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Abstract: This paper describes the development of a deep neural network architecture based on
transformer encoder blocks and Time2Vec layers for the prediction of electricity prices several steps
ahead (8 h), from a probabilistic approach, to feed future decision-making tools in the context of the
widespread use of intra-day DERs and new market perspectives. The proposed model was tested
with hourly wholesale electricity price data from Colombia, and the results were compared with
different state-of-the-art forecasting baseline-tuned models such as Holt–Winters, XGBoost, Stacked
LSTM, and Attention-LSTM. The findings show that the proposed model outperforms these baselines
by effectively incorporating nonlinearity and explicitly modeling the underlying data’s behavior, all
of this under four operating scenarios and different performance metrics. This allows it to handle
high-, medium-, and low-variability scenarios while maintaining the accuracy and reliability of its
predictions. The proposed framework shows potential for significantly improving the accuracy of
electricity price forecasts, which can have significant benefits for making informed decisions in the
energy sector.

Keywords: decision making; deep learning; electricity price forecasting (EPF); probabilistic forecasting;
time series forecasting

1. Introduction

The integration of distributed energy resources (DERs) into modern power systems is
becoming increasingly important as new multi-resource electricity transactions emerge [1].
DERs, including residential photovoltaic (PV) systems, demand response (DR), and energy
storage systems (ESSs), have the potential to provide numerous technical and environ-
mental advantages [2]. However, there are still a number of transactional and reliability
challenges associated with integrating distributed energy resources (DERs) into existing
power grids [3]. The inclusion of these energy assets introduces additional complexity in
forecasting future electricity prices, as traditional models may no longer be sufficient [4].
Due to their intermittent nature and variability, PV-powered DERs can significantly impact
the supply and demand dynamics of the power system, which increases uncertainty in
price forecasting.

In this context, accurate electricity price forecasting has an important role in decision
making by various stakeholders and the development of innovative business and market
models towards a future power grid [5]. Market players such as generators, retailers,
and consumers require accurate price forecasting to optimize their operations, manage
their energy portfolios, and make informed decisions about energy transactions according
to their interests [6]. This also enables innovative business models, such as peer-to-peer
energy trading, grid balancing services, and energy aggregation platforms, along with DER
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integration. These developments foster a dynamic and decentralized energy landscape,
offering opportunities to enhance efficiency and sustainability in the energy sector [7].

Consequently, short-term power price forecasting has gained significant importance
and development in recent times [8–10]. The emergence of new market approaches, such
as intra-day periods, has also increased the need for accurate forecasts. This allows market
participants to adjust their strategies and optimize their energy trading activities in shorter
time frames. Such predictions are essential for market participants to effectively manage
their assets, hedge risks, and take advantage of opportunities presented by dynamic market
conditions [11].

To address these challenges and take advantage of the aforementioned opportunities,
the present paper aims to predict intra-day electricity prices using a tuned multi-step
forecasting model called Time2Vec Transformer (T2V-TE). This model incorporates a com-
bination of stacked transformer encoders and a special time-varying embedding called
Time2Vec. To evaluate the performance of the model, (both point and probabilistic ap-
proaches), different comparison baseline forecasting models were considered, including
Holt–Winters, XGBoost, and LSTM-based models, to analyze historical hourly electricity
prices in the Colombian wholesale market. This analysis was conducted in the context of
the increasing integration of DERs and the exploration of new market insights.

1.1. Literature Review

The electricity price is a crucial factor in energy markets and current power grids, play-
ing a pivotal role in providing a reliable and economically efficient power supply [1,12,13].
Therefore, precise electricity price forecasting is essential for all stakeholders, as it em-
powers them to make informed decisions that increase profitability and reduce risks in
competitive electricity markets. In addition, it enhances the overall stability and optimal
operation of the power grid, even in scenarios involving the inclusion of new energy
resources such as DERs.

However, developing a robust electricity price forecasting model (with either a proba-
bilistic or point-wise approach) presents significant challenges. Not only does it display
a level of seasonality, but it also exhibits highly nonlinear and time-varying features [14].
Consequently, there has been a strong interest in developing models that can effectively deal
with these complex issues. Various approaches have explored advanced regression models
to manage the complexities of accurately predicting electricity prices, including statistical
time series analysis methods as well as various artificial intelligence (AI) algorithms.

Initially, traditional time series analysis forecasting models (e.g., linear regression,
moving averages, auto-regressive models, etc.) were used, including more sophisticated
ones (e.g., ARIMA, SARIMA, exponential smoothing, Box–Jenkins, state-space, or hybrid
statistical models) [15], to capture patterns and seasonality in electricity price data. Several
studies, including [16–19], have examined electricity price forecasting using this approach.
These models were the basis for the development of more robust forecasting methods.
In [16], an ARIMA model coupled with a neural network (a multi-layer perceptron in this
case) was developed. The ARIMA model captured linear patterns, while the MLP modeled
the remaining nonlinear residuals. The results suggest that the combined model produces
lower forecast errors, measured by the mean absolute percentage error (MAPE) and mean
absolute deviation (MAD), than either model used separately.

Likewise, the authors in [17,18] developed some ARIMA, SARIMA, GARCH, and
hybrid models for modeling and forecasting electricity prices. They explore various model
structures and evaluate their accuracy using statistical measures (R2 and MAPE). The
results highlight the competitiveness of these hybrid models for this task. A hybrid
model combining multivariate linear regression with ARIMA and Holt–Winters models
is presented in [19]. Tests on data from the Iberian electricity market show superior
performance (from MAPE) compared to some benchmark models, with promising results
under different scenarios.
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There are also studies [20–22] focusing on the comparison of different time series
analysis methods for electricity price forecasting. In [20], the authors compare several
prediction models, including SARIMA, SARIMAX, and ARIMA, to predict day-ahead
electricity prices in Germany. The SARIMAX model with exogenous variables performed
the best, enhancing the forecast accuracy. The authors in [21] compare double and triple
exponential smoothing for electricity price forecasting from volatility, using elastic net
regularization. The results show superior performance for triple exponential smoothing
and reduced mean square error with regularization. The findings enable informed decision
making for power generation scheduling in the electricity market. Furthermore, accurate
forecasting results have been obtained through various auto-regressive statistical models
and their derivatives, as presented in [22]. Detailed computational procedures are provided
along with numerical results and performance (MAPE), with some promising results and
issues to consider.

However, the time series analysis models commonly presented rely on linear rela-
tionships and stationarity, hindering their accuracy for data with high variability and
seasonality, as well as predicting values multiple steps into the future, even in hybrid
models. Nonetheless, these models perform acceptably when the seasonality of the data
is low (e.g., week- or month-long patterns with small deviations). Consequently, these
models prove more fitting for other energy-related tasks. They also promotes the explo-
ration of various forecasting methods. In this regard, machine learning (ML) algorithms
have shown promising results in the prediction of electricity prices both in point and
probabilistic approaches [23], given their suitability for the high variability (associated with
nonlinearity) and seasonality evident in these data. Many researchers have developed
predictive models to forecast electricity prices in various countries and scenarios. Some of
the ML models widely used for this task include support vector machines (SVMs) [24–26],
tree-based models [27–29], k-nearest neighbor (KNN) [30–32], shallow architectures of
artificial neural networks (ANNs) [33–35], quantile regressor as a probabilistic forecasting
approach [36–38], and different related hybrid models [39–46].

For instance, in [26], an electricity price and short-term load forecasting model is
presented using improved SVM and KNN algorithms. The study utilized the New York
Independent System Operator (NYISO) dataset for six months, and applied feature selection
and extraction techniques. The modified SVM and KNN models are evaluated using metrics
such as MAE, RMSE, and MAPE. In a similar vein, in [29], the prediction of electricity
prices in Victoria, Australia was analyzed using various tree-based regression algorithms,
including gradient boosting, decision tree, and random forest regression models, with
the performance evaluated using metrics such as MAE and R2. Furthermore, in [46], a
hybrid machine learning model for short-term electricity price forecasting is proposed.
The model merges linear regression with ensemble tree-based models. Metrics such as
MSE and MAE are used to fit and evaluate the performance of the model. The results
reveal that the proposed model outperforms other single and hybrid models in terms
of prediction accuracy. In [39], the authors used the SVR-based hybrid model alongside
various feature selection techniques to forecast electricity price spikes. Likewise, the authors
in [45] developed a hybrid forecasting model that combines a seasonal component auto-
regressive model with an ANN model. The model was applied to forecast day-ahead
electricity prices with acceptable accuracy.

As with statistical time series analysis models, there are also some studies [47–49] that
focus mainly on the comparison of different ML models for electricity price forecasting
under specific contexts. In [47,48], the authors compare forecasting models for predicting
short-term electricity prices in the Italian market. Different regression methods, including
SVM, Gaussian process, decision trees, MLP, parametric and non-parametric methods
are evaluated using performance metrics such as MAE, RMSE, R, and percentage error
anomalies. Likewise, the authors in [49] provide an extensive overview of the current level
of advancement in short-term electricity price prediction. They examine the application of
single and hybrid machine learning models, assess their effectiveness through evaluation
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metrics like MAE, RMSE, and MSE, and identify the influence of distinct features on their
forecasting performance. In this case, they use data from the Nord Pool market.

However, the above ML models and comparisons for electricity price forecasting
only focus on shallow learning. Since shallow ML models are sensitive to overfitting and
gradient vanishing, they are limited in their ability to handle large data and complex non-
linear (extreme variant) issues [50]. Therefore, the combination of intelligence optimization
theories and advancements in computer technology has led to a growing research interest
in predictive models in this area, particularly using deep learning (DL) architectures due
to their remarkable performance and broad application scope. There have been develop-
ments in electricity price time series prediction models with different architectures, some of
which are: convolutional network (CNN) [51–53], recurrent neural network (RNN)-based
models [54–58], generative models [59,60], Bayesian networks (BNs) [61,62], and hybrid
models (ensembles, signal preprocessing steps, among others) [63–66].

Among the various deep learning architectures used for this task, RNN-based models
stand out for their recurrent feedback network framework. Unlike other forecasting models,
RNNs consider the temporal and abstract correlations of the time series, enabling a more
thorough and comprehensive modeling of the time series data. For instance, in [56,67], the
authors present a hybrid forecasting model for the short-term prediction of electricity load
and price. The model integrates wavelet transform with feature selection based on entropy
and mutual information, utilizing LSTM networks. The results (using MAPE, RMSE, and
variance) show in both cases the accuracy of the load and price predictions. Similarly,
in [58], electricity price forecasting is explored, focusing on proposed long-term and short-
term memory networks using historical prices, timestamps, and additional engineering
features. The research results highlight the meaningful impact of feature selection on
forecast accuracy and the importance of selecting appropriate test datasets, especially when
drastic trend changes occur in historical data.

Despite the variety of objectives and architectures employed in the development
of predictive models in this field, most of them have predominantly utilized a point or
deterministic approach. However, there are other outstanding concerns. Firstly, raw
features containing outliers and high-dimensional data can complicate feature extraction.
Hence, feature preprocessing will be critical in obtaining representations that facilitate
precise forecasting. Secondly, point forecast models lack the ability to adequately assess
the forecast uncertainty in electricity prices, which is detrimental to the risk trade-off,
considering the data noise [68]. Both of these factors are crucial to consider when using
these models as input for informed decision-making tools. However, there is still a lack of
development in these issues.

1.2. Key Contributions

The key contributions of this paper are summarized as follows:

• Firstly, this paper presents a Time2Vec-Transformer encoder model, a hybrid architec-
ture for temporal representation and sequence handling in order to provide inputs
for point-wise and probabilistic hourly electricity price time series forecasting for
intra-day periods (8 h ahead). This framework aims to provide valuable insights for
the development of decision-making tools for different energy market players or new
DER-related business models with public data. The hyperparameters of this model
were tuned with Bayesian optimization algorithms.

• Subsequently, we provide a benchmark comparison of the proposed model with dif-
ferent time series forecasting approaches such as machine learning, deep learning,
and time series analysis (TSA). This comparison was conducted for both point-wise
and probabilistic forecasting with different and focused metrics. Therefore, the per-
formance analysis of the prediction is more comprehensive and better focused on the
development of new decision-making tools.

This paper is structured as follows: Section 2 presents the methodology, along with
the details of the proposed T2V-TE model and a description of baseline benchmark models.
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Section 3 showcases the experimental results and provides a comprehensive analysis.
Finally, Section 4 summarizes the paper, highlighting key findings, and future research
directions with conclusive remarks.

2. Methodology

The methodology employed in this study encompasses three distinct phases. In the
initial phase (phase 1—dataset preparation), the primary objective is the acquisition and
processing of data. This involves transforming the electricity price time series into a dataset
that is compatible with the proposed Time2Vec-Transformer probabilistic forecasting model.
Subsequently, this resultant dataset is partitioned into training, validation, and test sets.
In the second phase (phase 2—model development), the focus shifts to the development
and fine-tuning of the proposed T2V-TE model. In this phase, the datasets obtained in
the previous phase are used to build and optimize the model. Finally, the third phase
(phase 3—model benchmarking) focuses on evaluating the performance of the proposed
model. This evaluation is performed in comparison to several state-of-the-art forecasting
models and approaches, namely, XGBoost, Holt–Winters models, and LSTM-based models.
A variety of performance metrics, both point and probabilistic forecasting metrics, are used
for this evaluation. Figure 1 provides an overview of the methodology used in this study.

Figure 1. Framework of this research, including electricity price time series conversion, data splitting,
proposed model and baseline development and further assessment.

2.1. Data Collection and Processing

In the field of prediction, time series refer to systematically structured and chronologi-
cally ordered datasets collected at consistent intervals, such as hourly, daily, or weekly ob-
servations. The inherent regularity of these data sequences introduces the potential for inter-
dependence among the response variables, thereby posing significant hurdles for machine
learning (ML) and deep learning (DL) algorithms commonly employed in regression tasks.
These challenges primarily take the form of multi-collinearity and non-stationarity issues.
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Hence, in order to prepare a dataset suitable for the forecasting model proposed in
this paper, the time series is transformed into a reshaped dataset with non-time-dependent
input features X and output variables Y. The format of the input features is [samples, lags,
features], while the output variables have a shape of [samples, horizon], according to the
architecture of the model presented below.

To accomplish this, the sliding window technique is applied. This method involves
using data for training and forecasting, which is particularly useful for predicting time
series data. In this case, a forecasting window of 24 h (last 24 hourly electricity prices,
i.e., 24 time lags) and a forecasting horizon of 8 h (i.e., 24 outputs considering upper and
lower forecasting intervals) were chosen based on time series analysis tools and extensive
experiments conducted to tune the model. These values were chosen to align with the
objective of the model, which is to provide intra-day predictions for electricity prices.
Figure 2 shows the sliding window technique used for this case.

Figure 2. Dataset preparation with sliding window technique [69].

After the data transformation process described previously, we randomly split the
dataset into 64%, 16%, and 20% for the training, validation, and test sets, respectively. The
20% test set represents a full year of hourly electricity prices. The remaining data were
divided into 80% training (64% of all data) and 20% validation (16% of all data) sets, after
extensive performance testing with different training–validation data ratios.

2.2. Model Development

This section provides a comprehensive overview of the time series forecasting model
proposed in this article. To handle the issues of electricity price forecasting, we introduce a
hybrid approach referred to as T2V-TE (deep transformer encoders with Time2Vec embed-
ded time representation). The T2V-TE methodology synergizes the temporal representation
capabilities of Time2Vec with the robust encoding capabilities of deep transformer models,
thereby improving the reliability and accuracy of electricity price forecasts. The overall
method is outlined as follows.

Time2Vec-Transformer Model (T2V-TE)

The hybrid T2V-TE model comprises a Time2Vec (T2V) [70,71] embedding processing
as an input layer, followed by a stacked transformer encoder architecture [72], and a dense
output layer divided into 3 segments. Each dense layer segment presents the number of
units corresponding to the 8 h ahead prediction horizon, considering prediction, upper,
and lower bounds, respectively. This model architecture requirement is critical, since for
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stakeholders and related decision-making tools, the information obtained in a multi-step-
ahead prediction is more valuable than a single-step-ahead prediction [73].

Thus, the processed hourly electricity price data enters the input layer correspond-
ing to a Time2Vec block. Here, we obtain a time representation of the data that is both
explicit (i.e., unaffected by changes in time scale) and embedded, making it independent
of the specific model employed. This representation is well suited for integration into any
neural-network-based architecture in order to capture periodic (using periodic signals as
sinusoidal signals) and non-periodic input signal behavior. This layer automates the feature
engineering of these data and enhances their modeling capabilities. This data processing
approach is based on the deployment presented in Equation (1).

Time2Vec(τ)[i] =

{
ωi · τ + φi if i = 0,
F(ωi · τ + φi), if 1 ≤ i ≤ k

(1)

In this context, we denote τ as the raw data, while ω and φ represent sets of tunable
parameters utilized in the model learning process. The activation function for this layer,
denoted as F, is carefully selected to capture the periodic behavior inherent in the data.
In this particular case, a sine function has been chosen due to its well-suited periodic
features. Lastly, the hyperparameter k defines the output dimension of this layer, which
constitutes the Time2Vec (T2V) output. The results obtained from the T2V layer encompass
a composite representation of sinusoidal patterns learned by this layer, in conjunction with
a linear representation according to i = 0, as depicted in Figure 3.

Figure 3. Time2Vec block.

All of this concatenated data feeds a set of stacked transformer encoder blocks. These
architectures use only attention mechanisms for sequence-based data processing. This
makes them well suited for time series prediction because time series data are inherently
sequential. The transformer encoder does not utilize recurrent and convolutional layers,
which are commonly used in sequence modeling. Instead, it employs stacked multi-head
self-attention and full-connected layers. Both layers are followed by dropout and add
(residuals) and normalization layers as shown in Figure 4.
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Figure 4. Single transformer encoder block.

Each encoder block in this model creates representations (or encodings) of critical
information about which sections of the input data are relevant to each other. These
encodings are then passed to the next encoder block, where they are used to create even
more complex data representations. To achieve this, each encoder block employs multi-
head attention. The multi-head attention mechanism measures each input’s importance to
the overall input sequence and then weights the inputs accordingly.

Moreover, within each multi-head attention module of an encoder block, there are
three trainable weight sets: query (Q), key (K), and value (V) weights. Each attention
head is responsible for distinguishing the significance levels among the input parameters.
The standalone attention outputs, as depicted in Equation (2), are then concatenated and
subjected to a linear transformation to obtain the desired dimension. Multi-head attention
enables the model to capture many linkages and nuances for each input.

Attention(Q, K, V) = softmax
(

Q · K
dk

)
·V (2)

Here, dk represents the dimension of the key and value vectors. The multi-head
attention score is obtained by merging the output from h heads, as expressed in Equation (2),
and then scaling it by a trainable projection parameter W, as illustrated in Equation (3).
Notably, to avoid overfitting, dropout procedures of 20% and 40% have been incorporated
between the attention and dense sub-layers within each transformer block, respectively.

Multi-head Attention = Concat(Att1, ..., Atth) ·W (3)

Once the transformer encoders have processed the data, these representations are fed
to three different segments of eight dense output layers as described above, linked with
different forecasting tasks: lowest electricity price, point prediction, and highest electricity
price, respectively, as shown in the model architecture presented in Figure 5. We used the
pinball loss function, as shown in Equation (4), as a loss function for each segment output
with different quantiles (i.e., quantile regression), in order to obtain both the point-wise
prediction and the probabilistic prediction interval.

Lossτ(Ep, Êp) =

{
(1− τ)(Ep − Êp) if Ep − Êp ≥ 0
τ(Ep − Êp) if Ep − Êp < 0

(4)
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where Ep is the observed electricity prices, Êp is the predicted electricity prices, and τ is the
desired quantile. Finally, each output segment is scaled to its original range, and subse-
quently evaluated through the use of different performance metrics, as described below.

Figure 5. The proposed T2V-TE model for the hourly electricity price probabilistic forecasting.

2.3. Assessment of Forecasting Performance

To assess the performance of the proposed forecasting model, two distinct method-
ologies, namely, point-wise and probabilistic forecasting, will be employed. Performance
metrics commonly utilized for this category of tasks have been chosen from the point-wise
perspective. These metrics encompass root mean square error (RMSE), mean absolute
error (MAE), and mean absolute percentage error (MAPE), as defined in Equations (5)–(7).

In these equations, E(i)
p denotes the i-th observed electricity price value,

ˆ
E(i)

p represents
the i-th data point predicted by the model, and N signifies the total number of samples.
Importantly, in addition to serving as indicators of forecasting performance, these metrics
also offer indirect assessments of the risk associated with the characteristics of the variable
being predicted. Specifically, they provide measures of both risk neutrality (MAE) and risk
aversion (RMSE).

RMSE =

√√√√ 1
N

N

∑
i=1

(E(i)
p −

ˆ
E(i)

p )2 (5)

MAE =
1
N

N

∑
i=1

∣∣∣∣E(i)
p −

ˆ
E(i)

p

∣∣∣∣ (6)

MAPE =
1
N

N

∑
i=1

∣∣∣∣E(i)
p −

ˆ
E(i)

p

∣∣∣∣
E(i)

p

× 100% (7)
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From a probabilistic perspective, the performance metrics focus on three critical issues
of this type of prediction for decision-making tasks: uncertainty as measured by the
mean prediction interval width (MPIW), the forecasting precision as measured by the
percentage interval normalized average width (PINAW), and the reliability as measured by
the prediction interval coverage probability (PICP).

The MPIW is a metric that indicates the average size of the prediction intervals
generated by a model, as shown in Equation (8). It represents the amplitude or amount of
uncertainty associated with the model predictions. It is expressed in units of the variable
(in this case COP/kWh). A larger MPIW indicates greater variability and, therefore, greater
uncertainty in the model predictions.

MPIW =
1
N

N

∑
i=1

(E(i)
p(1−α)

− E(i)
p(α)) (8)

where α is the confidence level, E(i)
p(α) and E(i)

p(1−α)
are the lower and upper bounds of the

prediction interval for each observation i, respectively. N is the total number of observations
used to calculate this metric.

The PINAW is a metric that evaluates the accuracy of the model by comparing the
average size of the prediction intervals to the size of the observed values. It is calculated as
the percentage of the arithmetic mean of the observed values covered by the prediction
intervals, as evidenced in Equation (9). A lower PINAW indicates higher accuracy, as
it implies that the prediction intervals cover a smaller proportion of the observed data,
suggesting better agreement between the predictions and the observed values.

PINAW =
1
N

N

∑
i=1

E(i)
p(1−α)

− E(i)
p(α)

max(Ep)−min(Ep)
× 100 (9)

where Ep is the training data, and max(·) and min(·) are the maximum and minimum
functions, respectively.

The PICP is a metric that assesses the reliability of the forecasting model by determin-
ing what proportion of the observed values fall within the prediction intervals generated.
It is expressed as a percentage, and the higher the PICP, the greater the confidence that
the prediction intervals adequately capture the true values. The PICP metric is defined in
Equation (10).

PICP(α) =
1
N

n

∑
i=1

I(E(i)
p ∈ [E(i)

p(α), E(i)
p(1−α)

])× 100 (10)

Here, the expression I(·) represents an indicator function, which evaluates to a value
of 1 when the specified condition is true and 0 otherwise.

3. Results and Discussion

The objective of this study is to forecast electricity prices with an 8 h lead time, em-
ploying both point-wise and probabilistic approaches. The experimentation utilized hourly
electricity price data from the Colombian wholesale market spanning from 1 January 2018
to 31 December 2022, encompassing a total of 43,824 samples. These data were obtained
from the Colombian market operator web platform Sinergox, from XM [74].

To assess the effectiveness of the proposed hybrid forecasting model it is compared
with established techniques in time series analysis, as well as state-of-the-art machine
learning and deep learning models commonly employed in similar time series forecasting
tasks within the energy sector. Specifically, the baseline methods selected for this analysis
include Holt–Winters [19], XGBoost [10,75], and two LSTM-based models [7,66], namely,
Stacked LSTM and Attention-LSTM [55,57,67].

All computational simulations and data processing were conducted on a Windows®

PC equipped with an Intel® Core i5+ 10300H processor running at 2.5 GHz, and featuring
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16.00 GB of RAM. The experiments were performed using Google® Colab, and the following
Python libraries and APIs were employed for hyperparameter tuning, model training, and
performance assessment: Scikit-learn 0.24 [76], Keras backend [77,78], and Statsmodels [79].

3.1. Exploratory Data Analysis

Using the approach described above, the exploratory data analysis (EDA) of the elec-
tricity price time series, as illustrated in Figures 6 and 7, affirms a robust correlation between
fluctuations in electricity load and supply and corresponding variations in electricity prices.
This relationship aligns with previous research findings [13,80–82]. Notably, during peak
hours (specifically, hours 19 and 20), when power consumption is at its highest, the price
rises to its daily peak, Conversely, during off-peak hours (hours 3 and 4) the reverse trend
is observed. Instances of exceptionally high electricity prices (exceeding 650 COP/kWh)
occasionally occur, typically attributed to climatic or operational factors. However, such
occurrences remain infrequent, comprising less than 2.5% of the dataset.

Figure 6. Electricity price time series data analysis: (a) by hour; (b) yearly distribution.

This outlier description is evidenced in the histogram presented in Figure 6b which
shows the electricity price distribution for each year from 2018 to 2022. The x-axis shows
the price range, while the y-axis displays the frequency of occurrence for each price
range. The histogram reveals that electricity prices are concentrated in the range of 120 to
350 COP/kWh, with the highest frequency of occurrence around 130 COP/kWh. More-
over, the histogram demonstrates a slight shift towards higher prices in 2022 compared to
previous years, which may indicate an increasing demand for electricity or the influence of
various external factors on the market dynamics.
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Similarly, this same hourly behavior can be observed month by month throughout
the study period, as depicted in Figure 7. When performing a quarterly analysis, it can be
observed that Q2 and Q4 are the periods with the highest occurrence of electricity price
outliers, with June being the month with the highest frequency. In addition, the months of
February, October, and December show the highest variability in electricity prices in the
years under study. These patterns can be attributed to multiple factors, including seasonal
demand due to weather conditions, and coinciding with periods of increased economic
activity, among others.

Figure 7. Electricity price time series hourly data analysis by month.

On the other hand, Table 1 presents the statistical outcomes for electricity prices
arranged by year and quarter within this study. As noted in Section 2.1, the electricity price
data from 2018 to 2021 serves as the training and validation data (80%), while the data
from 2022 is the test data (20%). Upon analyzing the data, notable circumstances emerge.
The most noteworthy year was 2022, which showed significant changes, especially in the
second quarter. There was a substantial increase compared to previous years, making it the
most variable year among the data.
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Table 1. Descriptive statistics for Colombian electricity price.

Year Quarter Mean Max. Min. Std. Skew. Kurt.

2018

Q1 145.73 244.29 61.76 27.96 0.37 0.67
Q2 88.10 206.14 61.46 28.11 1.50 1.34
Q3 92.02 231.37 64.42 34.82 1.74 1.77
Q4 139.49 555.12 69.86 65.20 1.33 1.95

2019

Q1 283.27 510.57 75.92 63.87 −0.04 −0.36
Q2 158.55 325.02 69.95 62.76 0.55 −0.65
Q3 183.70 910.47 70.92 91.05 1.19 1.76
Q4 288.16 524.80 72.58 89.23 0.22 −0.38

2020

Q1 362.90 646.02 71.34 95.01 0.11 1.13
Q2 307.17 573.19 133.11 88.10 0.61 −0.46
Q3 155.65 272.54 81.85 30.92 0.08 0.88
Q4 180.51 745.50 78.46 63.76 1.56 6.02

2021

Q1 203.62 378.99 85.27 58.26 0.32 −0.68
Q2 117.67 257.81 85.06 35.99 1.06 −0.02
Q3 97.67 225.08 84.24 18.40 3.32 12.03
Q4 182.13 592.91 81.76 150.30 1.63 1.14

2022

Q1 302.23 731.24 93.49 134.44 1.52 1.60
Q2 117.68 1035.13 89.06 45.57 9.06 153.72
Q3 169.57 845.12 97.10 90.88 1.89 5.71
Q4 274.46 917.14 109.35 115.78 0.89 1.61

Therefore, according to the 2022 electricity price data behavior described above, sce-
narios of low (Q1), moderate (Q3), high (Q4), and very high (Q2) variability are identified
based on aspects such as IQR, range of values, and the number of outliers. These opera-
tional scenarios will be employed in the performance testing of both point prediction and
probabilistic forecasting for the proposed prediction model.

In this context, to assess the suitability of the data series as an input for the prediction
model and the proposed baselines, a stationary analysis was conducted using tests such as
the augmented Dickey–Fuller test (ADF). The results revealed that the p-value (6 × 10−5)
was significantly lower than the determined confidence interval values (0.05 and 0.01).
This result indicates that the time series is stationary. This means that it has no trends
or changing patterns. Thus, this makes it easier for the proposed forecasting model to
capture the temporal relationships and make more accurate predictions without additional
transformations. However, it is important to add that due to the requirements of the
proposed architecture, a standardization preprocessing was performed.

3.2. Hyperparameter Tuning

In order to obtain the best performance for the proposed model, an exhaustive search
for hyperparameters was undertaken, targeting the configuration that yielded the low-
est pinball loss, as delineated in Equation (4). The Adam algorithm [83] was chosen
as the optimizer for model training. Throughout the training and tuning processes,
provisions were made for early stopping and dynamic learning rate reduction, transi-
tioning from 0.001 to 0.00001, with the objective of mitigating overfitting and enhancing
forecasting accuracy.

The hyperparameter search was carried out using a Bayesian approach over tunable
parameters with flexible but limited ranges. These parameters included fixed values and
stochastic uniform (U) variations for the different layer units of the model, excluding the
last dense layer. To ensure a fair comparison among the models, the hyperparameter search
was performed with 200 training epochs, and batches of 128 samples. The ‘hypetune-keras’
package, based on hyperopt [84], was used for this purpose. A summary of the search
space and tuning outcomes for the layers of the proposed model is presented in Table 2.
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Table 2. Hyperparameter search space and tuning values for the proposed model.

Model Hyperparameter
Hyperparameter Values

Value Range Selected Value a

Encoder Blocks 2 + U(0, 6) 6
Number of Heads 2 + U(0, 6) 3

Head Size 128 + U(0, 128) 189
Encoder Dropout 0.1 + U(0, 0.5) 0.2

MLP Units 64 + U(0, 128) 143
Feedforward Dimension 2 + U(0, 2) 3

MLP Dropout 0.1 + U(0, 0.6) 0.4
a 373,583 parameters were trained in this model architecture.

Similarly, hyperparameter tuning was performed on each baseline model to ensure
a fair and comprehensive comparison considering the conditions and features of each
model. This process was conducted through a systematic search also using a Bayesian
search approach, along with the development of an exhaustive set of experiments in order
to tune them, according to the methods and hyperparameters applied for each model. The
results of this joint process are presented in Table 3.

Table 3. Hyperparameters of baseline models.

Baseline Model Hyperparameter Value

Holt–Winters
seasonal_periods 24

trend ‘add’
seasonal ‘mul’

XGBoost
n_estimators 600
max_depth 7

Learning Rate (α) 0.01

Stacked LSTM

Hidden Layers 3
Neurons [94,92,115]

Learning rate (α) [0.001–0.00001]
Activation Function [‘Tanh’,‘Tanh’,‘Tanh’]

Optimizer ‘Adam’

Attention-LSTM

num_heads 5
head_size 253

Hidden Layers 3
Neurons [124,84,94]

Learning Rate (α) [0.001–0.00001]
Activation Function [‘Tanh’,‘Tanh’,‘Tanh’]

Optimizer ‘Adam’

3.3. Model Performance Assessment

To compare the overall performance of the intra-day electricity price forecasting, the
results of the point and probabilistic forecasting metrics of the model were compared with
the baselines indicated above. For this purpose, the four forecast scenarios described in
the EDA were evaluated across the entire test set: Q1-2022 (January to March quarter),
Q2-2022 (April to June quarter), Q3-2022 (July to September quarter), and Q4-2022 (October
to December quarter). All with hourly resolution. The following sections present the results
and analysis of each forecast approach.

3.3.1. Point Forecasting Approach

The evaluation of point forecast models for electricity prices during the test period
covered the different forecast operational variability scenarios mentioned above (i.e., a
specific quarter of the year 2022: Q1, Q2, Q3, and Q4). Figure 8 illustrates the performance
of these models, including the proposed hybrid T2V-TE forecasting model, along with the
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different baseline approaches. It can be seen that in the scenarios characterized by low to
moderate variability (Q1 and Q3, respectively), there is an underlying parity between the
forecasting models depicted in the graph. However, the proposed model presents a slightly
superior performance compared to the proposed baselines.

Figure 8. Comparative analysis of point forecasting approach performance: T2V-TE vs. proposed
baseline models. (a) Q1-2022, (b) Q2-2022, (c) Q3-2022, (d) Q4-2022.

During these periods, where the electricity price presents relatively stable patterns and
minor fluctuations, the different baseline models show competitive results, very similar
to those presented by the proposed model. However, closer examination reveals that the
proposed model consistently achieves slightly better predictive accuracy, capturing subtle
nuances and temporal dependencies in the data.

However, this result trend undergoes a meaningful change when examining scenar-
ios characterized by higher variability in electricity prices (Q4, and especially Q2), where
deep-learning-based models (including the proposed model and the LSTM-based models)
outperform statistical and machine learning models by a wide margin, given their robustness.

In these periods, marked by increased volatility and changing patterns in very short
times, benchmark models, which are based on traditional statistical and machine learning
techniques, have difficulty capturing the complex dynamics present in the data. In contrast,
both T2V-TE and LSTM-based models demonstrate remarkable adaptability, effectively
leveraging their deep learning architectures to extract meaningful representations and
capture the intricate temporal dependencies inherent in the data.

This noteworthy performance superiority, observed in the face of increased variability,
underscores the ability of the proposed model to overcome the limitations of traditional
approaches, showing its potential to improve predictive capabilities and robustness in
challenging and dynamic environments. To highlight these insights, the frequency plots of
the proposed forecasting model and baseline errors in the whole test set are presented in
Figure 9.
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Figure 9. Error distribution for each point forecasting model.

The error distribution of the proposed model showcases a narrower spread (between
−50 and 50 COP/kWh) and a more symmetric shape, suggesting a better overall fit (avoid
overestimating and underestimating electricity prices) to the observed data. On the other
hand, the error distributions of the baseline models exhibit wider spreads (in most of the
baselines, above the range between −70 and 70 COP/kWh), with occasional outliers and
skewness indicating deviations from the expected values.

In this context, Table 4 presents a comprehensive comparison of point prediction
performance metrics between the T2V-TE model and the baseline models across various
operational scenarios, taking into account the entire test dataset. This analysis conclusively
demonstrates the enhanced forecasting quality achieved by the T2V-TE model. Specifically,
the T2V-TE model exhibits improvements of at least 26.4% and 17.1% in RMSE and MAE
values, respectively, when compared to the best-performing baseline (i.e., the Stacked
LSTM model). This improvement is particularly pronounced in scenarios characterized
by high and consistent hourly variability in electricity prices, such as the 2022-Q4 quarter,
where the most substantial differences in performance between the T2V-TE model and the
baseline models are observed.

Table 4. Comparison of performance metrics of the T2V-TE model with the proposed baselines for
point forecasting of electricity prices.

Scenario Model
Performance Metrics

MAE RMSE MAPE
( $COP

kWh ) ( $COP
kWh ) (%)

2022-Q1

Holt–Winters 27.21 49.15 10.00
XGBoost 28.15 45.89 8.96

Stacked LSTM 19.98 34.97 6.90
Attention-LSTM 20.11 34.70 6.91

T2V-TE 15.15 29.38 4.83

2022-Q2

Holt–Winters 12.50 41.38 8.21
XGBoost 10.84 31.74 7.64

Stacked LSTM 8.48 31.05 5.55
Attention-LSTM 8.78 31.13 5.78

T2V-TE 6.50 28.18 4.12
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Table 4. Cont.

Scenario Model
Performance Metrics

MAE RMSE MAPE
( $COP

kWh ) ( $COP
kWh ) (%)

2022-Q3

Holt–Winters 21.39 49.09 10.67
XGBoost 19.47 39.19 10.08

Stacked LSTM 15.44 35.69 7.60
Attention-LSTM 15.69 35.79 7.78

T2V-TE 11.48 29.53 5.39

2022-Q4

Holt–Winters 38.30 72.83 16.46
XGBoost 31.51 57.47 12.70

Stacked LSTM 26.91 53.81 11.13
Attention-LSTM 27.12 53.92 11.22

T2V-TE 18.68 43.05 7.17

All data

Holt–Winters 25.03 54.85 11.40
XGBoost 22.62 45.02 9.87

Stacked LSTM 17.79 40.13 7.82
Attention-LSTM 18.03 40.18 7.95

T2V-TE 13.00 33.25 5.39

These findings provide further evidence of the improved performance and robustness
of the proposed model compared to the baselines, highlighting its potential as a reliable
forecasting tool in practical applications such as decision making.

3.3.2. Probabilistic Forecasting Approach

The evaluation of probabilistic forecasting models for electricity prices was conducted
during the specified test period, encompassing the same operational scenarios as the point
forecasting models. The performance of the hybrid T2V-TE model, specifically its prediction
intervals, is illustrated in Figure 10.

Firstly, the performance of the prediction intervals of the proposed model is remarkable
in all operational scenarios of variability. These intervals effectively encompass the range
of possible electricity prices, allowing for informed decision making even in the best- and
worst-case scenarios within a certain time range. However, it is important to be aware of the
existence of small inaccuracies that remain due to occasional sharp fluctuations, although
they represent a negligible percentage of cases where prices exceed 700 COP/kWh between
consecutive hours. This observation highlights an opportunity for further enhancement in
addressing such discrepancies.

Additionally, it is worth noting that the T2V-LSTM prediction interval aligns with
price fluctuations across all operational scenarios. Specifically, the interval widens as the
price rises and contracts as the price declines. This trend becomes particularly evident
in Q1 and the last 15 days of the Q4 scenario, where the sustained price increase results
in a noticeable widening of the interval, thus enhancing the decision-making process by
providing a more comprehensive perspective.

Similarly, to evaluate the performance of the proposed prediction model in a proba-
bilistic context, the same baseline models as for the point prediction (i.e., HW, XGB, and
LSTM-based models) were benchmarked. This evaluation focused on three critical issues
for decision-making tasks: uncertainty (MPIW), precision (PINAW), and reliability (PICP).
The results of this assessment are presented in Table 5.
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Figure 10. T2V-TE probabilistic forecasting performance on the electricity price in test data. (a) Q1-2022,
(b) Q2-2022, (c) Q3-2022, (d) Q4-2022.

Table 5. Performance metrics comparison of the T2V-TE model with the proposed baselines for
probabilistic forecasting of electricity prices.

Scenario Model
Performance Metrics

MPIW PINAW PICP
(COP

kWh ) (%) (%)

All data

Holt–Winters 180.43 18.53 93.04
XGBoost 148.11 15.21 93.53

Stacked LSTM 83.38 8.56 94.19
Attention-LSTM 79.80 8.20 93.65

T2V-TE 71.70 7.37 94.87

Considering this context, the Holt–Winters model exhibited an MPIW of 180.43 COP/kWh,
which was the widest prediction interval among the proposed models. This indicates that
this model had the highest degree of uncertainty in its predictions. Similarly, the PINAW
score of 18.53% implies that, on average, the prediction intervals of this model covered
only this percentage of the observed data range, indicating a moderate level of accuracy.
Furthermore, the PICP score of 93.04% indicates that a large proportion of the observed data
fell within the intervals predicted by this model, demonstrating good reliability. However,
this model has the lowest performance among the presented models.

On the other hand, the XGBoost model outperformed Holt–Winters, achieving a lower
MPIW (17.9% lower). This lower value suggests a higher accuracy in the predictions of
this model. The PINAW value of 15.21% shows that, on average, the prediction intervals
of XGBoost were narrower than those of the Holt–Winters model, indicating increased
accuracy. Additionally, the PICP score of 93.53% indicates a comparable level of relia-
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bility to Holt–Winters, with a significant portion of the observed data falling within the
predicted intervals.

The Stacked LSTM forecasting model displayed noteworthy improvements. With an
MPIW of 83.78 COP/kWh, it exhibited a significant reduction in uncertainty compared
to both Holt–Winters and XGBoost. This decrease in MPIW indicates the effectiveness of
the model in producing more accurate predictions. Moreover, the PINAW value saw a
substantial decrease from 43.72%. This means that, on average, the prediction intervals
covered only a small percentage of the observed data, demonstrating a much higher
level of accuracy. Furthermore, the model achieved a PICP score of 94.19%, indicating
enhanced reliability. Overall, the performance of this model outperformed the previously
mentioned models by a wide margin and was close to that of the proposed model. In
contrast to the focal approach, the incorporation of attention layers on top of LSTM-based
models, as shown by Attention-LSTM, led to slight improvements in performance metrics
within this context compared to the Stacked LSTM model. These improvements were
particularly evident in terms of precision and reduced uncertainty (MPIW: 71.70 COP/kWh,
PINAW: 8.20%), although reliability (PICP: 93.65%) lagged slightly.

Outperforming all other models, T2V-TE achieved the lowest MPIW of 71.70 COP/kWh
(14.4% lower than LSTM), indicating the highest precision and the least uncertainty among
all the evaluated models. The PINAW value of 7.37% indicates that the prediction intervals
covered an even smaller percentage of the observed data, thus demonstrating superior
accuracy. Furthermore, the model attained the highest PICP score of 94.58%, showcasing
the best reliability among all the models. This consolidates T2V-TE as the forecasting model
with the best overall results among those proposed in this study.

Finally, to determine the statistical significance of the outcomes achieved by the pro-
posed T2V-TE model, Wilcoxon tests were systematically performed at a significance level
of 0.05. These tests employed the error between the actual and forecast values to conduct
pairwise comparisons between the T2V-TE model and the designated baseline models.
The results of these significance tests are outlined in Table 6. Notably, the analysis re-
veals that the T2V-TE model exhibits statistically significant differences in performance
when compared to the Holt–Winters, XGBoost, Stacked LSTM, and Attention-LSTM mod-
els. This corroborates the robustness and validity of the findings obtained through the
proposed model.

Table 6. Results of Wilcoxon test between T2V-TE and forecasting baselines.

Forecasting Models p-Value Statistical Significance

T2V-TE—Holt–Winters 1.32 × 10−15 Yes
T2V-TE—XGBoost 1.76 × 10−9 Yes

T2V-TE—Stacked LSTM 9.16 × 10−7 Yes
T2V-TE—Attention-LSTM 5.07 × 10−8 Yes

4. Conclusions

The present research proposes a novel and finely tuned hybrid model known as
Time2Vec-Transformer encoder (T2V-TE), for multi-step forecasting. This model is de-
signed to predict the future hourly electricity prices in the Colombian wholesale market,
considering future power grid scenarios (i.e., intra-day markets and DERs integration).
This model serves as a valuable tool to empower decision-making processes for various
market players and facilitates the emergence of new business models. It particularly
addresses the challenges posed by the widespread integration of different types of dis-
tributed energy resources and the ensuing dynamic nature of electricity prices within this
changing landscape.

Hourly electricity price forecasts were made considering the new short-term market
perspectives within the policy and operational context of the data used, such as intra-day
periods (in this case, 8 h ahead—three time blocks). Two approaches were considered: point-
wise and probabilistic forecasting. In the case of probabilistic forecasts, the uncertainty
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in the electricity price forecast is quantified by the quantile regression loss function. This
allowed for a more comprehensive understanding of the range of potential price outcomes,
considering the inherent volatility and unpredictability of the electricity market. In this
way, the benchmark results showed that T2V-TE outperformed the traditional time series
analysis and ML and DL statistical forecasting approaches presented. This is due to the
advantages of obtaining and retaining hidden information in electricity price behaviors
provided by the embedded explicit representation of temporal and data features offered
by the Time2Vec layer, coupled with the pattern detection in ordered data linked to the
attention mechanisms of the transformer encoder.

From a point prediction perspective, the T2V-TE model has shown superior perfor-
mance compared to the proposed baseline models for the scenarios of this study (overall,
the MAE, MAPE, and RMSE metrics linked to prediction errors in the T2V-TE model have
been comparatively reduced by an average of 20%). This reduction in prediction errors,
particularly those associated with risk aversion (RMSE) and risk neutrality (MAE), showed
that the proposed model is a reliable tool for decision-making tool development in this
area. This may imply a reduction in risk in decision making, as the model provides more
accurate price predictions, minimizing potential losses and maximizing profitability. It
can also be shown that the overall performance of deep-learning-based models, including
T2V-TE and LSTM-based models, consistently surpasses that of time series analysis and
machine learning models within this context.

Likewise, from a probabilistic prediction perspective, based on the comprehensive
comparative analysis of these models, it is evident that T2V-TE surpasses Holt–Winters,
XGBoost, and Stacked LSTM in terms of MPIW, PINAW, and PICP (overall, these metrics
linked to probabilistic prediction errors in the T2V-TE model have been comparatively
reduced by an average of 7.2%). T2V-TE has higher accuracy, narrower prediction intervals,
and higher reliability (linked to the degree of coverage of observed electricity prices in the
forecasting interval) than the baseline models. This is most clearly evident in the quartiles
with the highest price volatility (i.e., 2022-Q1 and 2022-Q4).

Overall, this model offers a potentially effective framework for developing electricity
market decision-making tools under different scenarios. The risk-mitigating capabilities
of this model and the invaluable information it provides provide stakeholders with the
opportunity to optimize their energy trading activities and make informed decisions, even
in a dynamic and ever-changing market context.

In the scope of this study, the analysis of the electricity price time series for forecasting
was conducted without factoring in the influence of highly correlated exogenous variables,
such as electricity load. Additionally, another promising avenue for research involves
estimating the probabilities associated with the occurrence of upper, middle, and lower
values of electricity prices for a given hour. This approach can yield valuable insights for
decision-making processes.

In future research endeavors, the objective is to augment the performance of the model
for decision support tools by incorporating these variables and addressing these pertinent
issues. By integrating highly correlated exogenous variables and delving into probability
estimation, the predictive capabilities of the model can be further enhanced, providing
more actionable and insightful results for energy market decision makers.
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