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Abstract

Accurate electricity price forecasting is critical in today’s volatile energy markets, partic-
ularly with the increasing penetration of renewable energy sources. This thesis aims to
compare the increasingly popular deep learning techniques with established statistical
models for electricity price forecasting in the Belgian day-ahead market. The compar-
ative study uses a deep learning method called Long Short-Term Memory (LSTM) and
a statistical LASSO-Estimated Auto-Regressive (LEAR) model both in predicting price
values as well as quantifying their uncertainty. The main findings reveal that the LEAR
model outperforms the LSTM model in terms of accuracy and computation time. The
study emphasizes the importance of recalibration for improving forecasts and chal-
lenges the notion that deep learning models always outperform statistical methods.
The research contributes to the literature by providing insights into the effectiveness of
different forecasting models in the field of electricity price prediction.
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Chapter 1

Introduction

Accurate price forecasting is crucial for various stakeholders in the dynamic environ-
ment of energy markets. Accurate forecasts empower all participants, including pro-
ducers, consumers and traders, enabling them to make informed and strategic deci-
sions [16]. In a context in which electricity prices have become increasingly volatile in
addition to an increasing share of renewable energy sources which are volatile by de-
sign, forecasting thereof poses a real challenge. Unlike other commodities, electricity
can’t be easily stored, supply and demand have to be in constant balance, making it
a unique challenge for the market. Historically, statistical methods have shown great
strength in forecasting electricity prices and time series in general. However, more
recently, deep learning based techniques have gained popularity given the sharp in-
crease in both the dimensionality and quantity of data, lending itself to these techniques
capable of capturing deep latent patterns and features.

1.1 Background

Electricity price forecasting first gained attraction with the deregulation of monopolis-
tic power sectors and the creation of competitive electricity markets when it became
essential to provide accurate information about the future load, generation and price
levels, around 30 years ago. In recent years electricity prices have been behaving more
unpredictable than ever before. This is due to the energy transition currently present
both in consumption and generation. The share of renewables in the generation of
electricity has increased over the last few years. Because wind speed and solar en-
ergy are inherently volatile, the generation of electricity is less predictable than before.
This makes the forecasts of energy data more valuable than they used to be.

Apart from the recent developments in the energy sector another trend has come up
in the field of forecasting. Because of the increased efficiency in computation, deep
learning, a kind of machine learning technique, has gained attraction in providing mod-
els for predicting time series. This thesis aims to examine the performance of deep
learning techniques within electricity price forecasting.

Previous work includes the master’s thesis of Jilles De Blauwe [9]. The work of De
Blauwe examined, amongst others, the performance of an advanced statistical LASSO-



estimated regression model called LEAR. While showing promising results, the model
wasn’t compared against deep learning methods. Part of this thesis was inspired to
try and compare the results of a LEAR model against a state-of-the-art deep learning
model.

1.2 Objectives

This master’s thesis aims to address two key research questions within the field of
smart grids and electricity price forecasting (EPF) on the Belgian day-ahead market.
The primary objectives are as follows:

1. Comparative Analysis between Statistical Models and DNN-based Architec-
tures
One of the principal objectives of this study is to conduct a comprehensive com-
parison between state-of-the-art statistical models and Deep Neural Networks
(DNN)-based architectures for electricity price prediction in the Belgian day-ahead
market. By leveraging advanced deep learning methodologies, more specifically
Recurrent Neural Networks (RNNs) and Long Short-Term Memory (LSTM) net-
works, this research endeavors to evaluate the efficacy of DNN-based architec-
tures in comparison to traditional statistical models. Through careful experimen-
tation and comparative analysis, the aim is to provide insights into the effective-
ness and efficiency of each method in capturing the complex temporal dynamics
and inherent volatility of electricity prices.

2. Improvement of the uncertainty issue through usage of distribution fore-
casts on BELPEX Market
Another crucial objective of this research is to mitigate the uncertainty inherent
in electricity price forecasting by leveraging distribution forecasting techniques
on the BELPEX market, i.e. the Belgian day-ahead electricity market. In recent
years, the importance of quantifying uncertainty in energy market predictions has
become increasingly evident, especially in light of the growing penetration of re-
newable energy sources and the resulting market volatility. By employing distri-
butional forecasts, such as Distributional Deep Neural Networks and conformal
prediction, this study aims to provide probabilistic forecasts that not only capture
the central tendency of price movements but also quantify the associated uncer-
tainty. Through the implementation and evaluation of quantile forecasting models,
the objective is to enhance the decision-making capabilities of market participants
and stakeholders by providing more informative and actionable forecasts.

1.3 Outline and Scope

This work is divided into six chapters. Chapter 2 provides a background in electricity
price forecasting and some of its models used in previous literature, as well as evalu-
ation methods necessary to perform EPF research. Chapter 3 discusses the dataset
that was used for the case study. The methods used for constructing the forecasting
models as well as the evaluation metrics used in this thesis are described in Chapter
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4. In Chapter 5 the results of the case study on the Belgian day-ahead market are
presented. Lastly, Chapter 6 contains the conclusions and future work.



Chapter 2

Background

This chapter gives an overview of the theoretical background required to conduct the
EPF (Electricity Price Forecasting) research of this thesis. An overview of the day-
ahead electricity market itself in Belgium and Europe is given as well as a literature
overview and theoretical elaborations on the various models and evaluation methods in
the EPF field. The first section discusses the European day-ahead market for electricity
while the second section explains different forecasting models and reviews the existing
literature concerning these models. The last section describes various options on how
to evaluate and compare these models.

2.1 EPEX SPOT market

The Belgian electricity market is part of the European Power Exchange (EPEX) [41].
Founded in 2008, following the deregulation of electricity markets in Northern and
Western Europe, it is a merger of multiple national power exchanges. EPEX SPOT
operates in Austria, Belgium, Denmark, Germany, Finland, France, Luxembourg, the
Netherlands, Norway, Poland, Sweden, the UK and Switzerland. To gain insights on
how to construct practical price forecasting models it is useful to first understand the
workings of the EPEX SPOT market in Europe. This section briefly explains who the
main traders are on this spot market, the timeline of the bidding process, as well as
how the day-ahead electricity market price comes about.

2.1.1 Traders on the EPEX SPOT market

Trading on the spot market in Europe is done by major electricity generators and sup-
pliers, or third parties that trade on behalf of companies. Members of the exchange
market include [43]:

« Utilities (e.g. Luminus or ENGIE). These companies buy and sell electricity to
supply to their customers or compensate for imbalances in their power plants.

» Banks and financial service providers. They play a role in adding liquidity to the
market. They don’t have generation units or are major suppliers but do trade on
the market.



» Trading companies. They have a similar role as the banks by adding liquidity in
the market without having their own power assets and are specialized in manag-
ing electricity portfolios.

» Other traders include transmission and distribution system operators, regional
suppliers and aggregators.

There are more than 800 companies active on the exchange, most of which are utilities,
regional suppliers and trading companies. Figure 2.1, from [43], gives an overview of
what kind of companies trade on the market.

Utilities

Trading Company

Municipal and Regional Supplier
Aggregator

Commercial Consumer

TS0

Bank and Financial Service Provider
Other

Figure 2.1: Exchange members of EPEX SPOT, by category, from [43]

2.1.2 Timeline of the Day Ahead electricity market

When a company wants to trade on the spot market it has to submit a bid for buying
or selling power for the next day, at a specific time (hour) and a specific area. All bids
have to be submitted at 12:00 CET, except for Switzerland and the UK, whose markets
close even earlier at 11:00 and 10:20 respectively. Each order contains their willing-
ness to buy or sell, in volume, for each price. The aggregated buy orders generate
a demand curve while the sell-orders form a supply curve for each hour of the day
[42]. In this way, a price is cleared for each hour at the intersection of the demand and
supply curves. The price obtained is called the Market Clearing Price and is the same
for all market members in the same country/region. Hourly prices, supply and demand
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curves, and other market data can all be found on the website of EPEX SPOT [44].

A company will never pay more for a certain volume than its willingness to buy, and
a seller will never sell below its own pre-specified minimum price [42]. Further im-
balances in the market due to generation unit failures or customers dropping out are
settled on the intra-day market, which falls outside of the scope of this thesis.

After the market is cleared, the prices for the next 24 hours are published soon after
the market has closed. Prices are published at 13:00 CET for most European markets
including Belgium, 11:10 CET for the Swiss market, and 10:30 CET for the UK. A com-
pany trading on the Belgian spot market will therefore have to have its bids ready at
around 11:00 to avoid missing the submission of the bids due to communication delays.
An interesting note is that the Swiss prices are already published 50 minutes before the
rest of the markets close. Because of the high correlation between the Swiss market
and the Belgian market, [9] looked into the possibility of integrating Swiss day-ahead
prices into a model to predict the Belgian prices. The study gave promising results but
the feasibility of incorporating Swiss prices into the model due to the time constraints
of only 50 minutes is not guaranteed.

2.2 Current state-of-the-art models in EPF

In order to evaluate the performance of a forecasting model in a meaningful way the
model has to be compared against a benchmark of state-of-the-art models, including
both statistical models as well as deep learning models [31]. This section gives a
summarized overview of some of the current state-of-the-art models found in the recent
literature on the EPF field.

2.2.1 Statistical methods

Similar Day models

Similar Day Models are a very simple technique for predicting prices on the day-ahead
market. It takes the prices of another day similar to the one that is being predicted and
uses it as a forecast. This can be the same day in the previous week when p, , = pa—7 4.
Or the model can just use the prices from the day before as the prices for the predicted
day, in that case, p,, = ps—1,,- The naive similar day forecast used in this thesis, as well
as in [9], is a combination of using the previous day and the previous week. Equation
(2.1) shows the formula used to predict the prices. On a Saturday, Sunday, or Monday,
the prices of the previous week are taken. While on a Tuesday to Friday, yesterday’s
prices are used.

prave _ { Pa—1,, if dis Tue, Wed, Thu, or Fri, 2.1)

d;h pa—7.n, if dis Sat, Sun, or Mon.

These naive models can be used in the calculation of evaluation metrics such as rMAE,
discussed in Section 2.4.1.



Auto-Regressive models

Auto-Regressive (AR) models are widely utilized for time series forecasting. In AR
modeling, it is assumed that the next price is determined by its previous values in the
time series. These historical data points, often referred to as "lags,” are used to predict
future data points. An AR model is trained by applying a linear regression on these
lagged variables. Equation (2.2) shows what an AR model would be like. The number
of lags included is called the order of the AR model.

Y = U + €& = ap + Biye—1 + Boyi—2 + B3yr—3 + ... + & (2.2)

ARX

An extension of the simple AR model is the ARX (Auto-Regressive eXogenous) model.
This uses not only regression on historical prices to estimate the model but also in-
cludes exogenous variables and their lags as explanatory variables. The paper [29],
by J. Lago et al. is a large benchmark study comparing all types of models, including
multiple ARX models, although these seemed to perform worse than DL models or
more advanced AR models. Possible exogenous variables can be weather forecasts
(wind speed, temperature), generation forecasts (overall generation, solar, wind), load
forecasts, etc.

farX and LEAR

To gain more accuracy in EPF, a new extension of the ARX was proposed [46], called
the fARX (full ARX) model. This is an AR type model that only includes the price lags
d—1,d—2,d—3and d—7, as well as the same lags for the exogenous variables. In the
already mentioned benchmark study [29] by J. Lago, fARX performs significantly better.

Another extension to this fARX model, also developed in [46], is the LEAR model, also
called the fARX-LASSO or LASSOX. This model uses the regularization technique of
LASSO (Least Absolute Shrinkage and Selection Operator), to automatically select
the input features. In this model, the LASSO operator applies Occam’s razor princi-
ple, assigning weights to features and automatically reducing the contribution of some
while increasing others. This parsimonious approach enhances the model’s simplicity
without requiring the manual selection of input features. Out of all AR-based models
in the benchmark study [29], LEAR, alongside a similar model fARX-EN (Elastic-Net),
achieved the highest accuracy, producing results comparable to those of DL models.
For this reason, the LEAR model will be used as a benchmark in this study. It is used
as as a state-of-the-art statistical method to compare against the DL model, as should
be done in good EPF research [31].

2.2.2 Deep learning methods
Deep Neural Networks (DNN)

A simple yet effective approach to forecasting electricity prices using deep learning
is DNNs. A DNN consists of three components, an input layer, an output layer and
multiple hidden layers. Each layer itself consists of a certain number of nodes, called
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neurons, that are all connected to the previous layer and the next layer. The input layer
has as many neurons as there are inputs, in this case, historic prices and all other
covariates including their lags that would be included in the model, the output neurons
represent the forecasted prices. While the hidden layers are used to capture complex
nonlinear relationships in the data [7]. Figure 2.2, from [30] shows how such a DNN
would graphically look like.

Hidden Hidden

tnput layer layer Output
layer 211 291 layer
" R1ng O

Figure 2.2: Example of Deep Neural Network with 2 hidden layers, from [30]

Each neuron in the hidden layer takes on a value that depends on the previous layer
until the output layer determines the final output of the model.
The value of the i, neuron in layer [, zi(l), is determined by three kinds of parameters.

+ The weight vector W;, which consists of individual weights w;; for each connection

between all neurons of the previous layer and the neuron zl-(l). These weights are
multiplied by the values of the neurons of the previous layer Z(—1.

* A bias b;, which is added to the product of the weights and the values of layer
[ —1.

» An activation function f, which transforms each input to a value between 0 and
1. Examples are the sigmoid function, softmax, or ReLU.

Equation (2.3) is a mathematical representation of the method to calculate one specific
neuron in one specific layer. This is done for each neuron in each layer, with each
connection having a separate weight and each neuron a different bias, to obtain an
output vector Y, consisting of the predicted prices for each hour on day d. If there are
N hidden layers, each comprising n neurons, n,, number of inputs and n, outputs, then
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the total number of calculations required amounts to N x n + n,,.

A0 = T2 ) = (L s +,) 23)
=1

To obtain the optimal weights and biases for the network, random values are taken
as weights and biases in the first step. Through the optimization techniques of back-
propagation and gradient descent, the parameters are iteratively tuned in a manner
that minimizes the loss function of the output, often RMSE or MAE.

DNNs used to be hard to implement in EPF due to the high computational complexity.
Thanks to the advances in computational technology it has become viable to train and
test these complex networks with hundreds of neurons and multiple hidden layers, in-
puts and outputs [21]. This caused DNNs to attract a lot of attention in the EPF field
in recent years. Paper [29] demonstrates a simple 2 hidden layer DNN outperforms
state-of-the-art statistical models. [30], [8] and [33] all proposed models with DNNs
that performed well, although only comparing them to other DL techniques.

RNN (LSTM)

Recurrent neural networks are different from the neural network because they incorpo-
rate feedback loops that make it possible for previous outputs to be used as input for
the next timestep. This makes RNNs especially useful for time series forecasting since
time series are often correlated with their previous values. However, standard RNNs
suffer from the vanishing gradient problem. This is where gradients, which are vectors
used in the training part of a NN that point in the direction of the greatest decrease
in the loss function, can diminish over long sequences. This limits their effectiveness
in capturing long-range dependencies. This limitation led to the development of more
advanced architectures like LSTMs and gated recurrent units (GRUs) that address this
issue by incorporating explicit mechanisms to control information flow and preserve
memory over time.

The most commonly used RNN, and also the one used in this thesis is the LSTM,
[18]. Unlike a DNN, which is a feedforward network that transforms the inputs into
outputs through several transformations going from one layer to the next, an LSTM
network consists of a cell for each timestep where it is able to temporarily store and
forget information to capture these time dependencies in the data.

A graphical representation, taken from [29], of such an LSTM cell is shown in Fig-
ure 2.3. An LSTM cell at time ¢ consists of three gates. A forget gate F, an input gate
[, and an output gate O. The fundamental concept behind LSTM lies in its ability to
maintain and selectively update a memory cell state thanks to these gates, which is
crucial for capturing long-term dependencies in sequential data.

At each time step ¢, the LSTM cell uses the previous hidden state 2, ; and the cur-
rent input x; as decision variables through the input gate (/) and forget gate (F). The

12



forget gate F;, determined by the sigmoid function o, selectively chooses which infor-
mation to retain from the previous cell state ¢, ; based on z;,_; and z,. Similarly, the
input gate I, and the tanh (hyperbolic tangent function) unit decide which new informa-
tion is relevant to update the cell state.

While the forget gate and input gate, F; and I;, create decision vectors to determine
which old information to forget and which new information to store, the tanh unit’s role
is to create the vector ¢, containing this new information to be added to the cell state.

Equation (2.4), (2.5) and (2.6) present the way how the input and hidden state are
processed through the forget gate and input gate, with W, W; and W. representing
the weights associated with these gates and b, b; and b, respectively the biases, sim-
ilar to how DNN processes input throughout its layers.

F, = U(WF Bi:ﬂ + bF) (2.4)
I =0o(W; E:] +by) (2.5)
¢, = tanh (W, L’ffﬂ +b.) (2.6)

When the decision vectors F;, I, and ¢; are calculated, the new cell state ¢, is then
determined by integrating these vectors using equation (2.7). The symbol ® denotes
element-wise multiplication.

Ct = FtQCt,1 +It®5t (27)

Finally, the output gate (O) regulates the flow of information from the updated cell state
to the new hidden state z;. The output gate O, determines which information from ¢,
will contribute to the output z;, encapsulating the LSTM’s predictive power. Equation
(2.8) shows how the output gate vector is calculated, while equation (2.9) gives the
method for updating the hidden state from z;_; to z;.

O =0(Wo - [z4-1,m] + bo) (2.8)

Zt = Ot @ tanh(ét) (29)

These equations explain the inner workings of a single LSTM cell, individual LSTM
cells are then organized sequentially. Each LSTM cell operates at a specific time step,
taking input from both the current time step ¢ and the output of the preceding time step
t — 1. To further enhance the LSTM’s ability to capture certain patterns and long-range
relationships within the data, multiple LSTM layers can be stacked on top of each other.
Each layer consists of a sequence of LSTM cells. The output of one LSTM layer serves
as the input to the next layer, propagating information hierarchically through the net-
work.

LSTM models have gained a lot of popularity in EPF research due to their usefulness
in predicting time series and capturing nonlinear relationships throughout time, thanks
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Figure 2.3: Graphical representation of a basic LSTM cell, from [29]

to their memory cells and forget gates. Some papers have shown that LSTM can out-
perform more simple neural networks like DNN or ANN, [23] and [4]. Other models
used a special version of LSTM models, by combining it with other DL techniques to
make hybrid models [5], or making the LSTM bi-directional by adding available future
information [6]. These also outperform the more simple DNN technique as well as sta-
tistical ARIMA models and naive models.

More recent research [24], however, demonstrates that LSTMs in their most basic con-
figuration fail to surpass the performance of state-of-the-art models such as GARCH
or LEAR models. The extensive benchmark study [29], on the other hand, provided
results showing the LSTM performed as one of the best models, outperforming LEAR
but not the simple DNN model.

The existing research on LSTM models is not conclusive in proving if this technique
is consistently better than benchmark statistical models. It is therefore useful to make
a case study in order to check the performance of LSTM on the Belgian market with
more recent data.

CNN

Convolutional neural networks (CNNs) are neural networks particularly used in image
and signal processing tasks. While DNNs excel in capturing non-linear relationships
in data, CNNs specialize in extracting hierarchical features from spatial data such as
images or sequential data like time series [29].

A CNN comprises of 3 main parts, each designed to perform specific operations on
the input data. These parts are the convolutional layers, a pooling operation, and a
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fully connected layer.

The convolutional layer, the core of a CNN, applies a set of learnable filters, also called
kernels, to the input data. Each filter scans across the input, performing element-wise
multiplication with local regions, producing feature maps that highlight relevant patterns
such as edges, textures, or shapes. Each filter captures different properties of the data.
Through this process, the network can detect complex patterns at different scales.

Following the convolutional layers, the pooling layers reduce the size of the feature
maps, reducing their spatial dimensions while retaining essential information. Com-
mon pooling operations include max pooling, which selects the maximum value from
each local region, and average pooling, which computes the average value.

After several consecutive convolutions and pooling operations, the fully connected layer
classifies/predicts the data. Similar to those in DNNSs, the fully connected layer in-
tegrates the extracted features to make predictions or classifications. These layers
connect every neuron in one layer to every neuron in the next layer, allowing for high-
level abstraction and complex decision-making based on the learned features. Finally,
an activation function is applied to the output of each neuron, introducing non-linearity
and enabling the network to approximate complex functions. Similar to DNNs, the pa-
rameters of a CNN, including filter weights and biases, are optimized through iterative
processes such as backpropagation and gradient descent. These techniques adjust
the network’s parameters to minimize a certain loss function such as MAE.

Figure 2.4, taken from [29], gives an example of how a CNN can work. With data
arrays of dimension 50 x 50 as inputs to produce 16 output variables. CNNs are tradi-
tionally used for image classifications but are also feasible for time series forecasts, for
example in [2].

Feature Feature }\Iormal
Feature Feature maps maps Baggr
maps maps T2@Q8X8 72Q6xX6
Inputs 24@24x24 24@11x11

3@50x50 Output
16

% Fully

con.

Fully
connected

Convolution Pooling 4x4 kernel )
4x4 kernel 3%3 kernel Pooling
2%2 kernel

Figure 2.4: An example of a CNN, from [29]

CNN seems to perform worse than other DL techniques or even statistical auto-
regressive models according to [49] and [29]. Most of the CNN models in EPF are
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used in a hybrid form with either LSTM or GRU (Gated Recurrent Unit). CNN when
used in a hybrid form is more promising, with [26], [1] and [48] all proposing successful
hybrid versions of CNN models. Because of the limited evidence of CNN being a better
DL forecast than DNN or LSTM, CNNs are considered beyond the scope of this thesis.

2.2.3 Probabilistic forecasts

The models discussed up until now were all used to forecast prices as a single value,
i.e. point forecasts. However, it can be more useful to forecast a range of prices at a
certain hour with a certain probability. By adding uncertainty to the model, the forecast
carries more information that may be used to further optimize the strategy of the market
players, both on the supply and demand side. The models discussed in this overview
will be Conformal Prediction (CP), a simple model-agnostic method of creating prob-
abilistic forecasts, Distributional Deep Neural Networks (DDNN), a more sophisticated
DL method predicting distributions of hourly prices, and Quantile Regression Averaging
(QRA), a statistical method using quantiles,

Conformal Prediction

Conformal prediction [13] is a method of probabilistic forecasting where prediction in-
tervals are constructed around point forecasts using only the errors or residuals as
indicators for a forecast’s uncertainty.

The dataset containing the historical observation is split into a training set and a cali-
bration set. The training set is used to train the point forecast, while the calibration set
is used for determining the prediction intervals. Each residual in the calibration set is
given a simple non-conformity score \; = |y; — 4;|. Then, based on a pre-defined con-
fidence level (), the (1 — )™ quantile of the sorted conformity scores is taken as the
width of the prediction interval. Figure 2.5, from [25] shows the steps taken to obtain
prediction intervals with conformal prediction.

Conformal Prediction has many advantages.

« CP is model-agnostic, which means that uncertainty can be added to any point
forecast no matter which model.

» CP’s only assumption is the exchangeability of errors. No assumptions on the
distribution of the errors have to be made, only the fact they are i.i.d.

» CP always gives valid prediction intervals, which means that the percentage of
observations outside the Pl will always match the defined confidence level.

CP has recently caught on in EPF. The paper [25] and [40] show comparable or even
better results than established methods such as QRA or Linear Quantile Regression.
CP can also be used to improve the bidding strategy on the electricity market, with the
addition of forecasted uncertainty more information is available in the decision-making
process [40].
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Figure 2.5: Conformal Prediction, from [25]

DDNN

The final probabilistic forecasting model under discussion is the Distributional Deep
Neural Network (DDNN). Unlike the preceding methods, the DDNN employs neural
networks to generate distributions of future prices rather than single price values. The
operational mechanism of a DDNN closely resembles that of a DNN, with the exception
of the output layer. Figure 2.6 illustrates the distinction between a DNN and a DDNN.

The first part of a DDNN is the same as a DNN, the inputs go through several hid-
den layers, each with its own weight, biases and activation functions. Each output of
a previous layer is the input of the next layer. However, instead of providing an output
of, for instance, 24 hourly prices for the following day, the DDNN generates parameters
representing the assumed distribution of prices. For example, it may forecast a mean
and standard deviation of the distribution. In this context, the loss function is not cal-
culated based on Mean Absolute Error (MAE) or Root Mean Squared Error (RMSE);
instead, a loss function such as the Continuously Ranked Probability Score (CRPS)
may be utilized. The CRPS evaluates the proximity of the forecasted distribution to the
observed values. Alternatively, weights and biases can be optimized by maximizing the
likelihood of a parametric distribution, as discussed in [35].
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Figure 2.6: DNN compared to a DDNN, from [35]

The DDNN technique is a relatively recent model, introduced in 2023 by G. Marcjasz
et al. [35]. This paper analysed the performance of DDNN against a naive forecast,
a LEAR model combined with QRA, and a DNN model also combined with QRA. The
DDNN outperformed the LEAR model both in point and interval forecasting, while the
comparison against DNN was less conclusive.

Quantile Regression Averaging

Quantile regression averaging is a fairly new method developed by Nowotarski and
Weron [38], where prediction intervals of the prices can be computed by applying
quantile regression on a pool of point forecasts of individual forecasting models. QRA
considers the point forecasts of these individual models as the regressors and the ob-
served price as the dependent variable. The method works as follows, write @Q,(¢|p:)
as the ¢'" quantile of the price, while p,, the forecasted prices, are the regressors. Then
try to estimate the weights w, by minimizing the loss function in Equation (2.11)

Qp(qlpt) = Drwy (2.10)
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To make a prediction interval with confidence level ¢, the (c¢/2)" quantile and the

((1 —¢)/2)" quantile need to be estimated for every point prediction to obtain an upper

and lower bound for the interval.

According to [39] QRA has proven successful in probabilistic forecasting of electric-
ity prices. With the QRA models in [34] and [37] outperforming the then state-of-the-art
auto-regressive models. The recent papers [47] and [22] propose regularized variants
of QRA that significantly outperform statistical benchmark and normal QRA models.

In light of the study’s primary focus on the impact of DL techniques on EPF, QRA
will not be incorporated into the case study.

2.3 Multi-step Forecasting

One of the problems behind day-ahead price prediction is that not only the next price
needs to be predicted, but multiple prices at the same time, in this case, 24 hours.
This section explains different strategies on how to model such a multi-step forecast.
Different methods on how to estimate and train a model were discussed in Section 2.2,
here strategies are explained on which inputs to consider and the amount of models to
be estimated. The article of Brownlee [3] discusses 4 different strategies that are listed
below.

2.3.1 Direct Multi-step

In the direct multi-step forecast strategy a separate model has to be constructed for
each time step that has to be predicted. This means that M;(X) outputs the price
for hour 1 with input vector X, M(X) outputs for hour 2 with the same inputs all the
way until M,,(X) outputs the predicted price at hour 24. While a very straight-forward
approach, direct multistep forecasting comes with some disadvantages. It is computa-
tionally expensive to estimate and train 24 different models. Another disadvantage of
having a separate model on each hour is that each price on a certain hour is seen as
independent from other prices, which is often not the case in time series forecasting.

2.3.2 Recursive Strategy

In the recursive strategy only one model is used, but the inputs change for each hour
predicted. This strategy takes the predicted price of the previous hour as input for
predicting the next price, and so on, hence the name recursive. This strategy is able to
capture the correlation that might be present in the time series, as the prediction itself
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is included for the next. A disadvantage is that this strategy can cause the errors of a
prediction to accumulate because they are present as inputs for the next forecasts.

2.3.3 Direct-Recursive Hybrid

The direct-recursive hybrid is a combination of the direct strategy and the recursive
one. Multiple models are used for each hour, and also the predicted prices of previous
hours are included as inputs for the next hour. This means that model M; (X) predicts
the price p; at hour 1 with input vector X, model M,(X,p,) does the same for p, but
the predicted price at hour 1 is included in the estimation of the model. Finally, model
My (X, p1, .., p23) outputs the price at hour 24 and all time-steps are forecasted.

2.3.4 Multiple Output

The multiple output strategy outputs multiple prices at once by the same model. This
means that the output is not a single value, but a vector of values, in this case, 24 hourly
prices. These models are harder to train as they need more data to avoid overfitting,
but are interesting to use as they can capture relations in the data for both the inputs
and the outputs.

2.4 Evaluation of EPF models

2.4.1 Accuracy

There exist several error metrics indicating the accuracy of point forecasts. Equations
(2.11) - (2.14) show the various evaluation metrics discussed in [31].

Ng 24

MAE_24N ;;U)dh_pdh‘ (2.11)
Ng 24
RMSEJMNGZ;; (Pan — Pan)? (2.12)
MAPE — %i'pdh_pd” (2.13)
24Nq = = |pa]

1 Nd ’ o~ ‘
24N, 2ad=1 h:l Pd,n — Pd,n
_1 Nag 24 _ ’\nawe‘

24N, Lud=1 Zh:l ‘pd,h Pan

rMAE — (2.14)

Equation (2.11) represents the Mean Absolute Error (MAE) and is the most obvious, it
captures the average error in absolute units. While this is very easy to interpret it is not
easy to be used as a comparative metric against other forecasts from other datasets.
The same goes for RMSE (Root Mean Squared Error), which is also represented in
absolute units, euro per MWh in the case of EPF. The MAE is given in almost every
EPF study but is mostly accompanied by other metrics such as RMSE, MAPE or rMAE.
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MAPE (Mean Absolute Percentage Error), in equation (2.13) is not dependent on units
as it is a percentage error, so it can be compared across datasets. However, these
percentages become very high when the actual electricity price goes close to zero,
which is often the case in the EPEX-BE market.

The rMAE, proposed in [19] uses the relative difference between the evaluated model
and a naive forecast, for example, the similar day model discussed in 2.2.1. This is a
ratio and not a unit so it can be compared across datasets, unlike MAE and RMSE.
It also doesn’t have the issue MAPE faces with near-zero prices. It is therefore also
recommended as an evaluation metric in [29] and [31].

2.4.2 Test for statistical significance

Diebold-Mariano

When one model outperforms another in terms of accuracy metrics, it remains essen-
tial to assess whether these differences possess statistical significance. A commonly
employed test for evaluating statistical significance is the Diebold-Mariano (DM) test
[10].

To compare two models M; and M,, the DM test constructs a covariance stationary
loss function L(s,"), usually the absolute value of the error or the squared errors, for
each model M;. Here e%’ stands for the forecast error of model M, at hour k. The loss
differential d,"*"* is defined as follows.

™ = L") — L) (2.15)

The one-sided DM test then evaluates the null hypothesis that the expected loss dif-
ferential between M, and M, is greater than or equal to zero. In other words, the null
hypothesis states that M, has an accuracy equal or worse than M,. If H, is rejected,
it means that M, performs statistically significantly better on the predicted prices than
Ms;. The equation for the DM-test, taken from [29], is found in equation (2.16).

Hy : E[d""?] >0,

2.16
H, : E[dX""] <o0. (2-18)

Giacomini-White

The Giacomini-White (GW) test [14] offers an alternative method to assess the condi-
tional predictive accuracy of forecasting models, differing from the unconditional eval-
uation provided by the DM test. While the DM test focuses on comparing forecasts
directly, the GW test incorporates lagged loss differential values to assess how past
errors impact future predictions.
The GW test is formulated in equation (2.17), where X, ; represents the lagged loss
differential values.

M = ¢ Xy 4 ey (2.17)

The one-sided version of the GW test has a null hypothesis that ¢’ < 0, suggesting that
the error of Model 1 is expected to be smaller compared to Model 2, thus performing
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better. Interpretation of the GW test aligns closely with that of the DM test, focus-
ing on statistical significance to determine which model demonstrates better predictive
accuracy. The GW test can be executed either in a univariate way, yielding individ-
ual p-values for each hour, or in a multivariate manner, producing a single p-value
encompassing all 24 hours. This flexibility allows for a comprehensive evaluation of
conditional predictive performance. Overall, the GW test complements the DM test by
providing insights into how past forecasting errors influence current predictions, offering
a different perspective on model effectiveness in capturing conditional dependencies
within time series data.

2.4.3 Reliability

Reliability is a characteristic of a probabilistic forecast that can be utilized to assess
models of this nature.

Assessing the reliability of a probabilistic forecast involves verifying whether the ob-
served values align with the nominal coverage guaranteed by the model. When a
prediction interval with a nominal coverage of e.g. 90 percent is forecasted, it would
be expected that 90 percent of the observations in the test set are within the prediction
interval. To test reliability means essentially to check if the given uncertainty matches
the empirical observations.

The nominal coverage is decided upon independently of the model, while the empiri-
cal coverage uses the observations to calculate its ratio. Call /; the indicator that is 1
observation t falls within the forecasted prediction interval (a ’hit’) and 0 otherwise (a
‘miss’).
. At ’\t 3 iy
It:{l !fPt€[€,(A]]—> h.F, 2.18)
0 if ¢l U"] — 'miss’

To test if the empirical coverage equals the nominal coverage, the Kupiec test can be
used [27]. This test checks whether the probability that /; = 1, also known as the un-
conditional coverage equals the pre-set confidence level. If this probability significantly
differs from the nominal confidence level, the null hypothesis that the two coverages
are the same is rejected, suggesting that the probabilistic forecast may not be reliable.

The Kupiec test uses as a test statistic a Likelihood Ratio statistic presented in equa-
tion (2.19) and has a x? distribution. In the LR statistic, ¢ is the confidence level (90
percent in our example), = = n;/(ny + ny) is the ratio of ’hits’ to the total number of
observations, with n; being the number of '1’s in I, and ny the number of '0’s.

LRUC:—Qlog{ (1=¢)”-c } (2.19)

(1—m)" - qm

2.4.4 Sharpness

The sharpness of a forecast refers to how dense the predicted intervals are. In other
words, how concentrated is the forecasted uncertainty? To measure the sharpness a
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simple sharpness score can be considered, by taking the average width of the fore-
casted prediction interval. More sophisticated measures include the Pinball Loss or
the CRPS.

Average width

One type of sharpness score is the average width of the forecasted prediction interval.
This score simply takes the width of each predicted price interval accross all hours
predicted and calculates the average. This means that probabilistic models with a high
sharpness score have more uncertainty than the models with low scores. Equation

(2.20) shows how the average width 5" is calculated across a dataset with 7 times-
tamps. The upper bound of the prediction interval at time ¢ is presented as @;, and the
lower bound as «.

(2.20)

Pinball Loss

Pinball loss is a type of piecewise linear loss function that is calculated using Equation
(2.21) from [39].

(1—1q) (@Pt(q) - Pt) , for P, < Qp,(q),

. ~ (2.21)
q (Pt - QH(Q)) ) for Pt > QPt(Q)7

Pinball (@Pt (q)7Pt,q> - {

Here ¢ is the quantile the probabilistic forecast is trying to predict, @\Pt(Q) is the price
forecast at quantile ¢ and P, is the observed price. This is a function that penalizes
when the predicted price differs too much from the observed price, which indicates a
wider interval, thus measuring the sharpness of a model. The disadvantage of the
pinball loss score is that it can only be calculated for one specific quantile and not for
a prediction interval. The pinball loss is used in QRA, discussed in 2.2.3, as the loss
function when performing the regression [38].

CRPS

CRPS, or Continuous Ranked Probability Score, is a technique measuring the sharp-
ness of density forecasts. Density forecasts predict the entire distribution density of the
error at time ¢ instead of just a prediction interval. Density forecasts can be achieved
by predicting the parameters of the distribution, or by generating multiple prediction
intervals at different quantiles.

The concept underlying CRPS [15] is to contrast the predicted density with the density

of an ideal forecast, which possesses a 100 percent probability of matching the obser-
vation [17]. The CRPS is essentially just an integral of the squared difference between
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this perfect forecast’s density and the model’s predicted density. Equation (2.22) shows
how the CRPS is calculated for a density forecast.

[e'S) 2
CRPS(Fy,, P,) = / (Fpt(x) - 1{39}) dx (2.22)

—00

Here ﬁpt represents the cumulative distribution function (CDF) of the forecasted price
uncertainty, while 1;p,<,, represents the CDF of an observation, which would be the
perfect distribution. Figure 2.7 from [12] visualises CRPS, the integral from the CRPS
function means essentially to calculate the squared area (in red) between the CDF of
the forecasted price and the observation. A smaller area means a sharper forecast.

CRPS (F,y)

y—1 Yy y+1

CRPS (F,y) = / (F (x) - 1{12y})2dI

Figure 2.7: Visual representation of CRPS, from [12]
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Chapter 3

Dataset

To perform accurate EPF research, it is important to have enough historical data to be
able to both train and test the models and to include the most recent data [31], as well
as the inclusion of exogenous variables to improve the forecast’s accuracy. This chap-
ter explains each dataset that was added to one of the forecasts as an input feature to
predict the day-ahead prices on the Belgian spot market.

In the context of this thesis, a dataset comprising six years of hourly BELPEX spot
prices spanning from January 1st, 2018, to December 31st, 2023, is employed. Ad-
ditionally, for multivariate forecasting models, various exogenous variables are incor-
porated alongside the historical price data. These include other time series data such
as the Belgian load and generation forecast for that same period and the Belgian wind
and solar forecasts. Using forecasts as inputs instead of actual values of covariates
can be justified by the fact that, during prediction time, the model lacks access to the
real-time actual values of these covariates. A variable indicating the day of the week is
also used in each model.

3.1 Belgian EPEX spot prices

As described in Section 2.1, electricity on the day-ahead market in Belgium is traded
together with many other European markets on the EPEX spot market with EPEX as
the market regulator. This means that neighbouring markets such as the German or
the French markets have an influence on the Belgian electricity price. This study will
only take into account the historical prices in the Belgian market to save the model from
having too many variables and remain parsimonious. All price data was extracted from
the European ENTSO-e transparency platform [11]. Figure 3.1 shows the evolution of
said price from 2018 to the end of 2023 in €/MWh. The initial 4.5 years of prices will
serve as training data to estimate the model’s parameters, depicted in blue. The sub-
sequent 0.5 years (equating to 10% of the training data) will be allocated for validation
purposes. Finally, the entire year of 2023 will constitute the test set, utilized to evaluate
the model’'s performance, highlighted in red.

Notice that the variability of the data in the training set is much larger than that of the
test set. This discrepancy in data variability between the training and test sets can po-
tentially impact the model’s generalization performance. The greater variability within
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Time Series Data: Train, Val and Test sets
BELPEX Hourly Electricity Spot Price Data
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Figure 3.1: Belgian electricity prices 2018-2023 with train, val and test split

the training set implies that the model is exposed to a wider range of scenarios during
training, which may aid in its ability to capture diverse patterns and relationships in the
data. However, the model’s performance on the test set, which typically represents un-
seen data, may be influenced by this variability and may require robust generalization
capabilities to effectively handle such variations.

3.2 Other covariates

3.2.1 Load and generation forecasts

To explore the effect of adding exogenous variables to the model, the Belgian load
and generation day-ahead forecasts are clear candidates because of their direct effect
on the price clearing. One would expect the accuracy to increase when the load and
generation of the next day are known. In figures 3.2 and 3.3, the load and generation
forecasts in MW are plotted from 2018 until the end of 2023. Both forecasts exhibit
similarities, as the generation and load profiles of an electricity market inherently mirror
the prevailing demand for electricity, characterized by heightened demand during winter
months and diminished demand during summer periods.
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Figure 3.2: Belgian DA load forecast 2018-2023

Belgian Generation Forecast - Day Ahead

16000

14000 A

12000

10000

8000 1

6000 4

4000 1

2000 1

T T T T T T T
2018 2019 2020 2021 2022 2023 2024

Figure 3.3: Belgian DA generation forecast 2018-2023
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3.2.2 Wind and solar forecasts

The day-ahead forecasts of the Belgian wind and solar generation can also be added to
the model. Because of the high uncertainty that these types of generations bring with
them it is useful to include them in the multivariate model. Moreover, wind and solar
generation are often highly correlated to electricity prices. Figure 3.4 and 3.5 show the
solar and wind forecasts in Belgium in MW. The solar generation forecasts are more
predictable and follow a clear seasonal pattern increasing in amplitude, while wind gen-
eration tends to be more volatile although also increasing its peak generation over time.

Belgian Solar Generation Forecast - Day Ahead
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Figure 3.4: Belgian DA solar generation forecast 2018-2023
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Belgian Wind Generation Forecast - Day Ahead
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Figure 3.5: Belgian DA wind generation forecast 2018-2023

3.2.3 Day of the week

As the last input feature, weekday variables were used to indicate the day of the week.
Variables for the hour of the day are omitted from the model due to the high correla-
tion with the already implemented solar forecasts. Electricity demand can vary strongly
throughout the week. It is therefore possible that models with weekday and hour-of-
the-day dummies improve the forecast’s accuracy. To represent the cyclic nature of
weekdays (from Monday to Sunday), cyclical encoding was used [36]. Cyclical encod-
ing transforms these weekday indicators into a continuous space by using sine and
cosine functions. This approach ensures that the difference between, for example,
Sunday and Monday in the encoding is similar to the difference between Monday and
Tuesday, thus maintaining a consistent representation of the cyclic weekday pattern
within the model.

3.2.4 Correlation of the input data

Figure 3.6 shows the correlation plot of all the input features discussed in this section.
Most of the features are independent. There are some correlations visible, such as
the cyclical variables indicating the hour and the solar generation, which makes sense
since solar energy is directly related to the hour of the day. The hourly variables are
also correlated to the load and to a lesser extent to the generation, which is another
reason to omit the hour of the day from the model. Load and generation are also
positively correlated because they both reflect the demand for energy at a certain point
in time.
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Chapter 4
Methods

The following chapter presents the methodology used to analyse the effects of deep
learning on electricity price forecasting. In line with the first objective of the thesis,
which concerns the improvement in forecast accuracy, three types of point forecasts
were used to make various price predictions.

» An LSTM model that uses deep learning to predict future prices.

« A LEAR model, an auto-regressive model that uses LASSO for feature selection.
This model represents the state-of-the-art statistical method to compare against
deep learning methods.

A Similar-day model which is a naive forecast used as baseline model to calculate
certain error metrics and make comparisons.

To achieve the other objective which focuses on the quantification of uncertainty within
EPF, two types of interval forecasts were generated.

* A conformal predictor, which is a distribution-free and model-agnostic model that
uses the point forecast’s errors to construct prediction intervals.

« A Distributional Deep Neural Network (DDNN). A deep learning method that gen-
erates a predicted distribution of prices instead of single point values.

The methodology for constructing, evaluating and comparing the various forecasts is
explained in detail in the following distinct sections.

Section 4.1 discusses the point forecasts, how the recursive multi-step forecast is built
for both the LSTM method, as well as the statistical LEAR model and the naive model.
Section 4.2 focuses on how the interval forecasts were constructed to quantify un-
certainty, both for conformal prediction and for the DDNN. Lastly, in Section 4.3 the
structure of the analysis together with the evaluation methods applied on the various
forecasts are described.

4.1 Construction of point forecasts

The LEAR forecast model was made using the EPF toolbox library in Python developed
by J. Lago [28] in 2020. The LSTM models, and probabilistic forecasts were made with
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Python using the tensorflow library. Further detail of the point forecasts are explained
in the following section.

4.1.1 Recursive Multi-Step Multi-Output forecast

The forecasting methodology employed in this thesis is referred to as a recursive multi-
step forecast. The different multi-step strategies were described in Section 2.3. This
model can be seen as a combination of the recursive strategy and the multiple output
strategy.

In LSTM data modeling, the sliding window technique involves creating a set of pre-
dictions based on a window of consecutive samples from the dataset. The recursive
aspect of this approach entails iteratively moving through the dataset, where with each
time step, new data is added to the model as input features, while the oldest data is
removed from the predictor set. This ensures that newly predicted values are used as
inputs with each iteration, forming a so-called sliding window predicting the next set of
H values.

Multi-Step means that each time-step, multiple prices are predicted at once, in this
case, 24 hours each iteration. The sliding window therefore moves in steps of 24 hours.

Figure 4.1 visualises how such a forecast would work. The hourly data of the past
7 days is used as input to predict the next 24 hourly prices. The window then slides on
to the next day, when new actual data is added into the sliding window to create a new
forecast.

- = actual prices
L. Output = 24 hourly prices (forecast)
- = predictions

(v ] Ceze | [one] o ] [one ) (o ] [ Cone ] Cone e ] [one] o ]
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Figure 4.1: Visual representation of a recursive multi-step forecast
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41.2 LSTM

As described in Section 2.2.2, LSTM is a recurrent neural network that can be useful
especially for predicting future values of a time series since it is able to capture long-
term relationships.

The LSTM neural network in this thesis is used as a recursive multi-step forecast and
takes the 168 lagged prices and other exogenous variables to generate a forecast of
the next 24 hours.

Hyperparameters

An LSTM network has several hyperparameters that need to be tuned while training
the model [20]. These variables include

» Horizon. The forecasting horizon is a hyperparameter which can also be tuned.
However, in the situation of day-ahead price forecasting, it is set to 24 hours
because of practical reasons that require at least a 24-hour forecast to place bids
on the spot market.

* Loss function. The metric that defines the performance of a model. The param-
eters (weights) of the model are optimized with the objective of minimizing the
associated loss function. In this case, MAE will be used as a loss function.

The horizon and the loss function were chosen in advance to build the model. The
hyperparameters below were optimized through hyperparameter tuning.

» Layers. The amount of stacked LSTM layers on top of each other.

* Learning rate. The learning rate is the hyperparameter that determines how
much the model weights are adjusted with respect to the loss gradient during
training.

» Batch size. The batch size refers to the number of training examples used in
one iteration of gradient descent, the optimization algorithm, before updating the
model’s weights.

* Number of epochs. The number of epochs refers to the number of times the
LSTM model will iterate over the entire training dataset during the training pro-
cess. Each epoch consists of one forward pass (computing loss) and one back-
ward pass (updating model parameters) of all the training examples.

These were optimized using random search [45], an algorithm for hyperparameter op-
timization that takes random values in a predefined parameter space. The algorithm
trains the model for these random values and chooses the hyperparameters with the
best performance. This process iterates a certain number of times to end up with the
tuned hyperparameters, in this study 20 different configurations, called samples, for
random search were used.
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Early Stopping

Early stopping is a technique employed during training to halt the process when a
monitored metric, in our case Mean Absolute Error (MAE) based on validation set
performance, ceases to improve. Specifically, we terminated the training process pre-
maturely after observing no improvement in validation loss for two consecutive epochs.
This strategy mitigates the risk of overfitting and promotes optimal model generaliza-
tion.

Feature normalization

After experimenting with various scalers (MinMax 0 to 1, MinMax -1 to 1, Robust, Stan-
dard scaling), it was found that MinMax 0 to 1 consistently yielded the best perfor-
mance in terms of our evaluation metrics and thus adopted it for subsequent work.
Scaling data is important to ensure that all features contribute equally to model train-
ing. Additionally, it is a good practice to fit the scaler on the training data and then use
it to transform the testing data, thus preventing data leakage during the model testing
process and this is exactly what was done.

413 LEAR

The LEAR model, discussed in 2.2.1 is a statistical regression model which uses
LASSO for feature selection. Different to the model developed by [46] and used in
the preceding thesis [9], all 7 days lagged are used as inputs. This means there are
168 input variables for each time series included in the model.

Input features

The input features, discussed in Section 3 include the hourly BELPEX prices of the
previous 7 days, alongside the hourly day-ahead load forecast, generation forecast as
well as wind and solar generation forecasts. Which variants of exogenous variables
were used to compare the influence of those exogenous variables are discussed in
Section 4.3. This means that to predict a price at hour ~» and day d with n exogenous
variables, a vector of 168 x (n + 1) elements is used as input.

Before the parameters are estimated a LASSO feature selection takes place. This
method works by imposing a penalty on the absolute size of the coefficients in the
regression model, encouraging some coefficients to be exactly zero. The optimal reg-
ularization parameter \ is chosen based on the Akaike Information Criterion (AIC),
ensuring a balance between model complexity and predictive accuracy.

Model estimation

Equation (4.1) summarizes how such a LEAR regression would look like.

Pan = 0 + Ba11Pa—1,1 + - + Bi_194Pa—124 + - + Bi_7.0Pa—10 + - + Bi_724Pa—7.24
87 Xg B 0aXg goa o B Xg o+ B Xy

+55j11,1X3—1,1 +...+ 5gj11,24Xg—1,24 +ot ﬂgj;,ng—Zl + ..t ng%,mxg—?,m
(4.1)
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Here, pq is the predicted price at hour h on day d, g is a regression parameter es-
timated to minimize MAE, X* represents an exogenous variable and p is an actual
historic price. The full model with the most exogenous variables had four exogenous
variables, which means the LEAR model had at most 840 (168 x (4 + 1)) parameters to
estimate for every hour. Although the LASSO feature selection can significantly reduce
the number of parameters estimated.

4.1.4 Naive forecast

The case study will implement a naive forecast for several reasons. One reason is
to compare with the proposed LSTM model to see if it outperforms a simple baseline
model as a minimum requirement. Another reason is that naive predictions are used
in the calculation of rMAE, one of the error metrics used in the case study. The naive
model chosen is a similar-day forecast as described in 2.2.1, where the prices of a day
are equal to the prices of last week in the case of Saturday, Sunday and Monday. In
the case of Tuesday to Friday, the prices of the day before are taken as the predicted
price. Equation (4.2) describes the naive model.

4.2)

naive | Di-1h, it dis Tue, Wed, Thu, or Fri,
Pan= =9 py s, ifdis Sat, Sun, or Mon.

4.2 Construction of interval forecasts

This section discusses the methods used to construct the interval forecasts. In line with
the second objective of the thesis, these probabilistic forecasts were then compared
against each other in terms of reliability and sharpness to assess the performance of
the sophisticated deep learning technique against the more simple conformal predic-
tion approach in terms of quantification of uncertainty.

4.2.1 Conformal Predictor

Conformal Prediction (CP) is a simple yet effective way of constructing prediction in-
tervals around point prediction. To perform CP, the test dataset is split further into a
calibration set and a test set. The absolute errors of the calibration set are then sorted
to make non-conformity scores. These scores give an indication of how well the point
forecast fits the actual data. In this case, the absolute value of an error equals its non-
conformity score.

To make a prediction interval of level g, the g percentile of non-conformity scores is
taken and that value becomes the width of the prediction interval. This guarantees sta-
tistically correct coverage, where the confidence level actually equals the percentage
of observations that fall outside of the prediction interval. To avoid having a prediction
interval with a constant width over the entire test set, the errors are put into 7 x 24 = 168
separate lists of equal length according to their specific timestamp. This makes the in-
tervals more variable depending on which day of the week and which hour of the day
is being predicted and carries more information about the prediction itself.
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4.2.2 Distributional Deep Neural Network

The Distributional Deep Neural Network was constructed using one of the LSTM mod-
els with an additional distributional layer added. The prices are assumed to be normally
distributed, which means that the distributional layer outputs a mean and a standard
deviation in order to predict the density of each of the 24 hourly day-ahead prices.

The hyperparameters of the DDNN are the same as the LSTM model described in
Section 4.1.2, with the addition of a loss function to optimize the weights and biases of
the distributional layer. This loss function is the negative log-likelihood and is shown in
equation (4.3), taken from [32]. This loss function has to be minimized in order to yield
the best results for the DDNN.

n

1(0) == (yiloggoi + (1 — ;) log(1 — g,:) (4.3)

=1

Here 6 presents one of the distributional parameters, with g, the predicted price at
time 7 using parameter 6 and y; is the actual price at time 1.

Section 4.3 discusses the different configurations of LSTM models: the different cali-
bration windows, number of lags and recalibration frequencies. The LSTM model on
which the DDNN was based, is the model with the highest accuracy. The best LSTM
model, shown in Section 5.1.5 turned out to be the model with the load and generation
forecasts included as exogenous variables, a calibration window of 5 years (full history)
and a weekly recalibration.

4.3 Evaluation and analysis

The following section describes the structure of the analysis on the different forecasts,
as well as the error metrics used to obtain the results of this thesis. The section is
split into two main parts, firstly the analysis and evaluation of the point forecast, and
secondly those of the interval forecasts.

4.3.1 Point forecasts

The first objective of this thesis is to study the impact of deep learning on EPF. For
this purpose, the LSTM forecast will be compared against a naive benchmark and a
statistical state-of-the-art forecast (LEAR) used in [9]. Multiple parameters were tested
on the forecast to analyse which parametric settings have the best impact. The param-
eters that will be tested are calibration window, recalibration frequency and number of
lagged variables.

Default Model

When comparing the different parametric values there is a need for a default setup for
all other variables to have a ceteris paribus comparison. The default consists of a full
history CW, 7 days of lagged prices and no recalibration frequency. These parameters
are discussed in further detail in this section.
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MAE and rMAE

For the point forecasts Mean Absolute Error (MAE) and relative Mean Absolute Error
(rMAE) will be used as error metrics to compare the different models. The lower the
error metric, the better the model performs.

The reason behind MAE is that it is very easily understood and interpreted, it is just the
average absolute price difference of the predicted and the actual values and can be
expressed in €/ MWh. Besides this advantage, MAE makes it hard to compare models
tested on different datasets, which uses other time periods or electricity markets. A
bad model tested on a relatively stable price period might have a better MAE than a
very good model tested on a very volatile period in the same market. rMAE is arguably
a better error metric as it is based on the relative difference in performance with a
simple naive forecast. In this study, the naive model with daily and weekly seasonality
described in 4.1.4 will be used as the naive forecast.

Equations (1) and (2) represent the method the MAE and rMAE are calculated re-

spectively.
Ng 24

1
MAE = —— E E — 4.4
24N, L L |pd,h pd,h| ( )

N, 24 ~
ﬁ d:dl thl ‘pd,h - pd,h’

_1 Na 24 _ /‘naive}
24N, £ud=1 D het |Pd,h Pan

rMAF = (4.5)

Multivariate vs Univariate

Adding exogenous variables as input features can both increase or decrease the model’'s
accuracy. To test for the effects of exogenous variables on accuracy the aforemen-
tioned MAE and rMAE were calculated first for the univariate LSTM and LEAR model
(the "Base” models), only considering the price lags and day of the week. After which
the covariates described in 3.2 were added one by one, these models were used to
generate comparisons of the effect on accuracy with varying calibration windows, re-
calibration frequencies and number lagged variables. Table 4.1 gives an overview of
which features are included in each model, and which names the models were given
to present the results in the next chapter. The selection of exogenous variables in
each multivariate model is strategically designed to facilitate comprehensive analysis,
enabling examination of

 The difference in accuracy between univariate and multivariate models.

« The impact of incorporating Belgian load and generation data compared to wind
and solar data.

» The potential relationship between model complexity and predictive accuracy,
particularly whether the largest model yields the most precise forecasts.
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Features included in model
Type of Wind & Solar Load & Generation All covariates
Model | Price lags only forecasts [MW] | forecasts [MW] + price laas
+ weekday dummy | + price lags + price lags P g
+ day of week
+day of week | + day of week
LSTM LSTM Base LSTM W&S LSTM L&G LSTM Full
LEAR LEAR Base LEAR W&S LEAR L&G LEAR Full

Table 4.1: Overview of Models used for analysis with their respective covariates

Calibration Window

The calibration window of a model is the size of data that is used to train the model. A
calibration window (CW) that is too short might result in poorly trained models due to
the fact that the model has too little data to capture certain trends in the price. A longer
CW can improve accuracy but might lead to overfitting of the data. Three sizes of CW
were used to test accuracy.

» 56 days (8 weeks)
« 728 days (2 years)
« Full history of training set (5 years)

Additionally, with longer calibration windows, there may be challenges in capturing
moving averages, as recent shocks may not exert sufficient influence on subsequent
predictions due to the overwhelming influence of a lengthy historical dataset.

Recalibration frequency

The recalibration frequency of a model is the frequency at which the model is retrained
on new data. If there is no recalibration, it corresponds to just training the model once
on the training set and then estimating the prices for the full test set. Recalibrating
the model can simulate how the forecasting in real time would work. When new prices
are available, it makes sense to use this data to recalibrate the model. Although it
is computationally more expensive, one would expect accuracy to increase with the
recalibration frequency. Four types of frequencies were tested on both the LSTM and
the LEAR models: no recalibration, 14 days (bi-weekly), 7 days (weekly) and daily
frequencies.

Number of lags

The number of price lags included translates to the size of the sliding window described
in 4.1.1. In the default model, the inputs used in the LSTM and LEAR models are the
previous 168 hours or 7 days of data. It is possible to change the size of the window to
check for the optimal number of lags. The examined number of lags includes intervals
of 1 day, 7 days, and 14 days of lagged variables.
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Test for statistical significance

To determine whether the distinct models employed in the analysis exhibit statistically
significant differences, the Diebold-Mariano test was deployed.

4.3.2 Interval forecasts

There are various ways to assess probabilistic forecasts. This section provides the
evaluation methods used to verify the probabilistic forecasts used in the analysis. The
two properties that were investigated are the reliability and sharpness of interval fore-
casts.

Reliability

To assess this reliability the Kupiec test will be used. The Kupiec test checks if the nom-
inal coverage is statistically different than the empirical coverage. The test is described
in detail in Section 2.4.3.

Sharpness

The sharpness of a probabilistic forecast refers to how well the forecasted uncertainty
is concentrated around its mean. A probabilistic forecast with high sharpness will have
tight prediction intervals, while low sharpness means that the intervals tend to be wider.
To assess the sharpness of the interval forecasts, a simple method was used which
calculates the average width of the prediction intervals at each forecasted datapoint

of the test set. Equation (4.6) presents the way the sharpness score 5 for a given
confidence level ¢ is calculated. Here @; represents the upper bound of the prediction
interval at time ¢ and o, represents the lower bound.

(4.6)

The simple metric of sharpness score by average interval width was chosen because
of the high interpretability that comes with such a score. More advanced methods like
CRPS, described in 2.4.4, require density forecasts, while the CP model used in this
thesis only generates prediction intervals.
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Chapter 5

Resulis

The next section will give the main results and findings with respect to each of the
two primary objectives of the thesis. The first part represents the results of the point
forecasts. The comparison of a deep learning model, LSTM and a LASSO-estimated
statistical is analysed in the first part. In the second part, the performance of a distri-
butional neural network is analysed and compared against conformal prediction.

5.1 Point forecasts

5.1.1 Overall Performance

Figure 5.1 shows the predictions of the default models (7-day lags, full history CW and
no recalibration) for the entirety of the test set for the LSTM, LEAR and naive model.
The orange lines represent the predicted prices while the blue lines show the actual
day-ahead prices for 2023. While no clear difference can be seen between the LSTM
and the LEAR model, both models seem to have trouble predicting negative prices.The
naive model is just a forward shift of the prices.

The lack of negative forecasts also becomes clear in Figure 5.2, which shows the joint
plots of the LSTM (left) and LEAR model (right). These plots place the predicted prices
on the y-axis and the actuals on the x-axis. The LEAR model is slightly more con-
centrated around the ideal diagonal, representing perfect forecasts, suggesting better
performance of the LASSO estimated model.
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Figure 5.1: Predictions of LSTM, 4£AR and Naive model on test set.
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Figure 5.2: Joint plots of LSTM and LEAR models

Figure 5.3 visualises how the model’s performance differs within the day. Each line on
the clock represents a model, the closer the line is to the center the better its MAE is at
that hour. Overall, the predicted prices during the day were less accurate than nightly
prices. Further, the naive model clearly performs worse than the more advanced LSTM
and LEAR methods. LEAR and LSTM make similar errors during most of the day ex-
cept during morning hours the LEAR model seems to forecast more accurate prices
than the deep learning model.

A scatterplot of the LSTM predictions against the LEAR predictions is shown in Fig-
ure 5.4. The x=y diagonal is present as well as the regression line of the scatter plot.
The regression line is defined by LSTM = 0.85 « LEAR + 17.37, this indicates that on
average the LEAR model predicts higher prices than the LSTM model.
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5.1.2 Influence of exogenous variables

Table 5.1 shows the performance of the default models for each of the exogenous
variables added in terms of MAE (in €/ MWh) and rMAE. With an exception for the
full model, the LEAR model seems to outperform LSTM for each exogenous variable
added. Surprisingly, the LSTM model performs best on the univariate model with only
lagged prices involved, while the worst LEAR model is the full model, not even out-
performing the naive benchmark. A reason for the small differences between models -
especially between the Wind and Solar model, the Load and Generation model and the
Full model - could be the fact that wind and solar generation data are also included in
the overall generation data, resulting in multicollinearity issues. While it seems LSTM
did not succeed in outperforming LEAR, no major conclusions can be drawn for this de-
fault model. The following sections will make modifications in terms of lags, calibration
window and recalibration frequencies to check for possible improvements in accuracy.

Base W&S L&G Full
MAE | 29.27 30.19 31.16 29.85
rMAE | 091 094 0.97 0.93
MAE | 27.36 26.75 25.52 31.61
rMAE | 0.86 0.84 0.81 1.0

LSTM

LEAR

Table 5.1: MAE and rMAE of default models with various exogenous variables added.

5.1.3 Influence of different lags

Table 5.2 gives the MAE and rMAE values of the multivariate models in terms of the
number of lagged variables included in the model, which is the same as the size of the
sliding window explained in 4.1. Most models outperform the naive benchmark except
two. Here again, the LSTM models do not beat the LEAR models. A LEAR model
with seven days of lagged variables with the inclusion of the load and generation fore-
casts remains the strongest model in terms of MAE and rMAE. A larger sliding window
doesn’t necessarily increase the accuracy of a LEAR model while slightly improving
the LSTM models in the case of the Load and Generation model.

In this table, the computation time needed to output the models is also given. There is
a strong difference between the computational efficiency of the LEAR versus the LSTM
model. While the LEAR model needs at most 11 seconds to compute the model, the
LSTM model often takes more than a minute, especially for the models with 14 days of
lagged variables.

5.1.4 Impact of calibration window

Table 5.3 shows the results when different calibration windows were used to train the
model. Too small calibration windows might not capture all the relationships in the
data while a CW that is too large could overfit the data. The 56-day calibration window
provides very poor results with both the LSTM and LEAR models, with all of them un-
derperforming the simple naive model.
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Base Wind and Solar | Load and Gen. Full

LSTM LEAR | LSTM LEAR |LSTM LEAR |LSTM LEAR
MAE | 34.97 27.75 | 30.16 29.26 | 31.05 26.77 | 29.78 28.78

1day | rMAE 1.09 0.88 | 0.94 0.92 0.97 0.84 0.93 0.91
Time[s] | 30.74 2.02 | 30.61 2.6 32.5 3.07 | 34.76 4.34

MAE | 29.27 27.36 | 30.19 26.75 | 31.16 25.52 | 29.85 31.61

7 day | rMAE 0.91 0.86 | 0.94 0.84 0.97 0.81 0.93 1.0
Time[s] | 83.79 4.21 | 50.54 4.41 54.45 5.35 50.54 9.34

MAE | 30.61 26.51 | 30.91 28.0 29.65 26.09 | 30.37 30.81

14 day | rMAE 095 0.84 | 0.96 0.88 0.92 0.82 094 0.97
Time[s] | 78.44 4.19 | 99.23 6.34 76.83 6.62 81.36 11.0

Table 5.2: Results of LSTM and LEAR models based on different number of lags in-
cluded.

When taking larger CW’s into consideration, not all models outperform the naive mod-
els. In five cases the rMAE is higher than or equal to one, most notably in the Full
LSTM model with 728-day CW. Taking a larger CW, going from 56 days to 728 days
to full history is consistently better than the previous model except for the LEAR Base
model and the LEAR Full model. Another thing to notice is that the LEAR Base model
with 728-day CW prices performs better comparable to the full history LEAR Load and
Generation model while having fewer variables and resulting in very short computation
times. Overall, the LEAR models again show better results than the LSTM counter-
parts with a few exceptions.

In short, changing the calibration window of the models doesn’t have significant pos-
itive effects on performance. Sometimes the smaller calibration windows even have
negative effects on performance, especially in the case of the small 56-day windows.

Base Wind and Sol. | Load and Gen. Full

LSTM LEAR | LSTM LEAR |LSTM LEAR |LSTM LEAR

MAE 73.6 3094 | 7443 45.2 79.2 40.1 76.29 41.3

56 day rMAE 2.29 0.97 2.31 1.41 2.46 1.26 2.37 1.29
Time[s] | 3259 1.7 | 3336 199 |31.34 205 |33.13 3.35
MAE 3224 26.89 | 31.54 33.87 | 32.85 27.41 39.86 28.02

728 day | rMAE 1.0 0.85 | 0.98 1.07 1.02 0.86 1.24 0.88
Time[s] | 42.66 1.91 | 48.18 248 | 58.77 246 | 4323 3.79
Full MAE | 29.27 27.36 | 30.19 26.75 | 31.16 25.52 | 29.85 31.61

history rMAE | 0.91 0.86 | 0.94 0.84 0.97 0.81 0.93 1.0
Time[s] | 83.79 4.21 | 50.54 441 | 5445 535 |50.54 9.34

Table 5.3: Results of LSTM and LEAR models based on different sizes of the calibration

window.
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5.1.5 Impact of recalibration frequency

The last parameter that was compared is the recalibration frequency, which signifies
how often the weights of the model are updated to the new data. The results of this
comparison are shown in Table 5.4. Recalibrating is computationally costly because
models have to be updated on a frequent basis. However, changing the recalibration
frequency does result in the best models so far in this study.

Both LSTM and LEAR models significantly improve in accuracy, with a weekly recali-
bration yielding the best results overall. When recalibration is added, all rMAE’s drop
below 1 and outperform the naive model. The Full model in this comparison is con-
sistently better than the other models. The Full LEAR model with weekly recalibration
is the best one in this comparison, producing an MAE of 24.04 and an MAE of 0.75.
LEAR models still do better in this comparison than LSTM. The computation times of
the LSTM models take on very large values, making these models practically less fea-
sible than the statistical LEAR method.

These results show that without recalibration the models run into problems reflected
in the poor MAE. A reason for this is the fact that the time series data, shown in Figure
3.1 from Section 3, behaves very differently in the evaluated year 2023 than it did in
the test set of 2018 to 2022. This means that the model is trained on data that is first
very low and then becomes very volatile with a lot of price spikes. To then evaluate it
on a test set with more stable prices means that it has been trained on the wrong price
behaviors.

Base Wind and Sol. | Load and Gen. Full

LSTM LEAR | LSTM LEAR | LSTM LEAR |LSTM LEAR

MAE 29.27 27.36 | 30.19 26.75 | 31.16 25.52 | 29.85 31.61

None | rMAE 0.91 0.86 0.94 0.84 0.97 0.81 0.93 1.0
Time[s] | 883.79 4.21 50.54 4.41 54.45 5.35 50.54 9.34

MAE 25.33 25.16 | 26.81 24.48 | 26.79 24.45 | 28.83 24.22

1day | rMAE 0.79 0.78 0.83 0.76 0.83 0.76 0.9 0.75
Time[s] | 29816 2524 | 17699 2.108 | 17373 1631 | 46998 2889

MAE 26.26 25.08 | 26.14 2443 | 25.82 24.29 26.1 24.04

7day | rMAE 0.82 0.78 0.81 0.76 0.8 0.76 0.81 0.75
Time[s] | 2206 391.07 | 1694 531.85| 1397 421,15 | 2206 851.66

MAE 26.8 25.12 | 26.69 24.74 | 26.66 24.67 | 26.15 24.51

14 day | rMAE 0.83 0.78 0.83 0.77 0.83 0.77 0.81 0.76
Time[s] | 1733.43 516.25 | 1695 781.84 | 1462 749.14 | 1904 1055

Table 5.4: Results of LSTM and LEAR models based on different recalibration frequen-
cies

5.1.6 Test for statistical significance

Overall, the LEAR models seemed to outperform the LSTM model and these two mod-
els both did better than the naive model in terms of accuracy. To check for statistically
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significant differences in accuracy, a Diebold-Mariano test was performed on the naive
model and the best model for LSTM and LEAR, which was the Load and Generation
model with weekly recalibration in the case of LSTM, the best model for LEAR was
the Full model also with weekly recalibration. Figure 5.5 shows the results in a grid.
A green square in column i and row j means that the p-value of the DM test is small
enough to be statistically significant. This means that the model in column i statistically
performs better than the model in row j.

As was noticed in the tabular results, LEAR is statistically more accurate than LSTM

DM test

Best LEAR X 1.00E+00 1.00E+00

Best LSTM L00E+00

p-value

Naive 0.00E+00 1.79E-12

Best LEAR
Best LSTM
Naive

Figure 5.5: Diebold-Mariano test for LSTM versus LEAR versus Naive model.
and the naive model. LSTM does outperform the naive model, but it is not better than

the LEAR model. This confirms the observations from the previous section, which
made clear that the LEAR model outperforms the recursive multi-step LSTM model.
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5.2 Interval forecast

5.2.1 Plot of Conformal predictions

Figure 5.6 shows several conformal prediction intervals for the last two weeks of test
data for both the best LSTM and the best LEAR model from Section 5.1.5. For LSTM,
this is the Load and Generation model with weekly recalibration, for LEAR the best
model was the Full model with weekly recalibration. The naive model is also included
as a benchmark.

Only the first two weeks of test data are shown to make the intervals more visible.
The actual data is displayed as well as the point forecasts used to construct the predic-
tion intervals. We overlay four different levels to gauge the density of these intervals.
The levels chosen are the 99, 95, 90 and 80 percent prediction intervals.

The conformal predictions for the naive model clearly have more uncertainty than the
other two models: the 80% interval is as wide as the 99% intervals of the other models.
The LEAR model’s intervals tend to be slightly sharper than the LSTM model, which
makes sense when the point forecasts of LEAR were also more accurate. This trans-
lates into smaller errors on average, and since conformal prediction is based on errors,
one would expect to see sharper prediction intervals around more accurate point fore-
casts.

Throughout this small sample of two weeks, the density of the uncertainty varies in
the LSTM and LEAR models. When prices are low the uncertainty grows, most notably
in the 99% prediction intervals, while the intervals are more concentrated in higher
price ranges. Some observations lie outside all the prediction intervals, if the forecast
is reliable only 1% of predicted prices should fall outside of the light blue intervals.
These statistics will be evaluated in Section 5.2.3.

The analysis of 90th quantile errors per day of the week and hour of the day for differ-
ent forecasting models in Figure 5.7 reveals intriguing insights. LSTM intervals exhibit
remarkable stability compared to other models, while LEAR model intervals demon-
strate significant variability, potentially reflecting the inherent uncertainty in the power
system. Furthermore, specific patterns emerge, such as lower and stable errors on
Wednesday, Thursday, and Friday across all models, indicating robust performance
during these days. Additionally, LSTM tends to outperform LEAR on Tuesdays, while
LEAR exhibits more extreme forecasts, suggesting varying levels of conservatism in
the predictions.
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99%, 95%, 90% and 80%.



P90 confidence interval width per day of week per hour of day for different models
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Figure 5.7: Confidence interval width (90%) per day of week per hour of day for different
models.

5.2.2 Plot of DDNN

Figure 5.8 gives the prediction intervals generated by the Distributional Deep Neural
Network. For the DDNN, the LSTM Load and Generation model with weekly calibration
with an additional distributional layer was used (see Section 2.2.3).

The intervals shown in this plot are even wider than the naive model in most cases
and seem to have a more constant width. The red dotted line in the plot refers to the
mean of the predicted distribution. The mean as predicted parameter doesn’t differ too
much from the actual observations. The model seems to overestimate the standard
deviation of the distribution of the price. All observations lie within the 99% prediction
interval and very few lie outside the 95% prediction interval, while it can be expected
that for two weeks of test data (0.05 x 168 x 2 = 16.8) around 17 observations should
miss the 95 percent interval.
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Figure 5.8: Prediction intervals made with Distributional Neural Network for levels 99%,
95%, 90% and 80%.

5.2.3 Evaluation of sharpness and reliability.

This subsection compares all probabilistic forecasts with each other in terms of sharp-
ness and reliability. The exact methods and choice of evaluation metrics are explained
in Section 4.3.2.

Sharpness

Table 5.5 shows the sharpness score of each probabilistic forecast for each level that
was predicted. The DDNN forecast performs worse in terms of sharpness by a factor
of around 2 when compared against the naive conformal predictions. The sharpness
of LSTM and LEAR are comparable for each level, with LEAR having slightly sharper
intervals than the LSTM model.

To interpret such a sharpness score, let’s take as example the 90% sharpness score
for the LEAR conformal prediction, which is 110.9 €/MWh. This means that on aver-
age, when the LEAR model outputs a predicted price, we can be 90% sure that the
actual price is no bigger than 55.45 €/MWh or smaller than 55.45 €/MWh (110.9/2 =
55.45). It is important to note that both the conformal predictions as well as the DDNN
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output symmetrical intervals. These intervals are an approximation of the density of
the errors. However, in reality, electricity prices aren’t perfectly symmetrical. Positive
electricity prices can spike up to 4000 €/MWh while the negative spikes are around
-600€/MWh. This is important to take into consideration when analysing these kinds
of intervals.

LSTM LEAR Naive

DDNN Conformal Conformal Conformal
99% | 411.91 200.59 194.12 183.34
95% | 313.41 144 .91 141.62 183.34
90% | 263.04 114.96 110.89 147.97
80% | 205.0 81.26 76.38 105.19

Table 5.5: Sharpness scores of the DDNN model and the conformal predictions for
LSTM, LEAR and the Naive model.

Reliability

The empirical coverage of each probabilistic forecast for each confidence level is shown
in Table 5.6. The conformal predictions all seem quite reliable, presenting empirical
coverages close to their nominal level. The LEAR model’s coverage levels are the
closest to their nominal levels, but only slightly differing from the LSTM or the Naive
models. The reason behind this high reliability lies in the property of conformal pre-
diction itself. Conformal prediction doesn’t assume any distribution of the errors and is
not dependent on which model was used for the initial point predictions, it only takes a
percentile of the errors according to the nominal level that was chosen.

However, the DDNN forecast cannot be considered reliable, as at each nominal level,
the coverage is above 97%. This means that the intervals of the DDNN forecast in-
clude almost every actual price of the test set. When a Kupiec test is executed to

DDNN LSTM LEAR Naive
Conformal Conformal Conformal
99% | 99.97 97.79 97.82 97.15
95% | 99.77 93.65 93.44 92.3
90% | 99.35 87.87 88.02 86.98
80% | 97.21 77.43 77.78 77.5

Table 5.6: Empirical coverage of the DDNN model and the conformal predictions for
LSTM, LEAR and the Naive model.

check whether the empirical coverage statistically significantly differs from the nominal
coverage, it is found that the null-hypothesis is rejected for each model on each level.
Although the conformal predictions’ coverage levels are close to their nominal level,
these test results mean that statistically, they can’t be called a reliable forecast.
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5.3 Conclusion
As final section, the main takeaways from the results are summarised below.

In terms of point forecasts, the LEAR and LSTM models both outperformed the naive
model in terms of accuracy in most cases, which gives an indication that the models
add value. The LEAR model also outperformed the LSTM model in almost every case,
which was confirmed in the Diebold-Mariano test. When looking at the different hyper-
parameters, the recalibration model had the most influence on the models’ accuracy.
Weekly recalibration had the strongest influence, bringing forth the best models both
for LSTM and for LEAR. The calibration window and number of lags included had little
effect. The full history CW seemed to be the best window to use and the number of
lags didn’t have a clear effect.

For the probabilistic forecasts, the DDNN model severely underperformed, both in
sharpness and reliability. The conformal predictions did produce reliable intervals. The
LEAR model logically had the sharpest forecasts of all the models, slightly more than
the LSTM model. Both the conformal LSTM and LEAR models also had smaller un-
certainty than the conformal naive model.
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Chapter 6

Conclusion

This final chapter contains the overall findings of the thesis. The results from Chapter 5
are used to draw conclusions about the two main objectives of the thesis and possible
future work is discussed. The managerial implications of improving electricity price
forecasts are also discussed in this chapter.

The LEAR model outperforms the LSTM model

The first objective was to perform a comparative analysis of a deep learning technique
against statistical state-of-the-art electricity price forecasting. The models chosen were
an LSTM network representing a deep learning model and the LASSO estimated LEAR
model as a statistical method. Both the LSTM models and the LEAR models had simi-
lar setups. They both had the same exogenous variables added to them and worked as
a recursive multi-step forecast. The models were then compared for different lags, cal-
ibration windows and recalibration frequencies. A naive similar-day model was added
as a benchmark. It was noted that recalibration is necessary to improve forecasts while
the other adjustments had little effect on the point forecasts’ accuracy.

The LEAR model consistently produced better results in accuracy and the perfor-
mance was statistically significantly better than the LSTM model. Both models out-
performed the naive benchmark, but ultimately, in this specific case, LEAR would be
recommended. Not only in accuracy but also in computation time LEAR was more
efficient. This is a finding contradictory to many recent literature suggesting that deep
learning models always outperform even the state-of-the-art statistical models. This
thesis proves that LEAR can still be better in this case study.

Both models produced a high rMAE

When comparing the rMAE - a metric suitable to test across different datasets - to other
studies done in recent years. A lot of studies were able to produce rMAE’s below 0.5,
while the models tested in this thesis reached around 0.8. This means that the models
tested here had an overall worse performance than should be expected.

This high rMAE can be attributed to the fact that the data the model was trained on
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behaved very differently from the set it was evaluated on. It appears that 2023 is a very
tricky year to evaluate models on, because of the unusually volatile years of 2022 and
2021 followed by a more stable but still relatively high price level.

Another possible reason is the fact that the data that was used all came from the Bel-
gian electricity market. The Belgian Day-Ahead market, part of the European EPEX
spot market, is highly interconnected with its neighbouring markets like France or Ger-
many. The Belgian wind and solar generation was used as well as the Belgian gener-
ation forecasts, which overlap in a certain way. Future work could include using more
market integration, by adding French or German load forecasts, prices, renewable en-
ergy data, etc.

In addition to the observed high rMAE values, it's worth noting that the 2023 test set
exhibited a notably stable pattern without significant price spikes. This stability can be
advantageous for a naive model that simply predicts a previous value from the same
day or week, as the previous value is likely to be very close to the new prediction.
Consequently, the stability of the 2023 test set may have contributed to the relatively
high performance of the naive model compared to more sophisticated forecasting ap-
proaches.

Conformal prediction is more reliable and sharper than the DDNN

The second objective was to quantify the uncertainty of price forecasts. Conformal pre-
diction, a relatively simple statistical method, was compared against the sophisticated
Distributional Deep Neural Network, a deep-learning method predicting entire distribu-
tions of prices. Prediction intervals for several confidence levels were constructed and
the sharpness and reliability of these probabilistic forecasts were evaluated. Confor-
mal prediction proved to have the most reliable forecasts, while the DDNN produced
dissatisfactory results. The prediction intervals of DDNN included almost all observa-
tions for each level predicted, which carries little to no information when presenting a
probabilistic forecast.

The poor performance of the DDNN can be attributed to the fact it was actually an
extension of the LSTM model used for point forecasts, the only difference being the
addition of a distributional layer. And since the LSTM model also performed below
expectation, the DDNN model might have underperformed as well.

Managerial implications

Improved electricity price forecasts hold significant managerial implications, particularly
in enhancing revenue generation through more informed bidding strategies and oper-
ational decisions. When using more precise day-ahead price predictions, electricity
suppliers can strategically adjust their generation and procurement plans, minimizing
costs associated with imbalance penalties and maximizing profits. Not only generation
companies but in essence every market player on the EPEX spot market can benefit
from an improved forecast model.

55



While not researched in this thesis, future work could explore the implications of adding
uncertainty forecasts to certain bidding strategies and the resulting profit connected to
it. Bidding on the day-ahead comes down to a price-based unit commitment solvable
with mixed linear programming. Adding uncertainty creates an extra stochastic dimen-
sion that could heavily influence the optimal bidding strategy.
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Abel: Led the coding efforts and implementation of various research questions. This
involved developing algorithms, conducting experiments, and analyzing results. Ad-
ditionally, Abel played a key role in the technical aspects of the project, ensuring the
proper functioning of models and methodologies.

Vic: Primarily focused on researching electricity price forecasting and contributed sig-
nificantly to the writing of the thesis. This included conducting literature reviews, syn-
thesizing research findings, and drafting thesis chapters. Vic also played a crucial role
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