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Zusammenfassung

Fur den optimalen Betrieb von Energiesystemen sind probabilistische Prognosen essenziell,
besonders im Angesicht des groléflachigen Ausbaus volatiler erneuerbarer Energiequellen. Al-
lerdings sind traditionelle Prognose-Modelle oftmals nur in der Lage, deterministische Pro-
gnosen zu erzeugen. Diese Arbeit untersucht daher die Anwendung von Generative Adversa-
rial Networks (GANs) zur probabilistischen Vorhersage einer besonders relevanten Variable fur
Energiesysteme, der Day-Ahead-Strompreise. Drei verschiedene Conditional Time Series GAN-
Modelle werden implementiert, wobei exogene Faktoren wie Stromlast und Prognosen der er-
neuerbaren Erzeugung als Features verwendet werden. Die Performance der Modelle wird mit
traditionellen Prognosemethoden, etwa SARIMAX und LSTMs, verglichen, wobei einerseits eta-
blierte Metriken wie der Continuous Ranked Probability Score (CRPS) als auch ein einfacher
Optimierungsansatz flr eine Handelsstrategie verwendet werden. Die Ergebnisse zeigen, dass
GAN-Modelle die Basismodelle hinsichtlich Prognoseprazision und Zuverlassigkeit sowie der
Optimierungsergebnisse Ubertreffen. Damit kdnnen sie potentiell wertvolle Einblicke fir Markt-
teilnehmer und Netzbetreiber liefern.



Abstract

Probabilistic forecasting is essential for the optimal operation of energy systems, especially
with the rollout of volatile renewable energy sources. However, traditional forecasting models
are often not able to produce probabilistic but only deterministic forecasts. Therefore, this the-
sisinvestigates the application of Generative Adversarial Networks (GANs) for probabilistic fore-
casting of day-ahead electricity prices. Three different Conditional Time Series GAN (CTSGAN)
models are implemented, that use exogenous features like the electricity load and renewable
generation forecasts. The model’s performances are evaluated against traditional forecasting
methods, including SARIMAX and LSTMs, using standard metrics like the Continuous Ranked
Probabilty Score (CRPS) as well as a simple optimisation approach for a trading strategy. The
results demonstrate that CTSGANSs outperform baseline models in terms of forecast sharpness
and reliability as well as optimisation results, and can therefore provide valuable insights for
energy market participants and grid operators.
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1 Introduction

This chapter was linguistically enhanced with a large language model.

Thetransition to a more sustainable and decarbonized energy sector requires the large-scale
rollout of renewable energy technologies like photovoltaic and wind power plants. However,
the variability of these energy sources leads to significant challenges for power system oper-
ation. Many (partly interdependent) factors, including not only the integration of renewables
but also fluctuating electricity demand, weather conditions, and market conditions lead to a
high complexity and volatility of modern electricity systems. To ensure grid stability and to pre-
vent system disturbances, it is necessary that electricity supply and electricity demand match
exactly at all times. Therefore, accurate forecasts of different energy system variables are es-
sential for system operators. They enable not only grid stability but also more efficient trading
strategies, reduction of green house gas emissions, and an optimized operation of flexible en-
ergy assets. Chai, Li, Abedin, and Lucey (2024); Lago, Marcjasz, De Schutter, and Weron (2021);
Maji, Shenoy, and Sitaraman (2023)

Predictions of energy system-relevant variables benefit a wide range of stakeholders, one
example being biomass plants. Unlike other renewable energy sources, biomass plants have
the can store and dispatch energy strategically. However, their operational constraints, such as
the time required to convert raw biomass into usable biogas, needs forward-looking decision-
making. Probabilistic forecasting of electricity prices can provide biomass plant operators with
valuable insights to optimize their dispatch strategies, which leads to enhanced economical
returns for the plant operators.

Recent advancements in artificial intelligence (Al) have shown the potential of generative
modelsfor probabilistic forecasting. Unlike traditional forecasting methods that generate single-
point estimates, generative Al models can produce full probability distributions, where they
can capture the inherent uncertainty and volatility of energy markets. This ability to model
uncertainty is especially valuable in the context of electricity price forecasting, where market
fluctuations are influenced by numerous exogenous factors. Gault (2024); Lago et al. (2021)

This thesis explores the application of generative Al models for day-ahead electricity price
forecasting. By implementing and analysing generative machine learning models, we aim to
assess whether these models can enhance forecasting accuracy, improve decision-making for
energy market participants, and contribute to a more resilient and efficient energy system.

1.1 Background and Motivation

This master thesis contributes to the project transpAlrent.energy, which has two primary objec-
tives: (1) to develop innovative generative Al algorithms to generate probabilistic forecasts for
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energy system-relevant variables and publish them transparently on a publicly accessible plat-
form, and (2) to use these forecasts to optimize flexible renewable energy assets, enhancing
their economic, efficient, and sustainable operation.

The project is being carried out as part of the 2023 "Al for Green" call for proposals from the
Federal Ministry for Climate Protection, Environment, Energy, Mobility, Innovation and Tech-
nology (BMK). The processing is carried out on behalf of the BMK by the Austrian Reseach Pro-
motion Agency (FFG). The consortium of the project consists of the AIT Austrian Institute of
Technology GmbH as project leader, the Projektplanung- Beratungs und Enticklungs GmbH,
the B-SEC better secure KG and the UBIMET GmbH.

1.1.1 Project Motivation

Theincreasing complexity and volatility of modern electricity markets present significant chal-
lenges for system operators, energy producers, and consumers. These challanges can be ad-
dressed by utilizing artificial intelligence (Al) methods to model the complex dynamics of to-
day’s energy system. The transpAlrent.energy platform is being developed to provide open ac-
cess to Al-based probabilistic forecasts for key energy system variables in Austria.

In the following paragraphs, three key challenges within the Austrian electricity system are
outlined together with the corresponding contributions of the project:

Predictive Accuracy and Efficiency

Electricity markets show short-term fluctuations due to many different factors, including re-
newable energy generation, demand variations, and system requirements such as frequency
restoration. Traditional forecasting methods often struggle to capture these complex interac-
tions, which leads to suboptimal predictions. The project addresses this limitation by applying
advanced generative Al techniques to enhance the probabilistic forecasting of key market pa-
rameters. By generating more accurate predictions, the resulting forecasts have the potential
for market participants to make informed, data-driven decisions, which can then improve mar-
ket efficiency and stability.

Transparency and Accessibility

Transparency in energy markets is fundamental to ensure efficiency, liquidity, and competi-
tion. Open access to market data reduces the potential for market power abuse and to make
informed decisions. The transpAlrent.energy platform is developed to enhance transparency
by providing publicly accessible short- to mid-term forecasts for different energy system vari-
ables, such as day-ahead electricity prices, CO, intensities and balancing energy activations.
Additionally, as specific forecast data for Austriais currently limited, the platform improves data
availability.

10
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Proof of Concept and Impact Evaluation

While theoretical advancements in forecasting and optimization provide valuable academic in-
sights, their practical use should be demonstrated through real-world applications. To validate
the developed Al-based probabilistic forecasts, the project integrates them into a digital twin
of a power plant and applies stochastic operational optimization strategies. By assessing the
impact of these forecasts on the operation of flexible renewable energy assets, the project pro-
vides a quantitative evaluation of their benefits in terms of economic efficiency, environmental
sustainability, and grid stability. The publication of results on an open platform ensures that
also decentralized energy actors can use the results, including smaller market participants who
typically lack access to advanced forecasting tools.

Contribution to Climate and Energy Goals

The project directly supports Austria’s climate and energy objectives by developing innova-
tive generative Al models for forecasting electricity prices, CO, intensities, and other system-
relevant variables. These forecasts enable optimized operation of flexible renewable and agri-
cultural energy systems, and promote a balance between economic viability and environmen-
tal impact. By reducing CO, emissions and improving resource efficiency, the project con-
tributes to the transition towards a more sustainable and resilient energy system.

1.1.2 Project Structure

The bullet points below present the methodological approaches of the project:

1. Data Collection, Evaluation, and Documentation: Since generative Al methods rely
on high-quality data, we assess the availability of relevant datasets, conduct rigorous
quality and consistency evaluations, and apply correction mechanisms where neces-
sary. Additionally, Al techniques are used to generate highly spatially and temporally
resolved weather forecasts, which are important for optimizing renewable energy as-
sets. To achieve transparency, all methods, code, and processed datasets are docu-
mented and unified into a central database, which is then publicly accessible via the
transpAlrent.energy platform.

2. Algorithm Development and Validation: Based on the available datasets, we review,
implement, and validate generative Al forecasting algorithms for energy system-relevant
time series data. Forecast quality is assessed using standardized evaluation metrics and
backtesting approaches. Transparent documentation and publication of methodologies
and results on the platform ensure traceability and verifiability.

3. Platform Development and Implementation: A publicly accessible platform is imple-
mented to maximize transparency and usability. Stakeholders are actively involved in
its design to ensure accessibility and relevance. The platform serves as a repository for
all data, methods, and results. Furthermore, an operational optimization configurator is
developed to enable “low volume” renewable asset operators to assess the benefits of

11
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our optimization strategies for their own installations, to enable decentralized renewable
energy generation.

4. Proof-of-Concept: To quantitatively validate the Al-generated forecasts and evaluate
their practical applicability, we develop a multi-objective stochastic operational opti-
mization strategy for renewable energy assets. Experimental validation is conducted us-
ing a digital twin of three real-world biomass plants, as well as live deployments at the
sites themselves. The optimization framework integrates multiple objectives, including
CO, emissions reduction, cost minimization, and self-sufficiency. The results provide a
quantitative benchmark for assessing the effectiveness of our approach and are trans-
parently published on the platform.

5. Project Management and Dissemination: Continuous project monitoring and man-
agement ensure steady progress. Dissemination activities focus on promoting the added
value of the project through transparent communication and publication of results. By
optimizingthe operation of renewable energy flexibilities, transpAlrent.energy contributes
to a more sustainable energy future.

This master thesis’ focus is on the part Algorithm Development and Validation, as models for
generative Al forecasts are developed, implemented, and validated with standard metrics as
well as simplified optimisation goals.

1.2 State of the Art

The target variable in this thesis is the day-ahead electricity price in Austria. As it is modelled
as time series, general time series forecasting models can be interpreted as State of the Art.

1.2.1 Deterministic Models

A well-established and widely used model for time series forecasting is the Autoregressive Inte-
grated Moving Average (ARIMA) model and its extension with exogenous variables (ARMAX) as
well as seasonality (SARIMAX). They score with interpretability and comparatively good perfor-
mance, especially considering their simplicity. However, they are not perfectly able to model
all non-linear complexities of modern electricity markets. Nevertheless, they establish a solid
foundation for forecasting and are widely used in practice according to Shah, Iftikhar, and Al
(2022). A SARIMAX model is used as a baseline model in this thesis, and therefore explained in
detail in Section 1.4.1.

The strength of Deep neural networks (DNNs) is to capture non-linear and very complex pat-
terns in data. However, they are not designed for sequential data like time series (see Lago et
al. (2021); Tschora, Pierre, Plantevit, and Robardet (2022)).

Long short-term memory (LSTM) networks are more suitable for the given forecasting task
than DNNs as they are additionally able to incorporate and model long-term trends in time
series, according to Tschora et al. (2022). Therefore, an LSTM model serves as another baseline
for comparison in this thesis and is further introduced in in Section 1.4.2.

12
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Hybrid models combine different machine learning techniques and often lead to superior
results. For example, models using convolutional neural networks (CNNs) together with LSTM
networks seem very promising, as summarized in Lago et al. (2021). In this work, the approach
of combining an LSTM with a GAN-based model is introduced and tested, as explained in Sec-
tion 2.1.5.

Ensemble methods score with robustness and accuracy, as they use not only the predictions
from one single model but from different models. There are various mechanisms, including
stacking or bagging, that are frequently used in state-of-the-art forecasting systems, as pointed
out by Lago et al. (2021).

1.2.2 Generative Models

A novel generative Al approach, WIAE-GPF (Weak Innovation AutoEncoder-based Generative
Probabilistic Forecasting), has been proposed by X. Wang, Zhao, and Tong (2024) for proba-
bilistic forecasting of electricity market signals. This method generates realistic future samples
of multivariate time series data, including electricity prices, using the Wiener-Kallianpur inno-
vation representation, which enhances interpretability compared to typical black-box models.
WIAE-GPF serves as a non-parametric generalization of the Wiener/Kalman filter-based fore-
casting and uses a variational autoencoder (VAE) learning a latent representation of historical
price data, capturing underlying patterns and dynamics. The trained VAE generates diverse sets
of possible future price trajectories by sampling from the learned latent distribution. The ap-
proach has shown superior performance compared to classical techniques and other machine
learning methods in tests on data from U.S. electricity markets.

In Lu, Qiu, Lei, and Zhu (2022), an improved GAN model called CTSGAN (Conditional Time
Series GAN) is introduced for day-ahead electricity price forecasting. This model extends the
Time Series GAN proposed in Smith and Smith (2020), which itself builds upon the Wasserstein
GAN (WGAN) framework from Arjovsky, Chintala, and Bottou (2017). CTSGAN enables scenario-
based forecasting by generating multiple plausible price trajectories, capturing the inherent
uncertainty and volatility in electricity prices. The model has been validated with case stud-
ies from various regions of the Australian National Electricity Market (NEM), demonstrating ef-
fectiveness across diverse market conditions. This thesis implements the proposed CTSGAN
model as GAN_O (see Section 2.1.3) and conducts further tests and validation on the Austrian
electricity market. Furthermore, modifications of the model concerning the architecture as well
as training are proposed and implemented as GAN_1 (see Section 2.1.4) and evaluated against
the original model as well State-of-the-Art baseline models.

1.3 Theoretical Foundations of Al

The following section provides a general overview on artificial intelligence (Al) with a focus on
models that are essential for understanding both the generative Al model investigated in this
thesis and the baseline models used for evaluation and comparison (LSTM network and mul-
tivariate linear regression, see Sections 1.4.2 and 1.4.3 respectively).

13



1 Introduction

The primary references of this sections are the lecture notes from Angewandtes Maschinelles
Lernen by Exl and Schaffer (2025) and from Mathematical Foundations of Deep Learning by
Sourangshug (2025).

1.3.1 General Overview

Al refers to the interdisciplinary field of mathematics, computer science and data engineering
that investigates algorithms and models that are able to learn from data. The applications are
widely spread from simple regression tasks to complex problems like natural language process-
ing. Let X be the input space and Y be the output space, then an Al system can be described
as a function:

f: X =Y. (1.1)

Al tries to learn a mapping f that works not only on the given training data but also on unseen
data.

A prominent subfield of Al is Machine Learning (ML), where the goal is to create algorithms
that can learn from data and improve performance over time without being explicitly pro-
grammed. ML methods are commonly employed in data-driven modeling, where they learn
relationships between variables in complex, nonlinear, and high-dimensional domains. Among
ML methods, neural networks and generative models are becoming increasingly popular due
to their success in areas such as image generation, language modeling, and time series fore-
casting.

ML techniques can be categorized in multiple ways based on how they learn from data, how
they model the problem space, and how they process input data:

Supervision-Based Learning Machine learning algorithms can be classified based on the
availability of labelled data:

« Supervised Learning: The model uses a labelled training dataset with pairs (x;, y;) to
learn a function f from theinput space X to outputspace Y. The objectiveisto minimize
a loss function L(f(z), y), commonly using empirical risk minimization:

N
mfanL(f(xz),yz) (1.2)
i=1

Examples for this kind of learning are linear regression as well as neural networks.

+ Unsupervised Learning: No labelling is needed for this kind of learning, as the model
purely learns from patternsin the data. For example, clustering means finding categories
of data points with similar properties and assigning them as best as possible to these
categories. Another example is dimension reduction, e.g. principal component analysis,
where the model tries to eliminate dimensions with redundant information for a com-
prehensive presentation of data.

14



1 Introduction

« Semi-Supervised Learning: In this approach only asmall amount of the data is labelled
whereas the bulk of the data is unlabelled. This is often beneficial to fully supervised
learning regarding the high efforts needed to label data.

+ Reinforcement Learning (RL): The model interacts with an environment by trial and
error and gets punished or rewarded depending on the outcome. The goal is to identify
the most rewarding actions and therefore achieving the maximum rewards.

Incremental vs. Batch Learning Based on how data is processed during training, learning
can be classified as:

« Batch Learning: The model s trained using the entire dataset at once. This approach is
computationally intensive and needs all data to be available upfront.

+ Incremental Learning: Also known asonline learning, this approach updates the model
continuously as new data becomes available. Incremental learning is useful in real-time
systems and streaming data scenarios.

1.3.2 Linear Regression

Linear regression aims to identify and model linear relationships between the input and target
variables. Specifically, given an input vector X € R™ and an output variable Y € R, a linear
regression model assumes a linear relationship of the form:

Y=w'X+b+e,

where w € R" is the vector of regression coefficients, b € R is the intercept or bias, and
e is the residual error, often assumed to be Gaussian with zero mean and constant variance:
e~ N(0,0%).

The model parameters w and b are estimated using a dataset { (x;, v;) }/;, typically by min-
imizing the sum of squared residuals:

min ¥ (y; —w'x; — b)%
=1

This approach is also known as ordinary least squares (OLS). The calculated linear approxi-
mation of the target function assumes uncorrelated and homoscedastic residuals.

While linear regression is very popular because of its interpretability and simplicity, it pro-
vides only point estimates for predictions and does not inherently quantify uncertainty. A nat-
uralextension to a probabilistic framework is the multivariate normal distribution model, which
allows for both prediction and uncertainty estimation. This approach is implemented as a
baseline model and discussed in more detail in Section 1.4.3.

15
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Input layer Hidden layer Output layer

Artificial neural networks

Figure 1.1: Architecture of a neural network. Image obtained from TseKiChun on Wikimedia
Commons under the terms of the Creative Commons Attribution License (CC BY-SA
4.0) TseKiChun (2021)

1.3.3 Neural Networks

Neural networks are very prominent and widely used in the field of machine learning. In their
structure they resemble biological neural networks as they consist of nodes that are connected
to each other. These nodes consist of activation functions and are used to process input data
and learn patterns from it.

Architecture of Neural Networks A standard feedforward neural network is also known as
multi-layer-perceptron, as multiple layers of linked activation functions form the basis of the
architecture. Itis a direct extension of single-layer-perceptrons, which consist of only one layer
of nodes (activation functions). A multi-layer-perceptron has at least an input and output layer
with an arbitrary amount of hidden layers in-between. See Figure 1.1 for a visualisation of a
feed forward neural network architecture.

Mathematically, the output of a single neuron assuming a wholly connected layer is given

by:
= STl ) 43
J

where:

. 2 is the value of the i-th neuron in layer [ before applying the activation function ¢,

. wg) are the weights in the weight matrix W® connecting neuron j in layer I — 1 to neuron
iinlayerl,

. ay_l) is the past activation value of neuron j from the previous layer,

. bf;l) is the bias term.

16



1 Introduction

Applying the activation function ¢ to zfl) gives then the final output of the neuron:
ol = o(z1"). (14

Commonly used activation functions are:

1
i id: = 1.
Sigmoid:  o(2) = (1.5)
RelU: ¢(z) = max(0, 2), (1.6)
e — e %
Tanh: tanh(z) = m (17)

Training Neural Networks The training of neural networks involves optimization algorithms
that aim to minimize a loss function £ that measures the distance between the predictions
from the neural network and the real data. The most popular optimization algorithm is the
gradient descent in its various forms. Different loss functions £ are used for different tasks:
while regression tasks often utilize the simple mean squared error (MSE), classification tasks
would rather apply the cross-entropy loss.

1 N

MSE: L= — i — i), 18

N2 (i — 9i) (1.8)
N

Cross-entropy: L = — Zyz log (7). (1.9)
=1

The parameters (weights and biases) of the network are then updated using backpropaga-
tion. n presents the learning rate, an important hyper-parameter, that determines the step size

of the updates:
w, o_ 0L

! ! 8wi(;-)

Training deep neural networks comes with several challenges:

(1.10)

« Overfitting: A model learning the training data almost perfectly has the problem that it
probably will not generalize well to unseen data. This means, it learned the training data
samples by heart without learning the actual distribution. This can be addressed with
regularization methods, dropout, or early stopping.

+ Vanishing/Exploding Gradients: Mathematically there is no restriction on how large or
small the gradients can get in the back-propagation process. However, too small or large
gradients are a problem for effective learning and can even result in an early termination
of the learning process. Techniques to counter this problem include batch normalization
as well as automatic learning rate adaptions.

+ Non-convex Optimization: The loss surface in neural networks is highly non-convex,
makingitdifficultto find the global minimum. Optimizers like Adam and RMSprop are ad-

17
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vancements of the classical gradient descent incorporating different techniques to han-
dle this problem.

« Computational Cost: Training large neural networks requires significant computational
resources and time. Using GPUs and parallelization strategies helps to speed up training.

Hyper-parameter Tuning There are various hyper-parameters defining a neural network,
which have to be selected very carefully to achieve the best performance of the model. Well-
selected hyper-parameters are essential to counteract all of the training challenges discussed
in the last paragraph. They include not only the learning rate or batch size, but also fundamen-
tal properties of the neural network like the number of layers or the type of activation function.
Popular approaches for hyper-parameter tuning include grid search and random search.

Types of Neural Networks Many enhancements of standard feed-forward neural networks
have been developed that specialise on different types of data:

« Feedforward Neural Networks (FNNs): Basic architecture where information flows in
one direction, as discussed in this section.

« Convolutional Neural Networks (CNNs): Designed for spatial data, widely used in im-
age processing.

+ Recurrent Neural Networks (RNNs): Developed for sequential data, like language data
and time series, they have loops between the layers. Discussed in the following section
as primer for LSTMs.

+ Long Short-Term Memory Networks (LSTMs): Based on RNNs but with a gating mech-
anism additionally to the memory loops. Better for long-term dependencies and less
risk of vanishing gradients. Introduced more formally in Section 1.4.2 as they are used as
baseline in this thesis.

« Transformer Networks: Based on self-attention mechanisms and suitable for sequen-
tial data with even longer dependencies than the LSTM. Mentioned as potential alter-
native generative Al model for probabilistic time series forecasting in Chapter 5, but a
rigorous introduction would go beyond the scope of this thesis.

Recurrent Neural Networks

Recurrent Neural Networks (RNNs) adopt loops between layers to simulate a memory that gives
information from the previous time step to the current time step. This is especially useful to
handle sequential data like time series. See Figure 1.2 for a visualisation of the architecture of
a recurrent neural network.

The key idea behind RNNs are the hidden states at each time steps that are updated from
previous time steps. Let h; be the hidden state at time step ¢, then its value depends not only

18
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Hiddeﬂ Layer

Output

Input
Layer

Figure 1.2: Architecture of a recurrent neural network. Image obtained from Fernando Xavier
Arias on Research Gate under the terms of the Creative Commons Attribution Li-
cense (CC BY-SA 4.0) Arias et al. (2022)

on the input z; but also on the hidden state h;_; of the previous time step t — 1:
ht = ¢(Whht—1 + Wa;a?t + b), (lll)

where ¢ is again an activation function, W}, is the weight matrix for the hidden states, W, is the
weight matrix for the input, and b is a bias vector.

The final output y; of time step ¢ can then be calculated with an output weight matrix W,
another bias term ¢ and another activation function :

yr = Yv(Wyhy + c). (1.12)

Asignificant constraint for the use of RNNs is their difficulty with handling long-term depen-
dencies. Vanishing or exploding gradients, as discussed in the challenges of training neural
networks, often occur when RNNs are trained on long sequences. Therefore, enhanced ar-
chitectures where developed to counter these limitations and offer possibilities to model also
complex sequential data with long-term dependencies. These include Long Short-Term Mem-
ory Models (LSTMs), which are used as a baseline in this work and therefore more rigorously
introduced in Section 1.4.2.

1.3.4 Generative Al Models

Generative Artificial Intelligence (generative Al) are machine learning models that are able to
generate synthetic data samples. Unlike discriminative models, which estimate conditional
probabilities P(y|x), generative models learn the underlying joint probability distribution P(z, y)
or the marginal data distribution P(x) directly. This ability allows them to not only generate
new samples but also to make probabilistic inferences using Bayes’ theorem as presented in
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Exl and Schaffer (2025):
P(z,y)

Pl) (1.13)

Plylr) =

Let z € R™ represent a data sample from an unknown true distribution pga.(x). The ob-
jective of generative modeling is to approximate pya () with a model distribution progel(; 6),
parametrized by . This is achieved by calculating the likelihood of the observed data and max-
imizing it:

N
0" = arg max ; log progel (5 0), (1.14)

where N is the number of training samples.

Generative Modelling Approaches

The following section provides an overview of different modelling approaches for generative
Al'and is based on Feuerriegel, Hartmann, Janiesch, and Zschech (2024); Kalota (2024); Stryker
and Scapicchio (2024).

Generative Adversarial Networks (GANs). GANsare a prominent class of generative Almod-
els proposed by Goodfellow et al. (2014). The key mechanism of the GAN is that two separate
neural networks work against each other: a generator G learns to produce synthetic data from
random noise z ~ p(z), and a discriminator D that tries to distinguish this generated data
from real data. Thejoint training of the two networks is a competitive minimax game, where G
wants to deceive D, and D learns to improve its classification. The training objective is defined
as:

mén max Eopy.[10g D(2)] + E.pz)[log(1 — D(G(2)))], (1.15)

so the generator is minimizing its loss function when it generates output that is categorized as
real by the discriminator, i.e., samples that are similar to the real data. GANs are widely used
forimage creation and synthetic data generation and are investigated in this thesis concerning
their ability to produce probabilistic forecasts, with further details provided in Section 2.1.1.

Variational Autoencoders (VAEs). VAEs, proposed by Kingma and Welling (2022), are proba-
bilistic generative models that use a probabilistic encoder g4(z|x) together with a probabilistic
decoder py(x|2) to generate output from an input x € X via a latent space Z:

log pg(z) > E.ngy () [log po(2]2)] — Di (g (2|7)[[p(2)), (1.16)

where Dy denotes the Kullback-Leibler divergence. VAEs are popular for their efficient latent
space representation and sound stochastic foundation. This makes them particularly useful
for tasks like image reconstruction and anomaly detection.
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Normalizing Flows. Normalizing Flows are generative Al models that start with a base distri-
bution, such as a standard Gaussian, and transform it via a bijection (the normalizing flow) into
a target distribution. The normalizing flow is calculated with the rules of calculus for change-
of-variable. In fact, given z ~ p(z) and x = f(z), the model can compute the exact likelihood
of the generated data using the change-of-variables formula:

det <‘9§1) ‘ . (1.17)

T

p(x) = p(2)

Since the transformation is invertible, the density of of the target distribution can be evalu-
ated. Therefore, explicit likelihoods are given by the model and don’t have to be derived from
repeated sampling. A challenge concerning normalizing flows is to find and define transforma-
tions that are effective and fulfil the mathematical requirements (e.g., maintaining a tractable
Jacobian).

Diffusion Models. Diffusion models are a class of generative Al models where data is gen-
erated via the reversal of a diffusion process. During training, a stochastic process is used to
add noise to data and therefore deprave it. The model then learns to reverse this process and
denoise the data step-by-step. Applying the trained diffusion model on random noise will then
produce data similar to the training set. Denoising Diffusion Probabilistic Models (DDPMs), for
example, achieve state-of-the-art results in image synthesis. While diffusion models score with
high stability in training and very good results concerning the quality of the data samples, the
high amount of steps needed for sample generation is comparatively time consuming.

Challenges

Despite their success and recent popularity, generative Al models still face several challenges
that limit their practical application. Training instability is a major issue in adversarial mod-
els like GANs, where a delicate balance between generator and discriminator convergence is
needed. Mode collapse, where the generator produces only a few different outputs that work
well to deceive the discriminator and doesn’t cover the full target distribution, is another com-
mon problem. Furthermore, these models often require large datasets and significant compu-
tational resources to train. Improving the robustness, interpretability, and efficiency of genera-
tive models are therefore important research areas. Feuerriegel et al. (2024); Kalota (2024)

1.4 Baseline Models

Three baseline models following the State-of-the-Art are implemented to validate and compare
the proposed GAN-based models: an ARMA-based SARIMAX model (Section 1.4.1), an LSTM
model (Section 1.4.2) and a multivariate linear regression model (Section 1.4.3).
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1.4.1 ARMA-based Model (SARIMAX)

The following section provides an overview of auto-regressive-moving average (ARMA) models
as State-of-the-Art data-driven approach for time series modelling. The primary reference for
this section is the book Methoden der Zeitreihenanalyse from Winfried Stier Stier (2001).

The key idea of the ARMA model is that it uses an autoregressive factor (AR) to account for
past values together with a moving average factor (MA) to incorporate previously made fore-
casting errors. Let y, be a stationary time series, then an ARMA(p, ¢) model is defined as:

p q
y= bwit+ Yy b ;+e, (1.18)
i=1 j=1
where:

« pistheorderof the autoregressive component, which defines the number of prior values
used to predict y,,

q is the order of the moving average component, which accounts for past forecasting
errors in the prediction,

¢; are the autoregressive coefficients,

6, are the moving average coefficients,

+ ¢ isawhite noise error term, which is typically assumed to be normally distributed with
zero mean and constant variance.

Autoregressive Integrated Moving Average Model (ARIMA)

A requirement for the ARMA model is stationarity, i.e., the time series should have the same
mean and finite variance over all time steps. Unfortunately, most time series do not fulfil this
prerequisite of stationarity, including most energy-related variables. Therefore, the ARIMA(p, d, q)
model differentiates the time series to obtain stationarity. Thisis introduced with anintegration
term d to the model:

yr = Ay, = (1 — B)%y, (1.19)

where B is the backward shift operator, such that By, = y;—1. The differenced series y; is
then modelled using the initial ARMA(p, ¢) process.

Seasonal ARIMA Model (SARIMA)

In many applications, including energy forecasting, time series data has decisive seasonal pat-
terns that should be considered for accurate modelling. The SARIMA(p, d, q)(P,D,Q)s model ex-
tends ARIMA by incorporating seasonal components:

Op(B*)(1 — B*)Py, = Oo(B%)e,, (1.20)
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where:
+ Pisthe seasonal order of the autoregressive component,
« Disthe seasonal order of the differencing component,
+ (Qisthe seasonal order of the moving average component,
« sistheseasonal period (e.g., 24 for hourly electricity prices in a daily cycle),
+ &p(B?) is the seasonal autoregressive operator,

+ ©¢(B?) is the seasonal moving average operator.

SARIMAX: Incorporating Exogenous Variables

The SARIMA modelis further extended to SARIMAX (Seasonal ARIMA with Exogenous Variables)
to incorporate external factors that influence the time series. The SARIMAX model is defined as:

p q K
Y = Z Oiye—i + Z Oje—j + Z Br Xtk + €, (1.21)
i=1 j=1 k=1
where:
« X, represents the k-th exogenous variable at time ¢,
« [y are the coefficients associated with the exogenous variables.

Exogenous variablesin the context of electricity price forecasting may include weather condi-
tions, demand forecasts, and fuel prices, among others. By incorporating such external factors,
SARIMAX improves predictive accuracy compared to standard SARIMA models.

1.4.2 Long Short-Term Memory Model (LSTM)

As mentioned in Section 1.3.3, recurrent neural networks encounter severe challenges with
longer-term dependencies in data. Therefore, Long Short-Term Memory (LSTM) networks were
proposed by Hochreiterand Schmidhuber (1997) to counter these challenges with gating mech-
anisms. The architecture of an LSTM cell is more complex than a standard RNN cell, as it con-
tains several components (gates) that allow it to manage and update the cell’s internal state
over time. Figure 1.3 visualizes the structure and components of a single LSTM cell, the details
are explained in the following paragraphs.

The LSTM unitattime step t receives three inputs: the input data z;, the hidden state from the
previous time step h,_1, and the cell state from the previous time step C;_;. The computations
within the LSTM cell are as follows:
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hy

Ctq

Xy

Layer Componentwise Copy Concatenate

Legend: = P

Figure 1.3: Schematicofan LSTM cell. Image obtained from Guillaume Chevalier on Wikimedia

Commons under the terms of the Creative Commons Attribution License (CC BY-SA
4.0) Chevalier (2018)

1. Forget Gate:

fo=0Wy - [, 2] + by)

The forget gate f; calculates the proportion of the previous cell state that C;_; should be
kept. Wy is the weight matrix and by denotes the bias.

. Input Gate:
iy =o(W; - [he—1, z¢] + b;)
Cy = tanh(We - [hy_1, ] + be)
The input gate 4, determines how much of the new input should be used to update the
cell state. o denotes the sigmoid and tanh the hyperbolic tangent activation function;
W; and W are the weight matrices for the input gate and candidate cell state; b; and b¢

the respective biases; and C, is the candidate cell state that will be added to the new cell
state.

. Cell State Update: )
Ci= fi- Cior +ig - Cy

The new cell state C, combines what remains f[om the old cell state Cy_; after the forget
gate with the value of the candidate cell state C; after the input gate.

. Hidden State:
hy = o - tanh(C})

The hidden state h; is the final output of the LSTM cell at time step ¢.

For time-series forecasting, the LSTM is doing a step-wise processing of the input sequence.
The hidden state h; at each time step ¢ captures information about the current input and past
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inputs.
« Input Sequence: The input sequence {x1, s, ..., z7} represents the historical data up
totimeT.
« Output Sequence: The output sequence {y1, ya, . .., yr } represents the predicted val-

ues, where each y; is derived from the hidden state h.

The final prediction can be made using a fully connected layer that maps the hidden state
h; at the final time step (or at each time step) to the desired output y;:

yt:Wy'ht+by

Training an LSTM works very similar to training neural networks in general: with an optimiza-
tion algorithm a loss function is minimized, e.g., the mean squared error (MSE), that calculates
the difference between real and predicted values. The weights W, W;, W, W,, W, and bi-
ases by, b;, be, b,, b, are updated using backpropagation through time (BPTT), a specialised
backpropagation algorithm suitable for sequence processing.

For further reading on LSTMs we refer to Hochreiter and Schmidhuber (1997).

1.4.3 Multivariate Linear Regression

A natural transition from regression models (Section 1.3.2) to a probabilistic approach is pro-
vided by the multivariate normal distribution. In particular, the conditional distribution of one
set of variables given another in a multivariate normal framework closely resembles a regres-
sion model.

Given that X and Y follow a joint multivariate normal distribution, the conditional mean of
Y given X = x is given by:

fy|x = fiy + Sy xSy (X — px)

This equation has a direct analogy to a linear regression model, where py acts as an inter-
ceptterm, and By x B3 serves as a regression coefficient matrix that linearly maps the input
X to the output expectation py|x. While standard regression models assume a fixed noise
variance, the multivariate normal framework additionally provides a way to quantify predictive
uncertainty through the conditional covariance:

Yyix = Xyy — EYXE;{%XEXY-

Thus, this model generalizes linear regression by providing not only point predictions but
also a full probabilistic characterization of the output distribution. For a more rigorous intro-
duction see Helwig (2017).
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1.5 Research Aim

While traditional forecasting models, including statistical and deep learning approaches, have
shown strong performance in predicting day-ahead electricity prices, they often focus on deter-
ministic forecasts and struggle to capture the uncertainties of electricity markets, as outlined
by Lago et al. (2021). Nowotarski and Weron (2018) suggest that recent advancements in gen-
erative Al offer new possibilities for probabilistic forecasting by producing diverse future price
scenarios. Given the potential of these methods, this study investigates three different GAN-
based models, one of them being a State-of-the-Art conditional time series GAN from Lu et al.
(2022) already tested on Australian data, and two enhanced versions based on this model. We
are investigating their effectiveness in generating probabilistic day-ahead electricity price fore-
casts on Austrian data in two different scenarios and evaluate their impact on optimization in
an electricity trading context.

1.5.1 Research Question

How effectively can generative Al models generate probabilistic forecasts for day-ahead elec-
tricity prices, and how do these forecasts compare to established deterministic and probabilis-
tic methods in terms of different metrics and their impact on optimisation and decision mak-
ing?

1.5.2 Research Approach

To address the research question, this study follows a structured methodology that encom-
passes data preprocessing, modelimplementation, training, evaluation, and comparative anal-
ysis. The data processing pipeline includes a train-test split, where two different train-test con-
figurations are created and subsequently processed in the same manner (Section 3.2). This
step is followed by peak-cutting to handle extreme values (Section 3.1.1), and standardization
to ensure consistent input distributions (Section 3.1.2).

Three baseline forecasting models are implemented for comparison: a statistical approach
using SARIMAX (Section 1.4.1), a deep learning-based LSTM model ( Section 1.4.2), and a proba-
bilistic baseline model based on multivariate linear regression (Section 1.4.3). Three generative
Al models are propsed: a conditional time series GAN from literature (GAN_O, Section 2.1.3), a
modified version with enhanced structure (GAN_1, Section 2.1.4), and a hybrid approach com-
bining point predictions from the LSTM baseline with residual prediction using a conditional
time series GAN (GAN_3, Section 2.1.5).

To optimize feature selection, aforward feature selection approachis applied using the LSTM
model (Section 3.3). All models are trained with identical feature sets to ensure a fair com-
parison. Model performance is evaluated using standard forecasting metrics (Section 2.2) to
answer the question of how effectively the models can generate probabilistic forecasts. This
includes the Continuous Ranked Probability Score being able to compare deterministic and
probabilistic models as generalization of the mean absolute error, the Negative Log-Likelihood
to assess the similarity of the forecasted distribution to the real distribution, the Empirical Cov-
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erage Probability to evaluate how well the forecasts cover the real values, and the Sharpness
to assess the uncertainty estimation versus precision of the forecasts. Furthermore, a simpli-
fied optimization-based approach is implemented to assess the impact on optimization and
decision making (Section 2.2.4). The results are then analyzed across both train-test splits, con-
sidering both quantitative performance metrics and their implications for decision-making in
electricity trading (Chapter 4).

1.5.3 Tools & Libraries

The programming language Python (2025) was used to implement all models investigated in
this thesis. The data processing relied heavily on the library pandas (2025). Statsmodels Perk-
told et al. (2024) and pmdarima (2025) where applied for the SARIMAX baseline, while all Al
models (LSTM and GAN models) where developed with Tensorflow (2025) and Keras (2025).
The multivariate linear regression baseline was built with functions of the NumPy (2025). The
plotting of the data as well as the results was conducted with Plotly (2025) and Matplotlib (2025).

A Dell notebook with Intel Ultra 7 CPU and 32 GB of RAM was used for the training of the
models, without additional GPU.

The large language model ChatGPT 4.0 from OpenAl (2024) was applied for some linguistic
enhancements of the written text, as English is not the first language of the Author.
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2 Methodology

This chapter was linguistically enhanced with a large language model.

2.1 Model

In this section, we introduce the generative model used in our study, the Generative Adversar-
ial Network (GAN). Starting with the basic GAN we will then discuss an enhanced version, the
Wasserstein GAN (WGAN). Then we will present the conditional time series GAN (CTSGAN), that
builds up on the WGAN and includes exogenous conditions (features) as well as time series
components. This model is then also used for our forecasts (titled as GAN_0), together with a
modified version of it (GAN_1) and an ensemble model that consists of a deterministic model
and the conditional time series GAN model (GAN_2).

2.1.1 Generative Adversarial Network (GAN)

Generative Adversarial Networks where first proposed by Goodfellow et al. (2014). As already
briefly explained in Section 1.3.4, the key mechanism of the GAN is the competitive game be-
tween the generator G and the discriminator D. A noise vector z is sampled from a given prior
distribution p, (often Gaussian) and the generator maps it to the data space, where it tries to
mimic the real distribution. On the other side, the discriminator attempts to categorize origi-
nal data samples & ~ pyai, versus generated samples & = G(z) correctly. The generator can
then learn from the output of the discriminator how to produce more realistic samples that
will deceive it and be categorized as real. This adversarial game is formulated as a minimax
problem:

mGin max L(D,G) =Eyup,,, [log D(z)] + E.,, [log (1 — D(G(2)))]. (2.1)

When the discriminator is very proficient in categorizing the data samples correctly, but the
generator has learned to generate fake samples that the discriminator nonetheless cannot dif-
ferentiate from real data, an equilibrium is reached and the training is finished. To apply the
trained GAN for data generation, the discriminator is not required any more but only the gener-
ator is needed to produce synthetic data. See Figure 2.1 for the basic architecture of the GAN.
Because of the rather high complexity of the GAN training, it faces several difficulties. One
issue is vanishing gradients: when the discriminator gets too proficient and the generator can’t
keep up,itmay provide little useful feedback to the generator. With that, the discriminatorisim-
pairingthe generator’s ability to learn from it and to generate better samples in the next training

29



2 Methodology
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Generator Target Data

Figure 2.1: Architecture of the generative adversarial network (GAN) as suggested by Goodfel-
low et al. (2014).

epochs. Another well-known challenge of GAN training is mode collapse, where the generator
does not cover the full target distribution but is focusing on only a few samples that success-
fully deceive the discriminator, as presented in Arjovsky and Bottou (2017). These challenges
motivate alternative approaches, such as the Wasserstein GAN.

2.1.2 Wasserstein GAN

The Wasserstein GAN (WGAN), introduced by Arjovsky et al. (2017), addresses these training
issues by replacing the Jensen-Shannon divergence with the Wasserstein distance. In WGAN,
the discriminator is replaced by a critic function f,, that is constrained to be 1-Lipschitz. Let
the generated distribution be p, and the real distribution be p,, then the training objective is to
minimize their Wasserstein distance:

Wip,, = inf Egan|llz— 2|2, 2.2
(PrsDg) T (prpg) (2,2) Ml 2] (2.2)

where II(p,, p,) denotes the set of all joint distributions with marginals p, and p,. In practice,
the WGAN objective is formulated as:

max Evmp, [fu(2)] = Esnp, [fw (G(z))} g (2.3)

and the generator minimizes this objective:

mGin E.p, [fw (G(z))} ) (2.4)

Key Architectural Differences

1. CriticInstead of Discriminator: In WGAN, the critic f,, outputs real-valued scores rather
than probabilities. The Wasserstein distance between p, and p, is numerically approxi-
mated by the critic.
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2. Loss Function: The loss functions in Egs. (2.3) and (2.4) replace the log-likelihood losses
used in standard GANS.

3. Lipschitz Constraint: To enforce the 1-Lipschitz condition required by the Wasserstein
distance, early implementations used weight clipping. Later improvements, such as the
gradient penalty proposed by Gulrajani, Ahmed, Arjovsky, Dumoulin, and Courville (2017),
offer a smoother alternative (see Section 2.1.4).

Advantages

« Improved Gradient Behavior: By using the Wasserstein distance, WGAN provides smoother
and more meaningful gradients even when the criticis well-trained. This helps to counter
the vanishing gradient problem that is often a major difficulty in training the standard
GAN.

+ Reduction of Mode Collapse: The continuousand more informative loss valuesin WGAN
help to reduce mode collapse as the generator is encouraged to cover a broader range
of the data distribution.

« Enhanced Stability and Convergence: Overall, the use of the Wasserstein distance and
the 1-Lipschitz constraint leads to more stable training dynamics and improved conver-
gence.

Arjovsky et al. (2017)

2.1.3 Conditional Time Series GAN (GAN_0)

The conditional time series GAN, proposed by Lu et al. (2022) and labelled as GAN_0 in this
thesis, extends the WGAN framework to time series forecasting by conditioning the generative
process on exogenous variables (e.g., historical electricity prices, weather data, calendar infor-
mation). To achieve this, GAN_0 incorporates an Embedding network e(-; 8)) and a Recovery
network R(-; (), which first transform the input sequence and the conditioning variables
into a latent space and then reconstruct a forecast sequence. The architecture of GAN_O is
illustrated in Figure 2.2.

For a given time step t, let the combined input at time ¢ be denoted by [ X, y];, where X
represents exogenous features and y represents the target variable. The embedding network
computes the latent representation:

ht =e€ ([Xa y]h htfls 0(6)) 9 (25)
and the recovery network reconstructs the forecast:

The conditional time series GAN is trained using three loss functions:
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Figure 2.2: Architecture of the conditional time series GAN (GAN_0) as suggested by Lu et al.
(2022).

1. Reconstruction Loss: This loss ensures that the embedding and recovery networks ac-
curately reconstruct the input sequence:

Lr=E, Z HR (e ([X, yls, ht—1;9(e)) ;H(R)) - [X, y]tHQ] : (2.7)

2. Supervised Loss: In the supervised training, the generator G(-; 8(4)) is trained so that
its output in the latent space matches that of the embedding network:

LS = Ey,z Z ||€ ([Xv y]t; ht—l; 6(6)) -G (6 ([Xa Z]t; ht—l; 0(6)) ’e(G)) ||2] : (28)
t

3. Unsupervised Loss (GAN Loss): Finally, the unsupervised loss displays the adversarial
training between the generator and a discriminator D(+; 8(”)), which is the key idea of
GAN models. The discriminator distinguishes between the latent representations com-
puted by the embedding network e (from real data) and those generated by the generator
G (from noise z2):

Ly =E,

ZlogD (6 ([Xa ylt, ht—1§9(e)) §9(D))]
t

+E, Zlog (1 - D (G (e ([X, 2)e, hy1; 0(6)) ;H(G)) ;H(D)))] , (2.9)

To benefit from the stability introduced by the Wasserstein distance, the loss is simplified
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to alinear form:

Ly =E,

ZD (e ([X, y]tyht—l;e(e)) ;G(D))]

t

—E,

Z (1 - D (G (e ([X, 2)ey hi—1; 9(6)) ;Q(G)) ;Q(D)))] . (2.10)

t

The training algorithm is presented in pseudo code in the appendix (algorithm 2).

Incorporating Temporal Dependencies To fully capture the sequential nature of time se-
ries data, Long Short-Term Memory (LSTM) layers are integrated into the networks. The LSTM
layers allow the model to keep information across time steps, therefore capturing long-term
dependencies in the provided features.

2.1.4 Modified Conditional Time Series GAN (GAN_1)

In our modified version of the conditional time series GAN, titled as GAN_1, we relax the con-
straint that the noise dimension must equal the output dimension. Instead of concatenating
noise with the conditioning variables and feeding them through the pre-trained embedding
network, we pass the conditions directly to the generator. This modification is illustrated in
figure 2.3 and detailed in Algorithm 1.

Real Target

Data Embedding Recovery Recovered

Target Data

Classification

Generator Discriminator Real/
Generated

Figure 2.3: Architecture of the modified conditional time series GAN (GAN_1).

Additionally, we reduce the number of training epochs in the joint training that includes the
discriminator to avoid/reduce mode collapse.

To further stabilise the training, we use a gradient penalty instead of weight clipping for the
discriminator as described in the following paragraph.
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Algorithm 1 Training of GAN_1 (slightly modified from Lu et al. (2022))
Input: Batch size m, number of iterations for reconstruction and supervised training methods
n, number of iterations for joint training n;, learning rate 3, clipping parameter ¢
Output: <) R 9(&) D)
# Update parameter for Embedding and Recovery
foriteration=1,2,...,ndo
Sample batch from historical data: {[X, y]D}7, ~ Pixy
Update Embedding and Recovery nets using gradient descent:
o) p(m <— Ve ,om 5 271 \/ (e([X,y]@)) — [X,y]@)?]
0®) < g — 3. RI\/ISProp(Q gg(e))
0 < 9 — 3. RMSProp(0) g,x))
end for
# Update parameter for Generator only
foriteration=1,2,...,ndo
Sample batch from historical data: {[X, y]©}7; ~ Pixy
Sample batch from random noise (Gaussian or Uniform): {z"}m™, ~ Py
Replace target data y® from historical data with noise: {[X, 2]@}m™,
Update Generator net using gradient descent:
o Vo 5 200V (e([X,9]0) = G([X, 2]9)2
(@) g ] RI\/ISProp(9 ,gg(G))
end for
# Joint training
for iteration=1,2,...,n; do
# Update parameter for Generator only (twice more than Discriminator)
foriteration=1,2do
Sample batch from historical data: {[X, y]}7 ~ Pixy
Sample batch from random noise (Gaussian or Uniform): {0}, ~ Py
Replace target data y® from historical data with noise: {[X, z]®@}™,
Update Generator net using gradient descent:

guer oy [ 2 (AWK, 5[0) — GIIX, 2]0))?
—(D(e([X,y]?)) — D(G([X )

0@ < 9@ — 3. RMSProp(0'9), gy))

Update Embedding net using gradient descent:

goo = Voo [ £ 1y (v (X ]0) = G(IX, 02

+V/(RE(Xy0) = [X,y]0))
0(©) < 9(©) — 3. RMSProp(A®), gpee))
end for
# Update parameter for Discriminator only
Sample batch from historical data: {[X, y]D}7, ~ Pixy
Sample batch from random noise (Gaussian or Uniform): {z(® ~ Py
Replace target data y® from historical data with noise: {[X, 2]¢ }m
Update Discriminator nets using gradient descent:

o) 4 Vo [ X0 (D(e([X, ylh)) — D(G(e([X, 2]:))] + A~ (||V;D(h)]] — 1)
end for

34




2 Methodology

Gradient Penalty To achieve the 1-Lipschitz constraint on the discriminator more smoothly
than weight clipping, we incorporate a gradient penalty as proposed in Gulrajani et al. (2017).
For an interpolated latent representation h defined by

h=ehe+ (1 =€) hie, €~ U(0,1), (2.11)

the gradient penalty term is given by

2
_ . . hegD) —_
Lep = AE; {(thp <h,9 ) 2 1) } (2.12)
where X is a hyper-parameter controlling the strength of the penalty.
Afunction fis 1-Lipschitz if for all 1, x4,

|f(z1) = f(z2)| < [lz1 — m2[2- (2.13)

This implies that the norm of the gradient ||V f(x)||2 should be at most 1 almost everywhere.
Instead of hard-constraining this property via weight clipping—which may overly restrict model
capacity—the gradient penaltysoftly enforces this constraint by penalizing deviations of || V;, D( V|2
from 1 at randomly sampled points h between real and generated samples.

In Gulrajani et al. (2017), this method has been shown to improve training stability and sam-
ple quality, as it allows the discriminator to retain more capacity while still satisfying the re-
quired theoretical assumptions for convergence in Wasserstein GANSs.

In the modified architecture, the supervised and unsupervised losses become:

Ls=E,,

Z He ([X, ?J]t; ht—1§9(e ) G ([X ?/ tyhi—1;0 )H2] , (2.14)

and

Ly =E

ZD th)ht 179 )79(D))]

_Ez

3" (1D (G (X, 2li he-1;09) ;9“’)))]

+\E; {(HV;LD (ﬁ; 0(D>> - 1)2} . (2.15)

2.1.5 Combination of Deterministic and Generative Models (GAN_2)

In many time series forecasting tasks, state-of-the-art deterministic models (such as LSTMs) al-
ready provide strong baseline predictions. Inspired by approachesin the literature (e.g., Y. Wang,
Hug, Liu, and Zhang (2020)), we propose to combine a deterministic model with our generative
model to further capture and forecast the uncertainty in the residuals. This model is labelled
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GAN_2 in this work.

The overall idea is to first obtain deterministic forecasts and then to model the residuals
(i.e., the forecasting errors) with a generative model. More formally, let y; denote the true value
at time t, and let g; be the forecast obtained from a deterministic model. We compute the
residuals

T =Yt — Ut (2.16)

The generative model (in our case, GAN_1) is then trained on the sequence of residuals {r;}
rather than the original target values {y; }.
The two-step procedure is described as follows:

Step 1: Deterministic Forecasting We train an LSTM network as a deterministic model on
the training dataset. The LSTM produces forecasts ¢, according to

O = fistm(Xe; Oistu), (2.17)

where X, represents the exogenous variables (and possibly historical data) at time ¢, and 6, sty
are the parameters of the LSTM. Once trained, the deterministic model is used to predict on the
training data, and the residuals are computed using Eq. (2.16).

Step 2: Generative Modeling of Residuals The computed residuals {r;} capture the as-
pects of the data that are not explained by the deterministic model. We then train the condi-
tionaltime series GAN (specifically GAN_1) to generate these residuals conditioned on the same
input features. The conditional time series GAN, with its embedding, recovery, and adversarial
components (as detailed in Section 2.1.4), is modified to model the distribution of residuals.
In other words, the generator GG is trained to produce residuals 74, so that the complete proba-
bilistic forecast is given by:

Ut = U + T4, (2.18)

where 7 is the synthetic residual generated by the cTSGAN.

The training of the cTSGAN on residuals follows the same principles as described in Sec-
tion 2.1.4, with the loss functions being computed on r; ratherthan y;. This two-stage approach
allows the generative model to focus on modeling the uncertainty and variability that remains
after the deterministic forecast has been subtracted, potentially leading to improved proba-
bilistic forecasts.

Levelling Assistance

As preliminary testing showed that all GAN models have trouble to capture the level of the
forecasting values (in contrast to the curve), the value of a past time step is used to determine
the level/height of the forecasted time series. This is achieved by calculating the difference
between the first time step of the time series produced by the GAN model and an eligible ref-
erence value (in our case the first time step of the previous day) and subtracting this difference
from the whole forecasted time series to get the relative same level as the reference value.
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It should be mentioned that this modification hasan impact on the evaluation with standard
metrics (see Section 2.2) but not on the evaluation with optimisation approaches (see Section
2.2.4), as they are using only the curve and not the level of the forecasts.

2.2 Evaluation Metrics

Evaluating probabilistic forecasting models requires metrics that assess both the accuracy of
point predictions and the predicted uncertainty. Below, we present the metrics we used to
evaluate our models following definitions from Georgii (2009) and suggestions concerning their
relevance for forecasts from Bjerregard, Mgller, and Madsen (2021); Kumar, Marks, Mou, Feng,
and Liu (2019); Leung, Leutbecher, Reich, and Shepherd (2021); St-Aubin and Agard (2022).

2.2.1 Metrics for Point Forecasts
Root Mean Squared Error (RMSE)

The Root Mean Squared Error (RMSE) calculates the mean of the squared difference between
predictions and true values:

n

1
RMSE = | ~ > (yi— ). (2.19)

i=1

It penalizes larger errors more than smaller ones, making it sensitive to outliers. Georgii (2009);
St-Aubin and Agard (2022)

Mean Absolute Error (MAE)

The Mean Absolute Error (MAE) is an alternative to RMSE that considers the absolute differences
instead of squared differences:

n

1 :
MAE = — > lyi = Gl (220)

i=1

MAE is less sensitive to large deviations than RMSE and allows for a meaningful interpretation.
Georgii (2009); St-Aubin and Agard (2022)

2.2.2 Metrics for Distributions
Negative Log-Likelihood (NLL)

The Negative Log-Likelihood (NLL) measures how well a probabilistic prediction explains the
real data. The calculation of the NLL depends on the assumed distribution of the predictions,
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which is often considered Gaussian with mean p and variance o2. Therefore, assuming a nor-
mal distribution (1, o2) for predictions, the NLL is given by:

n

NLL = %Z [1og(2m$) + (= ) : (2.21)

. o?
=1

wherey; istheactualvalue, u; is the predicted mean, and o; is the predicted standard deviation.
Alower NLL means that the predicted distributions assign high probability density to the actual
observed values, implying better calibration of both mean and variance (uncertainty). However,
NLL is sensitive to miscalibrated uncertainty estimates:

« Overconfident predictions (i.e., small o but large errors) result in very large penalties.

« Underconfident predictions (i.e., large o but small errors) may also be penalized, though
less severely.

This makes NLL a valuable metric for evaluating both accuracy and uncertainty quantifica-
tion in probabilistic forecasting models. Georgii (2009); Kumar et al. (2019)

Continuous Ranked Probability Score (CRPS)

The Continuous Ranked Probability Score (CRPS) can be used for deterministic as well as prob-
abilistic forecasts, as it generalizes the Mean Absolute Error (MAE) for distributions. The cumu-
lative distribution function (CDF) of the predictions is measured against the real CDF:

o0

CRPS(F,y) = / (F(x) — Wy, )dr, (2.22)
where F'(x) is the CDF of the predicted distribution, and >, is the indicator function. A lower
CRPS indicates a better probabilistic forecast, meaning the predicted distribution places more
mass near the observed value while still reflecting the inherent uncertainty in the data. CRPS
rewards distributions that balance sharpness and reliability. Bjerregard et al. (2021)

Coverage Probability

The Coverage Probability does not account for the whole predicted distribution but only for
the lower and upper bounds of a prediction. With that, the amount of real values that are in-
between these bounds is calculated. For a probabilistic forecast with predicted lower and up-
per bounds [L;, U], the empirical coverage probability (ECP) is defined as:

1 n
ECP == Wy € [L., U]}, 223
n;‘ {vi € [Li, Ui} (2.23)

where y; isthe observed value, and ¥ is the indicator function, which equals 1 if y; falls within
the prediction interval and 0 otherwise.
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An ideal probabilistic forecast should have an empirical coverage probability close to a de-
sired nominal confidence level. If the coverage is too low, the model underestimates uncer-
tainty, leading to overconfident predictions. Conversely, very high coverage can be a sign of
underconfident predictions, meaning the uncertainty bounds are too wide and provide limited
practical value. Georgii (2009)

Sharpness

Sharpness evaluates the concentration of the predicted distribution, independent of its accu-
racy. Given a probabilistic forecast with variance o2, a common measure to assess sharpness
is the average predictive standard deviation:

1 n
Sh — N0, 2.4
arpness = — ;U (2.24)

A sharper prediction has a narrower spread, meaning high confidence in the forecast and
low estimated uncertainty. However, sharpness is a trade-off between precision and coverage:
a model that is too sharp but miscalibrated may result in insufficient coverage probability. In
contrast, a forecast with a high spread (high sharpness) has a not very useful precision.

Anoptimal probabilistic forecast achieves both high sharpness and proper calibration, mean-
ing it provides precise predictions while maintaining the correct uncertainty levels. Georgii
(2009)

2.2.3 Metric Selection

The choice of metric depends on the application. RMSE and MAE evaluate point forecasts fol-
lowing suggestions from St-Aubin and Agard (2022), while NLL, CRPS, Coverage probability and
Sharpness assess probabilistic performance. Minimizing NLL ensures well-calibrated uncer-
tainty, while CRPS provides a general accuracy measure for probabilistic forecasts, as inves-
tigated by Bjerregard et al. (2021); Leung et al. (2021). Therefore, RMSE was used for tuning
deterministic models like the LSTM, while NLL was used for tuning generative Models. For the
evaluation of the models (see Chapter 4) we look at CRPS (which reduces to MAE for determin-
istic forecasts), NLL, Coverage Probability and Sharpness.

2.2.4 Optimization Approaches

Probabilistic forecasts are widely used in the context of stochastic optimization. As a compre-
hensive stochastic optimization run is computationally very expensive, we define simple op-
timization objectives to assess the potential of different forecasting models in their practical
use.

Given time series forecasts g, our goal is to identify the time steps with the highest and lowest

~

predicted values to achieve the maximum difference (e.g., price difference): A(thigh, tiow) =
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U(thigh) — 9(tow). We then compute the actual difference

A(thigh, tiow) = Y(thigh) — Y(tiow) (2.25)

where y(thgn) and y(tiow) represent the actual values at the forecasted maximum and mini-
mum time steps, respectively. In a market context, this difference represents the achievable
revenue, assuming the forecasted asset is bought at the lowest predicted value and sold at the
highest. This approach can be applied to both deterministic forecasts and probabilistic ones,
with the latter using the expected value of each time step.

To exploit the probabilistic nature of generative models, we introduce the following refine-
ments that are only applicable to probabilistic forecasts and not deterministic forecasts:

« Pessimistic Approach: Instead of relying solely on expected values, we calculate a lower
percentile of the possible differences and use this conservative estimate to determine the
optimaltime steps for buying and selling. This approach represents a risk-averse strategy
by prioritizing scenarios with lower downside risk.

+ Score-based Approach: A score is assigned to each potential A based on a weighted
trade-off between expected revenue and variance:

score = aE(A) — (1 — a)o?(A). (2.26)

The parameter a € [0, 1] controls the balance between maximizing expected revenue

(E(A)) and minimizing risk (6(A)). A higher « favors risk-taking, while a lower « leads
to a more conservative strategy.

« Probability of positive Revenue: Instead of solely optimizing for expected revenue, we
compute the probability that A > 0, considering all probabilistic samples. The selected
A is chosen to maximize both expected revenue and the probability of achieving a pos-
itive return. This approach is highly risk-averse, as it prioritizes scenarios with a near-
certain positive outcome.

These optimization strategies allow for a more comprehensive evaluation of probabilistic
forecasting models, bridging the gap between forecast accuracy and real-world applications.
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3 Case Study: Day-ahead electricity
prices

This chapter was linguistically enhanced with a large language model.

The models are evaluated on a data set of day-ahead electricity prices of Austria from 2019
to mid 2024. The resolution is in 15 minute steps, therefore a forecasting day has 96 data
points. The data was gathered from the transparancy platform ENTSO-E (2025). All gathered
data points are plotted in Figure 3.1 and the hourly mean of the data, presenting the average
day curve with its typical morning peak and evening peak, is presented in Figure 3.2.

Day-ahead Prices in Austria

Price [€/MWh]

2019 2020 2021 2022 2023 2024

Figure 3.1: Day-ahead prices in Austria in €/MWh from 1.1.2019 to 31.7.2024 from ENTSO-E
(2025)

3.1 Data Processing

3.1.1 Cutting Peaks

As proposed in Lu et al. (2022), we cut peaks in the training target data as we assume that out-
liers confuse the models more than provide valuable input. Therefore, peaks are defined as
outliers in the top and bottom 2,5 percentiles of the data. To avoid loosing too many data
points, the outliers are not removed but replaced with the top and bottom caps respectively.
Figure 3.3 illustrated the unaltered distribution of day-ahead prices in a box-plot.
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Hourly Average of Day-ahead Prices in Austria
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Figure 3.2: Average day curve of day-ahead prices in Austria.

3.1.2 Standardization

We assume that the target data follows a normal distribution and use normally distributed
noise as input to the generator. To ensure an effective learning process, we standardise the
training data rather than applying Min-Max normalisation as is often done in the literature (e.g.
Lu et al. (2022)). This choice is motivated by the following considerations:

« Aligning Input and Output Distributions
Since the generator receives input noise sampled from a standard normal distribution
N(0,1), standardizing the training data to have zero mean and unit variance helps the
learning process. This transformation ensures that the model learns a mapping between
similarly distributed spaces, reducing the complexity of the required transformation and
improving convergence stability.

« Enhancing Training Stability
Standardization helps stabilize the training of Generative Adversarial Networks by main-
taining a consistent scale across features. This prevents large discrepancies in magni-
tude between input and output distributions, which can lead to issues such as vanishing
gradients or slow convergence.

3.2 Energy Crisis and Train-Test Split

Looking at the data, a clear distortion can be seen from around September 2021 to January
2023: the energy crisis (see brown data points in Figure 3.4). The global energy crisis was the

42
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Box Plot of Day-ahead Prices in Austria
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Figure 3.3: Box-plot of day-ahead prices in Austria from January 2019 to July 2024.

result of a combination of geopolitical tensions, supply chain disruptions, and overall uncer-
tainties. A key factor has been the significant reduction in fossil fuel imports due to geopolitical
conflicts, particularly the Russian-Ukrainian war, which resulted in a rather sudden decline in
natural gas supplies to Europe. This caused high volatility and uncertainty in energy markets,
leading to extreme price fluctuations in electricity markets, where prices reflect short-term sup-
ply and demand conditions. Moreover, policy interventions, such as price caps and emergency
market regulations, have influenced market behaviour, sometimes distorting price signals. The
resulting uncertainty and increased costs lead to significant challenges for grid operators, mar-
ket participants, and policymakers. Forster, Harding, and Buhl (2024); Ghelasi and Ziel (2024)

Day-ahead Prices in Austria - Energy Crisis

Price [€/MWh]

2 2 27 g 207
CET

2

Figure 3.4: Day-ahead prices in Austria with energy crisis.
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As these price distortions cannot be explained by regular features like weather or electricity
demand, it suggests to remove the data for training to avoid confusing the models. However,
the energy crisis also presents an interesting case study as it provides an extreme situation
with a lot of uncertainty, which is inherently intriguing for probabilistic forecasting. Therefore,
it was decided to investigate two different case studies: one with the energy crisis completely
removed from the data and a standard train-test split, and one where the non-crisis data is used
for training and the crisis-data is used for testing.

Case Study 1: Normal Mode - Dropping the Energy Crisis

In the case study normal mode, all data of the time period of the energy crisis (here defined as
September 2021 to January 2023) is removed to avoid confusing the models with distortions
that cannot be explained by the given features. The train-test-split is illustrated in Figure 3.5
with the training data in blue and the test data in dark gray. It should be noted that although
not as extreme as in the energy crisis, the price variance after the energy crisis is still different
and significantly higher than before the energy crisis. Therefore, the bulk of the training data,
that is dated before the energy crisis, is still inherently different and not really representative
for the test data.

Day-ahead Prices in Austria - Train-Test Split (without energy crisis data)
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Figure 3.5: Train-test split of day-ahead prices data set in normal mode (without energy crisis).

Case Study 2: Crisis Mode - Using the Energy Crisis as Test Data

As mentioned above, the energy crisis presents an interesting case study to investigate the per-
formance of forecasting models in extreme situations with lots of uncertainty. Therefore, all
non-crisis data was used for the training, also the time after the energy crisis to have a suffi-
cient amount of data points. The crisis-data was then used to test the models (see Figure 3.6
for the train-test-split).
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Day-ahead Prices in Austria - Energy Crisis
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Figure 3.6: Train-test split of day-ahead prices data setin crisis mode (energy crisis as test data).
Day 1: Day of Bidding Day 2: Target Day

Input Input
Day-ahead prices Features (Forecasts from ENTSO-E)

Output (Prognasis)
Day-ahead prices

Figure 3.7: Forecasting setup: input and output for each forecasting day.

3.3 Feature Selection

Data used as features for the models were also gathered from ENTSO-E (2025). However, since
the setup (see Figure 3.7) uses features of the target day, in this work only the data provided as
forecasts are considered. This leaves the electricity load, wind production and solar production
as well as time-related features. Additionally, temporal features like the type of day are given
as input. A correlation analysis was conducted (see Figure 3.8) as well as forward features se-
lection with the best baseline model, the LSTM, with the mean absolute error as validation loss
(see Figure 3.9). The same features are then used for every model to maintain comparability.
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Correlation with day-ahead price
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Figure 3.8: Correlation of day-ahead prices with other features.
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Figure 3.9: Result of forward feature selection using the LSTM baseline.
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This chapter was linguistically enhanced with a large language model.

Foravisual evaluation, the forecasting days in the test data are plotted with the predictions of
each ofthemodels nextto each other. The actual day-ahead prices are shownin brown, and the
prediction of the modelis shown in blue. The modelsinthetop row arethe baselines (SARIMAX,
LSTM and multivariate linear regression) and the models in the bottom row the GAN models
(GAN_0, GAN_1 and LSTM-cTSGAN ensemble model). Figure 4.1 exemplifies one forecasting
day.

Predictions for 2024-07-23 (Tuesday)

SARIMAX Model: Wasserstein Distance = 25.26 LSTM Model: Wasserstein Distance = 12.51 Multivariate LinReg Model: Wasserstein Distance = 38.00

—— Prediction —— Prediction
--- Actual Values --- Actual Values

150 150 150

100 100 100

Predicted Value
Predicted Value
Predicted Value

Predictions
—-- Actual Values

] 20 40 60 80 ] 20 40 60 80 ] 20 40 60 80
Timesteps Timesteps Timesteps

GAN_0 Model: Wasserstein Distance = 10.12 GAN_1 Model: Wasserstein Distance = 9.02 GAN_2 Model: Wasserstein Distance = 20.00

Predictions Predictions Predictions
--- Actual Values --- Actual Values --- Actual Values

150 150 150

100 100 100

Predicted Value
Predicted Value
Predicted Value

Timesteps Timesteps Timesteps

Figure 4.1: Example of one forecasting day: predictions for July 23rd 2024.

Comparing the probabilistic models, the multivariate linear regression baseline has by far
the highest variance, while the GAN_0 has a very small variance. The variance of the other two
GAN models is also small compared to the probabilistic baseline. This is probably a symptom
of mode collapse in the GAN model training, as discussed in Section 5.1.3. However, the multi-
variate linear regression often fails to capture the altitude and/or the shape of the price curve,
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although the shape is similar in most days with its noticeable morning and evening peak (see
figure 3.2). The GAN models achieve mapping the shape of the day curve better than the mul-
tivariate linear regression.

To compare the performance of different models, we analyse four probabilistic evaluation
metrics (a formal definitions of the metrics can be found in Section 2.2), averaged over all pre-
diction days in the test datasets. For every metric the models are compared in both train-test-
split modes, where the normal mode presents a data set without any crisis data and the crisis
mode uses all non-crisis data for training and the crisis data for testing to investigate the perfor-
mance of the models under unusual conditions. More details on the train-test split and mode
definitions are provided in Section 3.2.

These four selected metrics capture different aspects of model performance. While all of
them evaluate probabilistic forecasts, the Continuous Ranked Probability Score (CRPS) can
also be applied to deterministic forecasts, where it reduces to the Mean Absolute Error (MAE).
This allows for a direct comparison between probabilistic and point forecasting approaches.

As an overall result comparing both modes it can be seen that in all metrics, all models per-
form significantly worse in crisis mode than in normal mode, which is expected due to the test
data being very different from the training data in crisis mode. However, comparing the models
against each other in each of the modes shows interesting results.

4.1 Continuous Ranked Probability Score (CRPS)

The CRPSresults are presented in Figure 4.2 and reveal notable patterns in both modes. In nor-
mal mode, where market conditions are stable, the LSTM baseline achieves the lowest CRPS, in-
dicatingthe highest forecasting accuracy. The GAN-based models exhibit slightly higher scores,
performing competitively but not outperforming the LSTM. The multivariate linear regression
model has the second-highest CRPS, while the SARIMAX model yields the worst performance,
suggesting that its linear assumptions are insufficient to capture electricity price dynamics.

In crisis mode, where the test data includes extreme market fluctuations from the energy cri-
sis, the ranking of the models looks different. The three GAN-based models obtain the lowest
CRPSvalues, which demonstrates that they are better able to capture the increased uncertainty
during volatile market periods. This suggests that GANs effectively model the complexand non-
stationary behavior of electricity prices under extreme conditions. In contrast, the LSTM base-
line, which performed best under normal conditions, now exhibits a higher CRPS, indicating
reduced robustness in handling sudden price shifts. The SARIMAX and linear regression mod-
els perform even worse, with the highest CRPS values, supporting the hypothesis that they are
rather limited to adapt to crisis-induced deviations from historical patterns.

These results highlight the trade-off between model stability and adaptability. While tradi-
tional time series models may perform adequately under stable conditions, probabilistic gen-
erative models such as GANs can provide a significant advantage when forecasting electricity
prices in highly uncertain environments.

The next three metrics are only calculated for the probabilistic models as they are not suit-
able for deterministic forecasts.
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Continuous Ranked Probability Score (CRPS)
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Figure 4.2: Continuous Ranked Probability Score (CRPS) of averaged over all test data. Re-
duces to Mean Absolute Error (MAE) with deterministic forecasts.

4.2 Negative Log-Likelihood (NLL)

The Negative Log-Likelihood (NLL) results highlight more pronounced differences between the
two forecasting modes, as can be observed in Figure 4.3. Across both settings, the multivari-
ate linear regression baseline achieves the lowest (best) NLL, meaning it produces relatively
well-calibrated probabilistic forecasts. Conversely, the GAN_0 exhibits the highest (worst) NLL,
suggesting that its predictive distributions frequently assign low probability density to the ac-
tual observed values and penalties for the low variance are applied.

Negative Log Likelihood (NLL)

3093.21 Normal Mode

3000 B Crisis Mode

2000

Value

1000
460.68

GAN_1 GAN_2

328.43 399.55
11.22 78.42

Multivariate LinReg

Model

Figure 4.3: Negative Log Likelihood (NLL) averaged over all test data.

Forthe other GAN models, performance varies significantly between modes. In normal mode,
the GAN_1 has a slightly higher NLL than the GAN_2 model, indicating that it may be slightly
less well-calibrated in stable market conditions. However, in crisis mode, the GAN_1 model sig-
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nificantly improves, achieving an NLL value close to that of the best-performing multivariate
linear regression. Meanwhile, the GAN_2 model exhibits a substantial increase in NLL, making
it the second worst-performing model after the GAN_O0 in this setting.

For day-ahead electricity price forecasting, a lower NLL indicates a model’s ability to assign
high probability to actual prices. That the GAN models have significantly worse performance re-
garding the NLL as opposed to the CRPS is probably due to their low variance, which is strongly
punished in the NLL calculation.

4.3 Coverage Probability
The Coverage Probability, which assesses how often observed prices fall within the predicted

uncertainty intervals, reveals further contrasts between the two forecasting modes (see Figure
4.4).

Coverage

0.32 Normal Mode
0.3 [ Crisis Mode

0.2

Value

0.11
0.1 0.08
0.04 0.05 0.05
0.03 0.02

0

Multivariate LinReg GAN_O GAN_1 GAN_2

Model

Figure 4.4: Coverage of forecasts averaged over all test data.

In normal mode, the multivariate linear regression baseline achieves by far the highest and
best coverage probability (approximately 32%), suggesting that its prediction intervals are well-
calibrated to the observed market variability. The three GAN models, however, exhibit much
lower coverage probabilities (around 4-11%), with the GAN_0 performing the worst, followed
by the GAN_1, and finally the GAN_2 achieving the highest (best) coverage among the GAN-
based models.

In crisis mode, however, all models exhibit a drastic drop in coverage probability, failing to
exceed 6%. The GAN_2 performs the best with nearly 6% coverage, closely followed by the
GAN_1 model. The multivariate linear regression model drops to just 3%, while the GAN_0
ranks last with under 2% coverage.

In electricity price forecasting, low coverage probability suggests that prediction intervals
are too narrow, underestimating market uncertainty. The sharp drop in coverage during crisis
mode highlights the difficulty of correctly quantifying uncertainty in volatile market conditions.
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While the multivariate linear regression model performs well in stable periods, its drop in crisis
mode suggests that its intervals fail to adapt dynamically to changing conditions.

The GAN-models low coverage probability is likely a symptom of a rather low variance in
the forecasted distributions. This could be because of mode collapse or limited representative
training data (see Sections 5.1.3 and 5.1.5).

4.4 Sharpness

The Sharpness of a model’s predictive distributions remains relatively stable across both modes
and corresponds closely to the variance observed in visual forecast evaluations, as presented
in Figure 4.5. The GAN_O has the lowest sharpness, followed closely by GAN_1 and GAN_2.
The multivariate linear regression model exhibits significantly higher sharpness, meaning its
predictive distributions are wider.

Sharpness

26.58 Normal Mode

M Crisis Mode

Value

Multivariate LinReg

Model

Figure 4.5: Sharpness of forecasts averaged over all test data.

For electricity price forecasting, sharpness reflects the concentration of probabilistic fore-
casts. A model with excessively high sharpness (low variance) may be overconfident, while a
model with low sharpness (high variance) may lack useful precision. The results indicate that
the GAN-based models provide relatively concentrated distributions, while the multivariate lin-
ear regression model produces more dispersed predictions, which may contribute to its higher
coverage probability but lower overall accuracy.

4.5 Optimisation

As the forecasts are intended to be used for optimisations, they are evaluated against a sim-
ple optimisation goal that simulates the purchase of electricity at the time of the day where
the price is the lowest and the sale of it at the time where the price is the highest. This is re-
alised with four different strategies, three of them using distributions and therefore being only
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Predictions for 2024-04-10 (Wednesday)
Optimisation Strategy: Expectation

eeeeeeeeeeeeeeeee

Figure 4.6: Example of one forecasting day with optimisation: the blue-grey points are the
two chosen time steps with respective heights of the forecasted prices, the or-
ange points are the same time steps but with the height of the actual prices. The
coloured area between the points is the respective achieved revenue with those
chosen time steps, where the blue-grey area is again the forecasted revenue and
the orange area the actual revenue.

suitable for the probabilistic forecasts. For details on the optimisation see Section 2.2.4. An
example illustrating the optimisation of the different models in one exemplary forecasting day
is presented in Figure 4.6.

The results are presented as achieved revenues averaged over all test data as well as box-
plots showing the distribution of revenues. For the sake of readability the results are shown
separately for normal mode (see Figure 4.7 and Figure 4.8) and crisis mode (see Figure 4.9 and
Figure 4.10).

4.5.1 Normal Mode

In normal mode, all models perform similarly well regarding the optimisation revenues. The
GAN_2 model achieves in average the highest revenue of around 111€, followed by the LSTM
baseline at 106€ and the two other GAN models at 96-99€. The SARIMAX baseline obtains on
average 95€ and the multivariate linear regression baseline 85-89€ depending on the optimi-
sation strategy (see Figure 4.7).

Differences between the strategies are rather small in the averages. Looking at the daily re-
sults, there are some differences but no clear trend suggesting that one strategy is significantly

52



4 Results

Compared Optimisation Strategies for Mean

———————————————————————————————————————————— Theoretical Maximum -
140 Expectation Strategy
B Pessimistic Strategy
EE Score Strategy

120 1 [ Probability Strategy

100
80

60

Achieved Revenue in €

40

204 |q o ~ 0 o
~ g «© n o
3 2 ! & =
0 T T
O
¥ N <& 7 S o/
S ¥ S & & &
2 -4
N
R
&
Models

Figure 4.7: Averaged achieved revenues comparing optimisation strategies in normal mode.

better or worse than the others. The magnitude of differences in the strategies seems to corre-
late with the magnitude of variance of the forecasting distributions of the models, which is also
intuitively understandable. Therefore, the multivariate linear regression baseline shows more
difference between strategies than the GAN_0 with its very low variance.

Looking at the distributions of the revenues in Figure 4.8, not only the averages are of inter-
est from an economical perspective but also how often the models incur losses (negative rev-
enues). Here it can be seen that the two deterministic baselines SARIMAX and LSTM as well as
the GAN_2 model never obtain losses, while the other two GAN models incur a few losses over
all test data days. The multivariate linear regression model accounts for the highest amount of
losses.

4.5.2 Crisis Mode

In crisis mode, the results differ again significantly, as can be seen in Figure 4.9. Here, all three
GAN models achieve far higher revenues than the baselines. The GAN_0 performs the best with
an average revenue of 192€, closely followed by the GAN_1 (170-171€) and the former best-
performer, the GAN_2, with 157€. The baselines are all significantly worse: the LSTM achieves
125€ on average, the multivariate linear regression 31-32€ and the SARIMAX model has a nega-
tive average revenue with -52€.
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Figure 4.8: Achieved revenues in box-plots comparing optimisation strategies in normal mode.

The box-plots in Figure 4.10 of the revenues reveals that the GAN models make either zero
losses (GAN_0 and GAN_1) or only very few (GAN_2 model), while the baselines perform signif-
icantly worse, achieving losses very often.

These results suggest that the GAN models are indeed capable of capturing uncertainties
and performing well in extreme situations.

4.6 Feature Influence

As the performance of different models is very different throughout the test data days, it was
tried to identify correlations between the optimisation revenues of the models with different
features, including features that were not used in the model training. Again, the two modes are
presented individually for the sake of readability. Normal mode is presented in Figure 4.11 and
crisis mode in Figure 4.12.

4.6.1 Normal Mode

In normal mode, the GAN_0 (yellow) shows similar correlations as the GAN_1 (dark grey), while
the GAN_2 (grey) has more in common with the LSTM baseline (orange). GAN_0 and GAN_1
show stronger performance on days with high load and high variance over the day of load as
well as on workdays (day type 0). On days with high variance of electricity production from run
of river generators they perform weaker, as well as on Saturdays (day type 1), Sundays (day type
2) and holidays (day type 2). The weekday correlation could be explained by the availability
of training data: there is more data on work days available than on weekends and holidays,
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Figure 4.9: Averaged achieved revenues comparing optimisation strategies in crisis mode.
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Figure 4.10: Achieved revenues in box-plots comparing optimisation strategies in crisis mode.
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Figure 4.12: Influence of different features on optimisation revenues in crisis mode.

and the GAN models with their high complexity are notorious for needing a lot of training data
compared to other models.

The GAN_2 model performance correlates similar to the baselines. High electricity produc-
tion from solar generation as well as its variance correlates positively with the optimisation
revenues, while a high COq-intensity correlates negatively.

4.6.2 Crisis Mode

In crisis mode, the correlations of the GAN models are all similar to each other as well as to the
LSTM baseline. They perform better on days with high load and high variance in load as well as
on days with high electricity production and variance of hydro pumped storage generators. In
this mode, all GAN models as well as the LSTM baseline perform better on workdays and worse
on Saturdays, Sundays and holidays.
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5 Discussion

This chapter was linguistically enhanced with a large language model.

The results suggest that the three GAN-based models perform competitively against tradi-
tional baselines, particularly in scenarios with high uncertainty such as those observed during
the energy crisis. However, several limitations and challenges remain, that could be addressed
in future research.

5.1 Challenges and Limitations

5.1.1 Levelling Assistance

As described in the methodology (Section 2.1.5), a level correction mechanism was introduced
to align the forecasted price levels with historical observations. This adjustment was necessary
because the GAN models struggled to accurately capture the absolute level of electricity prices,
despite their ability to model the shape and distribution of the forecast effectively. In contrast,
baseline models did not require this explicit adjustment.

A potential reason for this limitation is that the GANs may not have fully learned the depen-
dency between past price levels and future price trajectories. Increasing the amount of train-
ing data could enhance their ability to infer the appropriate price altitude directly from input
features, particularly since the day-ahead prices from the previous day—also used for level cor-
rection—are already included in the feature set.

5.1.2 Training Instability

Awell-documented challenge in GAN-based modeling is the instability of the adversarial train-
ing process Arjovsky and Bottou (2017). Unlike traditional models, which optimize a single loss
function, GANs require a delicate balance between generator and discriminator training. In this
study, while both the reconstruction and supervised training phases were consistently stable,
the adversarial training phase frequently encountered convergence issues.

In particular, the discriminator’s loss function often became non-differentiable, leading to
numerical instability and the occurrence of NaN (Not a Number) values, causing premature
termination of training. While adaptive learning rate strategies provided limited improvement,
further research is needed to develop more robust training mechanisms, such as gradient reg-
ularization, spectral normalization, or alternative loss functions to address this issue.
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5 Discussion

5.1.3 Mode Collapse

Mode collapse, a well-known issue in GANs (rigorously investigated in Arjovsky and Bottou
(2017)), happened particularly often with the GAN_O model, where the generated distributions
showed low variance and therefore failed to capture the full uncertainty inherent in electricity
price forecasts. While the modifications introduced in the GAN_1 significantly improved per-
formance, some degree of mode collapse still persisted.

This limitation is especially critical in probabilistic forecasting, where capturing uncertainty
is essential for risk-aware decision-making. Future research could explore diversity-promoting
regularization techniques, such as minibatch discrimination or latent space perturbation, to
achieve greater variability in generated forecasts.

5.1.4 Limited Benefits of Stochastic Optimization

The presence of mode collapse directly impacted the benefits of stochastic optimization strate-
gies. In cases where the generated distributions lacked sufficient variance, different optimiza-
tion strategies produced nearly identical results, reducing their practical value in decision-making.
This issue was particularly evident in the GAN_O, whereas the GAN_1 exhibited significantly
improved diversity, leading to meaningful differences in optimization outcomes. For instance,
the pessimistic optimization strategy yielded a lower average revenue in normal market condi-
tions, but a higher revenue during crisis periods compared to other strategies (see Figures 4.7
and 4.9). These findings suggest that further refinements in mode collapse mitigation could
enhance the robustness of stochastic optimization approaches in electricity price forecasting.

5.1.5 Limited Representative Data

Another possible reason for the underestimated variance of the GAN models could lie in the
limited representative data availability, meaning training data that represents the same mar-
ket conditions as the test data. Although more than 5 years of data was available, the market
conditions and therefore price curves are dramatically different at the time before, during and
afterthe energy crisis (see Figure 3.1). While thisis used in crisis mode to test performancein un-
certain scenarios, it could explain the rather average or even low performance in normal mode,
as the bulk of training data comes from before the energy crisis with inherently lower variance
in prices as opposed to the test data that is only from after the energy crisis (see Figure 3.5).
The GAN-models with their high complexity are particularly sensitive to a lack of representa-
tive training data compared to the more simple baseline models.

5.1.6 Feature Set Limitations

Due to time constraints during model development, certain key predictive features, such as
weather forecasts, were not incorporated into the dataset. Given their strong correlation with
renewable electricity generation (e.g., solar, wind, hydro) and electricity demand patterns, the
inclusion of weather forecasts could potentially improve model accuracy and generalization.
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5 Discussion

5.1.7 Forecasting Setup

Theforecasting setup, as defined in Figure 3.7, was designed to include only those features that
are available in advance as forecasts—except for the previous day’s day-ahead price, which was
included as a key historical feature. This design choice ensures that the model only relies on
information that would be realistically available at the time of prediction.

Alternative setups could incorporate features from past days or weeks, allowing the model
to use longer historical trends. However, feature selection analysis indicated that the previous
day’s electricity price was by far the most important predictor, therefore the extension of other
features with time offsets may provide only limited additional benefits.

5.2 Future Directions

Despite these challenges, the results demonstrate the potential of GAN-based models for prob-
abilistic electricity price forecasting, particularly in volatile market conditions. Future research
should focus on:

« Enhancingtrainingstability through improved loss functions and optimization techniques.
+ Developing mechanisms to reduce mode collapse and improve probabilistic calibration.

« Expanding the feature set to include weather forecasts and other relevant exogenous
variables.

« Investigating other generative Al models like diffusion models and transformers for prob-
abilistic forecasting.

By addressing these aspects, generative Al models could become a robust alternative to con-
ventional forecasting methods, providing higher accuracy and more reliable uncertainty quan-
tification in electricity markets.
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6 Conclusion

This chapter was linguistically enhanced with a large language model.

This study investigated the effectiveness of generative Al models in producing probabilistic
forecasts for day-ahead electricity prices and assessed their performance against established
deterministic and probabilistic forecasting methods. Specifically, three Conditional Time Se-
ries Generative Adversarial Networks were evaluated—one from literature (GAN_0) and two
enhanced versions (GAN_1 and GAN_2)—in comparison to three baseline models: SARIMAX,
LSTM, and multivariate linear regression. The evaluation was conducted in two different mar-
ket conditions: normal operation without data from the energy crisis (normal mode) and a cri-
sis scenario with extreme price fluctuations as experienced in the energy crisis (crisis mode).
Furthermore, the study examined how these probabilistic forecasts perform in an electricity
trading context.

6.1 Effectiveness of Generative Al in Probabilistic
Forecasting

The results indicate that GAN-based models provide significant advantages in probabilistic
forecasting, particularly under extreme market conditions. In normal mode, the deterministic
LSTM baseline achieved the highest accuracy, as measured by the Continuous Ranked Proba-
bility Score (CRPS), while the GAN models showed competitive but slightly lower performance.
However, in crisis mode, the GAN-based approaches outperformed the baselines, suggesting
higher robustness in uncertain scenarios. Among them, GAN_1 and GAN_2 showed the best
overall performance, achieving low CRPS scores and modelling uncertainty relative effectively.
In contrast, the GAN_0 model showed lower sharpness, indicating a tendency to underestimate
price variability. However, it must be noted that all GAN models produce relatively low variance
in their forecasts suggesting an underestimated uncertainty. This could be a reason of mode
collapse (see Section 5.1.3).

While the multivariate linear regression model achieved the best Negative Log-Likelihood
(NLL) scores, it displayed the highest variance and often failed to accurately capture the shape
and magnitude of price fluctuations. Similarly, the SARIMAX model struggled in crisis mode,
showing a significant drop in forecasting accuracy. These findings suggest that traditional sta-
tistical models are less suited for highly volatile market conditions compared to generative Al
models.
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6 Conclusion

6.2 Optimisation-Based Evaluation

When evaluating forecasting results in an economic context, all models performed similarly
well in normal mode, with the GAN_2 achieving the highest revenue in an electricity trading
simulation. The deterministic baselines (SARIMAX and LSTM) and the GAN_2 model never re-
sulted in negative revenues, while the cTSGAN models incurred very few losses. However, in
crisis mode, the GAN models significantly outperformed the baselines, achieving far higher rev-
enues and demonstrating strong robustness against extreme price fluctuations. The SARIMAX
model, in contrast, performed the worst, even resulting in negative average revenue.

These results highlight the potential of generative Al in providing actionable probabilistic
forecasts that improve economic decision-making in volatile electricity markets.

6.3 Feature Influence and Model Behavior

Feature correlation analysis revealed that the performance of the GAN models in normal mode
was positively influenced by high load levels and workdays, likely due to the availability of
more training data. In contrast, their performance decreased on weekends and holidays, which
could be due to a sensitivity to data sparsity. The GAN_2 and baseline models correlated more
strongly with renewable energy production patterns and COq-intensity.

In crisis mode, all GAN models exhibited similar correlation patterns, aligning closely with
the LSTM baseline.

6.4 Answering the Research Question

To answer the research question — How effectively can generative Al models generate proba-
bilistic forecasts for day-ahead electricity prices, and how do these forecasts compare to estab-
lished methods? — the results demonstrate that GAN-based models show potential in effective
probabilistic forecasting, particularly in volatile market conditions. While traditional models
perform sufficiently well in stable scenarios, they struggle under crisis conditions, where GANs
provide more reliable forecasts which also enhances the economical benefits. The robust out-
puts of GANs allow for better risk assessment and decision-making for electricity market par-
ticipants.

6.5 Future Work

Further research should focus on refining the calibration of GAN-based forecasts to improve
coverage probability and reliability. Expanding the dataset to include a broader range of cri-
sis periods as well as non-crisis periods and incorporating additional exogenous factors could
enhance model generalizability. Additionally, integrating generative Al into real-world energy
market operations and optimization strategies could show further insights into their practical
use and potential benefits.
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Algorithm 2 Training of GAN_O (from Lu et al. (2022))
Input: Batch size m, number of iterations for each training method n, learning rate 3, clipping
parameter c
Output: ) R (&) D)
# Update parameter for Embedding and Recovery
foriteration=1,2,...,ndo
Sample batch from historical data: {[X, y]D}7; ~ Pixy
Update Embedding and Recovery nets using gradient descent:
o) p(m <— Ve ,om [ 271 \/ (e([X,y]@)) — [X,y]@)?]
0®) < g — 3. RI\/ISProp(Q gg(e))
0 < 9 — 3. RMSProp(0) g,x))
end for
# Update parameter for Generator only
foriteration=1,2,...,ndo
Sample batch from historical data: {[X, y]©}7; ~ Pixy
Sample batch from random noise (Gaussian or Uniform): {z"}m™, ~ Py
Replace target data y® from historical data with noise: {[X, 2]@}m™,
Update Generator net using gradient descent:
g Voo [ iy V(e([X, y]0) — Gle([X, 2]@))?]
(@) g ] RI\/ISProp(9 ,gg(G))
end for
# Joint training
foriteration=1,2,...,ndo
# Update parameter for Generator only (twice more than Discriminator)
foriteration=1,2do
Sample batch from historical data: {[X, y]}7 ~ Pixy
Sample batch from random noise (Gaussian or Uniform): {0}, ~ Py
Replace target data y® from historical data with noise: {[X, z]®@}™,
Update Generator net using gradient descent:

guer < Voo | & X1 (WX @) = Gle(X, D))
—(D(e([X,y]®)) - D(G( ([X,2]9)))))

0@ < 9@ — 3. RMSProp(0'9), gy))

Update Embedding net using gradient descent:

goo = Voo | & X0, (/X y]0) = GLe([X, 2]0)))?
+V/(RE(Xy0) = [X,y]0))

end for
# Update parameter for Discriminator only
Sample batch from historical data: {[X, y]©}7, ~ Pixy
Sample batch from random noise (Gaussian or Uniform): {z® Z 1~ Py
Replace target data y® from historical data with noise: {[X, 2]},
Update Discriminator nets using gradient descent:
Goor — Voo |2 S (D(e([X, les hio1)) — D(G(e([X, 2]y b))
Jp(D) C“p(@w), —C, C)

end for
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