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Abstract: Electricity demand forecasting is crucial for effective grid operation, planning, and decision-making. This study presents a
comparison between classical time series models—AutoRegressive Integrated Moving Average (ARIMA) and Seasonal AutoRegressive
Integrated Moving Average (SARIMA)—and a deep learning—based method, Gated Recurrent Units (GRU), for forecasting hourly
electricity demand. The models are tested on a real-world dataset, enriched with weather and calendar variables to capture temporal
and exogenous effects on electricity consumption. To ensure a fair and reproducible comparison, all models are trained and evaluated in
a common experimental framework, including a well-defined chronological train-test split and rolling-origin (walk-forward) validation
strategy. The forecasting performance is evaluated for short-term (24 h) and medium-term (168 h) horizons using standard error metrics,
namely, root mean squared error, mean absolute error, and Mean Absolute Percentage Error (MAPE). The results of the experiment
demonstrate that the GRU model performs better than ARIMA and SARIMA models especially for longer forecasting horizons due
to its capability to learn nonlinear relationships and long-term temporal dependencies. The GRU approach gives better forecasting
accuracy in the case of complex demand dynamics, but linear seasonal patterns can still be modeled by classical statistical models.
The aim of this study is not to directly detect or predict system failures, nor does it depend on explicit fault or outage data. Its main
contribution is instead in improving the accuracy of electricity demand forecasting, which can indirectly assist preventive grid operation
and planning by reducing the uncertainty in expected load profiles.
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1. Introduction

Electricity demand forecasting is a crucial aspect of sus-
tainable energy management, playing a significant role in the
optimization of grid operations [1], the efficient use of resources,
and the promotion of environmental sustainability [2]. The global
increase in energy demand, together with the pressing necessity
to decrease dependence on fossil fuels and incorporate renewable
energy sources [3], has highlighted the importance of accu-
rate and timely predictions to ensure grid stability and avoid
fault-induced interruptions [4]. In this context, accurate fore-
casting models are increasingly important for balancing energy
supply and demand, improving grid flexibility [5], supporting
demand-side management strategies, and informing energy pol-
icy development [6]. Electricity demand has seasonal variations
and nonlinear behaviors, which cannot be described by the
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traditional forecasting methods [7]. Recent advancements in sta-
tistical time series models (e.g., ARIMA, SARIMA) and deep
learning methods (e.g., Gated Recurrent Unit [GRU]) have shown
great potential to tackle these problems [8]. In particular, mod-
els that use high-frequency data [9], for example, hourly data
[10], have the potential to capture complex patterns such as daily
and weekly cycles and improve energy management and fault
mitigation strategies [11].

The present research performs a thorough evaluation of
time series forecasting methods for national electricity demand
(nat_demand) using a dataset of 48,046 hourly entries of electricity
demand, meteorological parameters (temperature, humidity, pre-
cipitation, and wind speed) for several locations (Tocumen, San
Miguelito, and David), and calendar elements such as holidays
and school periods. The aim of this work is to provide a compre-
hensive evaluation of time series forecasting methods for national
electricity demand (nat_demand). The dataset used has 48,046
hourly records with electricity demand, weather (temperature,
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humidity, precipitation, and wind speed) from different locations
(Tocumen, San Miguelito, and David), and calendar-related data
(holidays and school periods). The research involves three dif-
ferent models, which are ARIMA, SARIMA, and GRU. These
models are used to capture linear, seasonal, and nonlinear pat-
terns, respectively. The models’ performances are evaluated using
a combination of statistical metrics (e.g., root mean squared error
[RMSE], MAPE) and visual diagnostics (e.g., residual plots, auto-
correlation function [ACF], and partial autocorrelation function
[PACF]), supplemented by decomposition analyses to uncover
underlying trends and seasonal components. A key finding is
the better performance of the GRU model with an RMSE of
127, indicating its capability in modeling the nonlinear dynam-
ics and abrupt changes typical of energy demand fluctuations
and fault events. The study, however, recognizes practical con-
straints in real-world applications, including the difficulty of
incorporating real-time fault data and the computational inten-
sity of deep learning models such as GRU in resource-limited
operational settings. This study contributes to the literature in
many ways. It should be noted that the objective of the current
study is not to detect, classify, or predict system failures directly.
Instead, the contribution of the proposed framework is in enhanc-
ing the accuracy of short- and medium-term electricity demand
forecasting. Accurate demand forecasts can indirectly assist
preventive grid operation, maintenance scheduling, and decision-
making processes by reducing uncertainty in expectations of
loads.

1) Evaluation of Model Effectiveness: The study systemati-
cally assesses statistical and deep learning models (ARIMA,
SARIMA, GRU) for capturing seasonal and nonlinear
patterns in high-frequency electricity demand data.

2) Analysis of Model Applicability: It examines the strengths
and limitations of ARIMA, SARIMA, and GRU, provid-
ing insights into their suitability for short- and long-term
forecasting.

3) Impact of Exogenous Variables: The research investigates the
influence of weather and calendar events on demand fore-
casting, offering a framework to optimize model performance
amidst system faults.

4) Comparative Performance Insights: It delivers a comparative
analysis of model performance using metrics, autocorrelation,
decomposition, and residual diagnostics, yielding actionable
recommendations for energy system operators.

The study contributes to the literature by providing a
comprehensive analysis of statistical and deep learning models
in a unified framework and by highlighting their practical impli-
cations for fault management and energy demand forecasting. It
examines the effect of exogenous variables on the improvement
of the accuracy of predictions, provides ideas for the application
of the model for different forecasting horizons, and reinforces its
conclusions with thorough diagnostics and comparative analyses.
The outcomes of this research not only contribute to the theoret-
ical and operational aspects of electricity demand forecasting but
also improve the resilience of power grids and the effects of faults
on them, opening the door to future hybrid modeling methods
that can further improve sustainable energy management.

2. Literature Review

The optimization and sustainability of energy systems require
electricity load forecasting as a basic requirement. ARIMA and
SARIMA models have been widely used in the literature in
time series analysis, and they are efficient in modelling the
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linear and seasonal patterns. On the other hand, deep learn-
ing methods such as GRU are very good at capturing complex
nonlinear time dependencies [12]. The above models performed
differently depending on the data structure and the application
domain. In this context, our study aims to contribute to the
literature by comparative analysis of SARIMA, ARIMA, and
GRU.

Ozen et al. [13] investigated deep learning methods for fore-
casting electricity consumption. They examined Convolutional
Neural Network (CNN), Long Short-Term Memory (LSTM),
ARIMA, and random forest on univariate data. For multivariate
data, the hybrid models outperformed other models. The hybrid
fusion model was better than ARIMA (0.2184) and CNN (0.1802)
with an RMSE of 0.0871 in Chicago. Short-term load forecast-
ing (STLF) is crucial for the supply—demand balance and power
system stability. Anh et al. [14] devised techniques to process the
data stream with real-time smart sensors. The proposed online
SARIMA variant was used to forecast the Northern Vietnam
hourly electricity load and obtained a MAPE of 4.57%. Amjadian
et al. [15] discussed the importance of long-term electric load fore-
casting and the limitations of ARIMA in nonlinear trends. A new
method was proposed using ARIMA, Support Vector Regres-
sion (SVR), and genetic algorithm. The prediction of TREC’s
annual peak load yielded reliable results with error criteria. Ullah
et al. [16] evaluated time series, regression, neural networks, and
hybrid models for the important role of STLF in reserve manage-
ment in modern power grids. The proposed CNN-LSTM model
resulted in better accuracy with 538.71 RMSE and 2.72 MAPE
for one-step forecasting and 951.94 RMSE and 4.72 MAPE for
24-h forecasting on NTDC data. Ahamed et al. [17] worked on
load forecasting techniques for the stability of the power grid and
analyzed the influence of factors such as the generalization of
algorithms and the complexity of models on efficiency. Discus-
sion on the progress of STLF and the strengths, weaknesses, and
future trends of STLF was performed.

Dorji et al. [18] explored the importance of electrical load
forecasting for the management of power systems and the utiliza-
tion of synthetic data to fill the missing data (MV). The synthetic
data and hybrid method were compared with three datasets, gen-
erated with real data and linear interpolation. Fan et al. [19]
pointed out the disadvantages of traditional models for complex
fluctuations and emphasized the importance of accurate power
load prediction for energy distribution and grid stability. A hybrid
model of EEMD-SVR-WNN was proposed. The load series
was decomposed by Ensemble Empirical Mode Decomposition
(EEMD) and forecasted by SVR and WNN. High accuracies were
achieved on New York data. El-Afifi et al. [20] studied the envi-
ronmental advantages of electric vehicles (EVs) and the capacity
challenges they pose to the grid. They proposed a deep learn-
ing-based two-stage optimization strategy for efficient placement
of EV charging stations. Load forecasting was performed using an
ARIMA-LSTM hybrid model. Losses were reduced by 33% using
the Hybrid Archimedes-Genetic (HAG) algorithm. In their study
on the impact of EV transition on grid management, Amara-
Ouali et al. [21] developed probabilistic forecasting algorithms to
predict charging behavior. Bottom-up and adaptive approaches
were proposed directly. They were tested on the data of the
Palo Alto dataset and were successful on the pinball loss and
Ranked Probability Score (RPS) metrics. Kychkin and Chasparis
[22] studied the complexity of the electricity load consumption
and compared the short-term (daily/hourly) forecasting models.
Autoregressive and deep learning models were presented. Persis-
tence, Periodic AutoRegressive (PAR), and Seasonal Persistence
Regression (SPR) models were proposed. Accuracy improvement
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in hourly forecasts was obtained up to 15-30%. Kyryk and
Shatalov [23] compared SARIMA(X) and Decision Tree in their
study of load forecasting models in the power grid. The mod-
els were trained on the 2021 load data of one substation in the
Kyiv region. We tested the models on how they performed with
forecasts for 01/01/2022.

Parkash et al. [24] have proposed an end-to-end (E2E) learn-
ing approach based on the top-down (TD) principle for STLF
for hierarchical residential consumers. The model was tested with
9 years of data from 50 homes in the USA and outperformed
SARIMA and SVR with a MAPE of 2.27%. Doddabasappa et al.
[25] studied the effect of electricity price forecasting on Market
Clearing Price (MCP) and the role of day-ahead forecasts in mar-
ket and power plant planning. In terms of pen unit cost and test
accuracy, benchmarking was used. MATLAB was used to fore-
cast prices in the medium term. Bensalah and Hair [26] used
the SARIMA model to study the power consumption forecast-
ing of Tetouan city. The model captured seasonal patterns using
10-min data. SARIMA was efficient in smart grid management
using training data, and its accuracy was calculated by mean abso-
lute error (MAE), RMSE, MAPE, and R2. Kumar et al. [27]
studied ARMA, ARIMA, and SARIMA models for long-term
load forecasting with data from the mixed grid of NIT Patna.
SARIMA was more accurate than ARMA and ARIMA due to
considering seasonal changes. The efficiency of the model was
illustrated by the achievement of 7% MAPE. Ningombam et al.
[28] proposed a Box-Cox integrated SARIMA model for inertia
estimation for low-inertia modern power systems from renew-
able energy. The inertial effect of wind generators and engine
loads was considered. The model obtains good results with an
annual prediction accuracy higher than 97.5%. Royal et al. [29]
studied the importance of electricity demand forecasting for opti-
mal system design. He proposed the Generalized Additive Model
(GAM) and SARIMA hybrid model for long-term forecasting.
The model was validated on 11 years of data and was able to cap-
ture seasonality and growth rates effectively with an Normalized

Root Mean Squared Error (NRMSE) of 9.091%. This supports
multi-year investments. Zhao et al. [30] proposed a multimodal
fusion approach for renewable energy demand forecasting by fus-
ing time series and text data using a hybrid model of CNN and
Bi-GRU. The GRU, ARIMA, and EEMD-ARIMA models per-
formed worse than the proposed model for short- and long-term
forecasting. Heng [31] suggested the MTL-GAN model for multi-
energy load forecasting (MELF) to account for energy demand
diversity. GRU was employed to extract temporal dependencies,
a shared layer for inter-load relations, and an attention module
for spatial features. In ASU Tempe data, MAPE decreased by
43% and RMSE by 51%. Guo [32] studied the efficiency of power
load forecasting and proposed the BO-GRU-LightGBM model
to optimize the integration of renewable energy. The parameters
of GRU and LightGBM were obtained using Bayesian optimiza-
tion and were combined with Least Absolute Deviations (LAD).
Simulation results in MATLAB were obtained with high accu-
racy, with an RMSE of 0.331. Chen et al. [33] considered the
importance of MELF for integrated energy systems and pro-
posed the DAM-MSHRN-GRU model. GRU performed well, as
it captured time patterns.

3. Material and Method

In this study, we predict the national electricity demand
(nat_demand) based on a dataset of 48,046 hourly records with-
out missing values, as shown in Table 1. The dataset includes
variables such as electricity demand, temperature, humidity, pre-
cipitation, and wind speed in different locations (Tocumen, San
Miguelito, and David), and calendar-related features such as hol-
idays and school periods. To capture the temporal dynamics and
seasonal patterns embedded in the data, three different forecast-
ing approaches were used: ARIMA, SARIMA, and GRU. Each
method was systematically applied to capture linear, seasonal,
and nonlinear dependencies, respectively, with performance eval-
uated using metrics such as RMSE and MAPE. The following

Table 1
Opverview of dataset variables and temporal coverage
Quantiles

Variable Description Count Mean Std. dev. Min Max (25%—50%—75%)

DateTime Timestamp of records 48,046 30-Sep-17 - 03-Jan-15  27-Jun-20 -

nat_demand National electricity 48,046 1180 192 85.2 1750 1,020-1,170-1,330
demand (MW)

T2M_toc Temperature at 48,046 27.4 1.68 23 35 26.2-27.1-28.6
Tocumen (°C)

QV2M_toc Specific humidity at 48,046 0.02 0 0.01 0.02 0.02-0.02-0.02
Tocumen (g/kg)

TQL_toc Total precipitation at 48,046 0.08 0.07 0 0.52 0.03-0.07-0.12
Tocumen (mm)

W2M_toc Wind speed at Tocumen 48,046 134 7.3 0.01 39.2 7.55-12.2-18.7
(m/s)

T2M_san Temperature at San 48,046 26.9 3.02 19.8 39.1 24.8-26.2-28.7
Miguelito (°C)

QV2M_san Specific humidity at San 48,046 0.02 0 0.01 0.02 0.02-0.02-0.02
Miguelito (g/kg)

TQL_san Total precipitation at 48,046 0.11 0.09 0 0.48 0.04-0.09-0.16
San Miguelito (mm)

W2M_san Wind speed at San 48,046 7.05 4.1 0.06 24.5 3.96-5.99-9.41

Miguelito (m/s)
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subsections detail the data preprocessing steps, the model
specifications, and the evaluation procedures.

3.1. Dataset

Accurate electric load forecasting plays an important role in
efficient power system management and in balancing electricity
supply and demand. The dataset used in this study provides a
comprehensive basis for developing and testing forecasting algo-
rithms because it includes historical electricity demand, official
weekly pre-dispatch forecasts, weather variables, and calendar-
related information. In the original dataset, electricity demand
is recorded at hourly resolution, which allows detailed temporal
analysis of short-term and medium-term demand variations. The
dataset consists of 48,046 valid hourly records with no missing
or mismatching values and covers the period from January 01,
2015, to June 27, 2020. It includes national electricity demand
(nat_demand) and meteorological variables such as temperature,
relative humidity, precipitation, and wind speed for Tocumen,
San Miguelito, and David, as well as calendar variables including
holidays and school periods. Historical load data were obtained
from the grid operator CND through daily post-dispatch reports,
while weekly forecast information was extracted from official pre-
dispatch reports. School-period information was collected from
the Ministry of Education in Panama, and holiday information
was obtained from the “When on Earth?” database.

To preserve temporal consistency and avoid data leak-
age, the dataset was divided chronologically without shuffling.
The training period covers January 01, 2015, to Decem-
ber 31, 2018, and the test period covers January 01, 2019,
to June 27, 2020. The original dataset includes four files,
namely, continuous dataset.csv, weekly pre-dispatch forecast.csv,
train_dataframes.xIsx, and test_dataframes.xlsx, with a total of
355 columns. Since the dataset also contains weekly pre-dispatch
forecasts, the weekly forecasting structure was considered in the
statistical benchmark models. In this process, each forecast week
begins on Saturday, and Friday is considered the last day of the
previous forecast week. In addition, 72 h of unseen records, up
to the last hour of Tuesday, are kept before the forecast period in
accordance with the weekly pre-dispatch process.

Although the complete dataset contains 48,046 hourly obser-
vations, the ARIMA and SARIMA models were fitted using
a weekly aggregated benchmark series derived from the same
hourly dataset. This aggregation resulted in 218 observations for

the period from January 2015 to March 2019. This choice was
made for two main reasons. First, it is consistent with the weekly
pre-dispatch forecasting structure of the dataset. Second, direct
estimation of ARIMA and SARIMA models on approximately
35,000 hourly training observations with long seasonal cycles
would be computationally demanding and could lead to conver-
gence instability. Therefore, ARIMA and SARIMA were used
as classical statistical benchmark models based on the weekly
aggregated representation of the same underlying demand series.
In contrast, the GRU model was trained directly on the hourly-
resolution data using a 168-h sliding-window structure in order to
capture daily and weekly temporal dependencies. Thus, the dif-
ference in the number of observations does not indicate the use of
different datasets; rather, it reflects model-specific preprocessing
and input resolution required for computationally feasible and
methodologically appropriate forecasting.

Figure 1 shows the distribution of demand for national elec-
tricity (nat_demand) in the form of a histogram and boxplot.
The histogram shows a right-skewed distribution with a peak at
about 1100-1200 MW and a range of 500-1750 MW, indicat-
ing that lower values of demand occur more often. This skewness
is confirmed by the boxplot with a median near 1170 MW and
an interquartile range (IQR) between 1020 MW and 1330 MW.
Outliers below 500 MW suggest occasional low-demand events
possibly caused by anomalies. This distribution enables the use
of SARIMA to capture seasonal variations and GRU to model
nonlinear patterns in demand data.

3.2. ARIMA model

ARIMA model is a statistical method widely used for pre-
dicting future values in a time series based on the model of
dependencies between the consecutive observations [34]. It is espe-
cially effective for analyzing and forecasting time series data with
trends and patterns, as long as the series can be made station-
ary. The ARIMA model combines three basic components, each
of which deals with various aspects of time series behavior, and
is represented as ARIMA (p, d, q), where p, d, and q are non-
negative integers indicating the order of the model. The first
component is AutoRegressive (AR), which predicts the current
values based on past observations. The parameter p represents
the number of lagged observations included in the model. For
instance, an AR (1) model takes the immediately previous value
into consideration to capture the AR relationship in the series.

Figure 1
Histogram and boxplot of national electricity demand distribution
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The second part, Integrated (I), is responsible for stationarity,
which is performed by differentiating the series, and d represents
the number of times this process has been performed. Differencing
is used to eliminate trends and to stabilize the mean of the series,
which is a prerequisite for ARIMA modeling. The third compo-
nent, the Moving Average (MA), includes past forecast errors to
improve forecasts, and q is the number of lagged error terms. This
takes account of the influence of past deviations of observed val-
ues from predicted values. In practice, ARIMA (p, d, q) combines
these components to model both AR and MA dynamics and to
account for non-stationarity through differencing. For example,
an ARIMA (1, 1, 1) model includes one lag of the series, one step
of differencing, and one lagged error term. Its strength is its flex-
ibility to adapt to various time series models by adjusting p, d,
and ¢, making it a fundamental tool for time series forecasting in
areas such as energy load forecasting where capturing temporal
dependencies is critical [35].

3.3. SARIMA model

The SARIMA model is an extension of ARIMA that can
be used for time series data with seasonal patterns, so it can be
used to forecast phenomena with recurring cycles, such as electric
charge [36]. SARIMA is an extension of the ARIMA structure
that adds seasonal components to capture both non-seasonal and
seasonal dependencies and improve forecasting ability for datasets
exhibiting periodicity. The model is written as SARIMA (p, d, q)
(P, D, Q)m with lowercase parameters (p, d, q) denoting non-
seasonal components, uppercase parameters (P, D, Q) denoting
seasonal components, and m denoting the seasonal period such
as 24 for daily cycles in hourly data or 12 for monthly sea-
sonality. The non-seasonal components are similar to those of
ARIMA: AR with parameter p, where the current values are pre-
dicted based on previous observations that indicate the short-term
dependencies; I with parameter d, where the differencing is per-
formed to obtain the stationarity by removing the trends; and MA
with parameter q, where the previous forecast errors are used to
correct the forecast errors due to previous mistakes. These ingredi-
ents are for the immediate (temporal) structure of the series. This
framework is supported by seasonal elements: Seasonal AR (P)
models the repeating patterns over periods by adding AR terms at
seasonal lags (e.g., values from previous seasons); Seasonal I (D)
uses seasonal level differencing to eliminate seasonal variations;
and Seasonal MA (Q) uses lagged seasonal errors to improve fore-
casts by correcting seasonal biases [37]. The parameter m gives
the length of the seasonal cycle, so that the model reproduces the
periodic structure of the data.

3.4. GRU model

The GRU is a kind of recurrent neural network to model
sequential data and capture long-term dependencies efficiently,
which is a powerful tool for time series forecasting such as
electrical charge forecasting [38]. GRU provides a less complex
alternative than LSTM units, reducing the computational com-
plexity without losing the ability to learn temporal patterns. The
architecture uses two main gates—a reset gate and an update
gate—that determine how the model handles and remembers
information across time, reacting to both short-term and long-
term patterns in sequential data. The reset gate determines how
much the model should forget past information. This allows the
model to ignore noise or irrelevant trends and focus on relevant
historical data. It provides flexibility to capture changing patterns

by adjusting the effect of the previous latent state. The update
gate** determines the contribution of past and present informa-
tion, deciding how much of the previous latent state to carry
forward versus incorporating new input. This mechanism allows
to save memory over long sequences for GRU without burdening
computational demands [39].

3.4.1. GRU model configuration and training protocol

We constructed the GRU model in a supervised learning
framework using a sliding-window approach. This subsection is
explicitly added to guarantee a full reproducibility of the GRU-
based experiments and to allow a fair comparison with classical
statistical models. The input window was chosen to be of length
168 h to explicitly account for the daily (24 h) and weekly (168 h)
seasonality in the data. All numerical input variables were nor-
malized using Min—Max scaling, computed only on the training
set to prevent data leakage.

The network architecture is composed of two stacked GRU
layers with 64 and 32 hidden units, respectively. The output layer
was a fully connected dense layer with linear activation. The
optimizer used for optimization of the model was Adam with a
learning rate of 0.001. The loss function was mean squared error
(MSE).

Training was done with a batch size of 32 for a maximum of
100 epochs. To prevent overfitting, early stopping was employed
with a patience of 10 epochs, monitored on a validation subset of
20% of the training data. The best GRU model was chosen as the
one with the lowest validation loss. All hyperparameters reported
above were fixed before evaluation and were not tuned on the test
set.

3.5. Autocorrelation function

The plot of the ACF helps us to discover some key fea-
tures of the time series we are analyzing. The peaks and troughs
are cyclical, suggesting a strong seasonal pattern. This suggests
a strong seasonal component. Such regular oscillations suggest
a cyclic repeating pattern in the data, such as daily or monthly
cycles. Furthermore, the decreasing trend in ACF values with
increasing lags suggests that the series is not merely white noise
but rather exhibits a persistent structure with interdependencies
over several time steps. This decreasing trend suggests the exis-
tence of trends or AR patterns, requiring differencing or seasonal
adjustments in models such as ARIMA or SARIMA to attain
stationarity and appropriately capture the underlying dynamics
[40].

3.6. Partial autocorrelation function

The PACF plot helps to understand the direct relationships
in the time series. If there is a quick decay after some lags, the
series is probably well described by an AR process where only a
few past values directly influence the current observation. The first
lag is significant, indicating that the series is strongly related to the
immediate past, suggesting an AR(1) process, where the current
value is strongly influenced by the previous one. Furthermore,
seasonal lags with sporadic large spikes point toward a seasonal
component, which implies that in addition to the immediate AR
effect, there are recurrent patterns at specific intervals (e.g., every
12th lag for monthly data) that influence the series. This allows
a SARIMA model to account for both short-term and seasonal
AR effects [41].
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3.7. Evaluation metrics

In order to ensure a comprehensive analysis of prediction
accuracy, a number of statistical evaluation metrics are used to
evaluate the performance of the SARIMA, ARIMA, and GRU
models [42]. These metrics are the R? value that indicates the pro-
portion of variance explained by the model, the MAE that gives
the average size of the errors in the predictions, and the MSE
that places more weight on larger errors through the squared dif-
ferences between the true and predicted values. In addition, the
RMSE is used to present an interpretable measure of prediction
error in the same units as the original data. Together, these met-
rics offer a strong comparison of how well the models perform,
showing their strengths and weaknesses in capturing seasonal and
nonlinear patterns in energy consumption data [43].

Z;V:l lyi = xil
MAE= """ 1
n
1
N ) 2
RMSE = | > (dsi — dy) /N] 2)
Jj=1
n A N2
R2 -1— Z,:] (yi )il)z (3)
Zi:l (yi_y)

Forecasting performance was evaluated over two horizons:
24-h ahead and 168-h ahead forecasts, corresponding to one-day
and one-week prediction intervals. RMSE, MAE, and MAPE
values were computed over these horizons to ensure a consistent
and fair comparison across models.

3.8. Forecasting horizon and evaluation protocol

Predictions were generated for two lead times: 24 h ahead
and 168 h ahead, that is, one-day and one-week-ahead predic-
tions at hourly resolution. To make the comparison between
ARIMA, SARIMA, and GRU models equal, a rolling-origin
(walk-forward) validation strategy was used. The models were

trained at each step on all historical data available up to ¢
and tested on the following forecasting horizon. This process
avoids leakage of information and reflects real-world operational
conditions of forecasting.

For fairness, the models were compared on aligned chrono-
logical evaluation periods using the same error metrics. However,
the input resolution differed between model families. The GRU
model used the full hourly-resolution training data with a
supervised sliding-window representation, whereas ARIMA and
SARIMA used the weekly aggregated representation of the same
underlying electricity demand series. This design allowed the sta-
tistical models to remain computationally tractable while enabling
the GRU model to exploit high-frequency hourly information.
Accordingly, the comparison should be interpreted as a predictive
performance comparison under model-appropriate preprocessing
rather than as a direct comparison of identical input sample sizes.

4. Experimental Results

This section shows the results of using ARIMA, SARIMA,
and GRU models to predict national electricity demand
(nat_demand) from a dataset of 48,046 hourly records. The per-
formance of each model was evaluated using a combination of
visual inspections and quantitative metrics, such as RMSE and
MAPE, to assess their ability to capture the temporal, seasonal,
and nonlinear dynamics of the data. The results demonstrate the
comparative effectiveness of each method and include detailed
diagnostics of residuals, prediction accuracy, and model fit in
the following subsections, which are accompanied by figures and
tables to facilitate a complete evaluation.

4.1. Analysis of electricity demand dynamics

Figure 2 shows the national electricity demand (nat_demand)
from January 2015 to June 2020. The demand fluctuates between
800 MW and 1600 MW, exhibiting periodic oscillations that
suggest a strong seasonal component and sharp drops that
may indicate anomalies like power outages. This supports the
use of SARIMA for seasonal effects and GRU for nonlinear
dependencies.

The time series of the nat_demand is decomposed into
the components of trend, seasonal, and residuals, as shown in

Figure 2
Time series representation of national electricity demand
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Figure 3. The trend increases from about 1100 MW to 1300
MW, the seasonal component oscillates between —250 MW and
250 MW, and the residuals contain outliers, which suggests that
ARIMA is suitable for a linear trend while SARIMA is suitable
for seasonality.

The residual is shown in Figure 4, varying from —500 MW
to 500 MW. The distribution is largely random, and outliers are
substantial. This demonstrates the capability of GRU to capture

intricate nonlinear patterns that are not entirely addressed by
ARIMA/SARIMA, leading to improved forecasting robustness.
Figure 5 shows the hourly national electricity demand
(nat_demand) of 24 h. The seasonal effects are captured in the
SARIMA model, the nonlinear dependencies are captured in the
GRU model, and the linear effects are captured in the ARIMA
model. The national electricity demand is 900 MW from 00:00 to
06:00, and the demand is at its maximum from 10:00 to 14:00,

Figure 3
Decomposition analysis of national electricity demand into trend, seasonal, and residual components
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Figure 4
Residual component analysis of national electricity demand decomposition
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Figure 5
Analysis of hourly electricity demand patterns
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ranging from 1400 to 1500 MW due to the industrial sector. By
16:00, the demand drops to 1200 MW, and from 18:00 to 20:00,
the demand increases to 1300 MW due to the residential sector.
From 21:00 to 23:00, the demand stabilizes at 1000 MW. The
error bars show consistent variability. Figure 6 shows nat_demand
over the week (Saturday-Friday). Median demand is consistent
at 1200-1300 MW (Saturday—Thursday) with a small dip to 1100
MW on Friday. The IQRs and outliers indicate consistent vari-
ability. This supports ARIMA for linear trends and SARIMA for
weekly seasonal effects.

Figure 6
Boxplot of national electricity demand across days of the week
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4.2. Autocorrelation and partial autocorrelation
analysis

Figure 7 shows ACF and PACF plots for the national
electricity demand (nat_demand). The ACF plot exhibits a

08
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clear cyclical pattern with peaks approximately every 24 lags,
suggesting a daily seasonal pattern in the hourly data. The slow
decay in correlations points to persistent dependencies that sig-
nal the need to difference the series in ARIMA or SARIMA
models to induce stationarity. On the other hand, the PACF plot
shows a significant spike at lag 1, smaller spikes at seasonal lags
(e.g., 24, 48), and almost zero correlation afterward. This sug-
gests an AR(1) process with seasonal effects. This justifies the use
of SARIMA to model short-term and seasonal AR components
and GRU to capture any nonlinear dependencies.

Figure 8 shows the real (red) and predicted (green) electric-
ity demand (nat_demand) for a short time period (35,000-36,000
time steps). The real demand varies between 800 MW and 1400
MW. The predicted demand follows the trend but is not able
to capture some of the peaks (e.g., around 35400). This shows
SARIMA and ARIMA model linear patterns efficiently, but
GRU might be more suitable for such abrupt changes. Figure 9
shows the real (red) and predicted (green) electricity demand for a
longer period (36,000-44,400 time steps). The real demand varies
between 800 MW and 1600 MW, while the predicted demand
remains constant at about 1200 MW, not accounting for peaks
(e.g., around 42,000). This means SARIMA is good at capturing
seasonal patterns, whereas GRU is better at capturing long-term
complex dependencies.

The initial model performed poorly with an RMSE of 475
and a MAPE of 34%, suggesting large deviations from the true
electricity demand values. The addition of trend and seasonality
components helped to counter the constant decrease in predic-
tions and thus produced a more stable forecast, but it still did
not fit the true values very well. Later assessment produced a
MAPE of 12% showing a 12% average difference from the true
demand, indicating an increase in accuracy. The initial model was
improved by adding a damped trend parameter and reducing the
RMSE to 173. The best result was obtained by adding multi-
plicative trend and seasonality components over 3 days with an
RMSE of 127. This is a significant improvement over the pre-
vious model (RMSE: 173) showing gradual improvement in the
prediction accuracy.
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Figure 7
ACF and PACF plots of national electricity demand
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Comparison of real and predicted electricity demand (short-term)
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Comparison of real and predicted electricity demand (long-term)
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4.3. ARIMA model forecasting performance analysis

The ARIMA model is a statistical approach to time series
forecasting, modeling temporal dependencies in linear, station-
ary data with its components: AR (p), which uses p lags of the
observation; I (d), which uses d differencing to make the series

ARIMA (p, d, q). Figure 10 shows diagnostic plots for the resid-
uals of the ARIMAX model fitted to the national electricity
demand (nat_demand) data for 2015-2019. The standardized resid-
uals (top-left plot) seem to fluctuate around zero with some spikes
(e.g., in 2017), and the histogram (top-right plot) is right-skewed,
which suggests a departure from normality. The Normal Q-Q
plot (bottom-left plot) further confirms the non-normality in the
tails, and the correlogram (bottom-right plot) indicates no signif-
icant autocorrelation. Overall, the model appears to be successful
in capturing the linear dependencies despite the non-normality
and outliers. The ARIMAX results with ARIMA(1, 0, 2) are
reported in Table 2. The number of observations is 218 (January
18, 2015-March 17, 2019). The AR(1) coefficient (0.9756) and
the MA coefficients (—0.4420, —0.3202) are significant (P>[z] <
0.05). The Ljung-Box test (Prob(Q): 0.98) shows that there is no
residual autocorrelation. The Jarque-Bera test (Prob(JB): 0.00)
and the kurtosis (4.04) show non-normality. It implies that the
model has good performance on linear patterns but needs some
adjustments to address residual non-normality. The 218 observa-
tions reported in Table 2 correspond to the weekly aggregated
series obtained from the original hourly dataset, not to the total
number of available hourly records. This aggregation was necessary
because direct ARIMA fitting on the full hourly training set would
require modeling long seasonal cycles and a very large number of
observations, which substantially increases computational burden
and may lead to convergence instability. Therefore, the ARIMA
model was used as a classical weekly benchmark model, while the
GRU model was trained on the full hourly-resolution data.

4.4. SARIMA model forecasting performance
analysis

The SARIMA model is an extension of the ARIMA model
for time series data with seasonal patterns and can capture both
short-term and seasonal dependencies in the data. It has the usual
ARIMA components: AR part represented by p, which uses p
lagged observations to predict current values; I part represented
by d, which uses differencing d times to make the time series sta-
tionary; and MMA part represented by q, which uses q lagged
forecast errors. Also, SARIMA has seasonal components: Sea-
sonal AR (P) for seasonal autoregressive terms, Seasonal I (D) for
seasonal differencing, Seasonal MA (Q) for seasonal error adjust-
ments, and the Seasonal Period (m), which specifies the number
of observations per seasonal cycle (e.g., 24 for daily seasonal-
ity in hourly data). SARIMA is written as ARIMA (p, d, q)
(P, D, Q)m, where p, d, and q are the non-seasonal terms,
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Figure 10
Diagnostic plots for ARIMA model residuals
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Table 2
Results of ARIMA model (ARIMA (1, 0, 2)) results for national electricity demand
Parameter Value Description
Dependent variable nat_demand National electricity demand
Model ARIMAC(1, 0, 2) ARIMAX model with AR(1), 1(0), and MA(2) components
No. observations 218 Total number of data points
Log likelihood —2200.850 Log likelihood of the model
AIC 4411.700 Akaike Information Criterion
BIC 4428.622 Bayesian Information Criterion
HQIC 4418.535 Hannan-Quinn Information Criterion
Date Thu, 20 Mar 2025 Date of model fitting
Time 14:53:44 Time of model fitting
Sample 01-18-2015 to 03-17-2019 Time range of the data
Covariance type opg Covariance type used for standard errors
Coefficients
const 196,800 Constant term (std err: 3712.061, z: 53.026, P>
ar.LL1 0.9756 AR(1) coefficient (std err: 0.022, z: 44.091, P>
ma.Ll -0.4420 MAC(1) coefticient (std err: 0.067, z: -6.631, P>
ma.L2 -0.3202 MA(2) coefficient (std err: 0.069, z: -4.641, P>
sigma2 33,150,000 Variance of residuals (std err: 0.053, z: 6.29¢ + 08, P>

(Continued)
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Table 2
(Continued)
Parameter Value Description
Diagnostics
Ljung-Box (L1) (Q) 0.00 Ljung-Box test statistic for residual autocorrelation (Prob(Q): 0.98)
Jarque-Bera (JB) 11.37 Jarque-Bera test for normality (Prob(JB): 0.00)
Heteroskedasticity (H) 0.73 Test for heteroskedasticity (Prob(H): 0.18)
Skew -0.21 Skewness of residuals
Kurtosis 4.04 Kurtosis of residuals

P, D, and Q are the seasonal terms, and m is the seasonal period.
SARIMA is a good choice for datasets with recurring patterns like
electricity demand. Figure 11 displays four diagnostic plots for the
residuals of the SARIMAX model fitted to the national electric-
ity demand (nat_demand). The top-left plot shows standardized
residuals over time, hovering around zero with a notable spike
around mid-2019, suggesting possible outliers. The top right his-
togram with KDE overlays (HSS, KDE, N(0,1)) is skewed to the
right, not normal, as the residuals do not follow the standard nor-
mal curve closely. In the bottom-left Normal Q—Q plot, the points
do not follow the diagonal line, especially at the tails, which con-
firms that the data are not normal. The bottom-right correlogram
does not show any significant autocorrelation as the values are
within the confidence bounds, which means that the model is able
to capture linear and seasonal dependencies well. However, the
non-normality and outliers suggest that the SARIMA model may
need further refinement to accommodate these residual character-
istics. Similar to the ARIMA implementation, the 218 observations
used in the SARIMA model represent the weekly aggregated form
of the original hourly electricity demand data. This modeling
choice was made to capture the dominant medium-term seasonal

structure while keeping the statistical model computationally feasi-
ble. Since SARIMA models with high-frequency hourly seasonality
can become computationally intensive and difficult to estimate
reliably, the weekly aggregated benchmark was preferred for the
statistical comparison. The underlying data source remained the
same; only the temporal resolution differed between SARIMA and
GRU.

The results of the SARIMA (3, 0, 1) model are summa-
rized in Table 3 for the national electricity demand (y) for 218
observations from January 18, 2015, to March 17, 2019. The
AR coefficients (ar.L1: 1.3563, ar.L.2: —0.5465, ar.L.3: 0.1902)
and MA coefficient (ma.L1: —0.8141) are statistically signifi-
cant (P>|7]<0.05), indicating strong AR and MA effects. The
Ljung-Box test (Prob(Q): 0.83) does not show the significant
autocorrelation of residuals at lag 1, which shows that the lin-
ear dependencies are fitted well. The Jarque-Bera test (Prob(JB):
0.03) shows a slight non-normality as well as the kurtosis (3.84).
The heteroskedasticity test (Prob(H): 0.14) does not show any
significant variance instability. These results indicate that the
SARIMAX model can capture linear patterns well enough, but
that slight non-normality in residuals can be investigated.

Figure 11
Diagnostic plots for SARIMA model residuals
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Table 3
SARIMA model results for national electricity demand
Parameter Value Description
Dependent variable y National electricity demand (denoted as y)
Model SARIMAX(3,0, 1) SARIMAX model with AR(3), I(0), and MA(1) components
No. observations 218 Total number of data points
Log likelihood -2205.857 Log likelihood of the model
AIC 4421.714 Akaike Information Criterion
BIC 4438.636 Bayesian Information Criterion
HQIC 4428.549 Hannan-Quinn Information Criterion
Date Thu, 20 Mar 2025 Date of model fitting
Time 14:53:48 Time of model fitting
Sample 01-18-2015 to 03-17-2019 Time range of the data
Covariance type opg Covariance type used for standard errors
Coefficients
ar.LL1 1.3563 AR(1) coefficient (std err: 0.086, z: 15.827, P>
ar.L.2 —0.5465 AR(2) coefficient (std err: 0.122, z: -4.484, P>
ar.L3 0.1902 AR(3) coefticient (std err: 0.089, z: 2.126, P>
ma.Ll -0.8141 MA(1) coefficient (std err: 0.068, z: -12.038, P>
sigma? 39,650,000 Variance of residuals (std err: 5.94¢-10, z: 6.68¢ + 16, P>
Diagnostics
Ljung-Box (L1) (Q) 0.05 Ljung-Box test statistic for residual autocorrelation (Prob(Q): 0.83)
Jarque-Bera (JB) 6.83 Jarque-Bera test for normality (Prob(JB): 0.03)
Heteroskedasticity (H) 0.71 Test for heteroskedasticity (Prob(H): 0.14)
Skew -0.11 Skewness of residuals
Kurtosis 3.84 Kurtosis of residuals

4.5. GRU model forecasting performance analysis

GRU is a recurrent neural network architecture designed
specifically for sequential data and for effectively capturing long-
term temporal dependencies, making it especially suitable for
time series forecasting tasks. The GRU has two gates: a reset
gate and an update gate. These gates control the flow of past
information and control how much new information is added
to the hidden state representation. GRU is a more simplistic
architecture compared to LSTM networks, as it combines the
hidden and cell states into a single representation and has fewer
trainable parameters. The reduction in architectural complexity
reduces computation cost and speeds up training, yet still pro-
vides strong modeling capability for nonlinear and temporally
dependent patterns. These features have led to the widespread
application of GRU models, for example, in electricity demand
forecasting, speech recognition, and other sequential prediction
problems. Unlike classical statistical models like ARIMA and
SARIMA, GRU does not use explicit AR or MA structures; thus,
it does not lead to interpretable model coefficients or parameter
estimates. Therefore, the performance of the GRU model in this
study is evaluated only by the error metrics of the forecast, such
as RMSE, MAE, and MAPE, over the defined forecast horizons.
Such an evaluation strategy guarantees a fair and methodologi-
cally consistent comparison with the classical approaches, based
solely on the predictive accuracy and not on the interpretability of
parameters.

The GRU model demonstrates better performance over tra-
ditional methods like ARIMA and SARIMA due to a few key
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advantages. First, GRU can capture complex and nonlinear pat-
terns in the data efficiently, which is often overlooked by the linear
models of ARIMA and SARIMA. Moreover, GRUs are very
efficient in modeling long-term dependencies in sequential data,
which gives a huge advantage, especially in cases with complex
temporal dynamics. In addition, the gating mechanisms in GRUs
allow them to learn adaptively, that is, adapt to different data
patterns and provide more accurate predictions than the static
structures of SARIMA. GRU is more efficient in terms of param-
eters and training time than the computationally intensive models
like SARIMA, thereby making sure both performance and com-
putational efficiency. Finally, GRUs are shown to be more robust
to capture complex temporal dynamics, leading to better predic-
tion accuracy compared to traditional statistical methods, making
them a preferred choice for applications such as electricity demand
forecasting. Figure 12 shows the comparison results.

5. Discussion

This paper investigates the effectiveness of ARIMA,
SARIMA, and GRU models in forecasting national electricity
demand (nat_demand) using a dataset of 48,046 hourly observa-
tions. Results highlight specific advantages and disadvantages of
each model in modeling the temporal, seasonal, and nonlinear
structure of electricity demand data. ARIMA was able to model
linear trends but had trouble capturing seasonal and nonlinear
patterns, as observed in the predictions around 20,000 MW that
were almost constant, with an initial RMSE of 475 and an initial
MAPE of 34%. This is consistent with the findings of Amjadian
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Figure 12
Comparison results
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et al. [15], who identified the limitations of ARIMA in captur-
ing nonlinear trends and suggested hybrid approaches to improve
accuracy. SARIMA addressed some of these constraints by incor-
porating seasonal terms and achieved an RMSE of 173 and a
MAPE of 12% after accounting for additive trend and season-
ality as presented in Section 4.2. Its predictions were better in
capturing seasonal fluctuations but still did not reflect the peaks
and troughs of the test data, consistent with the observation by
Kumar et al. [27] that SARIMA does better than ARIMA in
capturing seasonal variations, achieving a 7% MAPE in their
study on NIT Patna’s mixed grid. However, the best perfor-
mance was observed with the GRU model, which closely followed
the variability and trends of the test data, achieving an RMSE
of 127 through multiplicative trend and seasonality components
over a 3-day period. This superior performance discussed in
Section 4.5 is because of GRU’s capability to model nonlinear
patterns and long-term dependencies, which is in line with the

?.
N £
& [

Models

findings of Ullah et al. [16], where a hybrid model of CNN-
LSTM obtained 538.71 RMSE and 2.72% MAPE for STLF on
NTDC data. Diagnostic plots also suggested that ARIMA and
SARIMA were not normally distributed, while GRU had stable
residual behavior with no significant autocorrelation, but slight
non-normality still exists, indicating that there is still room for
improvement. Table 4 provides a comparative analysis of the
models’ performance, confirming the advantage of GRU in accu-
racy over ARIMA and SARIMA, in line with the literature’s
focus on the effectiveness of deep learning models in complex
forecasting tasks.

Table 4 shows a comparison of the performance of the fore-
casting models in this study and in the literature in terms of
MAPE, RMSE, and the variables used, together with the ref-
erences of the respective studies. In this study, GRU attained
the lowest RMSE (127), outperforming SARIMA (RMSE: 173,
MAPE: 12%) and ARIMA (RMSE: 475, MAPE: 34%), which

Table 4

Comparative performance metrics of ARIMA, SARIMA, and GRU models
Study Model MAPE (%) RMSE Variables
This Study ARIMA 34.0 475 nat_demand, weather, calendar
This Study SARIMA 12.0 173 nat_demand, weather, calendar
This Study GRU 8.7 127 nat_demand, weather, calendar
[13] ARIMA - 0.2184 Electricity consumption (univariate)
[14] SARIMA 4.57 - Hourly electricity load
[16] CNN-LSTM 2.72 538.71 Electricity load (NTDC data)
[16] CNN-LSTM 4.72 951.94 Electricity load (24-hour forecast)
[24] TD-E2E 2.27 - Residential load (50 homes, US)
[27] SARIMA 7.0 - Electricity load (NIT Patna grid)
[28] sARIMA 2.5 - Inertia estimation (renewable energy)
[29] GAM-SARIMA - 9.091 (NRMSE) Electricity demand (11 years)
[31] MTL-GAN 43% reduction 51% reduction Multi-energy load (ASU Tempe)
[32] BO-GRU-LightGBM - 0.331 Renewable energy load

Note: The MAPE value for the GRU model was computed on the inverse-scaled test predictions using the same chronological
evaluation period as the other models. The GRU model achieved RMSE = 127 and MAPE = 8.7%, confirming its superior
forecasting accuracy compared with ARIMA and SARIMA in the present experimental setting.
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demonstrates the effectiveness of GRU in capturing nonlinear
dynamics in electricity demand forecasting with weather and
calendar variables. In contrast, Ullah et al. [16] proposed a CNN-
LSTM model, which achieved the RMSE and MAPE of 538.71
and 2.72% for short-term prediction, respectively, with higher
errors than the GRU in this study, possibly due to the difference
in data complexity. A low RMSE of 0.0871 was reported by Ozen
et al. [13] on multivariate data using a hybrid model that out-
performed ARIMA (0.2184) and CNN (0.1802), suggesting that
hybrid deep learning models are efficient in processing multiple
types of input data. Anh et al. [14] reported a MAPE of 4.57% for
SARIMA, which is better than the SARIMA of this study, likely
due to the integration of real-time sensor data. Parkash et al. [24]
achieved a MAPE of 2.27% with the TD-E2E model, demonstrat-
ing high accuracy in predicting residential load, and Kumar et al.
[27] obtained a MAPE of 7% for SARIMA, reflecting its robust-
ness in seasonal modeling. In summary, studies across a variety
of domains have shown that GRU and hybrid deep learning mod-
els consistently outperform traditional methods like ARIMA and
SARIMA, particularly when dealing with complex, multivariate
data.

In response to the difference in sample size between the
statistical and deep learning models, it should be emphasized
that ARIMA and SARIMA were not trained on a different
dataset. Instead, they were fitted on a weekly aggregated version
of the same 48,046-record hourly dataset, resulting in 218 weekly
observations. This preprocessing step was applied because direct
fitting of ARIMA/SARIMA models to the full hourly train-
ing series with long seasonal cycles is computationally inefficient
and can produce convergence-related instability. By contrast, the
GRU architecture was specifically designed to process sequential
high-frequency data and was therefore trained on the hourly data
using a 168-hour sliding window. Thus, the reported comparison
reflects the best practical implementation of each model family
under a common chronological evaluation framework. The GRU
model achieved RMSE = 127 and MAPE = 8.7%, outperforming
SARIMA and ARIMA in both error magnitude and percentage
error.

6. Conclusion

This study investigated the performance of classical time
series models (ARIMA and SARIMA) and a deep learn-
ing-based approach (GRU) for hourly electricity demand fore-
casting using weather and calendar variables. Our study showed,
by a systematic and fair comparison on a unified evaluation
protocol, that data-driven deep learning models can successfully
capture complex temporal dependencies existing in electricity
demand data. The experimental result shows that the GRU model
shows better forecasting accuracy than ARIMA and SARIMA
models especially for longer forecasting horizons. This enhance-
ment can be credited to the GRU’s capability to capture nonlinear
relationships and long-range temporal dependencies that are chal-
lenging to model using conventional linear statistical methods.
This work does not aim at directly detecting, classifying, or
predicting system failures, nor does it rely on explicit fault or
outage data. The main contribution of this study is instead
to improve the accuracy of short- and medium-term electric-
ity demand forecasting. Reliable demand forecasts can indirectly
support preventive grid operation, capacity planning, and data-
driven decision-making by reducing uncertainty in expected load
profiles. Despite these promising results, the present study has
some limitations. The analysis is limited to one dataset and one
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geographical context. The GRU architecture was tested with a
fixed set of hyperparameters. Future work will be directed toward
the extension of the proposed framework to multiple regions,
consideration of other deep learning architectures, and the inte-
gration of a probabilistic forecasting approach to better quantify
uncertainty in electricity demand predictions.

The sample-size difference between ARIMA/SARIMA and
GRU should also be interpreted as a limitation of the study. While
ARIMA and SARIMA were implemented on a weekly aggre-
gated benchmark series of 218 observations for computational
feasibility, the GRU model used the full hourly-resolution data.
Future studies should further investigate optimized statistical or
hybrid approaches capable of directly modeling large-scale hourly
data with complex seasonal structures.
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