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Abstract- Energy management, financial savings, efficient
planning, and safe and dependable power grid operation all
depend heavily on energy optimization. This study takes into
account the use of efficient ML methods for smart grid energy
management, which may improve the grids' dependability and
stability via energy prediction algorithms. A research applies
a complex data set that captures variables that include energy
production, use, elasticity, and response time. Data
preparation involves standardization and outliers removal so
that the data is ready for analysis. Various ML models, like
XGBoost, GB, RF, and SVM, are trained to classify grid
stability into stable and unstable states. Voting Classifier
belongs to the group of methods for increasing the accuracy of
models, which is accomplished by fusing predictions of
multiple classifiers. AUC-ROC metrics, F1-score, recall,
accuracy, and precision are used to evaluate the models’
performance. As a result, it is shown that ensemble models,
like the Voting Classifier, have a higher accuracy of 99. 8% in
forecasting grid stability. The study shows how ML
approaches have the potential to enhance energy supply and
the operation effectiveness of smart grids.
Keywords- Machine Learning, Smart Grid,
Optimisation, Voting, supervised learning.

Energy

I. INTRODUCTION

Energy conservation as a concept in business
buildings is basically aimed at the management of the energy
usage with an intention of minimizing wastage. This involves
identifying breakthroughs for energy applications, increasing
the efficiency of machines as well as lessening energy
consumption [1] [2]. This is particularly relevant to retailers as
energy is one of the industry’s longest and most significant
line items with the most potential for cost savings. Energy
optimization may be equally beneficial to a retailer’s bottom
line and their influence on the environment [3]. There are
several reasons why smart grid energy management is
important. Smart grids, through the utilization of control and
communication technologies for the real-time control of
energy via its distribution network, are primarily designed to
enhance the safety as well as reliability and efficiency of
electricity  distribution  [4][5]. The interruptions and
disturbances which cause power outages may be reduced and
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the energy losses can also be reduced in this manner. The
presence of a smart grid also permits the exchange of
information and power in between the electricity suppliers and
within the consumers. Issues of data collecting, monitoring
systems on phase management units and real-time meters are
all measured by a smart grid. These oscillations can actually
be well managed by smart grids through the use of advanced
sensors, automation and control systems in real time balance
of supply and demand [6][7][8][2]. Furthermore, it offers
useful services that enable consumers to act autonomously
regarding the usage of energy with actual cost being obtained
from distribution networks. The term Smart Grid is used to
describe an electrical system that integrates advanced sensing,
control and communication technologies into of the
transmission and distribution system [9][10][11].

Various data collected by the sensors of smart grid
can be processed by the ML algorithms that help predict
patterns of energy demand and supply, design an optimum
distribution and storage plan, or possibly ensure that the
stability of the distribution grid is maintained. An aim of
energy grid optimisation is to enhance the processes of
generating, transmitting, as well as distributing energy so as to
meet the emergent demand for energy to reduce risks, costs
and adverse effects on the environment associated with the
process [12]. Energy grid optimization has attracted more
emphasis as a consequence of the need for clean and efficient
electricity delivery networks. Smart grid optimization is a
leading ML application in the energy grid. Weather stations,
smart meters, energy markets are part of the large-scale data
which can be processed through the applying of the ML
algorithms. This data can then be used in real-time energy
consumption management, generation management, and
demand forecasting. Optimization of energy supply and
demand, as well as reduction of costs and environmental
impacts, may be achieved by energy grid operators via the use
of ML [13].

The key contribution of this paper given as follows:

e The work provides a ML-based approach for the forecast
of stable smart grid environment. It enhances grid
management by identifying stable and unstable states for
effective energy optimization.

www.ijsart.com



IJSART - Volume 10 Issue 9 — SEPTEMBER 2024

e The research provides machine learning techniques in
smart energy grid optimization with importation.

e The research emphasizes the role of standardization,
outlier detection, and handling class imbalances in
boosting machine learning model performance. These
preprocessing techniques are crucial for achieving
accurate predictions in smart grid applications.

e This study demonstrates that the Voting Classifier
outperforms individual models, achieving 99.8% accuracy
in forecasting smart grid stability. It shows a potential of
ensemble methods to optimize energy flow in
decentralized power systems.

e The research utilizes metrics like AUC-ROC and
accuracy to evaluate the performance of various ML
models. XGBoost, with an AUC of 0.97, is identified as
highly effective in distinguishing between stable and
unstable grid states.

e To contribute to the understanding of how energy
optimization and smart grid technologies can support
more sustainable and resilient energy systems.

A. Organisation of the paper

The accompanying paper is structured as follows:
Section Il covers machine learning approaches for optimizing
energy grids; Section Ill explains why this optimization is
important; and Section IV reviews the literature on the subject.
Section V and VI provide the methodology of the smart grid
system and results discussion, and at last Section VII provide
the conclusion and future work of this paper.

Il. MACHINE LEARNING TECHNIQUES FOR
ENERGY GRID OPTIMIZATION

Recent years have seen a proliferation of ML
strategies for optimising energy grids, including neural
networks, DT, clustering, and RL [14]. Huge amounts of data
by a variety of sources, like weather sensors, smart meters,
and energy markets, may be analysed using these methods in
order to forecast energy demand, optimise energy output and
distribution, and manage energy use in real time. Some of the
most popular methods and their corresponding uses will be
covered in this section. Neural network, a basic form of deep
learning, have been extensively used in energy grid
optimisation. Its structure is derived from networks of
artificial neurones, which were designed to resemble the
action of the human brain. The use of neural networks for load
forecasting, energy demand prediction and even energy price
determination is ideal since neural networks are the best at
learning patterns of data. Energy pricing and resource
allocation strategies may be of improved efficiency as NN is
trained on relevant data. These networks can then predict the
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future energy demand and its prices with considerable
sophistication as they capture trends[15].

A. Supervised Learning Techniques

In supervised learning, a subset of ML, the system
finds out how to map input data to an output label using a
labelled dataset. Some of the specific applications of
supervised learning methods have been employed in the
optimization of smart energy grid for demand response, load
forecasting, and fault detection. For instance, short-term load
forecasting has benefited from supervised learning methods
such as NNs, LR, and SVR. Demand response, as the name
suggests, means that the usage of energy is adjusted based on
price changes and the availability of power. Companies that
control the energy grid can predict the customer’s behaviour
and alter the energy supply with the help of supervised
learning algorithms such as neural networks, SVR or LR.
These models may forecast the predicted energy demand from
the previous energy consumption trends, weather conditions,
time in a day, and other factors. In this way, the grid operators
can control and balance the grid, reduce the maximum load of
demand, and avoid having to build new power generation
facilities[16].

B. Unsupervised Learning

In unsupervised learning processes, algorithms are
able to build structures and the relationships between data
without requiring labelling. Energy grid optimization has
incorporated the use of anomaly detection and grouping
techniques that are under unsupervised machine learning. In
this context, clustering methods have been employed for the
segmentation of consumers that can be distinguished
according to their energy consumption behaviour. Various
techniques of anomaly detection have been applied in fault
detection and identification. A common way of grouping
similar users or customers is by using clustering algorithms
depending on the patterns of energy consumption. Some
predictions derived from clustering techniques can offer
energy grid operators information about distinct customer
categories with similar energy consumption behaviour [17].
This information can be useful in designing specific plans for
energy consumption, demand-controlling measures, and
marketing promotions. Clustering techniques help to analyze
consumer load demands and reveal load and energy-saving
potential to grid operators due to the differences in
consumption patterns of the various consumer segments.

C. Other Machine Learning Algorithms
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Energy grid optimisation has also made use of other
ML techniques such RF, SVM, and Bayesian networks [18].

1. Decision Trees

DTs are actually another family of ML algorithms which are
capable of learning decision rules from a set of labelled data.
For instance, decision trees have been employed in fault
locations in power systems through sensor information. The
fault analysis and recognition are major tasks towards
enhancing the reliability and stability of energy grid systems.
This requires the timely detection of faults and accurate
identification of their locations so that necessary action can be
taken to reduce their impact and extent [19].

2. Random Forests

RFs are classified under ensemble learning; this is a learning
technique that employs the deliberate construction of several
decision trees and compiles them to form a solitary
conclusion. Faults are devastating to energy systems and may
lead to power disruptions and system downtimes. RF may help
in defect detection and classification by utilizing data from
sensors and other sources of information. Besides, it is
possible to identify the abnormal behaviour that can indicate a
problem and the pattern in the data. Fault detection is critical
in sustaining reliability and stability in the electrical system.
Random forest may be applied in the process of analysing
sensor data to detect some irregularities that refer to the
presence of defects [20].

3. Support Vector Machines (SVMs)

Support vector machines are type of supervised learning most
commonly used in the contexts of classification and regression
issues. SVMs have been employed in energy systems to
predict load. Load forecasting is the process of predicting how
much energy will be utilized within a specific time span. Load
forecasting is essential for grid operators in energy supply
planning since they cannot achieve optimal load forecasting
without it. SVMs are capable of developing models based on
load data and identifying future load patterns with reasonable
accuracy. SVMs may form general patterns, and correlations
to future load demand using historical load data and other
influencing factors such as weather, day of the week, and
holidays [21].

I11. IMPORTANCE OF ENERGY GRID
OPTIMIZATION

The energy grid is an essential facility that
contributes greatly towards development of the modern
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society. Promoting real economic returns, technological
advancement, and improved standards of living, it guarantees
the consistent and steady provision of electricity to homes,
businesses, and community. Nevertheless, the concept of the
traditional energy grid has its problems and lack of efficiency
that requires improvements. The most important factor that
may lead to energy grid optimization is the labouring demand
for energy [22]. As the population of the world increases and
the levels of industrialization increase, the consumption of
electricity increases as well. In order to meet this increasing
demand, the energy grid has to be efficiently designed to
provide the required capacity for generation, transmission and
distribution of energy. By improving the electricity grid, risks
such as blackouts which could likely compromise critical
services, manufacturing, and other daily operations are
minimized [23].

Energy grid optimization is another important factor
in costs since it also contributes to their reduction. Energy
generation,  transmission  and  distribution  involve
inefficiencies in the processes hence leading to wastage and
additional costs. Through efficiency measures like better load
distribution and reduced transmission losses, the operators of
energy grid can cut on costs of energy generation and
distribution [24]. This would mean that the energy prices
prevalent in the market could be lower than before hence
benefiting the consumer and business alike. In addition,
energy grid optimization is a concept highly relevant to
environmental sustainability. Carbon emissions and global
warming are presumably influenced by the fact that the
conventional electricity grid depends largely on fossil fuels.
Energy grid optimisation enables more renewable power to be
incorporated into our system, particularly from the solar, wind,
and hydropower. ML algorithms can be useful in finding the
optimal solution for controlling and integrating renewable
energy resources to bring the energy mix change more
efficiently [14]. By doing this it not only reduces carbon
emissions but also leads to energy self-sufficiency and
stability against the unpredictable fossil fuel market.

The other crucial factor that is vital in energy grid
optimization is stability of the energy grid. Disruptions
including equipment failures, acts of God, or cyberattacks, for
example, can take place in the electricity system. That is why,
with the help of next-generation optimization approaches,
such as monitoring, analytical forecasting, controlling
systems, the energy grid can improve the stability and its
behaviour when facing such interferences[25]. This leads to a
more efficient system of providing energy to the consumers
and minimizing disruptions for both the consumer and the
business.
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IV. LITERATURE REVIEW

This section provides some previous related study on
energy optimization in smart grid systems using ML.:

In, Husseini, Noura and Vernier, (2024) discusses
one of the most important areas of ML contribution to an
enhancement and improvement of EMS that concerns the
integration of renewable energy sources, smart grids, and
overall improvement of energy efficiency, reliability and
sustainability. It describes how these technologies can enhance
some tasks such as load forecasting, energy management,
diagnostics maintenance, faults detection and diagnosis
together with the integration of RE systems as backed by
pertinent theories and fields of application[26].

In, M et al, (2024) identifying form power
consumption inefficiencies that exist in distribution networks
requires effective anomaly detection. This research assesses
the Indian Western-region power consumption dataset by
applying two anomaly detection techniques; The Isolation
Forest and the One Class SVM. While the One-Class SVM
efficiently detects both big and small outliers, the Isolation
Forest excels at identifying severe abnormalities in high
dimensional data[27].

In, Singhal, Mehta and Sharma, (2023) emphasise
how important it is to have an electrostatic factor track system
after keep track of different loads. The implementation of
Energy Demand-Side Controlling its smart grids is
emphasized in particular. In order to assess this model,
benchmark information from the Residential Energy First, the
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publicly available disintegration Dataset must be employed.
Consequently, by including data gathered from the Turks
Electricity Equipment Dataset, a collection of information on
residential power use, research on the conveyance of electrical
energy in smart meter systems develops[28].

In, Pradeep et al., (2023) To improve energy
efficiency, tackle the problems caused by increasing energy
needs, and alleviate environmental concerns, smart grid
adoption has been proposed as a viable solution. Regarding
this matter, the implementation of sophisticated control and
monitoring systems for effective energy management has been
made possible by the use of loT technology. IoT sensors and
gadgets gather data on energy use, production, and
environmental variables in real time as part of a smart grid
system[29].

In, Jagadeesan et al., (2023) a crucial factor in an
evolution of a nation's economic circumstances is energy. This
contributes to raising a nation's overall performance index.
Thus, the development of a nation's performance index
requires a continuous energy system. As a result, a more
advanced technology known as the smart grid is put into place
to enhance the energy management system. Because of this,
smart buildings are able to satisfy the demand-side
management requirements, which leads to more effective
energy management[30].

Table 1 provide the summary of the literature work
on the topic of energy optimization in smart grid systems
using machine learning techniques that were explained below:

Table. 1 Summary of the Literature work on Energy Optimization in Smart Grid Systems using Machine Learning

Ref Methodology

Performance Limitations & future work

Husseini, Focus on ML in EMS, incorporating
Noura and renewable energy sources, smart
Vernier[26] grids, load forecasting, energy
optimisation, predictive
maintenance, and fault detection.

Advances energy efficiency,
reliability, and
sustainability.

Exploration of more advanced ML
algorithms; integration with
emerging energy technologies.

control.

Metal. [27] | Evaluation of Isolation Forest and Isolation Forest detects Need for improved algorithms for
One-Class SVM for anomaly extreme anomalies in high- | detecting subtle anomalies; testing
detection in power consumption. dimensional data; One-Class | on larger and more diverse

SVM identifies major and datasets.
minor outliers.

Singhal, Implementation of EDM and smart | Demonstrates improved Further research needed on real-

Mehta and grids using REDD and TEAD control over energy demand | world applicability and scalability;

Sharma[28] datasets for energy demand-side and efficient use of smart integration with other energy

meter data.

management systems.

Pradeep et al.
[29]

Integration of 10T technology in
smart grids for real-time data
collection on energy consumption,

Enhances monitoring and
control systems for better
energy management.

Challenges with 10T device
security and data privacy; future
work on improving data accuracy
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production, and environmental

and system robustness.

factors.
Jagadeesan et | Implementation of smart grids to Improves energy usage Need for more comprehensive
al. [30] enhance energy management and efficiency and supports the | evaluation of smart grid impacts on
meet demand in smart buildings. development of a country’s | various sectors; addressing
economic performance infrastructure limitations.
index.

V. METHODOLOGY

The methodology for efficient machine learning
approaches in energy optimization within smart grid systems
focuses on leveraging advanced predictive algorithms to
enhance grid stability and energy management. First, a
comprehensive dataset is collected, including key features like
energy production, consumption patterns, price elasticity, and
system response times. The data undergoes preprocessing
steps, including standardization to address varying feature
scales and handling class imbalances. Machine learning
models, including supervised classification techniques, are
trained on this dataset to predict grid stability, considering
both stable and unstable states. AUC-ROC curves, recall,
accuracy, precision, F1-score, and other performance metrics
are used to evaluate the models. This ensures that the
predictions of grid stability and optimization of energy flow
strike the ideal balance between recall and precision. This
approach provides a robust framework for efficiently
managing energy in smart grids, ensuring stability while
accommodating dynamic and decentralized power sources.
These whole process shows in Figure 1 Block diagram of SG
prediction for energy optimization based on machine learning
models, also their phases discussed below.

[0 i

i : N "
| Stant /]—P C{E:;m - Smart grid stability
— augmented Dataset
—_— P
Data Preprocessing |
with Normalisation |
_ | Machineleamingmodels for
¢ o SG prediction
Dataset Trainedand +
Test
Compare performance of
v |  MLmodelinterms of
Final Results accuracy and ROC-AUC

Fig. 1 Block diagram of SG prediction for energy optimization
based on machine learning models

A. Data Collection
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An extensive dataset reflecting the dynamics of smart
grid systems must be collected as the first stage in the
technique. We employ a dataset first created by Vadim
Arzamasov as a goal of the decentralised SG control system is
to accomplish a demand response [31]. This dataset includes
critical features such as energy production levels, consumption
patterns, price elasticity, response times, mechanical power,
and the damping constants that govern grid stability.

B. Data Preprocessing

In order to ensure that the collected dataset is clean
and ready for analysis, preprocessing is an essential step. This
stage involves the management of absent values, the
standardisation of the data with a mean of 0 and a standard
deviation of 1, and the normalisation of features to ensure that
they are on the same scale. Additionally, outlier detection and
removal are performed to avoid skewing the model
performance. For features with different dimensions and
magnitudes, standardization is essential to prevent bias during
the model fitting process. A normal distribution with a mean
of 0 and a standard deviation of 1 (unit variance) may be
achieved with the aid of the standard scaler. Equation (1)
illustrates characteristics are normalised by splitting outcome
by a feature's standard deviation and then taking away mean
value of feature.
== 1)

=
Where, z is scaled data, x is to be scaled data, u is mean of
training samples and s is the standard deviation of training
samples.

C. Machine Learning Models

Various ML models are used to predict smart grid
stability, including traditional algorithms like SVM, LR,
KNN, DT, RF, GBM, Extreme Gradient Boosting models.
These models are trained to classify grid states as either stable
or unstable based on the input features. To enhance the
models' ability to handle uncertainty and improve
classification accuracy, ensemble methods such as voting
classifier of multiple models reduce error rates and improve
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overall performance, ensuring more reliable

optimisation in the smart grid.

energy

The voting approach is a direct and efficient fusion
procedure that is not biassed towards any certain classifier.
However, it is vital to note that every classifier's effectiveness
varies based on the environment. As such, assessing its
efficacy requires taking into account the importance or
prioritisation of certain classifiers in certain scenarios. This
feature has been thoroughly investigated in the context of fault
classification [52,53]. The following equation (2) provides the
voting procedure:
¥=argmax X7, qu.-XA{I'_’.'J.-{_r:I = i) 2

The classifier is denoted by Cj, and the weight corresponding
to the classifier's prediction is represented by wj.

D. Performance Evaluation

Metrics like accuracy and a ROC-AUC curve are
utilized to assess a ML models' performance.

Accuracy: Classification model accuracy is defined as the
number of accurate predictions as a percentage of the total
predictions made throughout the evaluation. Equation (3)
provides an accuracy.

TP +TH

TP+ FP + TN + FN (3)

A possible value in a classification issue may be summarised

as follows:

e True positives (TP): The total number of instances that
were successfully identified as positive.

e True negatives (TN): The number of true negative
samples or the total number of instances that are correctly
classified as negative.

e  False positives (FP): The number of times cases that were
labelled as positive actually contained negative elements.

e False negatives (FN): The number of true negatives that
were actually negative instances which can be in the form
of false negative.

Accuracy =

AUC-ROC: AUC-ROC curve is used the measure output
classification accuracy for models that used for binary
classification. It assesses the ability of the classifier to
accurately classify items into the two categories in question.
AUC is represented on part of the graph where the x-axis
represents FPR, and the y-axis represents the TPR. Model
quality significantly improves if the AUC is moved closer to
1, which indicates high degree of separability of classes.
Hence, the model can capture the difference between good and
bad ones.
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VI. RESULTS AND DISCUSSION

This section provides and elaborates on the Machine Learning
models employed in the smart grid energy optimisation. To be
able to evaluate the effectiveness of the ML models by using
confusion matrices and accuracy values.

10,000

|000

6000

True label

4000

2000

o 1
Predicted label

Fig. 2 Confusion matrix of VVoting classifier for energy
optimisation

Figure 2 demonstrates confusion matrices of all seven
selected ML classifiers. In this case, the 7 ML classifiers that
employ the voting theory have a TP of 10531; TN, 4670; FN,
1615; and FP, 1184. According to TP and TN, the forecasts
are correct. In this case, the FP reveals erroneous prediction of
the positive class by the model. The FN reveals that the model
cannot identify and predict the existence of the positive class.

1.0

0.8

True Positive Rate

— XGB (AUC = 0.97)
- —— GB (AUC = 0.92)
- SVM (AUC = 0.78)

Random Forest (AUC = 0.92)
- —— KNN (AUC = 0.81)
- —— LR (AUC = 0.80)
- —— DT (AUC = 0.79)

0.0 0.2 0.4 0.6 o8 1.0
False Positive Rate

Fig. 3 ROC curves for SG predicting ML classifiers

Figure 3 shows the ROCcurves that shows how
different machine learning classifiers did in predicting SG.
The classifiers compared include XGB (AUC=0.97), GB
(AUC=0.92), SVM (AUC=0.78), KNN (AUC=0.81), RF
(AUC=0.92), LR (AUC=0.80), and DT (AUC=0.79). The
highest accuracy of the XGB classifier is achieved with AUC
0. 97 hence showing the ability of the model to classify
between the two classes. The diagonal dashed line depicts the
performance of chance level and against which the subjects’
performance was compared.
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Performance of Accuracy (%) Measures for SG predicting
U979 9047
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'

Fig. 4 Accuracy comparison of ML models for the SG
predicting

The comparison of accuracy and the best ML model
for stability SG shows that the use of different models can
differ greatly. The Voting classifier has the highest accuracy
of 99. 8% proving that it is effective in consolidating the
results from different models to yield an improved prediction
system. XGBoost (XGB) also performs well with a higher
accuracy of 97. 79% demonstrating its efficiency in terms of
handling the complicated data set. GB and RF have similar
accuracy levels of 92. 47% and 92. 21% respectively, this
shows how well these models are able to capture complex
patterns in a data. On the other hand, SVM, KNN, LR, and DT
models possess lower accuracies of 78. 79%, 81. 14%, 80.
76% and 79. 48% respectively. According to these outcomes,
models such as LR and DT are less accurate; however, Voting
and XGB ensembles provide fairly high prediction quality,
which is appropriate for predicting the stability of a smart grid.

Table. 2 Voting model compare with other models for
predicting smart grid

Models Accuracy
Voting classifier 998
GRU-LSTM[32] 93
SVM[33] 79
CNN[33] 79
Deep Fuzzy Nets (DFN)[34] 96.54

It can be noted that the Voting classifier gives better
performance compared to other models in the comparative
analysis of energy optimization in smart grid systems, as
depicted in Table 2. It results in a 99. 8% accuracy indicating
it as more capable in aggregating projections from different
machine learning algorithms to improved grid stability
forecasting. The Voting classifier outperforms the GRU-
LSTM models in general regarding the accuracy with which
the three models analyze time-series data with the models
achieving 93% on the test set. With an accuracy of only 79%,
traditional models such as SVM and CNN show their
limitations in intricate grid stability problems. While this is
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going on, Deep Fuzzy Nets (DFN) outperform the Voting
classifier in terms of prediction, achieving a high accuracy of
96.54%, indicating their resilience in the face of ambiguity.
The benefit of ensemble techniques, such as the Voting
classifier, for maximising the transfer of energy and ensuring
stability in smart grid systems is highlighted by this
comparison.

VII. CONCLUSION AND FUTURE WORK

Using countless principles of information technology,
the electrical grid may be used as a digital network with the
help of the Smart Grid. Thus, the need to effectively
administer for the system and procedure within this paradigm;
subsequently, there is also provision of the ground on which
administrative management can be undertaken. Currently,
optimization of smart grids is on the receiving end of machine
learning. Machine learning has a prospect to change energy
management and make it more effective, reliable and
environmentally friendly with the help of smart grid and
energy efficiency. An application of ML models for energy
optimization in smart grid systems showcases very promising
results in predicting grid stability and energy flow. The study
shows that models such as SVM, LR, and DT have average
performances  individually, in  contrast, using a
VotingClassifier, and XGBoost give much better accuracy.
The Voting Classifier had an accuracy of 99. 8%, proving the
concept that combining predictions from different models lead
to higher reliability. XGBoost also had an impressive accuracy
of 97. 79%, which also reinforced the Handles Other
Complexity of the model. These models offer a sound
foundation to enhance grid stability and energy balance in
complex and liberalised power systems. The disadvantage of
this system is that it is based upon the assessment of only
limited measures. In further use, different types of assessment
indicators should be used. Future work should involve
enhancing decision-making with artificial intelligence,
designing new forms of storage for energy, as well as
enhancing machine learning procedures when analyzing larger
datasets. Additional improvements in the development of
smart grid and sustainable energy systems will be expected to
enhance cybersecurity and explore innovative applications for
developing energy technology.
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