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Introduction

Lina Hassan , Omar Khalaf , Reem Jaber1* 2 1

A new method for generating time series simulations of electricity price scenarios is introduced. The “Time Series
Simulation Conditional Generative Adversarial Network” (TSS-CGAN) produces short-term scenarios of electricity
prices. Specifically, the network can output a 24-dimensional vector that reflects the typical dynamics of electricity
markets. This approach can serve as an alternative to conventional financial-mathematical techniques, such as
statistical factor models, for modeling the price distribution around a given forecast. The dataset spans 3 years from
2020 to 2023. The empirical analysis focuses on the EPEX SPOT market in Europe. An electricity price scenario
consists of the prices for the hourly contracts from a day-ahead auction on the EPEX SPOT power exchange. The
model takes multivariate time series as input features, including point forecasts of electricity prices along with
fundamental data on generation and load profiles. The TSS-CGAN architecture integrates the principles of Conditional
Generative Adversarial Networks with 1D Convolutional Neural Networks and Bidirectional Long Short-Term Memory
units. Model performance is assessed using both qualitative and quantitative measures. For evaluation purposes,
10,000 simulations are generated for a test period. Qualitative assessment examines whether the model correctly
captures and reproduces key electricity market-specific patterns. The quantitative evaluation involves comparing
standard error metrics against benchmark models such as DeepAR, Prophet, and Temporal Fusion Transformer,
analyzing quantile ranges and error distributions, and conducting a sensitivity analysis. The findings demonstrate that
the TSS-CGAN surpasses benchmark models like DeepAR by lowering the continuous ranked probability score by
50% while effectively accounting for market-specific factors, such as the generation of intermittent renewable
energies, and responding appropriately to variations in the relevant variables.

1

2

For over 30 years, electricity has been traded as an exchange-listed commodity in most countries worldwide. It is traded
across various time horizons (forward, day-ahead, intraday), with the day-ahead market generally serving as the primary
reference. Prominent examples include the European day-ahead markets on EPEX Spot, NORDPOOL in the Nordic
region, and PJM or Nodal Exchange in the United States. Each electricity market exhibits distinct features. For instance,
the German market is heavily influenced by variable renewable output from wind and solar, the French market relies
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predominantly on large-scale nuclear facilities, and NORDPOOL is characterized by dominant hydropower generation.
The makeup of the generation mix plays a critical role in shaping price behavior across different markets. The objective of
this study is to create a generative model that produces realistic day-ahead electricity price scenarios, offering a potential
replacement for traditional probabilistic models and their typically intricate calibration procedures [1]. A fully data-driven
approach allows analysts to model diverse markets effectively without requiring extensive statistical investigation. In this
paper, the German day-ahead market serves as the reference case study. 

Machine learning methods significantly broaden the scope for capturing intricate relationships. Years of research have
yielded numerous model architectures capable of addressing a diverse array of challenges. The continued advancement
of these technologies is expected to play an increasingly important role in guiding the energy sector toward data-driven
decision-making that addresses market complexity with greater accuracy and reliability. 

Figure 1. Characteristic weekly curve.

 

Electricity pricing on the day-ahead market 
The day-ahead electricity price serves as a key indicator within the energy market. It represents the price established for
the supply of electrical energy to be delivered on the following day. This subsection examines the formation process of the
day-ahead electricity price, the factors that affect it, and the underlying market mechanisms. It also highlights the major
exchanges and participants involved in price determination. 

The day-ahead electricity price is established on the spot market operated by EPEX SPOT (European Power Exchange),
where energy is traded across 13 European countries. Prices are set via a daily auction that matches supply and
demand. This auction occurs every day at 12:00 noon (CET/CEST) and determines prices for each hour of the next day.
These prices are fixed ex ante for each hour ahead, meaning the price at 00:00 covers the interval from 00:00 to 01:00.
Market participants submit their bids by 12:00 (CET/CEST), indicating their readiness to purchase or sell specific
quantities at particular times. The exchange constructs a demand curve from buy bids and a supply curve from sell bids,
both defined for each delivery period (i.e., each of the 24 hours of the day). The point at which these curves intersect
yields the market-clearing price (MCP), which is uniform across buyers and sellers. Through this matching process, the
power exchange creates legally enforceable contracts for the purchase or sale of a specified volume of electricity in a
designated delivery zone at the determined price. Pricing follows the merit order principle. This principle ensures the
lowest possible cost to satisfy demand by prioritizing generation with the lowest marginal costs (or the lowest willingness
to sell). This establishes a ranked order of generation sources, known as the “merit order.” 

In Germany, the day-ahead electricity price is influenced by various elements. Weather patterns play a major role in
renewable energy output: favorable conditions, such as strong winds or abundant sunshine, result in lower prices. In



Hassan et al. J Smart Grids Energy Anal Optim (2024) 3:73
Page 3 of 29

https://doi.org/10.68159/e019420367

Related Work

contrast, unfavorable weather increases reliance on more expensive fossil fuels, thereby raising prices. Furthermore,
costs of fossil fuels—such as coal, natural gas, and oil—directly impact generation expenses and, consequently, the day-
ahead price. 

A distinctive aspect of the German spot electricity market is the substantial share of renewable energy in the generation
mix (56% in 2023 [2]). This effect is evident in electricity price patterns, as illustrated in Figure 1.

Simulating scenarios of uncertain electricity prices is valuable to multiple stakeholders in the energy sector. Energy
suppliers employ simulation models to enhance power plant operations through stochastic optimization [3]. Risk
managers use simulations to assess short-term risks, while retailers routinely use them to optimize their portfolios [4]. 

In practice, reasonably precise spot price forecasts are readily available, often acquired from various providers. For the
applications mentioned—particularly with flexible portfolios (e.g., hydropower)—the distribution surrounding these point
forecasts is especially relevant. Such distributions can be derived from fundamental models incorporating stochastic
inputs [5] or from stochastic price models. Both approaches typically require either significant, often unrealistic,
assumptions or extensive historical data combined with highly detailed market representations. Our method, grounded in
generative models, reduces reliance on assumptions and in-depth historical scrutiny by learning market characteristics
directly from past data, which are then applied to produce simulations. 

Generative time series simulation 
In recent years, Generative Deep Learning has attracted considerable interest [6]. It has found particularly widespread
applications in image and text processing domains [7]. Technologies such as deep fakes and advanced voice assistants
are now commonplace, drawing both enthusiasm and criticism. Generative models excel at replicating intricate data
structures, including images or natural language sentences. The outputs they produce closely resemble the training data
yet remain novel and varied. Generative modeling differs from discriminative modeling. Discriminative approaches are
tied to supervised learning, in which a function is learned to map inputs to outputs using labeled datasets.

In contrast, generative techniques generally operate without labels, classifying them as a form of unsupervised learning.
Generative Adversarial Networks (GANs) have become a standard method for creating synthetic data. Synthetic data are
artificially generated but retain structural and statistical properties similar to those of real data. For instance, GANs can
generate highly realistic images that are difficult for humans to distinguish from authentic ones. Images are commonly
represented as 4D tensors (with a single image as a 3D tensor) [8]. More recently, GANs have proven effective in
synthesizing lower-dimensional tensors as well. Time series modeling, in particular, has drawn growing attention.
Applications range from sensor measurements [9] and stock market indices [10] to solar energy system outputs [11],
demonstrating the growing popularity of GANs for time series generation.

The contributions of this paper can be summarized as follows: 

• We introduce a CGAN-based architecture designed to simulate realistic electricity price scenarios, integrating forecasts
of energy-market-specific features.

• We propose an evaluation framework tailored to the specific characteristics of energy markets, enabling quantification of
the risk associated with a given price forecast through a generated distribution.

• We analyze the strengths and limitations of the proposed architecture and benchmark its performance against well-
established probabilistic models, including DeepAR, Prophet, and the Temporal Fusion Transformer (TFT).



Hassan et al. J Smart Grids Energy Anal Optim (2024) 3:73
Page 4 of 29

https://doi.org/10.68159/e019420367

Generative time series simulation
Generative Adversarial Networks (GANs), originally proposed by Ian Goodfellow and colleagues in 2014, represent a
distinctive neural network framework comprising two competing networks: a generator and a discriminator. The generator
produces synthetic data from random noise vectors, while the discriminator distinguishes real from generated samples.
The generator’s objective is to deceive the discriminator into misclassifying synthetic data as authentic. Through this
adversarial training process, GANs learn to produce highly realistic, high-fidelity data that closely resembles the real
distribution. 

Late in 2014, Mehdi Mirza and Simon Osindero extended the original GAN framework by introducing a conditional variant
[12]. Conditional GANs (CGANs) enable generation conditioned on additional information. The generator receives both a
noise vector and a specific condition as input, allowing controlled output generation. Their seminal CGAN demonstration
utilized the MNIST dataset, successfully producing images of handwritten digits corresponding to the provided class label.
In this setup, the generator implicitly captures the data distribution through the discriminator’s loss, which is optimized
using both real and synthetic examples. 

In recent years, GANs have been successfully applied to time-series generation across diverse domains. A prominent
contribution came in 2019 from Jinsung Yoon and co-authors [13], who developed a method for generating multivariate
time series while explicitly accounting for temporal correlations among variables [13]. That same year, Alireza Koochali
and colleagues introduced a novel GAN-based approach for time series forecasting, training the model to predict a single
future time step conditioned on the previous 𝐾 steps [9]. Their architecture builds on CGAN principles, with the past 𝐾
observations serving as the conditioning input to the generator. However, this method is limited to predicting one step and
restricts conditioning to univariate sequences. When modeling electricity prices, leveraging multivariate time-series as
covariates is beneficial, commonly incorporating factors such as weather-driven renewable generation [14], load profiles
[15], and fossil fuel prices [16] to capture complex nonlinear dependencies. 

In 2021, Gerardo Zúñiga and Gonzalo Acuña extended Koochali’s framework to allow the generation of up to 5 future
time steps 𝑡 + 𝐾 (where 0 < 𝐾 < 6) [17]. Nevertheless, the approach continued to rely solely on univariate conditioning
inputs. Also in 2021, Milena Vuletic and co-authors adapted Koochali’s method to financial time series, introducing a
custom loss function that incorporates profit/loss metrics and the Sharpe ratio [18]. 

Huang et al. [11] advanced the field by designing an architecture capable of forecasting the next time step of solar power
output, conditioned on the prior 𝐾 steps of the target variable and a corresponding feature matrix of covariates. Both the
historical target sequence and the covariate matrix were provided as conditioning inputs, marking a meaningful
improvement over earlier univariate conditioning strategies. 

Within the domain of electricity price scenario generation, several relevant studies provide a foundation for further
development. Zhang and Wu [19] demonstrated and validated the effectiveness of GANs for forecasting marginal prices
in wholesale electricity markets. Demir et al. [20] introduced a Wasserstein GAN (WGAN) to augment data for day-ahead
price forecasting regression tasks, thereby reducing regression errors. Liu et al. applied GAN-based models to day-ahead
electricity price forecasting in Australia for the first time, building on the TimeGAN framework [13] and incorporating
historical weather data and realized prices while employing Wasserstein distance as the loss function [21]. This work was
further refined in 2023 to enhance prediction quality and training stability [22]. However, the use of Wasserstein loss
introduces challenges such as gradient clipping, whose full implications remain underexplored. Moreover, the intricate
structure of TimeGAN results in substantial computational demands. Consequently, the present study adopts a more
conventional CGAN architecture with binary cross-entropy loss, following the approach in [11]. Prior research on day-
ahead energy demand forecasting has shown that standard CGAN-based models can achieve performance comparable
to that of WGAN variants [23]. 
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Materials and Methods

The primary objective and core contribution of this paper is to propose a CGAN-based architecture that, similar to [11],
accepts multivariate time series as input and generates all 24 hours of the day-ahead auction simultaneously. This is
facilitated, among other elements, by incorporating highly accurate deterministic point forecasts as described in [24]. The
referenced authors utilized precise point forecasts of the target variable as input to train a probabilistic model capable of
outputting the full distribution—an approach that aligns directly with the use case here, where energy market participants
acquire forecasts and seek to derive distributional scenarios via generative techniques. Finally, the architecture is
designed to produce a univariate time series comprising multiple consecutive time steps, consistent with the multi-step
generation capability introduced in [17].

Energy industry 
A range of methods for simulating uncertain day-ahead electricity price scenarios has been developed and applied within
the energy sector. Several of these techniques originate in financial mathematics, which appears well-suited to this
domain owing to its flexibility and adaptability. 

One widely adopted technique involves stochastic models, particularly stochastic differential equations (SDEs), to
generate price scenarios, as demonstrated by Schwartz and Smith [25]. These models incorporate uncertainties and
variations in key market parameters, allowing the creation of simulated paths for day-ahead electricity prices and thereby
enabling projections of future price behavior. 

Numerous extensions and alternatives to the Schwartz-Smith framework have since been suggested. For a
comprehensive overview of factor models and their application to the German electricity market, refer to [1]. At the other
end of the spectrum, the energy industry frequently relies on fundamental models. These are highly detailed
representations that include extensive market data and, for each delivery period, solve an optimization problem to
minimize total supply costs. Owing to their high computational demands, fundamental models are generally unsuitable for
generating thousands of price trajectories. Such models and the associated data are typically proprietary to consulting
firms, which either sell access to the models themselves or provide forecasted price scenarios based on specific
assumptions. 

Generative neural networks present a promising alternative to traditional price simulation methods, thanks to their ability
to learn complex patterns and structures directly from data. Discriminative neural networks have already become well
established in energy market applications, as evidenced by numerous studies confirming the technology’s maturity,
including [26] and [27]. In contrast, generative neural networks are only beginning to gain traction in the energy domain.
Recent literature in this area includes review papers, such as that by Yilmaz et al. [28], which assessed various GAN
architectures using Turkish intraday electricity prices. Hanif et al. [29] showed in 2023 that GANs outperformed models
such as Support Vector Machines (SVM) and Extreme Gradient Boosting (XGBoost) when applied to Canadian electricity
prices. Most recently, Wang et al. [30] proposed a GAN-based approach for stock price prediction in the context of factor
investing. 

In the field of time-series modeling using neural networks, certain specialized architectures have become standard and
will be examined in greater detail in the subsections that follow. Convolutional neural networks (CNNs) and recurrent
neural networks (RNNs) are established architectures for handling time-series data. Both are widely deployed in industrial
settings, including the finance and energy sectors [31]. The subsequent subsections on 1D convolutional layers and on
Bidirectional Long Short-Term Memory—focus on the structure and function of 1D Convolutional Layers and Bidirectional
Long Short-Term Memory units (Bi-LSTM), which belong to the broader family of recurrent networks. Basic recurrent
networks are of limited interest here due to their restricted short-term memory capacity. In contrast, the more advanced
Long Short-Term Memory (LSTM) cells are far better equipped to handle long-range dependencies and mitigate issues
such as vanishing gradients. 
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1D convolutional layer 
Convolutional layers, which form the core of CNNs, function differently from traditional fully connected neural networks. 

In convolutional layers, each neuron connects only to a limited region of the preceding layer (known as the local receptive
field), enabling the detection of localized patterns—such as edges or corners in images. As layers deepen, these low-
level features are progressively combined into more abstract, higher-level representations, forming a hierarchical spatial
structure. CNNs exhibit a degree of invariance to translations, distortions, and rescaling, enabling them to reliably identify
patterns across varying conditions. Unlike fully connected networks, they do not depend on fixed positional arrangements
of inputs. This principle extends naturally from higher-dimensional data (e.g., images) to lower-dimensional cases (e.g.,
time series). 

1D convolutional neural networks have proven highly effective for time series processing [32]. Their strength stems from
their ability to identify local patterns and capture temporal relationships in sequential data. By applying 1D convolutional
filters, these networks automatically extract meaningful features by leveraging correlations between neighboring time
points. Often, a 1D max pooling layer is applied after the convolutional layers, further improving performance by reducing
the dimensionality of the feature maps and computational requirements. Max pooling selects the highest value within a
defined window, thereby retaining the most salient features while filtering out less relevant information. This mechanism
supports efficient identification of dominant patterns and trends in time series, making 1D CNNs particularly valuable in
domains such as financial forecasting, climate analysis, and signal processing [33]. 

The incorporation of convolutional layers within GAN frameworks for time series modeling has become a standard
technique, as seen in applications such as short-term load forecasting [34] and day-ahead wind power forecasting [35].

 Bidirectional long short-term memory 
Long Short-Term Memory (LSTM) layers [36] are widely adopted components in deep learning for time series forecasting,
largely because of their effectiveness at modeling temporal dependencies. LSTMs maintain information about previous
states over extended periods, making them well-suited to sequences of varying lengths. This capability supports the
representation of intricate temporal dynamics and the simultaneous capture of both short-range and long-range
dependencies within the data. In GAN frameworks, LSTM layers are often used for challenging predictive tasks, such as
stock price forecasting [37]. 

Bidirectional LSTM (Bi-LSTM) layers, introduced in 2005 by Graves and Schmidhuber [38], enable the network to process
sequences in both forward and backward directions, yielding a richer, more complete understanding of the underlying
patterns. This bidirectional processing enhances accuracy in tasks that benefit from a full contextual view of long-term
temporal relationships, including financial time series analysis and natural language processing, as demonstrated by
Siami-Namini et al. [39]. The core idea is that a bidirectional recurrent network can detect dependencies that a
unidirectional counterpart might overlook. Graves and Schmidhuber illustrated the advantages of this approach by
comparing unidirectional and bidirectional versions of both standard RNNs and LSTMs on the TIMIT dataset, which
consists of broadband speech recordings from 630 speakers representing eight major American English dialects, each
reading ten phonetically balanced sentences [40]. The bidirectional architectures not only converged in roughly half the
number of epochs but also achieved test-set accuracies up to 5% higher. 

Bidirectional RNNs are also prevalent in natural language processing (NLP), where word dependencies are not strictly
forward-directed. For instance, the interpretation of a word early in a sentence may rely on information provided much
later. A similar reverse temporal dependency appears in electricity markets: a forecasted high-wind period in the afternoon
can influence prices in the preceding early morning hours. Market operators anticipate the upcoming availability of low-
cost renewable energy and therefore avoid starting up expensive, inflexible units (such as coal plants) with long minimum
run times, opting instead for more flexible (albeit costlier) options, such as gas turbines. The primary strength of
bidirectional LSTM networks is their capacity to learn an additional, complementary representation of the sequence,
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offering a second viewpoint on the data. Siami-Namini et al. [39] compared LSTM and Bi-LSTM performance in stock
market forecasting and found that Bi-LSTM models achieved, on average, 38% greater accuracy, largely due to their
ability to uncover backward-looking temporal structures missed by unidirectional models. 

Alongside LSTM and Bi-LSTM cells, the Gated Recurrent Unit (GRU) exists as a computationally lighter alternative to the
LSTM cell [41]. A head-to-head comparison of LSTM, Bi-LSTM, and GRU was performed by Seabe et al. [42] in the
context of cryptocurrency price prediction, where Bi-LSTM consistently outperformed both GRU and standard LSTM
across multiple currencies. In energy consumption forecasting, Bi-LSTM cells have similarly demonstrated superior
results [43]. Bi-LSTM layers are also applied to high-dimensional time series prediction problems, such as renewable
energy output forecasting—for wind power in [44] and for solar photovoltaic (PV) generation in [11]. For a detailed
explanation of the inner workings of 1D CNNs and Bi-LSTM layers, the reader is referred to standard references such as
Chollet [8] or Géron [45]. 

 Generative adversarial networks 
The architecture of a Generative Adversarial Network (GAN) generally comprises two interacting neural networks: a
generative model (generator) and a discriminative model (discriminator). Figure 2 illustrates the interaction between the
generator and the discriminator. 

The generator’s input layer receives a random noise vector, typically drawn from a normal distribution and formatted as a
1D tensor, which it transforms—according to its learned weights—into a synthetic output sample. This input vector
corresponds to a point in an 𝑛-dimensional latent space. The latent space provides a compact, low-dimensional encoding
of the high-dimensional data distribution. In essence, the generator acts as a function (𝑧) that maps a latent vector 𝑧
sampled from distribution 𝑝𝑧 to a data-like representation. The discriminator, denoted as (𝑥), estimates the probability that
a given sample 𝑥 originates from the true data distribution 𝑝data [46]. Thus, the discriminator serves as a binary classifier
trained to distinguish real samples from those generated by the generator. 
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Figure 2. Principal sketch of a GAN. 

In the binary classification setting, the cross-entropy loss for the i observation can be expressed in general form as:

   (1)

th 
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where 𝑦 denotes the true label (𝑦 = 1 for real data, 𝑦 = 0 for fake) and ŷ̂ represents the predicted probability assigned by
the discriminator. 

The generator and discriminator pursue opposing objectives: the discriminator seeks to correctly label samples as real or
generated. In contrast, the generator aims to produce outputs that cause the discriminator to misclassify them as real. 

For a batch of observations, the average loss to be minimized by the discriminator and generator, respectively, can be
formulated as follows:

Discriminator loss minimization

 (2)

Generator loss minimization 

 (3)

The global optimum is achieved when 𝑝𝑔 = 𝑝data, at which point the discriminator is no longer able to differentiate
between the two distributions and outputs (𝑥) = 0.5 for all inputs [46]. When substituted into the discriminator’s loss
function, this equilibrium yields an optimal loss value of −log(0.5) − log(0.5) ≈ 0.693 upon convergence. In addition, the
architecture exhibits the following characteristics: 

• The generator learns to approximate the real data distribution without ever directly accessing the actual samples, doing
so solely through the gradient information provided during backpropagation. The training dynamics resemble a zero-sum
game: any improvement in the generator’s performance (i.e., reduction in its loss) necessarily increases the
discriminator’s loss, and vice versa. As the generator improves at producing synthetic samples that fool the discriminator,
the discriminator simultaneously refines its ability to detect fakes, prompting the generator to produce even more
convincing outputs. 

Training of the generator and discriminator occurs simultaneously rather than in alternation. Within each training iteration,
both networks are updated. The generator’s weights are adjusted while the discriminator’s weights remain fixed during
that step, because the gradients flow first through the discriminator before reaching the generator. Freezing the
discriminator is essential because the two networks use different loss functions. Without this freeze, the generator could
reduce its own loss simply by weakening the discriminator, rather than genuinely improving its approximation of the true
data distribution 𝑝data. 

 Conditional generative adversarial networks 
Although Conditional Generative Adversarial Networks (CGANs) were introduced in the same year as the original GAN
framework, they represent a significant advancement in GAN research. In the concluding remarks of their seminal paper,
the authors of the first GAN [46] already suggested extending the architecture by incorporating an additional input shared
between the generator and the discriminator. 

This extra input functions as a conditioning signal that guides or constrains the generator’s output. For instance, the
condition might consist of a class label that supplies more specific information about the desired sample [12]. Such a label
is typically encoded as a one-hot vector and fed into the network. The discriminator is then trained using both real and
synthetic samples paired with their corresponding label vectors. This pairing is critical: without the matching condition, the
discriminator would lack the information needed to evaluate whether a generated sample aligns with a particular label.
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The same conditioning logic applies when processing real data during training. The loss functions for both the generator
and the discriminator can be directly adapted from the unconditional GAN formulation, with the modification that the
discriminator now estimates 𝐷(𝑥|𝑦)—the probability of sample 𝑥 being real given condition 𝑦—and the generator maps
noise to data via 𝐺(𝑧|𝑦), producing samples from 𝑝𝑔 under condition 𝑦. 

A distinctive element of this architecture is the concatenated layer. This layer combines the label tensor with either the
noise tensor (for the generator) or the real/synthetic data tensor (for the discriminator). Mathematically, this operation can
be described as follows: Consider a latent vector 𝑧⃗ = (𝑧₁, 𝑧₂, 𝑧₃, …, 𝑧₁₀₀) and a one-hot label vector 𝑥⃗ = (𝑥₁, 𝑥₂, 𝑥₃, …, 𝑥₁₀)
representing 10 mutually exclusive classes. Concatenating these two 1D tensors produces a combined 1D tensor 𝑐⃗ = (𝑧₁,
𝑧₂, 𝑧₃, …, 𝑧₁₀₀, 𝑥₁, 𝑥₂, 𝑥₃, …, 𝑥₁₀). The same principle extends to higher-dimensional tensors. For concatenation to be
feasible, the tensors must share identical dimensions in all axes except the one along which they are joined. 

The concept of a conditional generator enables the application of GANs to time series synthesis under specific
constraints, such as conditioning on the values of preceding time steps, as demonstrated by Koochali et al. [9].

Figure 3. Model architecture of the generator of a TSS-CGAN.

 

Time series simulation conditional generative adversarial network 
This subsection forms the central contribution of the present paper. We introduce a CGAN-based model architecture
specifically designed for the probabilistic simulation of uncertain day-ahead electricity price scenarios. The foundational
structure of this work draws inspiration from Huang et al. [11]. We extend and modify that architecture, along with its
training procedure, to incorporate the following key adaptations: 
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• The generator produces a 24-dimensional output vector rather than a single scalar value. This design preserves the
temporal ordering inherent in an electricity price profile and establishes interdependencies among the individual hourly
time steps. 

• In contrast to the approach in [11], where the target variable is duplicated within the feature matrix before the Bi-LSTM
layer, we include the target variable only once. This adjustment ensures a more balanced influence from the remaining
features. 

• We implement a pre-training phase for the generator component (excluding the CNN layers and random noise input),
treating it as a supervised regression task for 10,000 iterations to enhance initial prediction accuracy. 

• We adjust the training dynamics by increasing the discriminator weight update frequency relative to the generator to a
2:1 ratio, thereby improving the discriminator’s ability to accurately classify electricity price curves. 

The precise architecture is detailed below. The generator produces a price scenario ỹ for the forthcoming 24 hours.
Starting from a given time step 𝑡, the target prices are 𝑦̃ ,̃ ,…,𝑦̃ . The conditioning input consists of the realized
prices from the preceding 24 hours: 𝑦 , ,…,𝑦 ,𝑦 . The selection of relevant fundamental factors depends on the
specific market under study. For the German market example used here, forecasts of wind and solar generation are
particularly important. Additional factors—such as the availability of conventional generation capacity, energy commodity
prices, and others—can also be included where appropriate. These fundamental variables pertain to the future period
from 𝑡 + 1 to 𝑡 + 24 and are provided as forecasts. To further stabilize training, a point price forecast covering the same
future interval is incorporated. Another essential input is the hour of the day for each data point, represented as an integer
from 0 to 23. The price forecast, the fundamental forecasts, and the hour-of-day indicator are combined into a feature
matrix, denoted as 𝑋. 

 (4)

Thus, the generator can be expressed as a function 𝐺(𝑧, 𝑋, 𝑦) that takes a normally distributed random vector 𝑧, the
historical price vector 𝑦 (last 24 realized prices), and the feature matrix 𝑋 to produce a simulated electricity price scenario
ỹ. The discriminator evaluates realism under identical conditioning inputs, so its output can be written as (ŷ, 𝑋, 𝑦), where ŷ
denotes either a realized or generated price scenario. For a synthetic scenario, this becomes (ỹ, 𝑋, 𝑦) with ỹ = (𝑧, 𝑋, 𝑦).
Loss computation relies on binary cross-entropy. The architecture includes several distinctive elements, as shown in
Figure 3. 

The dimensionality of the latent space vector 𝑧 remains an active research topic [47] and significantly affects the model’s
generalization performance. Given that the objective is to map high-dimensional data onto a low-dimensional distribution,
the aim is to keep the noise dimension as compact as possible while retaining critical information. The ideal size of the
latent vector varies widely across problem domains [47]. In the TSS-CGAN context, the dimension of 𝑧 depends on the
number of constrained features. After processing through two 1D convolutional layers and 1D max pooling layers, the
vector 𝑧 is reshaped to match the structure of the feature matrix 𝑋, enabling subsequent element-wise multiplication to
integrate the latent representation with the conditioning information. This reshaping step is depicted in Figure 3 for the
generator and in Figure 4 for the discriminator, occurring before the CNN processing stage. The element-wise
multiplication—indicated by a circled × in both figures—establishes a direct arithmetic linkage between the properties

𝑡+1 𝑡+2 𝑡+24

𝑡−23 −22 𝑡−1 𝑡
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encoded in the latent space and the conditional features of the simulated scenario. The resulting matrix has shape (24, 𝑛),
where 𝑛 denotes the number of features in 𝑋. 

The realized prices from the previous 24 time steps are then concatenated (Figures 3 and 4) along the feature dimension
to this matrix, yielding a final matrix of shape (24, 𝑛 + 1). This combined representation passes through a Bi-LSTM layer
to capture temporal dependencies, followed by a Dense (fully connected) layer that produces the final 24-dimensional
price vector. A defining characteristic of this architecture is the integration of a conditional feature matrix together with its
inherent temporal organization. 

The synergy between the Bi-LSTM layer and the 1D CNN layers is essential to the quality of the generated scenarios: the
Bi-LSTM component extracts the temporal and sequential structure of the time series, while the 1D CNN layers capture
spatial (i.e., feature-wise) patterns embedded in the latent space.

The discriminator follows a comparable structure, with the key distinction that the previously generated prices—rather
than the latent space vector 𝑧—are fed into the 1D convolutional layer to extract spatial features before being multiplied
element-wise with the feature matrix. An additional Bi-LSTM layer is employed to process the generated electricity price
scenario alongside the sequence of historical realized prices. The outputs from both Bi-LSTM layers are then
concatenated and passed through a Dense layer to produce the final result. Only the discriminator’s output layer applies a
logistic (sigmoid) activation function, while all preceding layers utilize the ReLU activation function. The ReLU (Rectified
Linear Unit) activation function sets negative inputs to zero and leaves positive inputs unchanged, thereby introducing
nonlinearity while maintaining computational efficiency. The complete architecture of the discriminator is illustrated in
Figure 4. 

The number of neurons in each layer is determined by the number of features under consideration and the number of
time steps. For the number of filters in the two 1D convolutional layers and the configuration of the Bi-LSTM layers, we
adopt the choices made by Huang et al. [11]. The first 1D convolutional layer contains 32 filters, the second contains 64
filters, the kernel size is set to 2 (including in the max pooling layer), and each Bi-LSTM layer comprises 24 units. 
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Evaluation

Figure 4. Model architecture of the discriminator of a TSS-CGAN. 

The TSS-CGAN is employed here as a probabilistic model for generating electricity price scenarios. Evaluating such
models can be approached from multiple perspectives. The realism of the simulated electricity price scenarios can be
assessed qualitatively by examining distinctive patterns, such as intraday and weekly seasonality. In addition, a
probabilistic model should produce a credible probability distribution over the simulated prices. This aspect is addressed
through the quantitative evaluation of quantiles and the distribution of deviations between actual and generated prices.
Finally, the model’s responsiveness to electricity market-specific variables is tested through a sensitivity analysis that
assesses whether it correctly captures and responds to the mechanisms governing electricity market behavior. 

The implementation was performed on a workstation featuring an AMD Ryzen Threadripper PRO 7975WX 32-Core CPU,
128 GB of RAM, and two NVIDIA GeForce RTX 4090 GPUs. In practice, both model training and the sensitivity analysis
are computationally intensive, each requiring approximately half a day on the described hardware configuration. All
modeling was carried out using the TensorFlow/Keras library (version 2.13) in Python 3.10. 

A dataset comprising 30,073 data points is available for training and evaluation. The observation period spans 3.5 years,
from 17 June 2020 to 21 November 2023. The data include point forecasts of the hourly day-ahead electricity price (with
a mean absolute error (MAE) of 10.12 €/MWh) as well as electricity market-specific fundamental variables (solar and wind
generation, available capacity of gas, lignite, hard coal, and nuclear power plants, demand, and required residual load).
All values pertain to the EPEX SPOT power exchange, specifically the Germany-Luxembourg market area. The
corresponding realized day-ahead electricity prices are also included. An additional feature is the hour of the day,
represented as an integer ranging from 0 to 23. In total, nine features are used: 
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• Price scenario forecast  

• Previous day price scenario 

• Solar energy forecast 

• Wind energy forecast 

• Residual load forecast 

• Demand forecast 

• Gas capacity forecast 

• Coal capacity forecast 

• Hour

Forecast data are not entirely consistent. For instance, occasional gaps appear and need careful handling during training.
Whenever coal or gas capacity figures are absent, they are filled with the corresponding daily average—assuming the
rest of the row is complete. This simplification introduces only a negligible error, since capacity numbers fluctuate much
less than price predictions. Missing entries in the price forecasts are interpolated linearly. Complete days are discarded
whenever any feature contains 12 or more missing hourly values, thereby preventing dataset distortion. In addition, the
entire feature matrix is normalized using min–max normalization.

Training was performed on data from 17 June 2020 through 21 November 2022, with evaluation conducted on the hold-
out period from 22 November 2022 to 21 November 2023. One defining trait of this test window is the unusually elevated
market turbulence stemming from the pandemic aftermath and geopolitical tensions. The complete set of
hyperparameters is listed below: 

• Training iterations: 50,000 

• Discriminator updates per generator iteration: 2 

• Batch size: 500 

• Optimizer: Adam (learning rate = 0.0001) 

• Activation functions: ReLU throughout (sigmoid exclusively on discriminator output) 

• Loss function: Binary cross-entropy 

• Pre-training loss for generator: Mean squared error (MSE) 

Learning rate, batch size, optimizer selection, and discriminator loss were directly taken from Huang et al. [11]. The total
number of training iterations, however, was chosen empirically by monitoring when the discriminator loss leveled off,
signaling convergence. Several discriminator update frequencies were tested, and a ratio of 2 discriminator steps per
generator step yielded the best performance according to our chosen metrics.

Once training was completed, the generator produced 10,000 independent simulations over the test interval. Within each
simulation run, 365 consecutive 24-hour price profiles are created. Every 24-hour block in the same simulation shares a
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single fixed latent space vector throughout the entire test year. This consistent noise input ensures coherent mathematical
relationships among all generated price paths over the full period.

Figure 5. Characteristic day-ahead electricity price curve with a high share of renewable energy.

 

Qualitative analysis 
Each day-ahead price scenario consists of exactly 24 hourly prices. The first value corresponds to the delivery window
00:00–00:59, while the last value covers 23:00–23:59. When these 24 points are connected, they form a daily price curve
that reveals several well-known regularities. Elevated renewable infeed displaces conventional generation, thereby
exerting downward pressure on prices through the merit-order mechanism. Days with exceptionally strong solar output
typically display the familiar “camel hump” profile. Periods of low renewable contribution paired with elevated demand
produce another recognizable shape. Moreover, weekends generally show lower short-term electricity consumption,
resulting in noticeably lower overall prices.

Days dominated by renewable generation 

When solar output is strong during the daytime, it substantially reduces the residual load that conventional sources must
supply. On bright, clear days, this typically drives electricity prices sharply downward during the midday hours, even as
prices climb higher in the early morning and late afternoon periods when residual demand remains elevated. A clear
example appears in Figure 5, which displays the day-ahead price profile for Monday, 5 September 2022, and highlights
exactly this dynamic. The x-axis marks the successive hours of the day. Prices (in €/MWh) are plotted against the left y-
axis, while the right y-axis shows total renewable load (solar + wind) in MW together with residual load in MW.

Days with minimal renewable contribution 

When renewables cover only a small fraction of total electricity needs, conventional thermal plants (mainly fossil-fuel-
based) shoulder most of the supply burden. This situation produces price curves that respond more directly to demand
fluctuations: prices rise steeply in the morning as load increases and fall more noticeably in the evening as load declines.
In the absence of variable renewable injections, price movements remain comparatively smooth and stable during peak
consumption hours. Figure 6 captures this pattern on Friday, 9 December, 2022—a day when renewables played only a
minor role in meeting demand—showing the flatter, more demand-driven behavior.
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Figure 6. Characteristic day-ahead electricity price curve with low share of renewable energy. 

Figure 7. 5 Electricity price simulations.

 

Daily and weekly recurring patterns 

Electricity prices are heavily shaped by the interplay between supply availability and consumption levels. Consequently,
weekends almost always register significantly lower prices because industrial and commercial activity drops sharply.
Overnight hours likewise show consistently lower demand and, therefore, lower prices than during daytime hours. Figure
1 presents a complete weekly snapshot covering Monday, 28 November 2022, through Sunday, 4 December 2022. 

The daily cycle stands out immediately: prices bottom out near midnight before climbing again through the morning and
into the day. The figure’s right-hand section emphasizes the weekend segment, with explicit markers at Friday 20:00 and
Sunday 23:00. Both the price line and the residual load line decline visibly during these lower-demand weekend hours.
Through qualitative inspection, we determine whether the model can reproduce these well-documented electricity-market
regularities and whether the simulated curves retain the same fundamental supply–demand relationships observed in
actual market data.

Quantitative analysis – forecast deviation 
We quantify the probabilistic performance of the model using the Continuous Ranked Probability Score [48] (CRPS). 

 (5)
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This score evaluates how accurately a predictive distribution 𝐹 captures the true outcome. Provided 𝐹 has a finite mean,
the CRPS can be equivalently written in its negative form [49] (referred to here as CRPS∗), defined by the expression: 

 (6)

Where 𝑋 and 𝑋′ are two independent samples drawn from 𝐹, and 𝑥 stands for the observed realization (i.e., the actual
prices recorded in the test set). One major practical advantage of CRPS∗ is that it returns a value in the same units as the
target variable, making results directly interpretable. When applied to a deterministic point forecast, the second term
disappears (𝑋 = 𝑋′), and CRPS∗ reduces exactly to the Mean Absolute Error (MAE). This equivalence allows meaningful
head-to-head comparison between probabilistic and point-forecast models. The CRPS has become a standard metric
both for probabilistic forecasting tasks in general [50] and for evaluating generative time-series models based on GANs in
particular [17, 24]. 

Performance is benchmarked against three widely used probabilistic time-series models that can incorporate external
covariates: DeepAR [51], Prophet [52], and the Temporal Fusion Transformer (TFT) [53].

 

Quantile ranges 

By generating a sufficiently large number of simulations (10,000 or more), it becomes possible to compute quantile bands
for each hour of the day. Figure 7 illustrates five example simulations overlaid for 22 February 2023. Importantly, because
quantiles are calculated separately for each hour rather than across the full daily curve, simply connecting the 80%
quantiles from every hour does not produce a single coherent simulated scenario. Instead, these quantile boundaries
reveal the hourly probability structure—indicating the proportion of simulated prices that fall within particular ranges for
that specific hour. In theory, exactly 60% of all simulated price values (not 60% of the complete daily curves) should lie
between the 20% and 80% quantiles, since the quantiles are defined per hour. 

This property is examined empirically using a hold-out test dataset. We generate 10,000 simulated price scenarios and
then evaluate their quantile distributions using the procedure outlined in [1] to assess factor models on the German
electricity market. Quantile intervals are constructed from the simulated outputs. Ideally, for example, precisely 20% of the
observed (realized) test values should fall within the band bounded by the 0% and 20% quantiles. The same logic holds
for the interval between the 20% and 40% quantiles, and so forth. Figure 8 presents a heatmap that visualizes the
theoretical ideal outcome: in a perfectly calibrated model, the realized prices would be uniformly distributed across the
quantile bands derived from the simulations.

Figure 8. Heatmap of theoretical best case.

Distribution of difference 



Hassan et al. J Smart Grids Energy Anal Optim (2024) 3:73
Page 18 of 29

https://doi.org/10.68159/e019420367

Results and Discussion

A further key quantitative measure in day-ahead electricity price modeling involves examining the distribution of
deviations between simulated and actual prices during the test period, following the approach described in [14]. This
difference distribution describes the likelihood of observing any given price deviation. In an unbiased and well-calibrated
model, the mean of these differences should be zero, while the standard deviation should align with typical levels of
electricity market volatility. Any noticeable skewness in the distribution would suggest a systematic tendency for the model
to over- or under-predict prices.

Quantitative analysis – sensitivity 
As demonstrated by numerous studies, conditioning GANs on rich feature matrices has proven highly effective. However,
the direct impact of individual input features on the model’s predictions cannot be inferred straightforwardly from the
learned parameters. To address this, we conduct a sensitivity analysis by systematically perturbing single features and
observing the resulting changes in output behavior. The goal is to verify whether the model appropriately responds to the
core mechanisms that govern electricity market dynamics.

Key market drivers include fluctuations in renewable generation (which typically increase downside price risk while
reducing upside risk), shifts in demand, changes in available conventional capacity, and variations in point price forecasts
or preceding-day price patterns. In this analysis, we focus on perturbing the latter group of features. For each selected
feature, we apply multiplicative adjustments of –30%, –20%, –10%, +10%, +20%, and +30%, yielding six distinct
scenarios per feature. For every perturbation level, 10,000 full simulations are generated. The resulting shift in the
average simulated price serves as the primary indicator of the model’s sensitivity to that feature. Figure 9 outlines the
anticipated directional responses for each feature.

In real-world operation, an increase in renewable generation normally reduces residual load. To isolate individual feature
effects in this controlled experiment, we deliberately refrain from simultaneously adjusting residual load when scaling
renewable forecasts. This simplification is considered acceptable given the primary objective of cleanly measuring per-
feature influence.

Figure 9. Expected behavior on variation of features.

The presentation of results follows the same sequence. At the close of this section, the findings are interpreted in relation
to specific characteristics and mechanisms of electricity markets. 

Qualitative analysis 
The generated scenarios can be visualized as bands defined by selected quantiles. These can then be plotted as
demonstrated in Figure 10, which displays simulated electricity price trajectories for Wednesday, 5 July, 2023. The overall
price spectrum in the simulations spans roughly from −50 €/MWh to 300 €/MWh. Inspection of the red median line reveals
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a clear pattern: prices climb during morning and afternoon hours but decline noticeably around midday and into the
evening. This pattern aligns precisely with the dynamics previously shown and discussed in Figure 5. Both the median
trajectory and the surrounding quantile bands successfully reproduce this characteristic behavior. 

Further examination of the 98% prediction interval (which encompasses 98% of all simulated prices) reveals a substantial
spread in the outputs. This wide dispersion effectively rules out mode collapse in the latent space vector in the presented
example. Mode collapse is a training pathology in GANs in which the generator collapses into a single narrow mode,
producing outputs regardless of the input noise. In the context of electricity price curves, this would manifest as nearly
identical daily profiles across all simulations, irrespective of the latent vector or conditioning inputs. Mode collapse is a
specific form of overfitting [54]. It can be mitigated, for instance, by carefully tuning the learning rates of the generator and
discriminator, or by increasing the frequency of discriminator updates. Qualitatively, mode collapse in electricity price
modeling is readily detectable by generating and overlaying many curves using diverse latent vectors: minimal variation
or uniform appearance across different input signals is the issue. 

Additionally, GAN convergence is indicated by the discriminator loss stabilizing near 0.6. Tracking the discriminator loss
over training iterations, therefore, provides a useful diagnostic for assessing whether the model has reached equilibrium.
The subsequent stage of qualitative evaluation involves comparing the simulated scenarios against both point forecasts
and actual realized prices. 

Days with a high share of renewable energy 

Strong solar generation during daytime hours typically amplifies downward price pressure around midday. Figure 10
illustrates simulated scenarios for a representative day exhibiting this effect. The blue curve representing realized prices
remains comfortably within the 98% interval across all hours. The model clearly responds to elevated solar (yellow curve)
and wind (brown curve) inputs by substantially lowering the lower boundary of the 98% interval. According to the
simulations, negative prices fall well within the plausible range—an outcome observed in real market conditions under
high renewable penetration. 

Days with low share of renewable energy 

When renewable sources provide only a minor portion of the total supply, conventional fossil-based generation assumes
a larger role. Figure 11 depicts the situation on Wednesday, 22 February 2023. The limited presence of variable
renewables leads to noticeably flatter price profiles during peak-demand periods, as reflected in the narrow quantile
bands. Both the median curve and the surrounding intervals display relatively stable behavior, closely mirroring the
realized prices and the available forecasts. Over the course of the day, the wide extent of the 98% interval suggests a
pronounced likelihood of elevated prices relative to depressed ones. Qualitatively, this upward price risk associated with
low renewable shares appears consistent and plausible. 

Figure 10. Simulations for a day with a high share of renewable energy. 
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Figure 11. Simulations for a day with a low share of renewable energy. 

Figure 12. Simulations for multiple days.

Seasonalities in daily and weekly patterns 

Extending the view across several consecutive days makes recurring day–night and weekday–weekend cycles clearly
emerge. Figure 12 presents simulated price scenarios covering Wednesday, 30 August 2023, through Saturday, 2
September 2023. The red median curve closely tracks the typical diurnal rhythm and shows pronounced sensitivity to
solar and wind generation around midday. During noon hours, the lower boundary of the prediction intervals drops
markedly, signaling elevated downside price risk. Both the median trajectory and the quantile bands indicate a distinctly
higher probability of lower prices on Saturday than on weekdays, consistent with the well-known reduction in demand on
weekends. Notably, every realized price throughout the period falls inside the 98% interval. The following subsection
provides a quantitative assessment of how many actual observations land within the predicted quantile intervals.

Quantitative analysis – distribution of quantiles and deviations 
Table 1 compiles the CRPS∗ scores obtained for the TSS-CGAN and the selected benchmark models. The proposed
TSS-CGAN achieves the lowest (best) CRPS∗ value of 14.29 €/MWh. Prophet closely follows at 15.65 €/MWh, while
TFT records 18.51 €/MWh. DeepAR shows the highest (worst) score at 28.49 €/MWh. 

The TSS-CGAN harnesses the adversarial training framework of GANs to effectively learn intricate temporal relationships
and faithfully represent the intrinsic uncertainty present in time series, proving especially valuable when data exhibit
strong nonlinearities. By comparison, Prophet is purpose-built to model seasonal patterns and long-term trends, offering
fast training and high interpretability—qualities that make it particularly well-suited to forecasting tasks dominated by clear
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seasonality. TFT leverages attention mechanisms to selectively emphasize the most informative parts of the input history,
enabling strong multi-horizon performance and explaining its clear advantage over DeepAR. DeepAR relies on
autoregressive recurrent networks to generate predictions conditioned on historical observations and performs reliably on
large collections of time series. Yet, it appears less capable of capturing the same level of complexity as TSS-CGAN. 

Table 1. Results of CRPS in comparison to benchmark models. 

Model CRPS* in €/MWh

DeepAR 28.49

Prophet 15.65

TFT 18.51

TSS-CGAN 14.29

Although Prophet delivers quick, transparent forecasts, its relatively straightforward modeling assumptions can overlook
subtle interactions that TSS-CGAN captures, rendering the latter more robust under volatile or structurally complex
market conditions. TFT’s attention-based architecture enables it to surpass DeepAR on tasks that demand a refined
understanding of sequential dependencies, consistent with earlier findings reporting up to 36% gains in multi-step load
forecasting accuracy when using TFT [53]. DeepAR’s strength lies in its scalability across many parallel time series,
which may favor it in certain high-volume applications. The markedly lower CRPS∗ obtained by TSS-CGAN
demonstrates superior calibration of the predicted price distribution—an essential property for risk management and
decision-making in electricity markets. The main drawback remains the substantially longer training time compared with
Prophet’s near-instantaneous fitting. Consequently, while TSS-CGAN excels in distributional accuracy, Prophet may be
the practical choice whenever rapid turnaround is prioritized.

 Quantiles of the simulations 

Quantile levels at 0%, 20%, 40%, 60%, 80%, and 100% are computed from the full set of simulated prices. In the ideal
scenario, each of the five resulting intervals would contain exactly 20% of the realized test prices across all 24 hours.
Figure 13 visualizes the outcome of this evaluation. 

The empirical distribution of realized prices across these intervals reveals some deviations from uniformity. In particular,
the model assigns greater probability to elevated price levels, as indicated by an over-representation of actual
observations in the lowest quantile band (0%–20%). For certain hours—specifically contracts 5 and 10 through 13—up to
45% of realized values fall into this bottom interval, well above the expected 20%. Aggregating across all hours reinforces
the same tendency toward higher simulated prices. The concentration of realized values in lower intervals during midday
hours may partly stem from the pronounced price-depressing effect of solar generation, which appears stronger in reality
than the model anticipates. Detailed results are presented in Table 2. 

Figure 13. Frequency of real prices in specific intervals, hourly based. 
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Overall, the simulations exhibit a systematic bias toward higher price outcomes. One plausible explanation is that the
training data included episodes of extreme volatility and very large positive price spikes. In contrast, the test period
featured comparatively moderate price levels—as will be revisited in Figure 14. 

Table 2. Frequency of real prices in the test period in quantile ranges of 10,000 simulations.

Quantile range % Real prices in quantile range

0%–20% 24

20%–40% 22

40%–60% 24

60%–80% 18

80%–100% 9

Distribution of difference 

The likelihood of positive versus negative deviations can be effectively visualized through a probability distribution. Figure
14 displays the distribution of differences between simulated and actual prices across the complete test period. 

The shape closely approximates a Gaussian (normal) distribution, with probabilities tapering off symmetrically in both the
positive and negative directions as the magnitude of deviation grows. A red vertical line marks the mean, which stands at
+55 €/MWh. The median, shown as an orange vertical line, is located at +35 €/MWh. Dashed vertical lines indicate the
standard deviations. Notably, the spread around the mode is asymmetric, with the positive tail extending farther than the
negative one. 

Figure 14. Deviation distribution of simulations from real prices.
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Quantitative analysis – sensitivity 
The final component of the quantitative assessment consists of a sensitivity analysis that systematically perturbs selected
input features. Each chosen variable is scaled by 10%, 20%, and 30%. The outcomes of this analysis are summarized in
Table 3. All reported figures represent the percentage change in average simulated price relative to the baseline
(unperturbed) simulation. 

In every tested scenario, the model shifts the average electricity price in the direction expected by logic (Table 3). It
demonstrates clear sensitivity to changes in fundamental inputs. For instance, raising the renewable generation forecast
by 30% results in an average price reduction of approximately 5%. The model shows even stronger responsiveness to
adjustments in price-related features: increasing the point price forecast by 30% produces an average 14% rise in
simulated prices. A comparable but somewhat milder effect occurs when scaling previous-day prices—here, a 30%
increase leads to roughly 9% higher average scenarios. This greater influence of direct price forecasts is reasonable,
since those forecasts pertain exactly to the simulated future period. 

In contrast, the model exhibits near-neutral behavior with respect to demand variations: a 30% increase in forecasted
demand results in only about a 1% increase in average prices over the evaluated period. Perturbations to fossil-fuel
capacity values elicit a consistent but weak positive price response—an increase in available capacity leads to slightly
elevated simulated prices. Whether this counterintuitive direction accurately reflects real-market dynamics is debatable.
One could argue that greater capacity availability might push prices down by alleviating scarcity; alternatively, higher
capacities could enable more expensive marginal units to enter the merit order, thereby exerting upward pressure.
Regardless, the model’s limited sensitivity to changes in fossil capacity and demand can be viewed as advantageous, as
it suggests robustness against potential systematic biases or data inaccuracies in those variables. 

Table 3. Results of sensitivity analysis.

Feature Change 10% 20% 30%

Demand FC + 0.07 0.56 0.66

- -0.51 -0.71 -1.31

Fossil Fuel FC + 0.56 0.92 1.41

- -0.63 -1.39 -2.07

Prev Day Price + 3.12 6.14 9.43

- -3.65 -6.93 -9.35

Price FC + 4.70 8.88 13.85

- -4.93 -10.09 -14.53

Renewables FC + -1.21 -3.09 -4.65

- 1.14 2.68 4.19

Further analysis 
The preceding findings consistently indicate a systematic overemphasis on higher price levels in the simulated
distributions. Closer inspection of the target variable itself sheds light on the origin of this tendency. Figure 15 compares
the distributions of realized day-ahead prices during the training and test periods. 
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Conclusion

Both distributions are markedly right-skewed, yet the training data exhibit far more extreme positive outliers. The
European energy market experienced severe disruption in 2022 due to geopolitical tensions, resulting in exceptionally
high volatility and uncertainty. This instability manifested in extraordinarily elevated prices; for example, the wholesale
day-ahead price on 29 August 2022, for the 19:00–20:00 delivery hour, reached 871 €/MWh—the highest level recorded
since the inception of organized exchange trading [55]. Having been exposed primarily to this highly volatile training
distribution, the model internalized a strong expectation of large upward price movements. Consequently, even during the
comparatively calmer test period, the generated scenarios remain biased toward higher prices. 

Figure 15. Distribution of target variable.

Strengths
The evaluation demonstrates that the generated electricity price scenarios fall plausibly within the spectrum of realistic
market outcomes. Qualitatively, the model successfully captures the price-depressing impact of renewable energy
sources and faithfully reproduces the characteristic intraday and weekly cyclical patterns. The sensitivity analysis further
confirms the model’s appropriate responsiveness to targeted changes in market drivers. Moreover, by leveraging the
latent space vector, the TSS-CGAN produces a diverse array of plausible price paths, effectively preventing mode
collapse.

Weaknesses
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In the median trajectory, the model consistently underpredicts prices during early morning and late evening hours. The
uppermost quantile band (80%–100%) should, in theory, encompass 20% of the realized test values, yet it contains only
9%. This same upward bias in the simulated distributions manifests in a skewed difference distribution and a
predominance of negative deviations (simulated prices falling below realized prices). Additionally, the model’s robustness
to degraded input forecast quality remains untested, presenting a clear avenue for future investigation.

Outlook
This study demonstrates the construction of a Conditional Generative Adversarial Network tailored for generating day-
ahead electricity price scenarios. The proposed TSS-CGAN is inherently adaptable: it can be trained on data from any
electricity market and flexibly accommodates different sets of conditioning features, depending on the specific market
context and the data available to the user. 

Potential enhancements include replacing binary cross-entropy with a Wasserstein loss function incorporating gradient
penalty (WGAN-GP) [56], following the approach taken in earlier relevant studies such as Demir et al. [20] and Lu et al.
[21]. Such a modification could enhance training stability and improve generalization performance. Another promising
direction is to increase architectural complexity—for instance, by adopting the TimeGAN framework introduced by Yoon et
al. [13]. TimeGAN has already proven effective in several energy-domain applications, including day-ahead electricity
price forecasting [22], synthetic load profile generation [57], and photovoltaic power output simulation [58]. 

Generative modeling of time series remains a relatively nascent research area, and its relevance—particularly for energy
market applications—is likely to grow substantially in the years ahead.
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