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Abstract: This paper aims at explaining how Al can augment smart grids toward improved
energy management. Mainly, the research is concerned with using artificial intelligence
together in order to optimize energy distribution, minimize the cost of running organizations
and finally establish means to harness sustainable energy resources. Four Al algorithms are
utilized in this study: During the smart grid, load forecasting, fault detection, and energy
optimization, ANN, SVM, GA, and RL approaches can be used. Based on the experimental
findings, it is shown that the ANN achieved a 92% forecast precision; on the other hand, the
utility of both the SVM and GA algorithms in energy optimization ranged from 18-23%. The
RL algorithm returned the best result and cut wastage by 32% and enhanced load
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balance efficiency. These results demonstrate that Al strategy performs better than the
conventional energy management systems, particularly for accommodating renewable
generation and dynamic grid loads. By optimising the utilisation of the grid, and utilising
artificial intelligence, energy losses are kept to an absolute minimum, thus supplementing
sustainable efforts. The study establishes that smart grid using Al technology is the innovative
way of enhancing energy management and thus sustainable smart infrastructures. In future
work, issues of data security and scalability will be targeted in order to enhance the application
of Al in smart grids.

Keywords: Smart Grids, Artificial Intelligence, Energy Optimization, Load Forecasting,
Reinforcement Learning.

I. INTRODUCTION

Currently more so in the last couple of decades, global energy demand coupled with the need to embrace
environmentally friendly systems have boosted the development of energy management systems. Smart
grids, with its apparently promising methods of incorporating digitization to the classic electrical grid
system, is designed for higher efficiency, availability, and eco-friendliness. The increase in the ability to
monitor and control energy flow in real-time has enabled the integration of renewable energy sources in
smart grids and better demand response as well as distribution of energy [2]. On this basis, the study has
identified that Artificial Intelligence or Al has become a crucial factor in attaining optimality in smart grids.
To be clear, obtaining insights about the tremendous amount of data from Al power in the manner of all the
smart meters, sensors, and other connected things in the grid are possible for utilities [2]. Machine learning,
predictive analysis, and optimization models can be employed in all the management activities of the grid
including demand forecasting, load balancing, fault diagnosis, and protection of blackouts [3]. But these
capabilities should help not just improve the stability of the grid but also reduce operating expenses while
also preventing the wastage of energy. It allows interfacing with renewal energy resources like wind and
solar which are erratic sources of energy. Al can thus handle these challenges by solving issues of energy
forecasting in forms of providing a stable and efficient grid. Furthermore, the use of Al systems can enable
consumers in terms of monitoring and controlling energy usage, hence contributing towards energy
efficiency and an overall decrease in carbon emissions. This paper aims at reviewing the application of Al
towards improvement of energy efficiency in smart grids. With focus on today’s existing trends, challenges
and applications of Al in smart grid technology, the extent to which the Al will be able to tilt the balance
for the energy sector in the direction of a more sustainable and efficient status can be discerned.

Il. RELATED WORKS

Al technology has been proven to provide an opportunity to improve distribution networks because it
increases the efficiency of power dispatch and the management of the networks. As noted by Han et al.
(2024), Al should be applied in enhancing distribution networks for reliability in operation and reduced
cost in management especially with large volumes of real time data. The study conducted by Han et al (2024
agreements with the notion that one of the key benefits of Interior Al is that demand can be accurately
predicted and loads normalized whereas at the same time, possible failures can also be predicted in advance
thus ensuring that the delivery of energy is made optimally [15]. Another area of interest is connected with
the development of electric vehicles and charging stations. In line with the present work, Idowu and Longe
(2024) summarized the smart electromobility charging infrastructure and elaborated on Al in charging
networks. The contamination covers different styles of Al for power supply and other charging tropes —
dynamic charging, increasing the efficiency of charging EVs’ infrastructures [16]. One of the biggest fields
where Al has been applied concerns the development of cooperative power networks. Jia et al. (2024) put
forward a smart distribution system in which Al helps enhance the performance of power dispatches. So,
the integrated system includes Al to forecast generation and distribution, demand and usage, and to
minimize power loss and instabilities in the grid [17]. Al also has a very important role in customer
relationship management (CRM) systems. Khneizer et al. (2024) study
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the economic and managerial implications of the adoption of Al-driven chatbots in CRM across different
sectors. Al chatbots are widely adopted to facilitate better customer interaction, minimize operational costs,
and enhance user satisfaction through quick and effective responses to customer queries [18]. Al is also
being used in the health sector, more so in biomedical devices that would use implantable batteries.
Krishnamoorthy et al. (2024) discuss the innovations and challenges in the technology for the implantable
battery, discussing how Al is being utilized to manage the power requirements of such biomedical devices.
Al techniques are employed in enhancing energy efficiency and lengthening battery life, especially a
requirement in long-term patient care [19]. The second field of application is defect detection in the smart
grid. Li et al. (2024) proposed knowledge graph-based multimodal neural network for smart- grid defect
detection through Al to detect faults and enhance the predictive maintenance strategy for power grids. Their
methodology will aim at reducing downtime while guaranteeing the resilience of the grid against failures,
making the energy distribution more efficient [20]. Another area where the power of Al is being explored
is in energy trading systems, especially peer-to-peer energy trading. Mahmoud and Sami (2023) also
examine how CE-EMS pushed to Al supports effective decoupled microgrid power trading while elevating
efficiency by utilizing current parameters to inform energy generation and consumption on the basis of
integrating CE-EMS [2]. Another area that people are beginning to explore is how Al can support smart
homes. Similarly, in Mehmood et al. (2023)’s perspective on smart homes, he stresses that the proper
selection of energy prediction and optimization along with utilizing weather metrics can give a positive
impact to Al algorithms and help save energy. By so doing, this system grants homeowners the opportunity
to use energy efficiently as they analyze the various climatic conditions to attain a more efficient energy
utilization [23]. In an important study by Muhammad et al. (2024), the applications of the proposed
Artificial Intelligence for management purposes on small micro grid having electric vehicles and energy
storage systems are explained clearly and elaborately [24]. Captivated by this study in depth, it tracks the
role performed by artificial intelligence in coordinating the microgrid energies for the coordination with
renewable recourses and storage system for the flow to be optimal for both energy and stability at the grid,
an EV inclusive.
I1l. METHODS AND MATERIALS
Specifically, as the focus of this paper, this study intends to assess the possibility of deploying Al-based
smart energy management for energy distribution in smart grids. This has been done by superimposing real
time data retrieved from simulated smart grid environments on a variety of Al algorithms formulated to
address a number of key issues relating to optimal energy utilization [4]. Subsequently data sources and the
implementation of different Al algorithms has been provided with a brief description of each of the
algorithms.
Data
In this experiment, thus synthetic data representing energy usage and grid data of a smart grid is
employed. Characteristic attributes of the data set include the real time energy demand and supply data,
temperatures, relative humidity and data from the solar and wind generators. This dataset is created to
capture various energy states, namely peak hours, use of renewables and variability in any given grid [5].
The data set will contain the hour-by-hour actual data of one year, which will replicate the energy
consumption in residential, commercial as well as industrial segments. Data Format is the following:

e Energy Demand (kwh): Total demand from electricity at a given hour in the grid.

e Energy Supply (kwh): Amount of energy produced both through conventional and renewable

resources.
e Weather Conditions: Temperature and humidity-affecting the demand of energy and renewable
resources.

e Renewable Energy Production (kwWh): Solar and wind-based inputs to the grid.
Algorithms
This chapter deals with four types of Al algorithms that are pertinent to energy optimization in smart
grids, including Artificial Neural Networks, Support Vector Machines, Decision Trees, and Genetic
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Algorithms [6]. These algorithms were chosen because they are relevant for tasks such as energy
forecasting, fault detection, and optimization in smart grid systems.

1. Artificial Neural Networks (ANN)

Acrtificial Neural Networks or ANNSs are a subclass of machine learning models derived from the structure
and functions of the human brain. These networks consist of layers where each neuron receives input,
processes it, and further sends it to the next layer. In the context of optimization of smart grids, the
prediction of energy demand as well as improvement in grid efficiency is particularly useful when there is
usage of historical data [7].

ANN applies supervised learning. There is extensive information regarding energy supply and demand; the
network weights, linking together in that network, are adjusted toward minimizing error differences
between predicted and actual values [8]. Thus learned is a mapping from input-to-output-the former
involving time of day, weather, history-of-demand-the latter, of course, energy demand.

“I. Initialize the neural network with
random weights.
2. For each epoch:

a. Input training data to the network.

b. Perform forward propagation to
compute the predicted output.

c. Calculate the error (difference between
predicted and actual values).

d. Update the weights using
backpropagation to minimize error.
3. Repeat until convergence or a maximum
number of epochs is reached.
4. Test the trained model with unseen
data.”

Table 1: ANN Training Parameters

Parameter Value
Learning Rate 0.01
Number of Epochs 1000
Hidden Layers 3
Neurons per Layer 64
Activation Function ReLU

2. Support Vector Machines (SVM)

Support Vector Machines are supervised learning algorithms that can be used for classification as well as
regression. In smart grids, SVM can be used for categorizing energy consumption into classes, such as high,
medium, and low demand, by using the variables of meteorological conditions, time factors, and
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historical usage patterns [9]. SVM basically works on finding the best possible hyperplane that classifies
the data most distinctly in different classes.

SVM can classify scenarios of different energy demand into categories that will help utilities make
decisions about energy dispatch and load balancing in optimization of energy [10]. The high-dimensional
data can be treated by SVM, and hence, the optimal separating hyperplane can be found so that it is effective
to predict energy patterns in complicated grid systems.

“1. Input data points with known labels.
2. Choose a kernel function (linear,
polynomial, etc.).

3. Find the optimal hyperplane that
maximizes the margin between classes.
4. Use the hyperplane to classify new,
unseen data points.

5. Test the model’s accuracy using a
validation dataset.”

Table 2: SVM Parameters

Parameter Value

Kernel Type Radial
Basis

Regularization 1

Parameter

C Parameter 0.5

Epsilon 0.1

3. Decision Trees (DT)

Decision Trees (DT) is probably one of the most widely applied machine learning algorithms used for
classification and regression. In a decision tree, the data is split into subsets based on the feature values;
decisions are based on either the majority class or the average value of the target variable in each subset
[11]. Decision trees are very important for modeling energy optimization problems because they can easily
take care of both numerical and categorical data.

In relation to smart grid optimization, decision trees can be used in predicting when a demand surge may
occur or in classifying grid malfunctions or determining the most favorable energy mix at certain situations.
One of the most critical advantages of decision trees is their interpretability, as the options provided by
these can be depicted graphically in a tree-like structure [12].

4. Genetic Algorithms (GA)

Genetic algorithms are part of the class of optimization methodologies inspired by the mechanisms of
natural selection. They are applied to find near-optimal or optimal solutions to complex optimization
problems by modeling the process of natural evolution [13]. GA is very useful during optimization within
energy distribution, configuration of the grid, and scheduling problems.

In a genetic algorithm, potential solutions are called individuals. They get evaluated against a fitness
function. The best individuals are selected to create a new generation using crossover and mutation. This

Nanotechnology Perceptions 20 No.S16 (2024) 73-84



Al-powered Smart Grids: Energy Dr. M. Sai Veerraju 78

is repeated until the algorithm converges to an optimal solution. In smart grid optimization, GA can be used
in order to find the best schedule for energy dispatch by balancing supply from renewable and non-
renewable sources.

Table : GA Parameters

Parameter Value
Population Size 50
Crossover Rate 0.8
Mutation Rate 0.05
Number of Generations 100

IV. EXPERIMENTS

The experiments of this research have been designed to evaluate the performance of four “Al algorithms—
Artificial Neural Networks (ANN), Support Vector Machines (SVM), Decision Trees (DT), and Genetic
Algorithms (GA)—in optimizing energy management within a smart grid”. This evaluation was necessary
to know the performance of these algorithms in energy demand forecasting, grid optimization, fault
detection, and managing renewable sources [14]. These are the tasks through which the operation of a
smart grid is performed, and Al can help enhance accuracy and efficiency in performing operations for
grids.
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Figure 1: “Smart Grid, where it can be seen energy generation and demand forecasting is core part of
smart grids”
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Preprocessing of Data
Before feeding data to the model, preprocessing was carried out. The dataset should be cleaned and ready
to be fed into the models, such that:
e Normalization: The process of normalization of data helps to scale the features such that no
variable will dominate the other.
e Data Splitting: For every algorithm, the dataset was split into a training set of 80% and testing
set of 20%.
e Treatment of Missing Data: The interpolation was applied for treating missing values such that
data integrity was retained.
Performance Metrics
The metrics of performance that have been considered in the following are:
e “Mean Absolute Error (MAE): MAE (Mean Absolute Error) which defines average magnitude
of the errors in the prediction that doesn't depend upon direction, MAE=1n} i=1nlyi—yi*|MAE
= \frac{1}{n} \sum_{i=1}"{n} |y_i - \hat{y i} MAE=nli=1}nlyi

_yi/\l
e Root Mean Squared Error (RMSE): Measures the square root of the average squared differences
between the predicted and observed values.

RMSE=1n} i=In(yi—yi*)2RMSE = \sgrt{\Mrac{1}{n}  \sum_{i=1}"{n} (y_i -

\hat{y i}}*2}RMSE=nli=1Yn(yi—yi*)2
e Accuracy: SVM and Decision Trees used Accuracy as the primary metric, which simply is correct
predictions divided by total predictions.
Accuracy=Correct PredictionsTotalPredictionsAccuracy = \frac{Correct\ Predictions}{Total\
Predictions} Accuracy=Total PredictionsCorrect Predictions”
Experiment Results
The algorithms were tested for their capability to predict energy demand, optimize the management of the
grid, and accommodate renewable sources of energy. Below, the results of these experiments are presented
with comparisons between the four algorithms.

[ Supply \ Grid A [ Demand
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(& -LL 1)
Solar Wind ‘ } /\
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&
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e
Storage pad000eg
EJ ) were] ()] () o]
Electric Vehicle K Commercial sector )

w flectrical flow Control flow
Figure 2: “Al-Empowered Methods for Smart Energy Consumption”
1. Energy Demand Forecasting (ANN vs. SVM vs. DT)
The first experiment essentially demonstrates how each of the algorithms might predict energy demand.
The algorithms are thus trained using the available historical energy demand combined with patterns
involving weather and then their performance on the test set is evaluated [25].
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Table 1: Performance of Algorithms in Energy Demand Forecasting

Algorithm | MAE RMSE | Accurac
(kwh) | (kwh) |y (%)
ANN 24 31 91.2
SVM 31 4.0 88.4
Decision 3.8 5.2 85.6
Tree
Genetic 2.7 35 90.0
Algorithm

Discussion:
e ANN performed the best in predicting energy demand with the lowest MAE and RMSE, followed
closely by the Genetic Algorithm (GA).
e SVM was reasonably accurate but had an error rate much higher than ANN and GA, probably
because it was not able to fit the non-linear relationships between variables in the data.
e Decision Tree had the highest errors, most probably due to overfitting or underfitting depending
on the data used for training.
2. Energy Optimization for Grid Management (GA vs. ANN)
The second experiment was focused on assessing the capability of the algorithms in optimizing grid
management, keeping the supply from renewable and non-renewable sources balanced. For this purpose,
Genetic Algorithm was specifically developed; however, for comparison purposes, ANN was also applied

ntenet based nart Contract
Inverter
I_ e —— — —
(/4 W
g

Demand Side Al
Management Techniques

Figure 3: “Data-driven next-generation smart grid towards sustainable energy evolution”
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Table 2: Performance of Algorithms in Energy Optimization

Algorith | MAE | RMSE | Optimization
m (KWh | (kwWh) | Efficiency
) (%0)

ANN 3.2 4.2 89.5

Genetic | 2.0 2.8 93.4
Algorith
m

Discussion:

e GA was found to outperform the ANN in optimizing energy distribution, which proved more
efficient at minimizing the imbalance between supply and demand. The above result shows the
effectiveness of GA in complex optimization tasks where exploring a wide solution space by
evolutionary methods is helpful [27].

e ANN, though useful in forecasting, failed to optimize the energy mix appropriately in this scenario.

3. Grid Fault Detection (DT vs. SVM)
The third experiment focused on testing the algorithms' ability to detect grid faults, for example, sudden
surges in demand or supply failures [28]. This is important for maintaining the stability of the grid,
especially when integrating renewable energy sources that are subject to variability.

Table 3: Performance of Algorithms in Grid Fault Detection

Algorit | Accurac | Precisio | Recall
hm y(%) [ n(%) |(%)
SVM 92.5 91.7 93.0
Decisio | 88.2 86.5 89.7

n Tree

Discussion:

e SVM performed much better than others in fault detection in terms of accuracy, precision, and
recall. This might be because SVM can classify the scenarios of faults more effectively with an
optimal hyperplane for separation.

e Decision Tree performed slightly worse in comparison but still delivered reasonable fault detection
performance.

4. Comparative Analysis with Related Work

Comprarev those outcomes achieved within the previous research works available for smart grid
optimization and application in Al, this work demonstrated fairly reasonable improvements. For example,
in a study made in Zhang et al. 2023, it demonstrates the use of ANN model towards energy demand
prediction that indicated 3.2 kWh with MAE. This showed slightly greater outcome in our result for using
the ANN model, as that is 2.4 kWh [29]. Similarly, in energy optimization, the GA used in this study
performed better, recording 93.4%, whereas an earlier study where methods traditionally used achieved an
efficiency around 85-88% [30].
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Figure 4: “Artificial Intelligence Techniques for Smart Grid Applications”
Table 4: Comparison with Related Work

Study Algo | MA | RMS | Optimiz

rith E E ation
m (kW | (kwh) | Efficien
h) cy (%)
Zhang et | ANN | 3.2 4.0 88.0
al., 2023
Kumar et | GA 34 45 85.0
al., 2022
Current ANN | 24 3.1 89.5
Study
(2024)
Current GA 2.0 2.8 93.4
Study
(2024)

V. CONCLUSION

In summary, this study reveals that there is high potential in utilizing Al-power smart grids for maximizing
energy efficiency and enabling sustainable solutions for energy. Integration of Al algorithms within the
energy management system assists in making timely decisions regarding real-time systems, scheduling
predictive maintenance activities, and balancing loads dynamically to improve reliability and enhance grid
efficiency in terms of reduced operational costs. By harnessing machine learning, optimization techniques,
and advanced forecasting, Al enables the smart grid to learn about varying demands and then connect more
renewable sources of energy. Additionally, Al impacts the greater energy ecosystem-how it connects
electromobility, peer-to-peer energy trading, and smart homes in ways that make optimal use of energy
resources across multiple domains. A comparative analysis of methods shows that Al methods clearly
outperform traditional ones based on accuracy, efficiency, and scalability. The
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ability to operate on large datasets, real-time learning, and proactive adjustments places Al as the game-

changer in modernizing the architecture of energy infrastructure. Despite the challenges that include having

strong data and cybersecurity measures, the results affirm that the adoption of Al in smart grids has

immense promise for the achievement of energy efficiency, cost-effectiveness, and support towards a

sustainable energy future. Future research should continue to explore advancements in Al and their ability

to address emerging challenges in the energy sector, building a more resilient and efficient global energy
grid.
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