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Abstract

Accurate day-ahead electricity price forecasting is essential for market participants to opti-
mize bidding strategies and manage financial risks in increasingly volatile energy markets.
This paper presents a comprehensive web-based system designed for day-ahead electricity
price forecasting based on gradient boosting models, specifically applied to the Croatian
market. The proposed approach integrates a multi-layered architecture that includes data
ingestion from ENTSO-E and Open-Meteo, a robust backend for model selection, training
and management, with an interactive frontend presentation layer. The performance of
two state-of-the-art gradient boosting algorithms, XGBoost and LightGBM was evaluated
using hourly DA market price data from 2022 to 2024 from Croatian electricity market. The
results demonstrate that both models achieve similar accuracy for the year 2024. Monthly
analysis reveals significant performance variations, with higher errors during periods of
extreme volatility and price spikes, such as summer and late winter. The study highlights
the importance of meteorological features and market fundamentals in capturing price
dynamics.

Keywords: electricity price forecasting; day-ahead market; gradient boosting; XGBoost;
LightGBM; Croatian energy market

1. Introduction

Accurate day-ahead electricity price forecasting (EPF) is of great importance in modern,
liberalized energy markets. For different market participants, ranging from an energy
producers and utility companies to a large industrial consumers and traders, precise
DA price forecasts are critical for effective bidding strategies, managing financial risk,
and optimizing operational planning [1,2]. However, with increasing share of RES and
geopolitical tension affecting fossil fuel prices, the task of forecasting electricity prices has
grown increasingly complex. The rising penetration of intermittent energy sources (IES)
such as wind and solar power introduces significant volatility into the supply side, while
the implementation of demand response (DR) programs adds to variability on consumption
side [3,4]. These factors challenge the capabilities of traditional forecasting method and
contribute to DA market price non-linearity, non-stationarity, and the frequent occurrence
of extreme events like price spikes.

EPF methods, driven by advances in computational power and the increasing com-
plexity of energy markets, have evolved significantly over the past two decades. The wide
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range of these approaches, reflecting a path from simple assumption-driven techniques to

very adaptable data-driven frameworks, can be broadly classified into four main categories:

Statistical and Econometric Models: This category represents the foundational ap-
proach to time series forecasting. In this approach models rely on mathematical equa-
tions and statistical properties of historical data to identify and extrapolate patterns.
Several key models are commonly referred to in the literature such as Autoregres-
sive Integrated Moving Average (ARIMA), Generalized Autoregressive Conditional
Heteroskedasticity (GARCH), and Multiple Linear Regression (MLR) [1,5-7]. These
approaches can also be part of more advanced techniques such as probabilistic fore-
casting, which are designed to produce a range of possible outcomes instead of just a
single point value.

Classic Machine Learning Models: include non-neural network algorithms capable
of capturing more complex, non-linear relationships that traditional statistical models
often miss. These models learn patterns directly from the data without being explicitly
programmed with mathematical assumptions about the underlying data-generating
process. Prominent examples found in the EPF literature include Support Vector
Machines (SVM) and their regression variant (SVR), tree-based ensemble methods like
Random Forests (RF), and instance-based algorithms such as K-Nearest Neighbors
(KNN) [8,9].

Deep Learning and Neural Network Models: Most prominent and rapidly advancing
category, deep learning leverages multi-layered artificial neural networks (ANNSs) to
model highly complex, non-linear, and hierarchical patterns within large datasets. The
architectures vary: Multilayer Perceptrons (MLPs) handle general tasks, while Long
Short-Term Memory (LSTM) networks and Temporal Convolutional Networks (TCNs)
work better for sequential data. Newer architectures like MAMBA aim to handle long
time series more efficiently. [2,10-12].

Hybrid and Ensemble Models: This category is defined by multi-stage frameworks
that combine techniques from the other categories to leverage their complementary
strengths and mitigate individual weaknesses. Hybrid models combine techniques
from multiple categories in a pipeline. A typical setup might use a signal decompo-
sition method (like Variational Mode Decomposition or Ensemble Empirical Mode
Decomposition) to pre-process the data, then feed the results into a forecasting model
such as an LSTM network [13-15]. Another approach is ensembling — running sev-
eral different models and aggregating their predictions. Either way, the idea is that
combining methods often achieves superior accuracy and robustness compared to any
single constituent model.

The proposed research contributes to the field by implementing a practical, web-based

forecasting system that utilizes state-of-the-art gradient boosting models tailored for the

Croatian electricity market. The paper is structured as follows: Section 2 covers the system

architecture, forecasting methods, data, and evaluation metrics. Section 3 presents results

and compares model performance. Section 4 summarizes findings and discusses future

directions.

2. Methodology

This section describes the architecture of the proposed web-based system for day-

ahead electricity price forecasting. The overall architecture is illustrated in Fig. 1.

The proposed architecture has five main layers: presentation layer, backend services

layer, intelligence layer, persistence layer, and data ingestion layer:

Presentation layer: is implemented as a React-based web dashboard, which provides
users with interactive access to historical electricity price data and day-ahead forecast
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results. The frontend communicates with the backend exclusively through RESTful
HTTP/JSON interfaces, ensuring loose coupling between the user interface and the
underlying system logic.

*  Backend services layer:A REST API gateway that handles authentication, data re-
trieval, forecast requests, and model training triggers. It validates requests, checks
permissions, and routes them to the appropriate components.

* Intelligence layer: contains the machine learning models used for day-ahead electric-
ity price forecasting. In the current implementation, XGBoost and LightGBM gradient
boosting models are employed due to their robustness and predictive performance
on structured time-series data. The layer supports both inference and retraining, so
models can be updated as new market and meteorological data become available.

* Persistence layer: consists of two complementary data storage systems: a rela-
tional SQL database for user accounts and configuration, and InfluxDB (a time-series
database) for electricity prices, weather data, and forecast outputs.

e Data Ingestion and Scheduling Layer: automated data ingestion is handled by a task
scheduling component that periodically retrieves data from external sources. Market
data are obtained from the ENTSO-E platform, while meteorological data are sourced
from the Open-Meteo API. The scheduler ensures periodically data acquisition, pre-
processing, and storage in the time-series database, providing necessary inputs for
day-ahead forecasting.

USER USER
Presentation Layer Beckend Services
Intelligence Layer
Imodelfforecast
e Price Prediction  © XGBoost Model
React Dashboard REST API Gateway
(€= HTTPIJSON —» Forecasting Engine
User Interface API Endpoints /modelftrain

* Trigger Training

LightGBM

/daaiquery
Hist IF orec. Data

Jauth/login
User Authertication =

Forecasting Engine

sQL DB
User Data Store

Persistance Layer

InfluxDB
Time-Series Store

Scheduled Data Pull ——»| Task Scheduler

J

External Data Ecosystem

Wirite TS Data

ENTSO-E Platform
System & Market Data

L

Scheduled Data Pull —| | Automated Ingestion

Open - Meteo API
Meteorological Data

Figure 1. Electricity price prediction system architecture.

2.1. Data description

The data used for model training and validation represents hourly wholesale electricity
prices from Croatian DA electricity market. The data used in the analysis is obtained from
the ENTSO-E Transparency Platform (results of CROPEX DA market clearing). The dataset
covers the period from 1 January 2022 to 31 December 2024. In addition to DA market price
data, selected dataset also includes meteorological parameters that influence electricity
demand and supply patterns. Historical weather observations as well as weather forecast

https:/ /doi.org/10.3390/1010000

82

83

84

85

86

87

88

89

90

91

92

93

94

95

96

97

98

99

100

101

102

103

104

105

106

107

108


https://doi.org/10.3390/1010000

Version January 30, 2026 submitted to Journal Not Specified

40f 10

data for the same period are sourced from the Open-Meteo database. This lets the model
account for weather’s effect on electricity demand and supply.

From the Figure 2 we can see that the prices of electricity in Croatia are very volatile,

with sudden and sometimes sharp increases occurring especially when the demand is

high and the system is heavily loaded, as well in conditions with low system load and
high RES production. In addition to this, the data show typical seasonal patterns, with the
higher prices in the winter and summer months, while the weekends normally bring lower

average prices when compared to the weekdays. The presence of outliers, the changes in

volatility over time, and the strong seasonality of both price and weather variables pose

great difficulties for accurate electricity price forecasting.
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Figure 2. DA ahead electricity prices from 2022 to 2024 in Croatian electricity market.

Figure 2 shows hourly heatmap as well as daily average prices with min-max price

range for the observed period. From the figure and table below, we can see high prices
during summer 2022 and summer/autumn 2024. The sharp rise in electricity prices in

Summer 2022 was primarily a result of several negative factors occurring after a pandemic,

https:/ /doi.org/10.3390/1010000

109

110

111

112

113

114

115

116

117

118

119

120

121

122


https://doi.org/10.3390/1010000

Version January 30, 2026 submitted to Journal Not Specified 50f 10

a war in Ukraine affecting gas prices, less hydro/nuclear supply from droughts/plant
maintenance, while the Summer/Autumn 2024 period was defined by high prices that
occurred mainly due to the persistence of high gas/carbon prices, grid constraints especially
in south-east Europe, and increased electricty demand for cooling. This periods also shows
high volatility with frequent price spikes. On the other hand 2023 was marked by lower
and more stable prices due to milder weather conditions, increased renewable generation,
diversification of gas supply in EU and sufficient gas reserves.

2.2. Feature selection

Effective feature selection is a important part of EPF because electricity prices are
highly volatile and non-linear time series which are influenced by a large number of
different variables [16,17]. Given this, by removing irrelevant or highly corelated fea-
tures, forecasting models can better learn input/output mappings, improving in that way
prediction accuracy and reducing computational complexity[9,16].

Feature selection methodologies can be categorised into three primary types:

e  Filter Methods: represent preprocessing step which is independent from the learning
algorithm. They use specific criteria to determine the information value of feature
data inputs. Correlation Analysis (CA) measures linear relationships while Mutual
Information (MI) and Interaction Gain (IG) capture non-linear ones. Filtering methods
and indicators can determine feature value from the aspect of relevancy (how much
information they provide about the target), redundancy (how much common informa-
tion they share with other features), and interaction/synergy (how much additional
information they provide when used together)[16].

e Wrapper Methods: search through subsets of features and use the estimated accuracy
of a specific learning algorithm as the measure of goodness. This approach tends to
be more accurate but slow on large datasets. Examples include Genetic Algorithms,
Firefly Algorithm, and Stepwise Regression.[15,16].

e Hybrid Approaches: represent the combination of filter and wrapper techniques
that are used in combination to exploit the strengths of both approaches. A typical
implemetnation consits of first applying a filter methods to narrow the feature set
based on relevancy, redundancy, and synergy, and then applying a wrapper methods
to minimise validation error[16].

Other techniques used for dimensionality reduction include Principal Component Analysis
(PCA) and Grey Correlation Analysis (GCA), which aim to reduce the size of the input set
while preserving essential information[8,16].

The main features that are typically used in EPF usually consist of a mix of endogenous
(internal) and exogenous (external) variables:

* Lagged and Window Data: recent historical electricity prices are usually the most
critical predictors of future prices[7]. Typical features derived from historical DA mar-
ket prices data that are used in EPF include lagged prices from the previous hour, the
same hour on the previous day, or the same hour in the previous week (e.g., lags of 1,
24, and 168 hours)[7,10,11]. In addition to these features, the window features usually
include average, min/max values, standard deviations etc., over recent historical data
spanning usually across 24 hours or larger time intervals. Similary, lagged histori-
cal electrity power demand values are also often used due to the strong correlation
between load patterns and price fluctuations[13,18,19].

e Temporal and Calendar Indicators: are used to derive features that capture the
seasonal and cyclical nature of electricity markets[17,20]. They include the hour of the
day, day of the week, day of the month, month of the year, as well as binary indicators
for holidays or weekends|[7,10,11,13,18].
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Weather Variables: are also used as an important feature given that they significantly
impact both supply and demand. The most important variable is temperature given
its influence on energy needs for heating and cooling. Other often used relevant
features include wind speed (critical for wind power generation), solar radiation, and
precipitation[7,13,17,21].

Generation Data and Market Fundamentals: this set of variables usually include
the generation mix (e.g., wind, solar, fossil, nuclear, and hydro production levels),
available generation capacity, and forecasted outages[1,8,13,16].

Energy Commodity Prices: include features derived from natural gas prices trends,
coal, crude oil, CO2 emmisions. These features are often used in medium- and long-
term electricty price trend predictions[1,7,13,15,22].

Spike Indicators : are often used in more advanced models, where special predic-
tors are used to detect price spikes and extreme fluctuations caused by short-term
supply-demand imbalances. To improve regression accuracy, electricty prices in such
prediction models are often categorised as either normal or extreme [8].

2.3. Error measures

Different statistical metrics are used to quantify the accuracy of EPF models and to

measure the error between predicted and actual market prices [18,21]. These indicators can

be categorised into three main categories: point forecast metrics, uncertainty measures, and

probabilistic evaluation criteria [8,17].

Point forecasts are used to predict a single value for each time step, and in this types

of forecasts, the model error is usually evaluted based on following indicators:

Mean Absolute Error (MAE): represents the average magnitude of errors in a set of
predictions, without considering error direction [8,13]. This indicator is highly valued
for its interpretability and is frequently used to assess general model performance
[9,10].

Root Mean Square Error (RMSE): calculates the square root of the average of squared
differences between prediction and true value [8,19]. Because it squares errors before
averaging, larger errors are penalized more heavily which is useful for catching
outliers or price spikes. [2,8]

Mean Squared Error (MSE): is often used as the loss function during the algorithm
training phase and it provides the basis for optimising model parameters[3,22,22].
MSE is defined as average squared error between predictions and true values.

Mean Absolute Percentage Error (MAPE): expresses the error as a percentage of the
actual price [11,13]. While widely used, it can become unstable or skewed when actual
electricity prices are near zero, which is a nowdays common situation in electricity
markets with high renewable penetration [4,5].

Symmetric Mean Absolute Percentage Error (SMAPE): To address the limitations of
MAPE in volatile markets, SMAPE provides a scale-independent measure that avoids
MAPE'’s instability near zero prices by using a scale-independent formula [3,18].
Coefficient of Determination (R?): indicates the degree of the variance in electricity
prices that is predictable from the independent variables. It provides a measure of
how good the model captures the underlying data patterns[3,19].
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Table 1. Error metrics formulas.
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3. Results

The feature set includes historical prices, temporal indicators, weather variables, gen-
eration data, and market fundamentals — a mix of historical and forecasted, endogenous
and exogenous inputs. Hyperparameters were tuned via grid search with cross-validation.
The base models use only the top 30 features ranked by importance. Both models derive im-
portance from tree splits and not model coefficients. Common measures are split frequency
(how often a feature splits nodes) and gain (loss reduction from those splits). In forecast
model based on XGBoost regressor gain is computed using second-order gradient statistics
(gradients and Hessians) while LightGBM uses a similar loss-reduction approach but with
histogram-based splitting and leaf-wise growth, which can produce different rankings.

The performance of the XGBoost and LightGBM models was evaluated for the year
2024. Table 2 summarizes the overall error metrics for both models. Both algorithms
demonstrate comparable performance, with LightGBM showing a slight advantage in terms
of R? (0.60) and RMSE (41.42), while XGBoost achieved a marginally lower MAE (24.62).
These results indicate that both gradient boosting techniques are capable of capturing a
significant portion of the price volatility in the Croatian market.

Figure 3 compares actual and forecasted DA electricity prices for 2024. Both models
track overall price trends well, including daily and weekly cycles. However, challenges
remain in accurately predicting extreme price spikes, which are common in electricity
markets due to sudden supply-demand imbalances or unexpected weather events. Both
models tend to underpredict these spikes, which drives up errors during those periods.

(a) (b)

1000

XGBoost

True DA_prices True DA_prices

LightGBM

800

600

400

200

0

1461 2191° 2H21! 3651 1 4381° 5111 841 6571 7301 8031 8761 1 731 1461 2191 23211 3651 " 4381" 5111 5841 6571 7301 8031 8761

-200

Figure 3. Actual vs forecast DA electricity prices for 2024 in Croatian electricity market.

A more detailed monthly analysis, presented in Table 3, reveals significant seasonal
variations in forecasting accuracy. The models performed best during the spring and
autumn months (e.g., October with R? up to 0.66), where price volatility was relatively
lower. Conversely, the highest errors were observed in December, with MAE values near 40
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and RMSE exceeding 60. This can be attributed to the increased frequency of price spikes
and extreme weather events during the winter season, which are inherently more difficult
to predict.

Table 2. Error metrics table for year 2024 for XGBoost & LightGBM model.

MAE RMSE R2

XGBoost 2462 4184 0.59
LightGBM 2520 4142 0.60

Table 3. Error metrics monthly table data for year 2024 for XGBoost & LightGBM model.

Month XGBoost LightGBM
MAE RMSE R2 MAE RMSE R2

1592 2255 023 1658 2048 0.37
1256 1654 0.17 1336 1652 0.17
15.05 2119 033 1698 21.13 0.33
2750 3588 0.15 21.83 2834 047
1735 2550 0.60 1994 27.03 0.55
28.82 5047 049 3127 51.63 0.46
3513 5497 054 36.62 5592 0.52
26.60 4954 063 2763 4939 0.63
2752 5149 064 2682 5161 0.64
10 2062 2712 066 21.60 2844 0.63
11 2836 49.09 055 2942 4911 0.55
12 3974 6315 028 39.81 61.34 0.33

O O JIO\NUl = WN -

The comparison between XGBoost and LightGBM suggests both models perform simi-
larly. Both models might improve with better feature engineering or additional market data
— though some relevant inputs aren’t available before the Croatian DA market closes.Also
moving from point forecasts to probabilistic intervals would provide market participants
with a better understanding of uncertainty, which is crucial for risk management.

4. Conclusions

This paper presented a web-based system for DA EPF in the Croatian market. By
integrating automated data ingestion, a robust backend, and state-of-the-art gradient
boosting models, the architecture provides a practical tool for energy market participants.
Comparison between XGBoost and LightGBM models for the year 2024 showed that
both algorithms are capable of achieving reasonable accuracy, with R? values around 0.60.
However, significant performance variations across different months indicate the challenges
related to market volatility and seasonal price spikes.

The study confirms that gradient boosting works well for this task, particularly with
careful feature engineering. The future work will focus on enhancing the system’s intelli-
gence layer by incorporating deep learning models and probabilistic forecasting methods.
Additionally, expanding the feature set to include more granular market fundamental data
will be explored to further improve the robustness and reliability of the forecasts.

Author Contributions: Conceptualization and methodology, D.J. (Damir Jakus) and J.V.; software,
D.J. (Damir Jakus); data curation, J.N. and D.]. (Danijel Jolevski); investigation, ].V.; validation, J.N.
and ].V.; writing—original draft preparation, D.J. (Damir Jakus), ].N. and J.V.; writing—review and
editing, D.J. (Danijel Jolevski); visualization, D.J. (Damir Jakus) and ].N.; resources, D.]. (Damir Jakus);

https://doi.org/10.3390/1010000

240

241

242

243

244

245

246

247

248

249

250

251

252

253

254

255

256

257

258

259

260

261

262

263

264


https://doi.org/10.3390/1010000

Version January 30, 2026 submitted to Journal Not Specified 9 0f 10

supervision and funding acquisition, D.J. (Damir Jakus). All authors have read and agreed to the
published version of the manuscript.

Funding: This research was funded by the project FLEXSYS—Implementation of Flexibility Sources
and Advanced Control Algorithms for Supporting Modern Power Systems with a High Share of
Renewable Energy Sources, I>-UNIST-05, funded by the European Union — NextGenerationEU. The
views and opinions expressed are solely those of the author and do not necessarily reflect the official
positions of the European Union or the European Commission. Neither the European Union nor the
European Commission can be held responsible for them.

Conflicts of Interest: The authors declare no conflicts of interest.

References

1.

10.

11.

12.

13.

14.

15.

Contreras, J.; Espinola, R.; Nogales, F.; Conejo, A. ARIMA models to predict next-day electricity prices. IEEE Transactions on
Power Systems 2003, 18, 1014-1020. https://doi.org/10.1109/TPWRS.2002.804943.

Kukker, A.; Hudnurkar, S. Electricity Market Price Forecasting Strategies for Effective Bidding Using LSTM Technique. In
Proceedings of the 2024 International Conference on Sustainable Communication Networks and Application (ICSCNA), Theni,
India, 2024; pp. 1091-1095. https://doi.org/10.1109/ICSCNA63714.2024.10864074.

Miletic, M.; Pavic, I.; Pandzic, H.; Capuder, T. Day-ahead Electricity Price Forecasting Using LSTM Networks. In Proceedings
of the 2022 7th International Conference on Smart and Sustainable Technologies (SpliTech), Split / Bol, Croatia, 2022; pp. 1-6.
https:/ /doi.org/10.23919/SpliTech55088.2022.9854351.

Masri, D.; Zeineldin, H.; Woon, W.L. Electricity price and demand forecasting under smart grid environment. In Proceedings of
the 2015 IEEE 15th International Conference on Environment and Electrical Engineering (EEEIC), Rome, Italy, 2015; pp. 1956-1960.
https:/ /doi.org/10.1109/EEEIC.2015.7165472.

Conejo, A.; Plazas, M.; Espinola, R.; Molina, A. Day-Ahead Electricity Price Forecasting Using the Wavelet Transform and ARIMA
Models. IEEE Transactions on Power Systems 2005, 20, 1035-1042. https://doi.org/10.1109/TPWRS.2005.846054.

Diallo, A.; Kacsor, E.; Vancsa, M. Forecasting the Spread Between HUPX and EEX DAM Prices the Case of Hungarian and
German Wholesale Electricity Prices. In Proceedings of the 2018 15th International Conference on the European Energy Market
(EEM), Lodz, 2018; pp. 1-5. https://doi.org/10.1109/EEM.2018.8469921.

Ulgen, T.; Poyrazoglu, G. Predictor Analysis for Electricity Price Forecasting by Multiple Linear Regression. In Proceedings of
the 2020 International Symposium on Power Electronics, Electrical Drives, Automation and Motion (SPEEDAM), Sorrento, Italy,
2020; pp. 618-622. https://doi.org/10.1109/SPEEDAM48782.2020.9161866.

Liu, S.; Jiang, Y.; Lin, Z.; Wen, E,; Ding, Y.; Yang, L. Data-driven Two-step Day-ahead Electricity Price Forecasting Considering
Price Spikes. Journal of Modern Power Systems and Clean Energy 2023, 11, 523-533. https://doi.org/10.35833 /MPCE.2021.000196.
Chen, Z; Li, X.; Wu, M.; Zhang, M. Research on Regional Electricity Price Forecasting Based on Machine Learning Algorithms.
In Proceedings of the 2025 IEEE 12th Joint International Information Technology and Artificial Intelligence Conference (ITAIC),
Chonggqing, China, 2025; pp. 71-76. https://doi.org/10.1109/ITAIC64559.2025.11162986.

Sahay, K.B. One hour ahead price forecast of Ontario electricity market by using ANN. In Proceedings of the 2015 International
Conference on Energy Economics and Environment (ICEEE), Greater Noida, India, 2015; pp. 1-6. https://doi.org/10.1109/
EnergyEconomics.2015.7235102.

Maryasin, O.Y.; Lukashov, A.I. A Python Application for Hourly Electricity Prices Forecasting Using Neural Networks. In
Proceedings of the 2020 International Russian Automation Conference (RusAutoCon), Sochi, Russia, 2020; pp. 138-143. https:
/ /doi.org/10.1109/RusAutoCon49822.2020.9208035.

Micu, R; Tudose, A.; Iantoc, A.; Picioroaga, I.; Bulac, C. Electricity Price Forecasting on Day Ahead Market via a Multivariate
CNN-LSTM Model. In Proceedings of the 2024 IEEE International Conference And Exposition On Electric And Power Engineering
(EPEi), Iasi, Romania, 2024; pp. 611-615. https://doi.org/10.1109/EPEi63510.2024.10758141.

Han, L.; Ban, C.; Zhang, C.; Liu, L. Electricity Price Forecasting in Power Markets Based on Machine Learning. In Proceedings of
the 2024 IEEE 4th International Conference on Digital Twins and Parallel Intelligence (DTPI), Wuhan, China, 2024; pp. 91-96.
https://doi.org/10.1109/DTPI161353.2024.10778794.

Wang, B.; Wei, W.; Su, W. Short-term Electricity Price Forecasting Based on Data Mining. In Proceedings of the 2022 2nd
International Conference on Algorithms, High Performance Computing and Artificial Intelligence (AHPCAI), Guangzhou, China,
2022; pp. 394-397. https://doi.org/10.1109/ AHPCAI57455.2022.10087616.

Lee, N.; Mandal, P. Temporal Convolutional Network Ensemble for Day-Ahead and Week-Ahead Electricity Price Forecasting.
In Proceedings of the 2023 IEEE Industry Applications Society Annual Meeting (IAS), Nashville, TN, USA, 2023; pp. 1-7.
https://doi.org/10.1109/1AS54024.2023.10406322.

https:/ /doi.org/10.3390/1010000

265

266

267

268

269

270

271

272

273

274

275

276

277

278

279

280

281

282

283

284

285

286

287

288

289

290

291

292

293

294

295

296

297

298

299

300

302

303

304

305

306

307

308

309

310

311

312

313

314

315

316


https://doi.org/10.1109/TPWRS.2002.804943
https://doi.org/10.1109/ICSCNA63714.2024.10864074
https://doi.org/10.23919/SpliTech55088.2022.9854351
https://doi.org/10.1109/EEEIC.2015.7165472
https://doi.org/10.1109/TPWRS.2005.846054
https://doi.org/10.1109/EEM.2018.8469921
https://doi.org/10.1109/SPEEDAM48782.2020.9161866
https://doi.org/10.35833/MPCE.2021.000196
https://doi.org/10.1109/ITAIC64559.2025.11162986
https://doi.org/10.1109/EnergyEconomics.2015.7235102
https://doi.org/10.1109/EnergyEconomics.2015.7235102
https://doi.org/10.1109/EnergyEconomics.2015.7235102
https://doi.org/10.1109/RusAutoCon49822.2020.9208035
https://doi.org/10.1109/RusAutoCon49822.2020.9208035
https://doi.org/10.1109/RusAutoCon49822.2020.9208035
https://doi.org/10.1109/EPEi63510.2024.10758141
https://doi.org/10.1109/DTPI61353.2024.10778794
https://doi.org/10.1109/AHPCAI57455.2022.10087616
https://doi.org/10.1109/IAS54024.2023.10406322
https://doi.org/10.3390/1010000

Version January 30, 2026 submitted to Journal Not Specified 10 of 10

16.

17.

18.

19.

20.

21.

22.

Abedinia, O.; Amjady, N.; Zareipour, H. A New Feature Selection Technique for Load and Price Forecast of Electrical Power
Systems. IEEE Transactions on Power Systems 2017, 32, 62-74. https://doi.org/10.1109/TPWRS.2016.2556620.

Moreira, R.; Bessa, R.; Gama, J. Probabilistic forecasting of day-ahead electricity prices for the Iberian electricity market. In
Proceedings of the 2016 13th International Conference on the European Energy Market (EEM), Porto, Portugal, 2016; pp. 1-5.
https://doi.org/10.1109/EEM.2016.7521226.

Joshi, P.; Bhardwaj, ].; Sterdal, S.; Kolhe, M.; Haugom, E. Analysis of Feature Engineering in Deep Learning Architectures for
Dynamic Electricity Price Forecasting. In Proceedings of the 2025 International Conference on Artificial Intelligence, Computer,
Data Sciences and Applications (ACDSA), Antalya, Turkiye, 2025; pp. 1-5. https://doi.org/10.1109/ ACDSA65407.2025.11165808.
Zhao, C.; Zhang, Z.; Gao, K.; Wang, P. Short-term Electricity Price Forecasting Method Based on CNN-LSTM by Random Forest
and EEMD. In Proceedings of the 2024 4th International Conference on Electrical Engineering and Control Science (IC2ECS),
Nanjing, China, 2024; pp. 124-129. https://doi.org/10.1109 /IC2ECS64405.2024.10928465.

Sun, S.; Wang, X.; Wu, D.; Wu, B.; Zhang, F. Day-Ahead Electricity Price Forecasting Based on GCM Filtering and Higher-Order
Pooling Feature Enhancement. IEEE Access 2023, 11, 90939-90950. https://doi.org/10.1109/ACCESS.2023.3308604.

Sambana, B.; Devi, K.G.; Reddy, B.R.; Hussain, G.M.; Siddartha, G. Hybrid Approach for Electricity Price Forecasting using
AlexNet and LSTM. In Proceedings of the 2025 3rd International Conference on Intelligent Data Communication Technologies
and Internet of Things (IDCIoT), Bengaluru, India, 2025; pp. 1059-1064. https://doi.org/10.1109/IDCIOT64235.2025.10915181.
Sun, Q.; Zhao, Z.; Fan, M.; Ma, Q. Electricity Market Price Forecasting Model Based on an Improved Long Short-Term Memory
Network. In Proceedings of the 2024 4th International Conference on Energy, Power and Electrical Engineering (EPEE), Wuhan,
China, 2024; pp. 903-906. https://doi.org/10.1109/EPEE63731.2024.10875413.

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual

author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to

people or property resulting from any ideas, methods, instructions or products referred to in the content.

https:/ /doi.org/10.3390/1010000

317

318

319

320

322

323

324

325

326

327

328

329

330

331

332

333

334

335

336

337

338


https://doi.org/10.1109/TPWRS.2016.2556620
https://doi.org/10.1109/EEM.2016.7521226
https://doi.org/10.1109/ACDSA65407.2025.11165808
https://doi.org/10.1109/IC2ECS64405.2024.10928465
https://doi.org/10.1109/ACCESS.2023.3308604
https://doi.org/10.1109/IDCIOT64235.2025.10915181
https://doi.org/10.1109/EPEE63731.2024.10875413
https://doi.org/10.3390/1010000

	Introduction
	Methodology
	Data description
	Feature selection
	Error measures

	Results
	Conclusions
	References



