
Inżynieria Mineralna — Styczeń – Czerwiec 2025 January – June — Journal of the Polish Mineral Engineering Society 123

Intelligent Electricity Load Forecasting Method
using ARIMA-LSTM-Random Forest
Oleksandr AZIUKOVSKYI1), Volodymyr HNATUSHENKO2) Vita KASHTAN3),
Alla POLYANSKA4), Andrzej JAMRÓZ5)

1) PhD, Assoc. Prof., Professor of Electric Drive Department, Faculty of Electrical Engineering, Dnipro University of Technology, Dmytra
Yavornytskoho Ave 19, Dnipro, Ukraine, https://orcid.org/0000-0003-1901-4333, aziukovskiy_O@nmu.org.ua
2) Dr.Sc., Prof., Head of Information Technology and Computer Engineering Department, Faculty of Information Technologies, Dnipro Uni-
versity of Technology, Dmytra Yavornytskoho Ave 19, Dnipro, Ukraine, https://orcid.org/0000-0003-3140-3788, hnatushenko.v.v@nmu.one
3) Ph.D., Assoc. Prof., Associate Professor of Information Technology and Computer Engineering Department, Faculty of Information
Technologies, Dnipro University of Technology, Dmytra Yavornytskoho Ave 19, Dnipro, Ukraine, https://orcid.org/0000-0002-0395-5895,
kashtan.v.yu@nmu.one
4) Dr.Sc., Prof. of Management and Administration Department, Institute of Economics and Management, Ivano-Frankivska National Tech-
nikal University of Oil and Gas, Karpatska, 15, Ukraine; AGH University of Krakow, Faculty of Management, al. Mickiewicza 30, 30-059
Kraków, Poland, https://orcid.org/0000-0001-5169-1866 , email: polyanska@agh.edu.pl
5) Dr inż., AGH University of Krakow, Faculty of Management, al. Mickiewicza 30, 30-059 Kraków, Poland, https://orcid.org/0000-0002-
1847-8630 , email: ajamroz@agh.edu.pl

http://doi.org/10.29227/IM-2025-01-18
Submission date: 26-05-2025 | Review date: 06-06-2025

Abstract
The instability of energy systems caused by internal economic factors and external challenges, including geopolitical conflicts,
significantly complicates the process of planning and managing energy resources. An essential tool for implementing energy-saving
measures is introducing modern computer technologies, including artificial intelligence systems, in the energy sector. Intelligent
technologies make it possible to use methods for predicting electrical load, including artificial intelligence algorithms. This paper
proposes a combined ARIMA-LSTM-Random Forest model for forecasting electric load. The combination of the approaches allows
considering both linear and nonlinear dependencies in the data, which is critical to ensure the accuracy of forecasts. Using data for the
previous seven days provides enough information to identify seasonal trends and fluctuations, which makes this a promising prospect
for medium-term forecasting in energy monitoring tasks. Thus, combining the ARIMA, LSTM, and Random Forest methods achieves
high accuracy in forecasting electricity consumption. The proposed approach is an optimal solution since it combines the advantages of
each model and compensates for their shortcomings. The proposed ARIMA-LSTM-Random Forest method significantly improved the
results: MSE = 0.27, RMSE = 0.23, MAPE = 0.35%. The method minimized absolute and relative errors, confirming its advantage for
this forecasting task. The results are promising for practical application in the load management of electric networks.

1. Introduction
The management of resources contributes to economic

stability, reduces the artificial impact on the environment,
and supports sustainable development. The instability of en-
ergy systems caused by internal economic factors and exter-
nal challenges, including geopolitical conflicts, significantly
complicates the process of planning and managing energy
resources [1]. Introducing modern technologies and increas-
ing energy efficiency will help reduce dependence on import-
ed energy and strengthen energy sustainability. An essential
tool for implementing energy-saving measures is introducing
modern computer technologies, including artificial intelli-
gence systems [2, 3], in the energy sector.

Intelligent technologies make it possible to use methods
for predicting electrical load, including artificial intelligence

(AI) algorithms. Traditional methods, such as time series
analysis and regression analysis, demonstrate low accuracy in
cases of stable data, but their effectiveness is significantly re-
duced when analyzing complex nonlinear dependencies. In-
stead, AI algorithms have significant potential to solve these
problems, providing higher forecast accuracy.

Effective forecasting of electricity load is one of the key
tasks of the modern energy sector. Accurate predictions allow
energy providers to balance supply and demand more effi-
ciently, avoiding both shortages and excesses [4]. Intelligent
IT systems make it possible to predict electricity demand,
which helps reduce overproduction, cut greenhouse gas
emissions, and use resources more efficiently [4, 5]. Machine
learning algorithms, as part of these intelligent systems, can
detect patterns of inefficient energy consumption and suggest
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Fig. 1. Flowchart of intelligent electricity load forecasting method
Rys. 1. Schemat blokowy inteligentnej metody prognozowania obciążenia energią elektryczną

optimal strategies to minimize waste [6]. These technologies
contribute not only to reducing operational costs but also
to achieving environmental sustainability goals. As a result,
energy systems become more resilient, adaptive, and aligned
with global decarbonization efforts.

An essential task of every country is to optimize the use
of energy resources, reduce environmental impact, and intro-
duce renewable energy sources [7]. As global energy demand
continues to rise, efficient resource management becomes
increasingly important for ensuring energy security and eco-
nomic stability [8]. Reducing environmental impact involves
not only lowering emissions but also minimizing waste and
preserving natural ecosystems [9]. The transition to renew-
able energy sources, such as solar, wind, and hydroelectric
power, plays a crucial role in achieving long-term sustainabil-
ity. By investing in cleaner technologies and smarter energy
systems, countries can build more resilient and environmen-
tally responsible energy infrastructures.

The transition to renewable energy sources, such as solar,
wind, and hydroelectric power, plays a crucial role in achiev-
ing long-term sustainability. These sources offer a cleaner al-
ternative to fossil fuels, significantly reducing greenhouse gas
emissions and air pollution in the mining sector [8, 10]. Shift-
ing to renewables also helps decrease dependence on imported
energy, enhancing national energy security [11]. By investing
in cleaner technologies and smarter energy systems, countries
can build more resilient and environmentally responsible en-
ergy infrastructures. Modern energy systems integrate digital
tools, such as smart grids and real-time monitoring, to opti-
mize performance and reliability [10 - 12]. This transforma-
tion supports not only environmental goals but also economic
development and job creation in the green energy sector.

Intelligent systems can process large amounts of data, as-
sess risks, and provide optimal recommendations to improve
energy companies' efficiency. Insufficiently accurate forecast-
ing can lead to negative consequences, from localized power
outages to significant economic losses due to excessive or in-
sufficient electricity production. The integration of intelligent
forecasting systems contributes to the efficient planning of
electricity generation and distribution, which helps to reduce
the manufactured impact, cut costs for energy companies,
and ensure the stable operation of power grids.

2. Related works
Exponential smoothing [13] and the autoregressive mov-

ing average (ARIMA) model [14] are examples of classical
forecasting methods based on time series analysis. These
methods apply the concepts of mathematical statistics and
stochastic process theory to assess system development
trends. The main disadvantage of the above techniques is their
limitation in forecasting based on multiple variables. These
methods demonstrate high accuracy for time series with low
fluctuation, where the absence of sharp changes allows for re-
liable forecasts. However, in the case of multiple factors affect-
ing the predicted variable, such as weather conditions or date
changes, these methods cannot effectively account for interac-
tions between multiple variables. Therefore, they are used in
complex scenarios where several interrelated variables must
be analyzed simultaneously for accurate forecasting.

In case it is necessary to take into account multiple factors
affecting the load, it is advisable to apply multivariate fore-
casting using machine learning methods, such as support vec-
tor machines (SVMs) [15], random forests [16], and XGBoost
[17, 18]. These models can automatically detect more complex
data structures and estimate non-linear relationships between
various factors and load. However, their effectiveness could be
improved by their heavy reliance on high-quality and similar
datasets. It may cause instability when building and updat-
ing models and reduce the accuracy of forecasts, which only
sometimes meets the requirements of modern power systems.

Due to their properties of associative memory, parallel
information distribution, self-learning, and the ability to ap-
proximate complex functions, Neural networks can effectively
analyze nonlinear relationships between load data and other
variables. One of the simplest and most basic neural network
architectures is the multilayer perceptron (MLP) [19, 20],
which consists of fully connected neurons. In such a network,
load data and related variables are passed through the net-
work, and the parameters are optimized using the Back Prop-
agation (BP) method [21], which allows for more accurate
predictions, approaching actual values.

In a paper [22], the authors show that the proposed model
based on long short-term memory (LSTM) outperforms other
forecasting methods in terms of accuracy compared to alter-
native approaches. The study results indicate that this model
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Fig. 2. Daily Electricity Load (kW) in 2016 year
Rys. 2. Dzienne zapotrzebowanie na energię elektryczną (kW) w roku 2016

Fig. 3. Average daily load
Rys. 3. Średnie obciążenie dobowe

Fig. 4. Average hourly load
Rys. 4. Średnie obciążenie godzinowe

is an effective tool for electric power companies and energy
management systems focused on optimizing operations and
reducing costs. Of note is a new methodology for forecasting
ultra-short-term electricity demand [23], which integrates the
LSTM neural network with other machine learning methods
to create a hybrid ensemble model. This approach improves
forecast accuracy by combining the strengths of different al-
gorithms. The paper by [24] improves the efficiency of the
LSTM model for predicting electric load by selecting features
and applying genetic algorithms. The authors of [25] present-
ed a parallel genetic LSTM model enhanced with an evolu-
tionary genetic algorithm (EPGA) that demonstrates high
performance for short-term load forecasting (STLF) in the
Jimma city electricity distribution system.

The article proposes a method of intelligent electric load
forecasting using a hybrid model that combines ARIMA,
LSTM, and Random Forest algorithms. This integrated ap-
proach leverages the strengths of each individual method to
improve overall forecasting accuracy. By combining statistical
analysis, deep learning, and ensemble techniques, the mod-
el can capture both linear and nonlinear patterns in energy
consumption data. As a result, it enables effective short-term
and long-term electric load forecasting, which is essential for
efficient energy planning and management.

3. Methods and Methodology for Intelligent electricity load
forecasting

The proposed intelligent electricity load forecasting
framework integrates three complementary techniques, ARI-
MA (AutoRegressive Integrated Moving Average), LSTM
(Long Short-Term Memory networks), and Random For-
est, to enhance prediction accuracy and robustness for both
short-term and long-term forecasting [26]. This hybrid ap-
proach is designed to leverage the strengths of each method:
ARIMA is effective in modeling linear temporal relationships
and seasonality, LSTM captures complex nonlinear time-se-
ries patterns and long-term dependencies, while Random
Forest serves as an ensemble-based regressor that refines the
final output by learning from residuals and feature interac-
tions. Together, these methods enable the system to forecast
electricity load with greater precision than any individual
model alone [3, 5, 27].

The methodology begins with data collection and prepro-
cessing. Historical electricity load data, often combined with
external factors such as temperature, humidity, and time-
based indicators (e.g., hour, day of the week, and holidays),
are prepared through a series of steps including cleaning,
normalization, and feature engineering [26, 28]. The ARIMA
model is applied first to identify and model linear trends in
the time series. Once the ARIMA model provides its forecast,
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Fig. 5. Electricity load chart for the last twenty hours
Rys. 5. Wykres obciążenia energią elektryczną w ciągu ostatnich dwudziestu godzin

Fig. 6. Electricity Load Forecast
Rys. 6. Prognoza obciążenia energią elektryczną

Fig. 7. Electricity Load Forecast using machine learning methods and the proposed method
Rys. 7. Prognoza obciążenia energią elektryczną z wykorzystaniem metod uczenia maszynowego i proponowanej metody

the residuals, representing unexplained nonlinear behav-
ior, are passed to the LSTM network [26, 27].  The LSTM is
trained on sequences of past load values and features to cap-
ture long-range and nonlinear dependencies. Hyperparame-
ters are fine-tuned to achieve optimal performance.

In the final stage, the outputs from both ARIMA and
LSTM models, along with additional engineered features,
are fed into a Random Forest regressor [26, 29]. This ensem-
ble model acts as a meta-learner that further improves pre-
diction accuracy by reducing variance and handling com-
plex feature interactions [26-30]. The model’s performance
is evaluated using standard metrics such as Mean Absolute
Error (MAE), Root Mean Squared Error (RMSE) and Mean
Absolute Percentage Error (MAPE). Comparative analysis
with standalone models demonstrates the superior accuracy
and robustness of the proposed hybrid method, making it a
valuable tool for intelligent energy forecasting and resource
management.

Fig. 1 shows a flowchart of the proposed intelligent elec-
tric load forecasting method using ARIMA-LSTM-Random
Forest. The diagram illustrates the sequential steps involved
in data preprocessing, model training, and prediction genera-
tion. It visually highlights how ARIMA handles linear trends,
LSTM captures nonlinear time dependencies, and Random
Forest refines the final output. This structured approach en-
sures a clear understanding of how the hybrid model inte-
grates multiple techniques to achieve accurate and reliable
forecasting.

The study uses open data [31]. The data are presented
in .csv format and contain indicators of electric load in the
Toronto regional power grid for 2016 (Fig. 2). They reflect
electricity consumption in kilowatts and serve as the basis for
time series analysis and forecasting.

Before applying machine learning methods, the dataset
was pre-processed and prepared, including filling in missing
values and standardizing the data structure [32]. This stage
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Fig. 8. Experiment 1 Load forecast for the next hour (seven days)
Rys. 8. Eksperyment 1 Prognoza obciążenia na następną godzinę (siedem dni)

Fig. 9. Experiment 2 Forecast for the next month (seven days)
Rys. 9. Eksperyment 2 Prognoza na najbliższy miesiąc (siedem dni)

Fig. 10. Experiment 3 Load forecast for the next hour (two days)
Rys. 10. Eksperyment 3 Prognoza obciążenia na następną godzinę (dwa dni)

is essential to ensure the high quality of the input data, min-
imize systematic errors in forecasting, and improve the accu-
racy of the results.

Cleaning included the removal of missing values (NaN)
and erroneous data that could affect the modeling results. The
presence of gaps or abnormal values in the time series was
determined by visualizing and statistically evaluating them.

All features were normalized to a single scale (-1, 1) to
eliminate the influence of different units of measurement on
the modeling results. Normalization helps to improve mod-
el convergence during training and prevents uncontrolled
growth of gradients, which can lead to numerical instability:

(1)where F is the input data, F is the 

normalized data, Fˆ max and
Fmin are the maximum and minimum values of the feature,

After preprocessing, the dataset includes a normalized
time series with all characteristics. This data is input for mod-
el training and further electric load forecasting. Prepared data
provides high-quality input for computations, which is essen-
tial for forecast accuracy.

After pre-processing, the data was divided into training
and test sets. The training set contained 80% of all data and
was used to train machine learning (ML) models. The remain-
ing 20% was the test set, which was used to evaluate the per-
formance of the models. This ratio provides enough data for
training while leaving an independent sample for validation,
preventing the models' overtraining.

The automatic integrated model of autoregression (ARI-
MA) is used to model time series [33] and consists of two
steps: ARIMA Prediction and ARIMA Weight. It allows for
the improvement of forecast accuracy by using weighting co-
efficients. The ARIMA Prediction step uses a predicted time
series with three parameters: p – autoregression order, d – de-
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Fig. 11. Experiment 4 Load forecast for the next hour (one day)

Tab. 1. Assessment of Forecasting Accuracy

Rys. 11. Eksperyment 4 Prognoza obciążenia na następną godzinę (jeden dzień)

Tab. 1. Ocena dokładności prognozowania

gree of differentiation to eliminate the trend, and q – order of
the moving average model. The ARIMA (p, D, q) mathemati-
cal formula can be described as follows [34]:

(2)

where L is the lag operator, φi are the parameters of the au-
toregressive part of the model, θi are the parameters of the
moving average part, εt are the error terms.

The second step involves calculating the weights used to
correct the baseline forecast. The value of the weights is calcu-
lated for each forecasted value to ensure that the data features
(e.g., seasonal or trend components) are taken into account
more accurately. The weighting factor is determined by calcu-
lating the Mean Absolute Error (MAE) for each period [35]:

(3)where Yt denotes the original time 

series, while Ŷt represents
the predicted time series generated by the model. The low val-
ues of these three indicators suggest minimal deviation be-
tween the actual data and the forecasted values

The final forecast is calculated as the product of the base
forecast Ŷt,ARIMA and the weighting factor wt:

(4)

The LSTM method predicted the electric load based on
the date, time, and kilowatt values. During the training of the
LSTM method, the number of epochs varied from 100 to 400,
which indicates the speed of model learning. Five different
model variants were created with the number of neurons in
the hidden layer: 200, 250, 300, 350, and 400 neurons. Each
model was trained with the number of epochs 100, 200, 300,
and 400, resulting in 20 different combinations of param-
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LSTM error and LSTM weight. The final forecast is calculated
as the product of LSTM error and LSTM weight, which in-
creases the forecast accuracy. The final forecast combines the
results of ARIMA and LSTM. For this purpose, a weighted
average of forecasts was used, which allows for a more stable
and accurate result by combining the advantages of each al-
gorithm:

(5) where YARIMA is an 

ARIMA forecast, YLSTM is an LSTM fore-
cast, wARIMA and wLSTM are weights for each model determined
based on their accuracy.

We applied the Random Forest method to improve fore-
cast accuracy, which uses ARIMA and LSTM errors with the
final forecast. Forecast accuracy metrics are used to assess the
quality of the model: Root Mean Square Error (RMSE) and
Mean Absolute Error (MAE) [35]. These metrics help to de-
termine how well the model performs and whether additional
optimization is required.

After the model is trained and reaches the desired level
of accuracy, the trained model parameters are saved. It en-
sures that the model can be used for future forecasts without
re-training. Saving the model parameters is crucial for practi-
cal application in real-world conditions, particularly for oper-
ational estimates over time.

After evaluating the accuracy of the forecasts using met-
rics such as MAE and RMSE, we compare the error with a cer-
tain threshold. If the error exceeds this threshold, the forecast
is passed to the ML model block for further correction and
refinement. Otherwise, if the error is less than the threshold,
it is passed to the load forecasting stage, which allows unnec-
essary corrections to be avoided, and a more accurate forecast
for further load management in the networks is applied. This
approach ensures precise and efficient use of the method in
real-time, minimizing the impact of significant errors on the
final forecast.

The final value of Yfinal, obtained after combining all stages
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electric load in the networks. This value is the basis for fur-
ther load management operations and resource optimization
in power grids.

4. Experimental analysis and discussion
This section presents the results of the study of changes in

electricity load by average daily and average hourly values and
assesses the efficiency of the forecast model. The analysis aims
to identify characteristic patterns in electricity consumption,
particularly seasonal and daily trends, and evaluate the accu-
racy of the forecasting model to ensure reliable energy man-
agement.

Figure 3 shows the average daily load from January to
August 2016. There is significant variability in the load over
the study period. The load is consistently high in the win-
ter months (January-February), with peak values exceeding
2.0 kW. In the spring (March-May), a gradual decrease in
the average daily load is recorded, reaching minimum val-
ues in April-May (~1.2 million kW). In the summer months
(June-July), there is a sharp increase in the average load, indi-
cating a seasonal rise in electricity demand.

Figure 4 shows the average hourly load during the day.
There is an explicit daily load dynamics with a minimum at
night (about 1.1 kW) and a gradual increase from 6:00 am to
reach a maximum value (~1.7 kW) between 14:00 and 18:00.
After the peak, the load gradually decreases until late in the
evening.

Figure 5 shows a graph of the electric load for the last 20
hours, reflecting changes in the Actual and Predicted electric-
ity consumption values. The graph demonstrates the cyclical
nature of the load, with periodic peaks and troughs through-
out the day. Several pronounced peaks in the electric load
reach more than 24 kW and repeat with a certain regularity.
The highest load occurs between 3-4 hours and 11-12 hours,
possibly due to the characteristic periods of consumer activity.

The predicted load values correspond to the actual values,
with minor deviations at specific points in time. The devia-
tions are particularly noticeable during sharp changes in load
when actual values show a rapid increase or decrease. Never-
theless, the general trend of Actual and Predicted values is al-
most identical, indicating the forecast model's high accuracy.

Periodic fluctuations in the load are visible, indicating
a possible seasonal or daily dependence on electricity con-
sumption. Forecasting this data type allows for more efficient
resource allocation planning and regulation of power grids
to avoid overloads during peak hours. The model's accuracy
provides reliable results that ensure informed management
decision-making in real-time.

Figure 6 shows a graph of the electric load for the last 20
hours, reflecting changes in the Actual and Predicted electric-
ity consumption values. The graph demonstrates the cyclical
nature of the load, with periodic peaks and troughs through-
out the day. Several pronounced peaks in the electric load
reach more than 24 kW and repeat with a certain regularity.
The highest load occurs between 3–4 hours and 11–12 hours,
possibly due to the characteristic periods of consumer activity.

The predicted load values correspond precisely to the actu-
al values, with minor deviations at specific points in time. The
deviations are particularly noticeable during sharp changes in
load when actual values show a rapid increase or decrease.

Nevertheless, both graphs' general trend and shape are almost
identical, indicating the forecast model's high accuracy.

Periodic fluctuations in the load are visible, indicating
a possible seasonal or daily dependence on electricity con-
sumption. Forecasting this data type allows for more efficient
resource allocation planning and regulation of power grids
to avoid overloads during peak hours. The model's accuracy
provides reliable results that ensure informed management
decision-making in real-time.

Figure 7 shows the results of forecasting electricity con-
sumption (kW) daily by hour using machine learning meth-
ods and the proposed method. The actual data serves as a
benchmark for evaluating the forecasting accuracy of differ-
ent models. The LSTM model can reproduce the general trend
of electricity consumption but has some deviations in peak
load values. The combined ARIMA-LSTM approach improves
forecast accuracy by synergizing the capabilities of the mod-
els: ARIMA effectively processes linear time series trends,
while LSTM considers their nonlinear components. Subse-
quent adjustment of forecasts using Random Forest helps
to minimize residual errors by processing unaccounted-for
trends in the data. The proposed ARIMA-LSTM-Random
Forest method provides the highest correspondence to actual
values, especially in periods with significant peak loads, con-
firming its high efficiency in short-term electricity consump-
tion forecasting.

Figure 8 shows the results of forecasting the electric load
for the next hour over 7 days using the ARIMA-LSTM-Ran-
dom Forest method. The actual values of the electric load
demonstrate a pronounced periodicity with daily fluctuations,
where the maximums are observed during peak hours, and
the minimums are observed during off-peak periods. Predict-
ed values obtained using the ARIMA-LSTM-Random Forest
method accurately reproduce trends and cyclical changes in
load. At the same time, forecast errors are observed at sharp
changes or anomalies, indicating the method's limitations
when processing nonlinear fluctuations. The application of
the ARIMA-LSTM-Random Forest method shows efficiency
for forecasting periodic time series but requires optimization
to improve accuracy in cases of significant load fluctuations.

Fig. 9 shows the results of experiment 2, in which the fore-
cast of the electric load for the next month was made based
on time series for the previous 7 days. The proposed ARI-
MA-LSTM-Random Forest method demonstrates a high cor-
relation between actual and predicted values over time. The
forecast reflects seasonal load fluctuations, mainly repeating
cyclic trends with peaks and troughs. The method effective-
ly considers the periodicity and data dynamics inherent in
time series. The predicted values are very close to the actual
values at the peak points of the electric load (about 24 kW).
In periods of minimum load (about 10-12 kW), the method
demonstrates a high level of correspondence between actual
and predicted values, but there are slight deviations. Over the
entire time interval (more than 250 hours), it is clear that the
model remains stable in its forecasting. It indicates that com-
bining ARIMA for modeling linear dependencies and LSTM
for accounting for nonlinearities allows for a balance between
short-term and long-term forecasting.

Figure 10 shows the results of experiment 3, which
demonstrates the prediction of the electric load for the next
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hour based on the time series for the previous two days. The
graph compares the actual load values with the predicted
values obtained using the ARIMA-LSTM-Random Forest
method. It predicts peak values and load decreases at dif-
ferent times of the day. Slight deviations between the actual
and predicted values are noticeable in the peak load zones
(around 17 kW). It indicates that the model does a good job
of predicting critical moments, although some errors may be
caused by complex nonlinear dependencies in the data. The
ARIMA-LSTM-Random Forest method efficiently predicts
electricity load, especially for short-term time series. Using
two days of data allows the model to consider the main trends
and periodicity in the load, which is essential for short-term
forecasting tasks.

Figure 11 shows the electric load forecast for the next
hour for one day using the ARIMA-LSTM-Random Forest
method. The horizontal axis (X) indicates the time in hours,
starting from midnight (00:00) and ending with the last hour
of the day (23:00). The vertical axis (Y) shows the value of
the electrical load in kilowatts (kW) in the range from 40 to
60. Analysis of the curve shows a pronounced periodicity,
which indicates the cyclical nature of electricity consumption
during the day. Peak load values of approximately 60 kW are
observed in the morning (around 02:00), afternoon (14:00),
and evening (22:00). In contrast, minimum values of around
40 kW are typical for the periods after 04:00, in the afternoon
(16:00) and at night (18:00). This forecast reflects the behav-
ioral characteristics of electricity consumption, indicating
peak periods that may be associated with people's daily rou-
tine activities, such as the use of household appliances or the
operation of industrial facilities. The graph data can help plan
energy resources and optimize their daily distribution.

Table 1 shows the results of the forecasting quality assess-
ment of the three methods: LSTM Forecast, the combined
ARIMA-LSTM model, and the improved ARIMA-LSTM-Ran-
dom Forest model.

The metrics Mean Squared Error (MSE), Root Mean
Squared Error (RMSE), and Mean Absolute Percentage Error
(MAPE) are used to quantify the accuracy of the forecasts.
The LSTM-based model showed average forecasting perfor-
mance, with MSE = 0.38 and RMSE = 0.62. The MAPE val-
ue of 8.37% indicates a relatively high average relative error.
It demonstrates that the LSTM, despite its power in model-

ing time series, could have achieved optimal results for the
available data. Combining ARIMA with LSTM improved
the mean absolute error (MAPE = 1.27%) compared to the
pure LSTM, but the MSE = 0.63 and RMSE = 0.79 are high-
er. It indicates that the combination of models reduced the
relative error (MAPE), but the total squared error increased.
The proposed ARIMA-LSTM-Random Forest method signifi-
cantly improved the results: MSE = 0.27 – the lowest value
among all models. RMSE = 0.23 – significantly reduced root
mean square error. MAPE = 0.35% – the lowest average rela-
tive error, indicating high forecasting accuracy. These results
demonstrate the effectiveness of ensemble approaches, where
Random Forest adaptively corrects the forecasts of the com-
bined ARIMA-LSTM model. The method minimized absolute
and relative errors, confirming its advantage for this forecast-
ing task.

5. Conclusions
The experimental study results confirm the proposed ap-

proach's effectiveness for predicting electric load based on
the combined ARIMA-LSTM-Random Forest model. The
analysis of the forecasting quality using the MSE, RMSE, and
MAPE metrics shows a significant improvement in accuracy
compared to individual LSTM and ARIMA-LSTM methods.
In particular, the proposed model provided the lowest values
of the mean square error (MSE = 0.27), root mean square error
(RMSE = 0.23), and mean absolute percentage error (MAPE =
0.35%), which is evidence of high accuracy of forecasts.

The combination of approaches allows for considering
linear dependencies (ARIMA model) and nonlinear data
characteristics (LSTM). At the same time, using Random For-
est ensures the adaptive correction of forecasts and the min-
imization of errors. The use of data for the previous 7 days
made it possible to consider seasonal trends and fluctuations,
which is critical for medium-term forecasting tasks in the en-
ergy sector.

Thus, the proposed ARIMA-LSTM-Random Forest mod-
el demonstrates high accuracy and adaptability, making it
promising for practical use in energy monitoring and man-
aging power grids. Combining the advantages of each model
as part of an ensemble approach allows for compensating for
their shortcomings, ensuring the reliability of forecasts and
the possibility of effective resource planning.
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Inteligentna metoda prognozowania obciążenia energią elektryczną
z wykorzystaniem ARIMA-LSTM-Random Forest

Niestabilność systemów energetycznych, spowodowana wewnętrznymi czynnikami ekonomicznymi i  wyzwaniami zewnętrznymi,
w tym konfliktami geopolitycznymi, znacząco komplikuje proces planowania i zarządzania zasobami energetycznymi. Niezbędnym
narzędziem wdrażania działań na rzecz oszczędności energii jest wprowadzenie do sektora energetycznego nowoczesnych technologii
komputerowych, w tym systemów sztucznej inteligencji. Technologie inteligentne umożliwiają wykorzystanie metod prognozowania
obciążenia elektrycznego, w tym algorytmów sztucznej inteligencji. W niniejszym artykule zaproponowano połączony model ARI-
MA-LSTM-Random  Forest  do  prognozowania  obciążenia  elektrycznego. Połączenie  tych  podejść  pozwala  na  uwzględnienie 
zarównoliniowych, jak i nieliniowych zależności w danych, co jest kluczowe dla zapewnienia dokładności prognoz. Wykorzystanie 
danychz  ostatnich  siedmiu  dni  dostarcza  wystarczających  informacji  do  identyfikacji  trendów  i  wahań 
sezonowych, co czyni to obiecu-jącą perspektywą dla prognozowania średnioterminowego w zadaniach monitorowania energii. 
Zatem  połączenie  metod  ARIMA,LSTM  i Random  Forest  pozwala  osiągnąć  wysoką  dokładność  prognozowania  zużycia  energii 
elektrycznej. Proponowane  podejściejest  rozwiązaniem  optymalnym, ponieważ  łączy  zalety  każdego  modelu  i kompensuje  ich 
wady. Zaproponowana metoda ARIMA--LSTM-Random Forest  znacząco poprawiła wyniki: MSE = 0,27, RMSE = 0,23, MAPE 
= 0,35%. Metoda  zminimalizowała  błędybezwzględne  i względne, co  potwierdza  jej  przewagę  w tym  zadaniu  prognostycznym. 
Wyniki są obiecujące pod kątem praktycznychzastosowań w zarządzaniu obciążeniem sieci elektroenergetycznych.

Słowa kluczowe: prognozowanie obciążenia energią elektryczną, metoda inteligentna, ARIMA, LSTM, las losowy




