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upgrading stations that adjust voltage in accordance with
consumer demand, and transmission and distribution networks
that facilitate energy supply to end users. However, traditional
electrical systems are experiencing challenges, such as higher
utilization, which leads in high operating costs and
deterioration in power quality. The following problems can be
identified in this context, necessitating the construction of new
plants: conventional grids lack the capacity to accurately
predict power failures, estimate their consequences, or plan
resource distribution and energy storage [3].

It has also been observed that contemporary electrical
networks are virtually the same as those utilized over the past
century, despite increasing demands due to population growth.
Traditional systems have multiple drawbacks, such as low
transparency, slow mechanical switching devices, poor
supervision, and ineffective control of the energy flows.
Conventional electric grids are characterized by one-way
transmission and are vulnerable to climate variations, fossil
fuel consumption, increased population density, failure of a
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particular component, and low capacity of energy storage.
Therefore, a transition to novel grid technologies is necessary
to address these challenges [4].

The concept of the smart grid is a more advanced
development concept that mirrors the upgrade of the
conventional electrical system. The smart grid is an enhanced
form of networks that incorporates data control and
management of devices, innovative technologies, information
communication equipment, and field-based devices. all
coordinated to enable network physical control. These
improvements facilitate the observation of grid processes, the
transmission of information to control centers, and the grid's
capacity for adaptation to change. Energy management and
monitoring, fault diagnosis, load profiling, and security
improvements are feasible for smart grids, which rely on the
acquisition and information analysis of large amounts of high-
dimensional data [3]. Accurate forecasting of electrical load
can effectively establish a power system capable of delivering
an uninterrupted power supply, as illustrated in Figure 1.

Smart grids allow energy providers and consumers to
communicate and share a significant amount of information,
thereby increasing the reliability and safety of electricity. This
interactive system has been developed to empower consumers
to make the right decisions about their energy consumption in
order to reduce electricity costs and mitigate the impact of
natural disasters and cyber-attacks. Smart grids are also used to
support the principles of sustainable development t the
use of renewable energy, energy saving, and dg
greenhouse gas emission. With the help of automa
detection and analysis, smart grids also provide a
response than conventional power systems.

Smart grid solution elements include communicatior
infrastructures, smart sensors, and 1nterfa esidential,
commercial, and industrial use.
communication technologies are emplg
transfer of data between smart meteg
devices. The main disadvantages of
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A central focus of this study is the utilization of
contemporary forecasting methods, as they are better suited for
today's complex energy systems. Traditional electric load
forecasting approaches, such as ARIMA and regression,
depend on statistical models that assume fixed patterns but
struggle with handling complex variations. In contrast, modern
techniques leverage Al and ML such as Long Short-Term
Memory (LSTM) and Artificial Neural Networks (ANNs), to
process big data and dynamically adapt to real-time
fluctuations. As a result, traditional models tend to be rigid and
less accurate, whereas modern approaches offer greater
flexibility and precision. Therefore, modern forecasting
methods are more effective for managing evolving energy
demands and smart grids.

The primary challenges we address include handling
missing or noisy data, capturing both spatial and temporal
dependencies, and improving forecasting accuracy with limited
data. Many smart grid forecasting models struggle with
incomplete or unreliable data due to sensor malfunctions or
communication failures. To mitigate this, our model
incorporates preprocessing techniques and Deep Learning (DL)
patterns and long-term dependencies in load data. Our hybrid
Convolutional Neural Network-Recurrent Neural Network
(CNN-RNN) approach improves prediction accuracy by
leveraging convolutional feature extraction and recurrent
sequence modeling. Furthermore, many DL models require
large datasets for optimal performance which can be a
limitation in real-world scenarios. Our approach is op
provide reliable predictions even with constrained tra
making it practical for smart grid applications.
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conventional and smart grids due to their diff pperational
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[10] integrated K-Nearest Neighbors
develop their load prediction systems.
yed environmental variables while
sing KNN, which led to better ANN
aining on preprocessed variables. In

ctions in an office building setting and found
that clustering input data improved prediction performance.

rt grid sector uses both ANNs and Extreme
dient Boosting (XGBoost) along with other ML models for
pad forecasting. Residents can benefit from the residential load
forecasting model using XGBoost technology, which was
ound to be successful in preventing overfitting according to
e authors in [11]. The research demonstrated that XGBoost
essfully solves overfitting problems better than other
edictive approaches. Authors in [12] showed that Random
orest Regression (RFR) and XGBoost achieved the lowest
computational complexity levels, followed by Support Vector
Regression (SVR) and ANN. Flexible Neural Trees (FNTs)
implemented a complex computational framework that
achieved inferior results than RFR as well as XGBoost. The
research by the authors in [13] developed a load forecasting
system that integrated the XGBoost one-step-ahead forecaster
with quantile regression. The dynamic adjustment of quantile
regression model parameters through recent prediction data
improved the final output results. The proposed model
framework achieved the highest accuracy level and real-time
prediction reliability among all tested models from other ML
and DL approaches. Authors in [14] designed a cloud-based
load prediction model that integrates Grey Wolf Optimizer
(GWO) optimization and ELM machine through an improved
integration technique. The exploitation and optimization
performed by GWO on ELM parameters led to an upgraded
model that outperformed its base version.

Author in [15] designed an ensemble load forecasting
method for one-day-ahead predictions by integrating data
mining techniques for training, feature selection, and
elimination. The study utilized eight different ML models to
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enhance the ensemble approach and concluded that the

proposed comprehensive framework outperformed the
individual models and delivered improved forecasting
accuracy.

Authors in [16] discuss significant advancements in
household load forecasting by introducing a DL model
enhanced through hyperparameter optimization. Their main
contributions include the development of a robust forecasting
framework that improves the accuracy of predicting household
energy consumption. The study emphasizes the effectiveness of
DL techniques in capturing complex patterns in load data,
whereas also highlighting the importance of optimizing
hyperparameters to achieve better model performance. Overall,
it provides valuable insights and methodologies for improving
energy management in smart grids. Authors in [17] present a
novel approach to electricity load forecasting by integrating
Discrete Wavelet Transform (DWT) with LSTM networks.
Their main contributions include demonstrating how DWT
effectively decomposes load data into different frequency
components, thereby enhancing the LSTM's ability to capture
temporal dependencies. This combination significantly
improves forecasting accuracy compared to traditional
methods. The study provides a comprehensive framework that
shows the benefits of using advanced DL techniques for more
precise electricity load predictions. Authors in [18] introduce
an adaptive deep-learning framework for load forecasting that
combines transformer models with domain knowledge. Thelr
main contributions include the development of
approach that leverages the strengths of transf8
capturing complex temporal patterns while incorf
expert insights for enhanced contextual understanding
study highlights the effectiveness of combining advanced %
techniques with domain expertise to optimize energ
management and forecasting in smart grids
present a DL-driven hybrid model f
forecasting, emphasizing its t
information management. Their main
integration of multiple DL technique

facilitating better decision-m
smart grids. Overall, the st
hybrid DL approaches to

of the Paper

existing load fo
the basis for
approaches,
historical data,
n. These methods also
real-time applications,

SVMs, and gradient
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regression. However, th
the quality of the input
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demonstrated impro,

Despite
literature,
feature

issing data handling,
optimization, and ‘model adaptability in
environments. These gaps are directly
his paper, which aims to address the
developing a robust neural
network based forecastin del. By leveraging ML
and applying methods such as Principal Component
(PCA) for feature extraction, the proposed approach
stability and prediction accuracy.

erature review underscores the need for
models that can address real-world
missing data and dynamic energy
. This is consistent with the objective of
and validate a model that addresses these
advancing the capabilities of smart grid
systems.

earning in Power Systems

Electrical loads are categorized into two types: base load,
ich remains relatively constant, and peak load, which
fluctuates. Predicting the peak load using ML techniques can
improve the stability of the power system. This study explores
1. approaches and discusses existing methods based on their
dels, which are classified as linear and non-linear. Linear
odels, such as the least-squares method, are simple and fit a
vest-fit line to the data. While widely used, they may produce
large errors when data points are sparsely spaced. Non-linear
models, though more complex and computationally intensive,
provide better accuracy, especially for the highly non-linear
nature of electrical loads. Examples include SVMs and
Gaussian Process Regression (GPR). SVMs combined with
Ant Colony (AC) optimization have proven effective for load
prediction. Key terms include prediction variables (features
used to train the model) and response variables (values
predicted based on the features). Non-linear models are
preferred when prediction variables exhibit non-linear
relationships.

Load prediction can be short, medium, or long term,
depending on the prediction timeframe and training data.
Accurate predictions require careful feature selection to avoid
redundancy and overfitting. Historical load data play a crucial
role in model training as they provide the foundation for
accurate predictions.

In this study, the electrical demand load is predicted for
specific hours of the day based on various prediction variables,
framing the task as a regression problem. Regression involves
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predicting a response variable based on its relationship with
one or more prediction variables. It can be classified as:

e Linear regression: A single response variable and a single
prediction variable.

e Multiple regression: A single response variable and
multiple prediction variables.

e Multivariate regression: Multiple response variables and
multiple prediction variables.

The choice between linear or polynomial regression
depends on the curve used for data fitting, and the selection of
the optimal model is guided by modeling and simulation
results. The range of regression approaches includes KNN,

neural networks, SVMs, A
correct regression technique
performance aspects, inclugi
complexity, and hype
assessment incorporat

ction, must be
ds. Large, error-
variance between

IIL

A. Forecasting Model

The present research incorpora
Saudi smart grids containing ho
city of Qassim during the year
representing two seasonal peri
along with a resolution of o
March to September 202

data tliers, and other
challenges p tion datasets and
provides short-term  energy

s, optimal performance

ive insights play a crucial
Saudi Arabia's energy infrastructure by

orecasting techniques.

enabling the Ministry of Energy to make data-driven
justments to physical systems based on the forecasted
outcomes. As we handle private data in smart grid forecasting,
prioritizing data privacy and ethical considerations is crucial.
To address this challenge, the proposed model should follow
several key steps. First, it is essential to anonymize user data to
safeguard individual identities. Second, ensuring transparency
in data collection and usage fosters consumer trust. Third,
implementing strong security measures is vital to protect
against data breaches. Lastly, ethical guidelines must regulate
the use of Al algorithms to promote fairness and prevent bias in
energy distribution.

B. Hybrid Approach

Sound prediction of customer energy consumption within
smart grid environments is a complicated time-series predictive
modeling task. Our approach relies on advanced preprocessing
techniques with a hybrid DL framework due to the complex
prediction requirements. The predictive accuracy of time-series
data is highly dependent on reliable noise reduction techniques,
as such datasets typically have significant noise levels. The
Savitzky—Golay (SG) filter serves as a reliable noise reduction
approach according to [21]. Future research will include
implementation of the described technique for our studies.
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Fig. 3. Hourly load data for Qassim city (March 2021-September 2021)
with a one-hour time resolution.
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The return sequence parameter was given a value of false in
the final layer to output only the last hidden state, although the
parameter value was true throughout the other sequence-
learning blocks to maintain full state sequences during
processing. A dropout layer was added prior to the fully
connected layer as an overfitting reduction strategy. Our
hyperparameter tuning was conducted using a trial-and-error
approach, testing multiple configurations to identify the
optimal settings. Key hyperparameters and their selection
criteria included the CNN kernel size and filters, whith a kernel
size of 3 and 32 filters were chosen based on empirical testing
to balance feature extraction and computational efficiency. For
GRU hidden units, different values (100, 200, 400) were tested,
with 200 units providing the best tradeoff between model
complexity and performance. A dropout rate of 0.2 was
selected to reduce overfitting while maintaining model
stability. The batch size and learning rate were set to 64 and
0.001, respectively, using the Adam optimizer, based on
convergence behavior and validation performance. Finally, the
model was trained for 2000 epochs, with early stopping applied
when the validation loss did not improve for 50 consecutive
epochs.

Start

—
Load data
Real dataset

\_{Qifimj,/

'

Normalization

Supervised
learning

|

Split into training
and testing datasetg
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the full dataset. The mo
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data.

and BiLSTM models. Feature extraction
ing in forward direction until the first

TABLE I. HYPERPARAMETER SETTINGS OF THE
P ED HYBRID DEEP LEARNING MODEL

Parameter Setting

LSTM, GRU, BiLSTM, RNN, ANN
CNN-LSTM, CNN-GRU, CNN-BiLSTM

Network architect

Optimizer Adam

MAE

{0.0005}

Adjustment learning rate = 1x10°

1:50 h look back

gradient descent momentum (traingdx)

DropPeriod 400

L Ca
LearnRateDropFactor 0.2

CNN, ANN 32 hidden units

LSTM, GRU, BiLSTM layers 400 hidden units

The two stages of 1-D CNN worked together utilizing a
r span of 5 with 32 hidden units to boost input feature
recognition. Two successive layers of LSTM along with GRU
or BILSTM components using 400 hidden units existed in the
model structure for feature analysis and output prediction. A
ReLU activation function was used in the model structure,
which was trained over 2000 epochs. The process of DL model
optimization and complex stochastic process management
required the optimization of network design parameters in
addition to activation functions, loss functions, and hidden unit
numbers and training epochs. An NP-hard optimization
problem exists as part of this process.

The hyperparameters in this study were selected through a
trial-and-error approach, with 400 hidden units identified as the
optimal configuration after extensive experimentation. While
different DL algorithms have unique computational methods,
selecting the best hyperparameters for all models is crucial for
efficient modeling, given the high computational cost and the
need for accurate predictions.

In MATLAB environment, we applied the CNN-RNN
hybrid model design, which originated from the study in [14].
The basic CNN-RNN hybridization algorithm served as a
starting point to design models combining CNN with RNN as
well as with LSTM, BiLSTM, and GRU components. The
models were developed and tested on a MacBook Pro (13-inch
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M1 2020) with 8 GB of memory partitioned into 4 GB of
performance memory and 4 GB of efficiency memory. The
implementation was done within the MATLAB 64-Bit
(maci64) development environment using the DL toolbox [22],
and the pseudocode used to select the appropriate hybrid DL
model is as follows.

#Decision pseudocode for selecting the
appropriate hybrid DL model

data = xlsread("data.xlsx");
mu = mean (dataTrain);
sig = std(dataTrain);

if strcmp (NetOption, "CNN-RNN")

elseif strcmp (NetOption, "CNN-LSTM")
elseif strcmp (NetOption, "CNN-BiLSTM")
elseif strcmp (NetOption, "CNN-GRU")
elseif strcmp (NetOption, "RNN")

elseif strcmp (NetOption, "GRU")

elseif strcmp (NetOption, "LSTM")

elseif strcmp (NetOption, "BiLSTM")

elseif strcmp (NetOption, "FeedForwardNet")

end
YPred = sig.*YPred + mu;
YTest = sig.*YTest + mu;

IV. RESULTS AND DISCUSSION

Standard evaluation metrics were used to assess the
accuracy of predictions derived from experimental pr;
Specifically, the performance was evaluated usi
along with its derivative Coefficient of Variation o
(CV or NRMSE), MAE, and MAPE:

RMSE = S (yi—pi)?
n
NRMSE = R'V;SE x 100%
1
MAE = - Yo lvi — pil

N

MAPE = -y, 7P 4 100
n Yi

Performance evaluation of
training on 75% of the data
using previously unseen inp
compare the proposed hybri
algorithms such as ANN
The single-model Bi
RMSE, 1.526 NRMSE,
MAPE value of this
The results of C
RMSE, NRMSE,

9875, RMSE of

77.4877, NR 0.9505. To further
illustrate and advantages of the
proposed d Table II provides a

ction accuracy against
reveals that the hybrid

BiLSTM approaches tested,
predictive power. This study pre
focus because it balanc
accuracy levels, makin
applications  despite
performance of CNN

MAPE (%)
0.9991
0.9991
0.9497

0.95.5
0.7591

77.4877
20.7501

iction accuracy compared to the proposed hybrid
N-based methods also underperformed. With a
produced superior results compared to
STM, GRU. However, the effectiveness
s would increase with larger data input.
el provided exceptional accuracy in
g as it showed R of 0.9927, RMSE of
f 1.2227, and MAPE of 0.7591. The
brid models as the most effective option in
forecasting applications due to their CNN-
based configuration.

sed hybrid CNN-GRU model was evaluated
and RMSE measurements along with a regression
ot analysis. A comparative evaluation of the forecasting
erformance used predicted sequences against actual
observations to provide both visual and analytical assessments.
e researchers examined the predicted load over different
ly periods during each iteration and Figure 6 shows the
parison results.

Furthermore, an ANN architecture was developed using
MATLAB by testing different numbers of hidden neurons
within the hidden layer. The network was evaluated through
RMSE measurements and R statistical values within its
different configurations. In the selection process, an
architectural configuration was chosen that provided the
highest R value and the lowest RMSE value. The optimal
model with 32 hidden units was evaluated as presented in
Table III.

TABLEIIL.  UPDATED PREDICTION ERROR TABLE FOR
QASSIM RESULTS

Model R RMSE NI({,%')SE 1\/{1;01;13
ANN 0.9881 75.3124 14721 0.9453
RNN 0.9862 92.1653 1.7984 1.1523
LSTM 0.987 78.4567 15238 0.9934
GRU 0.9872 77.9981 1.5124 0.9871
BILSTM 0.9873 76.8532 1.4947 0.9765
CNN-RNN 0.9825 04,6782 1.8215 1.2074
CNN-LSTM 0.988 74.9821 1.4623 0.9405
CNN-BILSTM | 0.9878 75.1278 1.4698 0.9423
CNN-GRU 0.9833 74.4523 14512 0.9392
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Performance evaluation of the ANN model for Qassim load: (d

The performance plots for the CNN-E
with the ANN models are shown in Fig
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coefficient of 0.9881 was obtained
which shows high accuracy as it ap,

The results of the combi
model are presented in Figur
predicted Qassim loads. T
predicts Qassim load d
coefficient that proves it

L model in Figure 8(c)
= 0.9883 regression

outperforming traditiondl prediction
. The integration of the two
e short-term load forecasting
accuracy and e lex spatiotemporal

dependencies

approach effectively
f the models. These
ned to capture complex
data, providing a robust
energy demand forecasting. The results of
practical_significance and can serve as a
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uable tool for strategic power system planning,
mization, and operational decision-making in smart grids.
shown earlier, the performance evaluation results confirm
at CNN-GRU outperforms other models. By integrating
CNN's spatial feature extraction with GRU's efficient sequence
learning, the hybrid model significantly enhances load
forecasting accuracy. With fewer computations than LSTM,
GRU enables faster convergence and reduces training costs.
Additionally, CNN minimizes input dimensionality, improving
generalization and resilience to noisy or missing data.
Performance metrics (RMSE, MAPE, R) validate the accuracy
and stability of CNN-GRU, whereas visualizations and case
studies highlight its practical effectiveness in smart grid
applications.

It is also important to remember that the proposed model
exhibits strong scalability, as it can be quickly trained on new
datasets to adapt to diverse consumption patterns influenced by
climate, population density, and industrial activity. Its ability to
perform effectively across different regions with minimal
retraining or fine-tuning highlights its transferability, a key
factor in ensuring adaptability to new cities or energy markets.
Moreover, the model is designed to handle variations in input
features such as weather conditions, socioeconomic factors,
and grid infrastructure, allowing it to seamlessly adjust to
evolving scenarios. Scalability is also reinforced by the model's
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capacity to efficiently process large datasets, making it well-
suited for deployment in extensive and complex energy
markets. This capability is a defining strength of the proposed
CNN-RNN model, ensuring both robustness and flexibility in
real-world applications.

V. CONCLUSION

Efficient load forecasting is crucial for managing energy
consumption and optimizing costs in smart grids. This study
focuses on improving load forecasting for Qassim city using a
hybrid Deep Learning (DL) approach. The proposed model
combines two DL algorithms, such as Convolutional Neural
Network (CNN), Long Short-Term Memory (LSTM), Gated
Recurrent Unit (GRU), Bidirectional Long Short-Term
Memory (BiLSTM), or Recurrent Neural Network (RNN), to
enhance the prediction accuracy and network architecture.

Our evaluation showed that hybrid models such as CNN-GRU
and CNN-RNN outperformed other methods in predicting
energy consumption, achieving lower RMSE, NRMSE, and
MAPE values for both single-step and multi-step forecasts. The
hybrid approach leverages Qassim's smart meter data to
improve scalability and optimize grid operations.

The proposed model can significantly influence policy-making
by optimizing energy distribution strategies, leading to more
efficient resource allocation and reduced waste. It also supports
the development of smart grid regulations by providing insights
that enhance the integration of renewable energy so
analyzing data and predicting demand patterns,
facilitates informed decision-making.
capabilities contribute to a more sustainable and r8
energy landscape.
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