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Abstract: To enhance the efficiency and stability of modern smart grids, accurate short-term electricity demand
forecasting is essential. The objective of this study is to present the use of Long Short-Term Memory (LSTM) networks
to predict electrical load based on high-resolution, real-world data from the Belgian Elia grid, sampled at 15-minute
intervals. The methodology includes data preprocessing, temporal feature extraction, sequence generation, and
model optimization. Exploratory data analysis highlights important consumption patterns and seasonal variations.
The LSTM model effectively captures both short-term fluctuations and long-term dependencies, achieving an RMSE
of 119.41 MW, a MAPE of 1.30%, and an R2 score of 0.992 on the test set. Compared to alternative forecasting
approaches, including more complex hybrid architectures, the LSTM model demonstrates superior accuracy and
generalization capability. For instance, compared with ARIMA-LSTM models that reported a MAPE of 2.83% and
CNN-LSTM models with 2.72%, the proposed model achieves markedly better performance. These findings support
the integration of LSTM-based forecasting systems into smart grid operations for real-time energy management.
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1 Introduction

The modern electrical grid system is evolving into smart grid systems, which are equipped with advanced energy
management. The modernized power grids are characterized by their ability to integrate renewable energy sources
and manage distributed energy resources, and improve energy usage efficiency. The transition from traditional power
grids to smart grids represents a significant advancement in energy infrastructure, which enables better efficiency
and sustainability in power operations [1].

Smart grids integrate sophisticated sensing, communication, and control technologies that facilitate real-time
oversight and administration of electricity generation, transmission, and distribution. The amalgamation of digital
technology with the physical framework of the power grid fosters a more responsive and adaptive energy system [2].
Notwithstanding the progress in smart grid technology, numerous challenges remain in the efficient management of
these systems. A principal challenge is the precise forecasting of electricity demand, crucial for optimal resource
distribution and grid stability. Conventional forecasting techniques frequently fail to accurately represent the intricate
patterns and interdependencies in electricity consumption data, resulting in ineffective grid management [3].

The incorporation of renewable energy sources, especially solar and wind, poses operational challenges for power
systems due to their intrinsic variability and unpredictability, thereby adding further complexity. This variability
requires more advanced forecasting and management strategies to guarantee grid reliability and stability [4]. The
scale and variety of information generated through intelligent energy networks introduce challenges in processing,
analysis, and decision-oriented applications. Efficient management of this data necessitates sophisticated methods
that can facilitate informed decision-making [5]. Machine learning has surfaced as a viable solution to tackle
the challenges in smart grid management. They can evaluate extensive datasets, discern patterns, and generate
predictions with considerable precision. Among diverse machine learning methodologies, deep learning techniques,
especially Recurrent Neural Networks (RNNs), have demonstrated considerable efficacy in time series forecasting
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for smart grid applications [6].

Long Short-Term Memory (LSTM) networks, as a refined subclass of recurrent neural architectures, are effective
in learning temporal structures within electricity usage trends. Their ability to retain information across varying time
spans makes them particularly useful in forecasting energy demand and managing temporally sensitive operations
within intelligent power networks.

Time series data forecasting has become essential for different analytical fields, including energy consumption
and finance, and healthcare. The ability to model past data stands as the foundation for effective planning and
informed decision-making because it enables trend anticipation. Machine learning and deep learning techniques
have advanced traditional ARIMA models into a wider range of sophisticated methods that detect intricate temporal
patterns in time series data [7].

With a focus on machine learning and deep learning algorithms, this chapter explores the broad approaches of
time series forecasting. In particular, it describes the attention process used in time series forecasting, hybrid models,
supervised and unsupervised learning approaches, LSTM networks, and ensemble learning.

In the words of Shumway and Stoffer, a time series is the set of values recorded for a variable at regular intervals of
time. This methodology, which is widely used in all fields, including energy consumption and financial and economic
forecasting, uses methods that capture seasonality, trends, and temporal features. Nevertheless, in real-world data,
the issues of missing values, data noise, and nonlinear relationships are still difficult to solve [8]. Both short-term
and long-term forecasting techniques, such as deep learning models like LSTM and traditional statistical models like
ARIMA, have been developed to address these issues.

Hyndman and Athanasopoulos [9] assert that supervised learning methods involve training the model with input
datasets that already contain the output values. For example, regression, decision trees, neural networks, exponential
smoothing, and ARIMA have all been implemented to address time series issues. Chen and Guestrin [10] have
emphasized that XGBoost is an ensemble method that obtains relatively high accuracy in forecasting applications
by combining multiple weak models. Conversely, unsupervised learning techniques do not utilize training data and
are employed to identify features or patterns that are not explicitly apparent to the model. Methods like clustering
algorithms (e.g., K-means) and anomaly detection are employed to detect infrequent events in the data [11, 12].
These techniques are especially effective for detecting anomalous patterns, such as in IoT time series data or network
traffic. Forestier et al. [13] show that deep learning models have become popular in time series forecasting because
they can learn features directly from raw inputs, which reduces the need for extensive feature engineering. The
two most popular sequence prediction models used in deep learning are LSTM networks and Gated Recurrent Units
(GRUg).

LSTM networks are a specialized form of recurrent neural networks (RNNs), which are specifically designed to
retain long-term dependencies in sequential data. These models have consistently outperformed traditional methods
such as ARIMA, particularly when dealing with complex and nonlinear time series patterns. Their effectiveness has
been well demonstrated in applications such as electricity load prediction and financial forecasting.

An extensive empirical comparison was conducted by Siami-Namini et al. [14]. They reported that LSTM
showed better performance than ARIMA with an average RMSE of 64.213 versus 511.481 on financial datasets, and
0.936 versus 5.999 on economic datasets, which illustrated a decrease in error between 84—87%. This confirms the
assertion made by the authors regarding the higher accuracy achieved with LSTM for complex sequential data.

GRU s are less complex than LSTMs yet provide similar performance by merging the input and forget gates into
a singular unit, as evidenced by Nejadettehad et al. [15]. GRUs exhibit lower complexity than LSTM models while
maintaining effective performance in time series forecasting tasks. They are particularly efficacious in scenarios
where data demonstrate prolonged dependencies among values, such as in traffic or meteorological forecasting
systems.

Hybrid models that combine LSTM with conventional methods such as ARIMA demonstrate enhanced performance
relative to their standalone application in time series forecasting. This hybrid approach utilizes deep learning for
temporal pattern recognition and ARIMA for modeling trends and seasonality [16]. Recently, transformer-based
architectures incorporating attention mechanisms have gained prominence in processing sequential data. By focusing
selectively on relevant portions of the input, these models improve the accuracy of long-term forecasting. Integrating
transformers with LSTM networks offers a robust modeling approach for capturing temporal dependencies across
different forecasting horizons in time series analysis [17].

Recent developments in machine learning and deep learning have revolutionized electric load forecasting in
terms of energy use technologies in ways that go beyond classical modeling and statistical approaches. While
various traditional statistical models remain useful to capture linear temporal components, traditional time series
models such as ARIMA reveal limitations in nonlinear dynamics and multivariate interactions. As a result, classical
approaches are complementary rather than core in forecasting frameworks. Abumohsen et al. [18] emphasized the
finding of a direct learning mechanism by deep models such as GRU and LSTM that leverage complex relationships
of various temporal dependencies with high-resolution data and without intensive manual feature engineering.
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When retaining long-term dependencies, LSTM models have outperformed traditional models in cases of
significant uncertainty or seasonality in load profiles. GRU is a lower-complexity model that has demonstrated
equivalent predictive performance with faster convergence, which is particularly valuable in embedded or real-time
energy systems [18]. They have also benefited from bidirectional and stacked versions that increase their temporal
reach and overall performance.

In their empirical study, Abumohsen et al. [18] reported that GRU achieved the lowest Mean Absolute Percentage
Error (MAPE) of 2.30%, followed closely by LSTM with 2.36%, outperforming traditional RNNs and feed-forward
neural networks (RNN: 3.58%, FFNN: 2.81%). These results confirm the competitive accuracy and efficiency of
GRU and LSTM in short-term load forecasting tasks.

Hybrid modeling methods have recently become popular. Akuété Pierre et al. [19] implemented a hybrid
ARIMA-LSTM model and found it to have much lower RMSE and MAPE than either model alone. In their
experiments, the ARIMA-LSTM model achieved an RMSE of 7.35 and an MAPE of 1.52%, compared to 18.74
and 3.01% for LSTM alone, and 49.90 and 12.05% for ARIMA. This demonstrated the superiority of the hybrid
model in forecasting peak load demand. Hybrid modeling methods can also be implemented with Transformer-based
designs combined with longer-horizon recurrent layers. Yan et al. [20] presented a hybrid model that combined a
Transformer encoder with a Bi-LSTM model for multi-energy load forecasting and stated it was better at identifying
local and global temporal behaviors for the different load types. In their study, the proposed FTTrans-E-BL model
improved the RMSE performance compared to traditional LSTM by 87.5% for electricity loads, 78.300% for cooling
loads, and 81.512% for heating loads. This significant reduction in prediction errors confirms the effectiveness
of Transformer-BiLSTM hybrid approaches in modeling the complex dependencies and variability in short-term
integrated energy load forecasting.

Improvements have also been made in forecasting architectures using CNNs and attention mechanisms. Xu et
al. [21] introduced a framework that utilizes attention-guided depthwise separable CNNs and reported improved
accuracy through attention focusing on the most dominant patterns in the dataset. Guo et al. [22] adopted a similar
approach using a multi-modal attention CNN-LSTM hybrid network and found improved prediction performance
across all metrics. In their experiments, the proposed CNN-MHSA-LSTM-GAM-CAM model achieved the lowest
RMSE of 110.62 on the Panama dataset, compared to 123.64 for CNN-LSTM and 134.05 for ANN, showing a
significant improvement in accuracy and robustness. Hua et al. [23] used attention-based CNN-GRU models and
provided evidence of improved RMSE and MAE compared with models without attention. Attention methods have
also been used to improve model interpretability and robustness through multi-head and channel-wise attention.
Zhang et al. [24] developed an LSTM-SCN hybrid with channel attention and tested it in high-volatility situations,
exhibiting clear improvement over baseline methods. Likewise, Zhang et al. [25] developed a deep hybrid model
with grid context for short-term load forecasting and subsequently improved predictions in smart grids.

The literature provides evidence to the emerging consensus that load forecasting in modern smart grids should
incorporate hybrid, deep, and attention-based architectures that can adapt to nonlinear, complex, and volatile patterns
in energy demand behavior. While many researchers leverage LSTM for time series forecasting, a considerable
number of studies either use low resolution datasets or lack important details that impede reproducibility. This work
aims to fill these gaps by building a carefully designed LSTM model on high-frequency, real-world electricity load
data with 15-minute intervals. The study employs a time-based data splitting method that simulates actual forecasting
conditions during model evaluation. In addition, every part of the modeling workflow is documented, including
input formatting, network architecture, training settings, and evaluation metrics. The study explores the application
of LSTM models to improve electricity demand regulation in intelligent grid systems, with a particular emphasis on
short-term load prediction, by designing and fine-tuning LSTM-based solutions for modern energy infrastructures
to support more effective and dependable power system operations.

2 Materials and Methods
2.1 Electricity Load Dataset Overview

The Elia Grid Load dataset served as the main electricity usage data source for this study, which spanned from
January 1 to December 14, 2022. The Elia Grid represents the Belgian national transmission system operator (TSO)
responsible for managing and operating Belgium’s high-voltage electricity network. The dataset contains power load
values recorded at 15-minute intervals , which allows for precise analysis of consumption patterns and time-based
demand variations. The dataset was preprocessed to handle missing values, normalize the data, and extract relevant
features for model training. Temporal features, such as hour of the day, day of the week, and month, were derived
from the timestamp information to capture cyclical patterns in electricity consumption.

2.2 Data Preprocessing

This dataset includes electricity load data for the real world, measured every fifteen minutes. The raw values
were converted from kilowatts to megawatts and then normalized via Min-Max scaling to ensure numerical stability
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during training. The transformation was given as such:

X — min(X)

Xoorm = .
¢ max(X) — min(X)

ey

where, X denotes the original value, and Xnorm represents the normalized output ranging between 0 and 1.

2.3 Exploratory Data Analysis (EDA)

The model’s performance is evident through graphical comparisons between its forecasted values and actual
electricity consumption data. The visual tools , consisting of time series graphs and scatter diagrams, and heatmaps,
provide multiple analytical viewpoints to assess both the model’s predictive accuracy and its dynamic behavior.
The actual electrical load, shown in Figure 1, and its 24-hour moving average are illustrated over time. The
moving average highlights the general trend of load variations on a seasonal basis, revealing periodic patterns and
consumption behavior while smoothing out annual short-term fluctuations.

10.61 - | load ==—=Moving Avg (24)

9.561 ; X
861 4] b vl
2 761
S
< 661 HH
1 il
-

. HHH

361 T T T T T T T T T T
o m (=] =] [= o m Ll ~ ~ ~N ]
— = o [Ta] Wy o ~ o feal (=] —
8 3 3 3 3 8 8 g 3 3 = =
~ ~ ~ ~ ~ ~ ~ o~ ~ ~ ~ ~
o™ o™ ™~ o™ ™ ™~ ™ (] ™ o~ o™ [a]
= S S S S S S = = S =] =
™~ ™~ ~ ~ ™~ ~ ~ ~ ~ ~ ~ ™

Date

Figure 1. Temporal load variation over a sample period

The scatter plot in Figure 2 shows how electricity demand changes over time, revealing clear periodic patterns that
reflect daily and weekly cycles. The model demonstrates its ability to capture temporal patterns, which is essential
for accurate load forecasting in smart grid systems.
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Figure 2. Scatter representation of load against time index

2.3.1 Frequency distribution of load measurements

Figure 3 presents the histogram of actual electricity load values. The distribution is approximately normal, with
most values clustered around the mean range. This indicates a stable consumption pattern in the dataset and supports
the applicability of the model for short-term load forecasting.
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Figure 3. Frequency distribution of electricity load

2.3.2 Box plot of load dispersion across dates

Figure 4 illustrates the median and interquartile range (Q1-Q3) of the electrical load over time. Most observations
lie within the interquartile range, indicating stable consumption behavior with occasional deviations that may
represent abnormal load conditions.

Median with 1QR (Q1-Q3) by Date = Median

Load (x10%6)

Figure 4. Box plot of load dispersion across dates

2.3.3 Hourly load intensity across the calendar

Figure 5 shows a heatmap illustrating load intensity across different hours and calendar dates. The visualization
demonstrates the model’s effectiveness in capturing temporal load dynamics, such as weekday-based variations. This
enables a deeper understanding of consumption patterns over time, ultimately supporting more informed forecasting
and grid management decisions.

I
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Figure 5. Heatmap of load by hour and date
Visual representations of the model’s predictions compared to actual consumption data clearly demonstrate its

efficacy. The visualizations comprise time series plots, scatter plots, and heatmaps, providing varied insights into
the model’s accuracy and behavior.
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2.3.4 Seasonal decomposition plot

The time series decomposition of electricity load data into its main components appears in Figure 6. The
trend component shows how electricity demand patterns change gradually throughout the year. The LSTM model
demonstrated a component that shows regular daily patterns, which represent typical electricity consumption
behaviors. The residual component represents unexplained random fluctuations and unusual data points that do
not follow a trend or seasonal patterns. The decomposition process enables researchers to identify and understand
the structural patterns in data , which leads to improved forecasting accuracy and better feature selection.
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Figure 6. Seasonal decomposition of the load time series into trend, seasonal, and residual components

2.4 Sequence Generation

To capture temporal dependencies, the data was converted into sequences using a sliding window mechanism.
For each prediction point Y't, the model uses a sequence of L = 60%.

Xt=[zt—Lat—L+1,...,at—1], Yt=ut 2)
where, L is a look-back window size (number of previous time steps, e.g., 60), Xt is the input sequence consisting
of the previous L load values used by the model to make the prediction, Y¢ = xt is the target load value at time t

representing the actual load that the model aims to predict based on the preceding L observations.
This formulation allows the model to learn patterns that span over several hours of historical data.
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2.5 LSTM Network Architecture

LSTM networks are a category of recurrent neural networks (RNNs) explicitly engineered to capture long-term
dependencies in sequential data. This study employs LSTM to model the temporal dynamics of electricity load data.

The LSTM model is constructed with the following architecture:

* Input Layer: Receives a 3D input array with shape (samples, time steps, features), where the look-back window
is set to 60, corresponding to 15 hours of historical data at 15-minute intervals.

* LSTM Layers: Two stacked LSTM layers, each with 50 memory units, are used to extract temporal features
from the input sequence.

* Dropout Layers: A dropout rate of 0.2 is applied after each LSTM layer to mitigate overfitting by randomly
deactivating a portion of the neurons during training.

* Dense Layer: A fully connected dense layer with one output neuron is used to generate the final prediction
value.

The model employs the Adam optimizer and the Mean Squared Error (MSE) loss function for training. Training
occurs over 50 epochs with a batch size of 32. The target variable (electricity load) is normalized via Min-Max
scaling to guarantee stable convergence during training. The main objective is to reduce the Root Mean Squared
Error (RMSE) by enhancing the model’s capacity to identify sequential patterns in the historical load data.

Once trained, the LSTM model is used to predict future load values on the test dataset. These predictions,
referred to as LSTM intermediate outputs, are then inverse-transformed to restore the original megawatt scale.

The network maps each input sequence. X; to a forecasted value y; as:

Vi = frsrm (X3 6) 3)

where:

y¢: the predicted load at time ¢,

frstm: the LSTM network function,

0: the model’s trainable parameters.

To optimize the model during training, the MSE loss function was employed—commonly used in regression
problems due to its sensitivity to large errors, as formulated below:

1 & 2
L==> (-0 )
- ; ( )
where, L is the loss to be minimized (mean squared error, in MW?2), y; is the actual value (in MW), ¥; is the predicted
value (in MW), and n is the total number of samples.
Although the MSE was used as the loss function during training, it was not employed as an evaluation metric in
the results section. Instead, RMSE, MAPE, and the Coefficient of Determination (R?) were used to assess model
performance.

2.6 Model Training and Evaluation

The dataset was split chronologically into two subsets: 80% for training and 20% for testing. A time-based split
was used to preserve the temporal order of the data and prevent information leakage from future to past. This approach
simulates a realistic forecasting scenario, where the model learns from past observations to predict future values.
The model was trained using the Adam optimizer with a mean squared error loss function, which is appropriate for
regression tasks such as load forecasting.

The evaluation of model performance was conducted utilizing two principal metrics: RMSE and MAPE. These
metrics offer a thorough evaluation of the model’s precision and dependability in load forecasting, especially in
identifying discrepancies and percentage-based prediction errors.

In addition to quantitative evaluation, qualitative analysis was performed to assess the model’s ability to capture
temporal patterns and respond to different conditions, such as weekday-weekend variations and seasonal changes.
This analysis sheds light on how the model operates under varying conditions and its potential deployment within
practical smart grid operations.

After training, the model’s performance was evaluated using the following three metrics:

RMSE: Represents the standard deviation of the prediction errors, offering a direct measure of how far predicted
values deviate from actual observations.
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RMSE — (i — 3:)° )

where, y; is the actual value, y; is the predicted value, and n is the total number of observations.
MAPE: Quantifies the average magnitude of prediction errors as a percentage of actual values, providing an
interpretable metric especially useful for operational and managerial decisions.

n

MAPE = % Z
t=1

Y= 100 (6)
Yt

* R2 (Coefficient of Determination): Reflects the proportion of variance in the target variable that is captured by
the model, indicating the strength of the predictive relationship.

SN i — )’
S i —9)°

These metrics provide insight into the model’s prediction accuracy, stability, and generalization ability.

R?=1- (7)

3 Results and Discussion
3.1 Evaluation of Forecasting Accuracy

The LSTM model produced strong forecasting results for electricity demand by achieving an RMSE of 119.41
MW and a MAPE of 1.30% on the testing dataset. The model demonstrates strong predictive accuracy through
these metrics because it effectively handles short-term forecasts with detailed high-resolution data. The results
demonstrate how well the model performs in modeling complex temporal patterns that exist in load behavior.

Compared to traditional time series and simpler machine learning models, the LSTM showed noticeable
improvements. It successfully captured various temporal patterns, including daily, weekly, and seasonal variations,
with predictions closely aligned with actual consumption. Notably, the model effectively identified recurring trends
such as peak weekday demands and lower weekend loads—an essential feature for efficient grid management and
resource planning.

Figure 7 illustrates the comparison between the actual load and the predicted load values generated by the LSTM
model. The close overlap between the two curves confirms the model’s capability to capture temporal consumption
patterns with high accuracy.

Actual vs Predicted Load
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Figure 7. Actual vs. predicted electricity load using the LSTM model on the elia grid dataset (15-minute)

3.2 Temporal Pattern Analysis

The proposed LSTM model’s effectiveness was evaluated through three standard statistical metrics, which
included RMSE, MAPE, and the coefficient of determination (R?). The three metrics offer different perspectives to
evaluate both the predictive accuracy of the model and its ability to capture the temporal patterns in the load data.
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The model’s RMSE, which represents a measure of pure error or deviation between observed and predicted
values, was 119.41 MW, which is relatively low. In addition, MAPE’s value of 1.30% should be regarded as very
accurate in the realm of short-term electricity load forecasting with high-frequency data (15 min). The correlation
coefficient R? stands at 0.992, meaning the model succeeds in explaining almost all of the observed load value
variance.

LSTM networks can truly model the learning of these intricate temporal relationships that exist in electric load
time series. The performance values, shown in Table 1, indicate that this model can indeed be exploited in smart
grid environments for real-time operation with strong robustness and accuracy.

Table 1. Test results of classification

Index Result

RMSE 11941
MAPE 1.30%
R? 0.992

3.3 Comparative Analysis

The accuracy and generalization capabilities of LSTM networks surpass traditional forecasting methods and other
machine learning models when it comes to understanding electricity demand temporal patterns. The architecture
of LSTM networks allows them to store information across extended sequences, which proves vital for detecting
long-term dependencies in time series data. The unique architecture of LSTM networks makes them suitable for
energy forecasting in smart grid systems because they can handle both short-term and long-term patterns in electricity
usage.

The unique architecture of LSTM networks makes them suitable for energy forecasting in smart grid systems
because they can handle both short-term and long-term patterns in electricity usage.

The Elia Grid dataset from Belgium served as the dataset for this study because it contains high-resolution load
data available at 15-minute intervals. The model achieved high accuracy through its results, which included an
RMSE of 106.5 MW, an MAPE of 1.18% and an R? value of 0.994. The model’s strong predictive power and
robustness make hybrid configurations unnecessary for this specific application.

Zhou and Zhang [26] developed a hybrid forecasting model that integrates both ARIMA and LSTM methodologies.
The evaluation was conducted using hourly load data from the Southern China Grid. The RMSE was not disclosed;
however, the model achieved an MAPE of 2.83% and an R2 of 0.9732. Its adaptive mechanism utilized feedback
from training errors to enhance accuracy; however, the hourly resolution diminished temporal precision.

Liuetal. [27] utilized 15 minutes of industrial and commercial data from China to develop a Time GAN-CNN-LSTM
framework. We employed TimeGAN to augment the training dataset, while the CNN-LSTM architecture facilitated
the forecasting. The model exhibited an MAPE of 4.49% and an R2 of 0.812, indicating that the priority was placed
on expeditious results rather than on precision.

Ibrahim et al. [28] developed a deep learning regression model and evaluated it using hourly load data from the
Panama Grid. The network comprised three hidden layers, each containing 95 units. The model achieved an RMSE
of 50.34 MW, a MAPE of 2.90%, and an R? of 0.93, outperforming other machine learning and deep learning models
in one-hour-ahead predictions.

Liu et al. [29] utilized data from Guangzhou’s power grid at 15-minute intervals, employing a combination
of CNN, bidirectional LSTM, and attention mechanisms. They employed data decomposition techniques such as
CEEMDAN and clustering algorithms, including K-Means and VMD, to identify seasonal patterns. The model’s
performance fluctuated with the seasons. The RMSE was 0.77 GWh, the MAPE ranged from 1.08% to 1.67%, and
the R2 varied between 0.985 and 0.991.

On the other hand, Ullah et al. [30] employed a CNN-LSTM hybrid model utilizing hourly data from Pakistan’s
National Transmission & Dispatch Company (NTDC). Their assessment employed both theoretical analysis and
simulation-based testing. The RMSE was 538.71, the MAPE was 2.72%, but the R? value was not provided. The
results indicate that the national grid dataset possesses moderate accuracy, yet lacks sufficient temporal resolution.

The effectiveness of the standalone LSTM model for short-term electricity load forecasting is addressed in
the comparative analysis, are shown in Table 2. Among the reviewed models, the LSTM achieved the lowest
MAPE (1.18%) and one of the highest R? values (0.994), illustrating high predictive accuracy and generalization
capability. Although some hybrid models like CNN-BiLSTM-Attention or TimeGAN-CNN-LSTM used complex
decomposition or data creation techniques, they did not outperform the LSTM model in accuracy. Furthermore, both
ARIMA-LSTM and CNN-LSTM models showed significant forecasting errors, particularly with lower-resolution
or national-scale data.
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To highlight the superiority of the proposed model, Table 2 compares its performance with several recent studies
on short-term load forecasting. The results show that the proposed LSTM achieves the lowest MAPE (1.18%) and
one of the highest R? values (0.994), outperforming more complex hybrid models.

Even with its basic structure compared to multi-stage hybrid models, the LSTM model used in this study
managed to outperform more sophisticated approaches by utilizing high-resolution real-world data and efficient
training methods. The fact that the model performs well in accuracy while maintaining relative simplicity confirms
the suitability of LSTMs for smart grid applications, while demonstrating their ease of integration for automated
real-time predictive modeling systems.

Table 2. Comparative performance of different forecasting models in related studies

Model Data Resolution = RMSE MAPE R?
This Study 15-min 106.5 MW 1.18% 0.994
ARIMA-LSTM [27] 1-h - 2.83% 0.9732
TimeGAN-CNN-LSTM [28] 15-min - 4.49% 0.812
Deep learning Regression [29] 1-h 50.34 MW 2.90% 0.93
CNN-BiLSTMAttention [30] 15-min 0.77GWh  1.081.67% 0.985-0.991
CNN-LSTM [31] 1-h 538.71 2.72% -

3.4 Implications for Smart Grid Management

The research results provide essential knowledge to enhance smart grid management systems. The LSTM model
delivers exact load predictions, which enable better resource planning and improved demand management strategies,
and better integration of renewable energy sources into the grid infrastructure. Accurate load forecasting enables
grid operators to improve the allocation of generation units, thereby limiting reliance on costly peak-time generators
and lowering overall operational expenditures. It also facilitates better planning for maintenance activities and grid
upgrades, ensuring reliable and efficient grid operation.

Furthermore, the ability of LSTM networks to capture complex temporal patterns can improve the integration
of renewable energy sources, which often exhibit variable and intermittent generation patterns. By accurately
forecasting both demand and renewable generation, grid operators can better balance supply and demand, enhancing
grid stability and reliability. Incorporating boosting-based hybrid architectures into forecasting pipelines has also
been shown to improve the adaptability and generalization of models in dynamic grid environments [31].

3.5 Limitations and Challenges

Despite the promising results, several limitations and challenges should be acknowledged. The following
limitations are based on the author’s experimental findings and observations during model training and evaluation.
The performance of LSTM models depends on the quality and representativeness of the training data, which may
not always capture all possible consumption patterns or extreme events.

The computational complexity of LSTM networks, especially in large-scale applications, poses challenges
regarding training duration and resource demands. This complexity may restrict the practicality of real-time model
updates or implementations in resource-limited settings.

Additionally, the interpretability of LSTM models poses a challenge due to their intricate internal representations
and nonlinear transformations, which obscure the specific factors influencing the model’s predictions. The absence
of interpretability may impede the acceptance and trust of these models in essential grid management applications.

Future research could explore several promising directions to address the limitations and further enhance the
application of LSTM networks in smart grid management. These directions include:

(1) Integration of additional data sources, such as weather information, economic indicators, and social factors,
to improve forecasting accuracy and capture external influences on electricity consumption.

(2) Development of hybrid models that combine LSTM networks with other techniques, such as physical models
or statistical methods, to leverage the strengths of different approaches and enhance overall performance.

(3) Investigation of interpretable deep learning techniques that provide insights into the model’s decision-making
process, increasing transparency and trust in the model’s predictions.

(4) Exploration of transfer learning and domain adaptation approaches to address data limitations and enable
effective model deployment across different grid environments and conditions.

(5) Research on real-time model updating and adaptation to capture evolving consumption patterns and respond
to changing grid conditions, enhancing the model’s relevance and utility for dynamic grid management.
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4 Conclusions

The models successfully identified multiple temporal patterns , including daily and weekly, and seasonal
variations, which provided useful information for operational planning and decision-making in grid management.
The evaluation results showed that LSTM networks performed better than traditional forecasting methods and
multiple machine learning techniques when dealing with complex time series data. Describing these elements not
only improves the trustworthiness and openness of the model but also provides a replicable and practically useful
basis for other researchers working with smart grids.

The foundation of smart grid optimization depends on effective load forecasting because it leads to better energy
utilization and reduced costs, and enhanced system reliability. Accurate demand prediction enables efficient resource
allocation and supports the integration of renewable energy systems, and improves the effectiveness of demand
response programs.

The research findings advance smart grid technology development and its practical implementation in real-world
applications. The research provides operational insights about predictive modeling and efficiency, which supports
the development of sustainable and resilient energy infrastructure systems.

Future research should expand the input data range by adding meteorological conditions and socio-economic
variables to the forecasting models. The model’s ability to detect multiple factors affecting electricity demand will
improve when using diverse datasets, which will enhance both forecast accuracy and robustness.

The use of Transformer-based models for alternative deep learning architectures should be investigated because
they show promise to improve real-time prediction accuracy. These models demonstrate excellent performance in
detecting complex temporal relationships, and they might surpass traditional recurrent models like LSTM in specific
situations.

The advancement of deep learning methods will lead to substantial improvements in smart grid operations, which
will optimize energy systems while promoting renewable energy integration and speeding up the development of
sustainable power networks.
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Nomenclature

L Look-back window size (number of previous time steps, e.g., 60)
Xt  Input sequence consisting of the previous L load values
Yt Target load value at time ¢

Greek symbols

0 Trainable parameters of the model
L Loss function (Mean Squared Error, in MW?2)

Abbreviations
LSTM  Long Short-Term Memory
RNN Recurrent Neural Network
RMSE  Root Mean Squared Error
MAPE Mean Absolute Percentage Error
R? Coeflicient of Determination.
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