furthermore, in a case in
which prices collapse to such a low value (10.88€/MWh), this
difference is more apparent and noticeable.

This trend also happens in the more common days
pertaining to cases C; (see Fig. 4) and Cj, although the
proposed hybrid model’s forecast in the rest of the hours of the
day makes up for it more than enough, yielding a higher
overall accuracy in terms of MAPE. This fact also confirms
that the fundamental contribution enhances forecasting
performance on late morning hours up to midnight, whereas
on early morning hours it yields a reduced accuracy and this
reduction is further heightened on uncommon, low-price
situations such as C,.

Moreover, the one-week cases (Cs, Cs and C;) comparison
between the proposed model and BM; show similar
accuracies. However, on early December (case Cg), when the
overall price levels are beginning to increase, the difference is
higher (almost 0.3% MAPE). This may suggest that whenever
such a structural market evolution is underway, fundamental
information should be taken into consideration.

Furthermore, case Cg includes two Spanish National
holidays, and thus it may imply that the proposed model is
also the most proficient at forecasting prices on non-business
days. The same conclusion can be reached from the results of
case C,, which is also a non-business day. This may also
indicate that by considering the estimated price from the
fundamental model, the bias effect from the previous week is
lessened.

IV. CONCLUSIONS AND FUTURE WORK

The novel methodology that has been proposed in this work
is based on a hybrid model which consists of a cost-production
optimisation model and a neural network model. Both models
have been linked by using the cost-production optimisation
model’s estimated price as an additional input to the neural
network model. Furthermore, the input data on both
components of the proposed hybrid model were rearranged
and modified in order to decrease computational burden and
therefore increase efficiency, as well as reduce runtime and
overfitting occurrences on the neural network model.

The proposed hybrid model has shown adequate
performance in seven case studies, all of which have presented
diverse circumstances and challenges. The benchmark models
were outperformed by the proposed model in most case
studies, especially the estimated price from the cost-
production optimisation model, the linear regression model of
[37], the SARIMAX model and the simple naive approach that
utilises the previous week’s electricity prices as the forecast.

Furthermore, it can be concluded that the proposed hybrid
forecasting model’s accuracy is generally increased by the
effect of the estimated price from the fundamental model. In
addition, the non-linear patterns in electricity prices have been
adequately dealt with by the neural network model. Moreover,
the combination of the longer-term price level yielded by the
fundamental model and the intraday pattern given by the
econometric model has unquestionably proven to be
advantageous, especially on uncommon market situations,
such as holidays or increasing unit unavailableness.

However, the results suggest that, on early morning hours, a
combination technique with another pure statistical model, or
a regime-switching model within a hybrid framework, may
enhance the resulting model’s accuracy. Furthermore, other
variables from the fundamental model may be utilised as
additional information for the econometric model, such as the
unit generation levels for the different thermal technologies.
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