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Abstract

This paper evaluates how MIS advance the capabilities of smart grids by helping
implementers make optimal decisions in areas such as energy distribution and
demand improve the mechanisms for monitoring smart grids. The use of
management information systems in energy distribution has changed the
administration of smart grids. An integrated power network that uses advanced
technologies for the efficient distribution and consumption of resources and for
sustainability. MIS offers the basis for automatically and dynamically developing
new energy networks. A qualitative analysis of information gathered to assess the
contribution of MIS in enhancing the effectiveness of smart grids. International
experiences in smart grids and related empirical evidence incorporated in forming
the case studies are examined to assess their efficiency. Primary data sources include
operation statistics and trends in energy use and other parameters, as well as
analytical models employed by MIS frameworks. This statistical modeling and
machine learning algorithms are used to run different performance analyses and
make predictions in response to the different conditions of the grid. The noted
results point directly at the potential for MIS in the context of optimizing energy
distribution in smart grids. MIS provides real-time decision-making and control over
the energy grid through competent data analytics and forecasting, thus reducing
downstream energy wastage while improving the reliability of the grid. MIS is an
important enabler of the shift towards sustainable energy systems by enabling
optimal resource allocation and incorporating renewable resources. This research
underscores the requirements to commit more in subjects of MIS technologies and
the integrated public and private interaction between regulators, technologists, and
energy providers to get the enhanced intelligent grid.
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INTRODUCTION

Background and Introduction:

With increased demand for energy efficiency and
sustainability, there has been a development of
the smart grid, which is a new approach to
infrastructure that combines communication
technologies with power-distributing structures.
Smart grids use sensor systems and information
technology for enhancing energy network
management, decreasing loss and absorbing
renewable power sources(Shahat and Elragal,
2021). A datadriven decision-making use case.
These advancements application of
management information systems for real-time
decision-making and organizational performance.
MIS systems capture, transform and disseminate
massive volumes of data produced by smart grids,
which are used as the basis for decision-making by
energy  providers  (Akhavan-Hejazi and
Mohsenian-Rad,2018). An  assessment  of
paradigm shift barriers and prospects. Smart grids
have a of problems that include
distribution losses, demand and supply volatility,

are the

number

and fluctuations in renewable energy production.
MIS stakeholders minimize these challenges and
establish flexible energy networks. Research done
has established that the integration of MIS tools
blended with the assistance of machine learning
algorithms and predictive analytics increases the
reliability and sustainability of the energy systems
(Lévy, 2024). There are certain limitations to the

frameworks that are still impelling the large-scale
adoption of those paradigms, including the high
cost of implementation and problems of data
security. These challenges therefore need to be
addressed to enable optimal capitalization on MIS
for smart grid purposes (Quiroga-Parra et al.,
2021). The current energy supply networks are
being gradually transformed by smart grids, which
are new systems based on digital technologies to
manage power networks and enhance reliability.
Management Information Systems have a central
function in this change as they provide a basis for
decision-making (Ning, 2021). A smart grid is a
system for a power grid that appears to enhance
utilization of existing
generation in a way that greatly discourages energy
loss. MIS provides a competitive edge in energy

resources in power

management because it enables monitoring,

prognostics, and optimal resource distribution
(Ketter, 2018). MIS demand forecasting is
provided, which does not leave the threat of
possible mismatches between supply and demand
and stabilization of the grid (Li et al., 2021). MIS
facilitates the fine compatibility of renewable
power supplies, which are vital in the
transformation to a sustainable power system.
This paper explores the role of using management
information systems in the enhancement of
energy distribution in smart grids (Zhao et al,,

2020).
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Figure No.01: Impact of MIS on smart Grid Performance
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The Evolution of Smart Grids

Smart grids are now an important part of the
development of the new energy systems and are
widely seen as a solution to many of the problems
of the conventional grids that are based on
information and communication technologies.
According to (Kang and Green ,2023). Smart grid
is a developing technology that adds more
reliability, effectiveness, and sustainability to the
energy distribution network. This way, using
aspects of twoway communication and data
analysis, smart grids facilitate an actual regulation
of energy flows, thus enhancing the overall
performance of the grid (Avancini et al., 2019).
Role of Management Information Systems in
Energy Distribution

MIS is very central in the organization of
electricity within smart grids. They handle huge
amounts of data from sensors, meters, and other
components of the grid for purposes of decision-
making. The studies of (Naser and Shobaki ,2016)
facilitated that MIS improves the performance of
smart grids in aspects such as predictive and
preventive maintenance, demand planning, and
fault diagnosis. MIS frameworks applied machine
learning and artificial intelligence for performing

energy flow optimization and minimizing losses
(Al Shobaki and Naser, 2016).

MIS and Demand-Supply Optimization

The most critical application of MIS in smart
grids is in demand and supply management
(Wang et al. 2023) stress that such insights
provide pivotal information on conditions in real-
time that is useful in the elimination of energy
mismatches, which are the primary causes of
energy wastage). MIS facilitates analysis of
consumption patterns and future demands for
energy, hence reducing instances of inadequate
supply of energy (Dandl et al., 2021).

Integration of Renewable Energy Sources

Smart grid design cannot leave out the integration
of renewable energy as a key practice in
sustainable development. MIS helps address such
issues as fluctuation in renewables’ production
through issues such as storage costs. Referring to
prior work done by (Husin and Zaki,2021).
contends that MIS systems present means of
incorporating RE while maintaining the stability
of the grid. For example, existing complex
analytics forecast changes in wind and solar power
availability ~ and  adjust  energy  supply
correspondingly (Weitemeyer et al., 2015).

Role of MIS in Energy Distribution
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The concept of management information systems
is innovative in improving energy distribution,
especially in the case of smart grids. It is
noteworthy that these facilitate the
effective decentralized

systems
centralized and

management of energy resources and coping with
vital issues, including energy losses, imbalances in
demand and supply, as well as
integration of renewable energy sources (Pakma et
al.,, 2011). MIS supports SCADA for automated
data acquisition as well as monitoring using
sensors, smart meters, and many more grid
components. With such data, there is a possibility
to monitor the performance of the grid and notice
any defects, which are useful for decision-making
(Green et al.,, 1974). pointed out that through
MIS, the enhanced real-time analytics enhance the
reliability of the grid by offering measurement and
understanding of the energy flow and state of the
systems. Another important task of MIS is the
adequate management of energy flow within the
grid. By integrating complex computations, MIS
studying
estimating maximal

effective

systems are capable of various
consumption behaviors,
requirements, and optimizing energy distribution
in real time, thus reducing inefficiency and
increasing  effectiveness  (Altindal et  al,
2003).There are the energy MIS tools in which
energy demand and supply are balanced based on
analysis using predictive models. Depending on
the dynamic load balancing considered critical for
grid stability and to avoid blackouts during
periods of high historical

consumption data and other variables such as

consumption,

weather conditions are assessed (Jadhav and Patne,
2017). MIS has a significant function in the
implementation of renewable energy in the grid
system. Renewable energy is intermittent and
presents some problems; nevertheless, regarding
the MIS frameworks, these

forecasting models that allow the anticipation of

latter contain

renewable energy’s generation and the consequent
planning of the grid (Shahbaz et al., 2020). It
detects lagging grid sections and proposes timely
maintenance schedules to minimize downtimes
and enhance productivity (Loock and Thiesse,
2013). MIS has the potential of reducing costs
and developing sustainability through efficient
allocation of resources, minimization of energy
losses, and overall lower emission of carbon
dioxide. According to (Karadeniz and Serin, 2005).
MIS is very important in serving the targets of
sustainable electricity as it supports proper
incorporation of renewable resources in addition
to managing the reliability of the power grid. MIS
frameworks integrate security features to shield
the grid information from violation and isolate
faults instantly for maintaining the continuity of
energy delivery. the involvement of MIS in energy
distribution becomes necessary in the current
world to transform distribution networks, in
order to address the increasing demand and need
for effective, reliable and sustainable power. MIS
builds the energy gird as smart networks for
adapting today and tomorrow challenges through
using the modern technologies and using the IT-

based strategies (Walker and Day,2012).
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Figure No.02: Trends in Energy Distribution Efficiency with MIS(2015-:2024)
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Objectives of the Study

Investigate how Management Information
Systems (MIS) facilitate the efficient allocation
and distribution of energy in smart grids.
Examine the contribution of MIS in real-time
monitoring, predictive analytics, and optimization
of energy demand-supply balances.

Explore the potential of MIS to integrate
renewable energy sources seamlessly into the grid
while addressing variability challenges.

Evaluate the technical, financial, and security
barriers associated with implementing MIS in
smart grids.

Quantify improvements in grid efficiency,
reliability, and sustainability resulting from MIS-
based decision-making frameworks.

Develop insights and strategies for stakeholders,
including energy providers, regulators, and
technologists, to enhance MIS adoption in smart
grids.

Methodology

Research Design

Mixed-methods research is utilized in this study to
analyze the way and extent to which MIS facilitate

Q Yy ¥ b
% v SV JV
8 8 8 8 S
energy distribution in smart grids. The

quantitative analysis involves data on the grid
performance metrics, exploring  pattern
recognition, optimization of energy distribution,
and minimizing loss using methods such as
statistical analysis and machine learning. The case
study and the expert interviews give a more
qualitative analysis of MIS with emphasis on
practical challenges prevailing and lessons learned
on smart grid. This blended method provides a
clear picture on the otherwise complex ways
through which MIS supports efficiency and
sustainability of power supply.

Data Collection

Secondary data for this study is collected from
empirical and peerreviewed journals, industry
reports, and international case studies. From these
sources, management information systems (MIS)
implementation and its global performance in
enhancing the distribution of energy through
smart grids are well explained. It assists in putting
into perspective important primary data and
justifies the MIS in improving efficiency and
sustainability of the grid.
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Analytical Techniques

The significance of MIS in smart grids in
managing energy distribution is used in the study.
Statistical analysis is typically applied in an
attempt to uncover the anomalies and trends
concerning the grid and energy distribution. For
the demand for prediction and fault identification,
machine learning techniques are used, giving the
dictates of the energy requirement and even the
possible faults of the power grid. Thematic
synthesis is performed with the interview data and
case studies to identify specific themes regarding
the operationalization of MIS and the associated

issues in smart grid management. These
techniques afford an examination of both
quantitative and qualitative data and an improved
understanding of MIS’s influence on the
efficiency of energy distribution.

Findings and Discussion

MIS and Real-Time Decision-Making
Information technology is central to the
implementation ~ of  robust = management

information systems that make it easy for
organizations to collect timely data, analyze it, and
help in decision-making by automating other
processes. The use of dashboards, predictive
models, and IoT devices to present MIS-based
information for the timely support of vital
operations across various industries, including
finance and healthcare, as well as the supply chain.
For instance, in logistics, sensor data gained in
improve supply chains track
inventory, while in healthcare it permits to
promptly coordinate management of patients.
Nevertheless, some limitations, such as the data
overload problem, cybersecurity issues, and high
implementation costs, should be solved for real-
time decision-making to be fully effective. MIS
remains at the forefront of adaptive solutions in
today’s rapidly evolving business environment due
to the emergence of artificial intelligence, cloud
computing, and predictive analytics.

real-time and

Table No.01: the evolution of MIS in real-time decision-making and its key developments leading up to 2024:

Year Development Impact on Real-Time Decision-Making
Enabled remote access to data, reducing
2010 Emergence of Cloud-Based MIS | decision delays and improving collaboration
across distributed teams.
Empowered decision-makers to access MIS
2012 Integration of Mobile Technologies data and reports on the go, facilitating
timely responses to dynamic situations.
Allowed organizations to process vast
2015 Big Data Analytics in MIS datasets, gaining deeper insights and
predictive capabilities for strategic decisions.
Adoption of [oT for RealTime I.’rovide‘d .real—time moniForing in industries
2017 like logistics, manufacturing, and healthcare
Data )
through connected devices.
Enhanced decision-making with predictive
2019 Artificial Intelligence in MIS analytics, automation, and prescriptive
recommendations based on data trends.
2020 Rise of Remote Work and Accelerated the adoption of MIS integrated
Collaboration Tools with tools like Slack, Zoom, and Teams for
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real-time coordination and reporting.
. Strengthened real-time data protection
Advanced Cybersecurity Measures ; § ) P o
2021 i MIS ensuring secure and uninterrupted decision-
making processes.
Improved adaptive decision-making, with
2022 Machine Learning Models in MIS systems learning from historical data to
refine outcomes in real-time scenarios.
) Incorporated environmental metrics in real-
Increased Focus on Sustainable . .
2023 ] time dashboards to support decisions
MIS Solutions . . 1.
aligned with sustainability goals.
Achieved seamless integration of Al with
2024 Al-Driven Real-Time Decision MIS, offering autonomous decision-making
Systems capabilities in dynamic business
environments.

Predictive Analytics in Demand Forecasting
Forecasting in predictive analytics uses past data,
statistical models, and realtime data in order to
estimate the future demand of a certain product
or service, which guide the business on the right
inventory to order or the resources to employ in
production. Using linear regression techniques,
feedforward neural networks, and decomposition
of time series, companies are able to pinpoint
patterns and, moreover, fluctuations in seasons or
a certain market. Cognition techniques make
results more accurate and less expensive since they
prevent overstocking or running out of stock of
certain commodities, which will not be pleasing to
the customers. Nevertheless, there are still some
operational issues, such as data quality, instability
in the market environment, and high costs of
integrating the tools. Predictive analytics is being
used in different sectors like retail, manufacturing,
health care, and logistics to enhance operations
and decision-making in existing models.

Renewable Energy Integration

Renewable Energy Integration refers to the
process of integrating energy systems through
renewable sources of power; these include the sun,
wind, water, and heat energy. All these works to
improve energy security, mitigate greenhouse gas
emissions, and align the world towards a low-
Effective management of
variable REN supply depends on strategies such as
smart grid integration, energy storage like batteries,
and advanced methods of supply forecasting. It
involves changes in upgrade, development of
political policies, enactment of legal frameworks,
and cooperation between the governmental and
large and the
large.  Through
integration of renewable energy sources, a nation

fosters and unlock substantive economic growth,

carbon  economy.

non—governmental sectors at

communities  at increased

energy security, and environmental stewardship
for a stability that is structurally sound in form
and content.
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Figure No.03: Renewable Energy Integration over time (2015-2024)

Energy Transmission & Distribution

Transmission and distribution networks enable
the dissemination of electricity from the
generation plants to the consumers: transmission,
which is long distance, through a highvoltage
transmission line, and distribution, a short
distance, through a low-voltage distribution line.
These substations,
transformers and grids in order to support the
reliability and Realms
including energy losses, infrastructure degradation,
and incorporation of distributed generations or
renewable energy call for upgrades through
innovative solutions through products like HVDC,
smart grids and energy storage systems. Modern
trends to decentralize T&D systems, digitize the
power grid, and increase share of renewable
energy

systems  depend  on

systems’ efficiency.

well as the sustainable

development goals, affect the systems.

sources, as

Year

Figure No.04: Integrated transmission and distribution

(T&D) model.
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T&D Data Communication means data exchange
of the electric power systems that are used for real-
time monitoring and control of the electrical
energy distribution from the point of generation
to the point of consumption. Proper flow of data
in transmission and distribution
essential in contributing to
operationally efficient

systems is
reliability and
systems for managing
renewable power sources in today’s power grids.
This includes the exchange of data between the
substation, transformer, sensors, and control

center with SCADA, IoT devices, and smart
The

meters. emergence of modern
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communication standards like IEC 61850 and
other trends, including fiber optic, 5G, or satellite
communication, enabled the T&D systems to
monitor power systems in real-time and detect
faults, as well as make decisions on their own.
They improve the efficiency of the grid through
gaining information about power and energy flow,
voltage control, and load demand. Furthermore, a
sound data communication architecture facilitates
the connection of distributed energy, such as
photovoltaic and battery storage, and enhances
cybersecurity to counter threats. As modern
energy demands experience
advancements, T&D systems are getting smarter,
more efficient, and integrating advanced data
communication technologies to adapt to the
increasing challenges.

Data Acquisition and Management

Data acquisition and management in energy
systems involves gathering, interpreting, archiving,
and utilizing data from the elements involved in
the energy network with the aim of enhancing the
functionality, dependability, and adaptability of
the main grid in energy systems. The data

continue  to

acquisition process involves the collection of real-
time information from sensors, smart energy
meters, transformers, and other devices of the
transmission and distribution network. Such
information includes voltage levels, power flow
information, temperature, and system
performance data. Proper management of this
data helps to make it easily retrievable and safely
stored to help utilities watch the performance of
the grid, how it fails, and in the process of
optimally delivering energy. SCADA, IoT, and

cloud computing make data handling and

integration much easier. Moreover, high data
processing and machine learning functionalities
convert large volumes of data into invaluable
forms that help in decision-making concerning
maintenance, demand, and renewable energy. By
integrating effective data capture and utilization,
energy systems meet changing needs, improve the
robustness of the electricity network, and
contribute to the development of the smart grid
environment.

Grid Effectiveness Pillars

There are seven principles of energy grids that
include reliability, efficiency, flexibility, resilience,
sustainability, and digitalization. Reliability is
about reducing power outages and providing
people with power continuously, while efficiency
is about reducing energy losses and getting the
maximum result using the highest technologies,
such as HVDC and energy storage. Flexibility
allows for the modulation of grid requirements
and the incorporation of reel-out sources by
employing smart grid features and decentralized
systems. Reliability encompasses the ability of
grids to maintain or restore operations after an
resulting  from disasters,
underpinned by proactive
maintenance and secure systems. Sustainability

outage natural

cybercrimes, etc.,

focuses on minimizing carbon emissions through
integration of renewable power sources together
with green chemistry; on the other hand,
digitalization employs the use of IoT Al and big
data for monitoring and decision-making. These
pillars enable the transition of the legacy grid
system to a smart grid system more capable of
responding to modern energy needs.
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Figure No.05: Grid Effectiveness Pillar and Their Hypothetical Scores
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Technical Impact of Energy Theft
Energy theft therefore has
consequences for power systems since it erodes
efficiency, reliability and safety. It raises technical
losses transmission and distribution by
overloading transformers as well as infrastructure
and results in grid fluctuation due to uncontrolled
power demand. This results in voltage swell,
frequency shift and low operating efficiency on
account of challenges in demand prediction and
control of load. Equipment overload shortens the

severe technical

in

useful life of equipment and boosts maintenance
costs; unauthorized connections compromise the
safety standards; hence, there is a higher tendency
of fire outbreaks and electrocution. Energy theft
has an impact on integrating renewable power
sources into the grid because it distorts load data
that is essential for load balancing. In response to
such problems, the utilities are using smart meters,
data analytics, and machine learning to fight theft
of electricity and stabilize the grid.

Table No.02: Energy Theft Detection Model

Notation+F6:G13 Description
Pi Power consumption recorded by the smart meter at consumer iii.
P pred.i Predicted power consumption for consumer i based on historical
patterns.
APi Difference between recorded and predicted power (APi=Pi— Ppred,i)
Ti Theft indicator for consumer i Ti=1T_i = 1 if theft is detected, O
otherwise.
6 Threshold value for acceptable deviations in consumption data.
\% Voltage levels monitored at various grid points.
I Current levels monitored at various grid points.
Lloss Total technical losses calculated for the grid.
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Energy Theft Strategies

It is important that energy theft strategies be
effective in improving the capacity of a grid,
cutting losses, and providing safe operation. They
include the installation of smart metering systems
with functionality for detecting if the meters have
been tampered with and the usage of analysis for
detecting irregularities in consumption rates.
Energy audits and remote monitoring using the
Internet of Things technology help to check the
divergence from the established efficiency
indicators.  Tamper-proof  technologies and

predictive maintenance themselves detect risks
and threats, whereas the activities aimed at energy
theft prevention introduce the common public to
potential risks and the eventual outcomes. Policy
enforcement mechanisms have been reinforced,
cooperation with law enforcement agencies has
been enhanced, while smart grid technologies
such as blockchain go further in preventing illicit
energy usage and increase the level of information
disclosure. Together, these initiatives allow
utilities to protect assets, improve performance,
and assure fiscal stability.

FIGURE No.6: Steps and associated activities in cyber-physical attacks enabling energy theft.

Theft step |

Step activity

| Step Impact

Reconnaissance

Social engineering, traffic analysis and learning
techniques inspection

Confidential data
manipulation

Scanning

_[

[l

Ips, ports, services, learning models and
vulnerabilities discovering

Electrical node violation

FDI and MTM attacks

Data interception

modification alerting

Exploitation

or destruction

Trained gaming models, adversarial machine
learning

Permanent access to the

Access

electrical nodes

-

Backdoors, viruses, or trojan horses

Data-Driven Detection Methods

Modern detection methods for energy theft rely
on big data and follow different approaches like
machine learning, predictive analysis, and real-
time analysis. These methods process data
collected from smart meters, grid sensors, or
earlier consumption data to look for anomalies.
Measures such as anomaly detection, time-series
analysis, and predictive modeling work through
contrast of expectations of usage to real means,
where discrepancies are cues to the acts of theft.

Data fusion fuses various data to obtain a higher
detection rate compared to individual reports,
while behavioral profiling studies consumption
patterns  looking  for Online
monitoring of networks prevents customers from
overly deviating voltage and power flow and
another function of machine learning algorithms
is enhancing accuracy as more data is experienced.
They help utilities to detect theft, cut costs,
optimize the grid and hence always achieve
reliable results.

anomalies.
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Table No.03:Overview of the data-driven energy theft attacks.

Category Strategies Infrastructure Resources Attack Effect Remarks
- Smart . - Proactive
_ - Skilled .
Metering . - Revenue Monitoring:
- Smart Grids: Workforce: )
. Systems: . . . Losses: Loss of Continuous
Prevention Intelligent grids | Engineers, data | | .
. Use of i - N income due to | surveillance and
& Detection with real-time scientists, and i )
tamper- . , undetected real-time analysis
. monitoring. cybersecurity ,
resistant theft. are essential for
experts. _ _
meters. quick detection.
- Grid .
) . - Collaboration
- Data - Investment in Instability: .
) with Law
Analytics: . Technology: Voltage
) - 10T Devices: i ; Enforcement:
Data Using Al Funding for fluctuations,
. i Sensors to Necessary for
Analytics & | algorithms " smart meters outages, or ddressi
monitor ener; addressin
ML for & | and Al-powered overloads _ s
flow. . criminal activity
anomaly detection caused by . .
, , associated with
detection. systems. unauthorized
theft.
usage.
. - Public
) - - Big Data - Increased
- Setting . ) Awareness:
Communication | Infrastructure: Operational .
usage . Educating
Networks: Systems to Costs: High
Anomaly thresholds consumers about
) Secure channels process large costs from )
Detection to flag the impacts of
) for meter-to- volumes of efforts to detect
irregular g energy theft and
system data meter and and mitigate ,
data. responsible
transfer. sensor data. theft. ,
consumption.
- Real-time - Cybersecurity - Decreased
- Using Monitoring: Resources: Efficiency:
Tamoper advanced Continuous Investments in | Distorted data
a € . . . .
P! tamper- monitoring tools | securing smart | disrupts energy
Detection ) : ) )
proof to identify grid systems forecasting and
meters. irregularities from cyber grid
promptly. threats. management.
- Advanced
- Using ) - Data Analysts - Customer
. Metering .. )
predictive & Technicians: Discontent:
Ivtics ¢ Infrastructure Experts t I d rat
.. analytics to Xperts to ncreased rates
Predictive y i (AMI): ) b
. anticipate interpret data | to offset losses,
Maintenance . Infrastructure i
potential and apply leading to
) that supports L
points of , predictive consumer
real-time data . i
theft. models. dissatisfaction.

transmission.

Classification-Based Detection

Classification-based detection is the
sophisticated techniques of energy theft detection
whereby energy

among

consumption patterns

categorized by machine learning models into

are

abnormal or normal behavior. This approach uses
historical data and looks for characteristics that
are in the form of time series consumption and
different customers’ behavior in addition to the
unorthodox indicators as sudden anomalous rise
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and fall
approaches such as decision trees, random forests,
support vector machines k-nearest neighbors and
logistic regression are used to classify energy data
for theft the present study,
supervised learning is applied in the models to
train

in demand. A few classification

detection. In

them on features of legitimate and
fraudulent usage. Classification-based detection

gives these advantages: higher accuracy, possibility

to work with large amounts of data, ability to
detect suspicious activities in real time. However,
old problems like the quality of data and the fact
that a model has to be updated periodically are
still there. This method is applicable in smart
grids as well as energy-provider systems, as
preventive monitoring and timely revenue losses
be detected where unusual patterns of energy
usage are seen in extensive regions.

Table No.04: Overview of the data-driven energy theft detection methods.

Attack
Categor ) Distributi ac Attack
Techniques Nature Infrastructu Data
y on Type
re
. - - Smart Consump
Statistic . ]
. . Centralize Meters, - tion Data
al - Qutlier - Supervised )
] i d (Energy Energy Unauthor (time-
Method Detection Learning e ) )
) Company | Distribution | ized usage series,
Servers) Networks load
profiles)
A . . 1
) - Decision ay ] - Smart - Meter Historica
Machin - Distribute _ Consump
Trees, _ Meters, tampering ,
e Supervised/Un d (Edge , tion,
) Random _ , Communica , Load
Learnin Forests supervised Devices, rion manipulat Customer
ML ’ L i [oT fil
gMD) | sua kNN caTning © Networks ion Profiles,
Sensors) Anomalo
us Data
- Real-
] - Smart Ti
Neural Centralize M;?;rs Co;:ﬁn
Networ | - Artificial d and ’ - Data ) p
. Data i tion Data,
ks Neural - Deep Distribute Storase manipulat Sensor
(Deep Networks Learning d (Cloud g ’ ion, Sub-
5 Real-time . Data,
Learnin (ANN) and Edge o metering
, Monitoring Voltage
2 Computin i
) Systems Fluctuatio
g ns
] -1oT ]
Distribut. Historical
Anomal | - Isolation [Strbute Devices, - Stealthy 1STOTICa
. d across and Real-
y Forest, - Unsupervised ) Smart usage or ,
. . regions, . Time
Detecti | Autoencoder Learning realtime Meters, consumpti | ~
on | s, DBSCAN e SCADA | on bypass | | P
monitorin “stems tion, Load
g Y Profiles
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- Time-
L - Energy Series
) - Trend Distribute -1oT
Time- ) . load Energy
) Analysis, . d Sensors, _
Series Supervised/Un ) shifts, Usage
) Seasonal i (Regional, Smart
Analysi . supervised Consump Data,
s Decompositi Learnin, Smart Meters, tion Historical
on, ARIMA & Grid Grid Data _
spikes Load
Level)
Patterns
- Non-
molian - Energy
- Clustering, . - Smart complanc Usage
o Centralize e with
Association - . Meters, Data,
. : d with . usage
Data | Rule Mining, | Supervised/Un . Utility , User
o i periodic regulation )
Mining Support supervised Databases, Profiles,
_ updates _ S,
Vector Learning Communica Consump
: from local | Unauthor _
Machines tion Systems ) tion
meters ized .
) History
tapping
- - Real-
Distribute - Complex Time
- Combining - Energy P
_ d and _ attack Energy
multiple Centrali Grid schemes Dat
z
Hybrid | techniques |- Mixed/Hybrid SMIATNZE | nfrastructu o atd
. d (Real- Multiple | Customer
Models | (e.g., ML + Learning - re, Smart
Time, Data Usage,
Anomaly Meter ) ; )
. Cloud- Manipulat | Historical
Detection) Networks _
based ion Consump
Analysis) tion
Conclusion with the centralized detection system responsible

The data-driven technologies for energy theft
detection have pointed out the significance of
using powerful solutions to demand facilities to
reduce energy theft because it creates many
technical, economic, and social problems both for
companies in the utilities industry and energy
infrastructure. Method approaches computed
include statistical, machine and deep learning,
anomaly detection, and hybrid model approaches
have been found to be very effective in detecting
suspicious  consumptions and
checking fraudulent exercises. These methods
improve detection accuracy through large datasets,
including real-time and historic energy usages;
allow intervention before the event occurs; and
help in efficient use of resources. This integration
provides broad protection and flexibility for each,

consequently

for meter tampering and the distributed systems
for unauthorized tapping. But the current study
reveals some shortcomings, including data quality
issues, the dynamic nature of theft tactics, and the
need for model updates more frequently. The
study calls for increased support in smart grid
investments, adequate security
multi-sector partnership for enhancement of
energy systems, and minimal revenue leakage. It is
clear that data-driven detection methods contain
the promise of a new way forward for utility
providers to optimize operations, promote energy
equity, and pave the way to smarter energy systems
of the future.

Future Directions

The given study provides direction for prospective
research and development in the domain of

infrastructure,
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energy theft detection and introduces novelty and
generalizability as research questions. Integrated
use of Al algorithms that are able to predict theft
in addition to identifying fraudulent actions
beforehand, considering behavioral profile and
environment condition. Integration of edge
computing and IoT support a direct process of
data analysis and detection within the network
and diverse devices, which improve efficiency and
decrease response time. Blockchain technology
provides the benefits to ensure that energy
transactions recorded safely and accurately with
limited risk
techniques introduced in the framework to the
detection models will ensure data security and
safeguard the privacy of the users, hence gaining
consumers’ trust. It will be important for utilities,
governments, and technology providers to work
closer to create reference architectures and to
provide compliance between utilities smart grid
solutions. With more focus towards renewable
energy systems theft
detection has to expand its possibilities to detect
such new forms of energy exchanges as P2P
trading. Collectively, these innovations will help
in the development of improved, more resilient
and better energy management systems that will in
the future lead to the theft of immune energy
delivery systems.

References:

of tampering. Privacy-preserving

and prosumer systems,

Akhavan-Hejazi, H., & Mohsenian-Rad, H. (2018). Power

systems big data analytics: An assessment of

paradigm shift barriers and prospects. Energy
Reports, 4, 91-100.

Akindote, O. J., Egieya, Z. E., Ewuga, S. K., Omotosho,

A., & Adegbite, A. O. (2023). A review of data-
driven business optimization strategies in the US
economy. International Journal of Management &

Entrepreneurship Research, 5(12), 1124-1138.

Al Shobaki, M. J., & Naser, S. S. A. (2016). Performance

development and its relationship to demographic
variables among users of computerized
management information systems in Gaza
electricity Distribution Company.

dal, $., Karadeniz, S., Tu@luoglu, N., & Tataroglu,
A. D. E. M. (2003). The role of interface states
and series resistance on the [-V and C-V
characteristics in Al/SnO2/p-Si Schottky
diodes. Solid-State Electronics, 47(10), 1847-1854.

cini, D. B., Rodrigues, ]. ]., Martins, S. G., Rabélo,
R. A., Al-Muhtadi, J., & Solic, P. (2019). Energy
meters evolution in smart grids: A review. Journal
of cleaner production, 217, 702-715.

ienares-Quintero, R. F., Quiroga-Parra, D. J., Rojas,
N., Stansfield, K. E., & Colmenares-Quintero, J.
C. (2021). Big Data analytics in Smart Grids for
renewable energy networks: Systematic review of
information and communication technology
tools. Cogent Engineering, 8(1), 1935410.

I, F., Engelhardt, R., Hyland, M., Tilg, G.,
Bogenberger, K., & Mahmassani, H. S. (2021).
Regulating mobility-on-demand services: Tri-level
model and bayesian optimization solution
approach. Transportation Research Part C: Emerging
Technologies, 125, 103075.

n, M. A, King, F. D., & Shewchun, J. (1974).

Minority carrier MIS tunnel diodes and their

application to electron-and photo-voltaic energy

conversion—I. Theory. Solid-State Electronics, 17(6),

551-561.

H., & Zaki, M. (2021). A critical review of the

integration of renewable energy sources with

2

various technologies. Protection and control of
modern power systems, 6(1), 1-18.

. K., & Kumar, H. (2024). Integrating Big Data
Technologies for Sustainable Urban Development:
Analyzing the Impact of Data-Driven Decision-
Making on Green Infrastructure and Smart City

w

Initiatives. International Journal of Social
Analytics, 9(11), 1-12.
aton, An empirical analysis of feature engineering
for predictive modeling, in Proc. SoutheastCon,
Mar. 2016, pp. 16.
K.Cheng,S.Wang,F.Morstatter, R. P. Trevino, J.
Tang, and H. Liu, Feature selection: A data
perspective, ACM Comput. Surv., vol. 50, no. 6,
p. 94, 2016

https://sesjournal.com

| Hossain et al., 2025 |

Page 335


https://portal.issn.org/resource/ISSN/3006-7030
https://portal.issn.org/resource/ISSN/3006-7030

Spectrum of Engineering Sciences
ISSN (e) 3007-3138 (p) 3007-312X

Volume 3, Issue 7, 2025

J. Li and M. Hu, Continuous model adaptation using
online meta learning for smart grid application,
IEEE Trans. Neural Netw. Learn. Syst., vol. 32,
no. 8, pp. 36333642, Aug. 2021.

Lu, H. J. Liu, H. Zhu, and C.-C. Chu, Intrusion
detection in distributed frequency control of
isolated microgrids, IEEE Trans. Smart Grid, vol.
10, no. 6, pp. 65026515, Nov. 2019.

J. Y. Kim, Y. M. Hwang, Y. G. Sun, L. Sim, D. I. Kim, and L. N. (2024). Advanced clustering and Al-driven decision

X. Wang, Detection for non-technical loss by
smart energy theft with intermediate monitor
meter in smart grid, IEEE Access, vol. 7, pp.
129043129053, 2019.

Jadhav, A. M., & Patne, N. R. (2017). Priority-based
energy scheduling in a smart distributed network
with multiple microgrids. IEEE Transactions on
Industrial Informatics, 13(6), 3134-3143.

Jadhav, A. M., & Patne, N. R. (2017). Priority-based
energy scheduling in a smart distributed network
with multiple microgrids. IEEE Transactions on
Industrial Informatics, 13(6), 3134-3143.

Kang, C., Kirschen, D., & Green, T. C. (2023). The
evolution of smart grids. Proceedings of the
IEEE, 111(7), 691-693.

Karadeniz, S., Tu@luoglu, N., Serin, T., & Serin, N.
(2005). The energy distribution of the interface

state density of SnO2/p-Si (1 1 1) heterojunctions

prepared at different substrate temperatures by
spray deposition method. Applied surface
science, 246(1-3), 30-35.

support systems for smart energy
management (Doctoral dissertation, Université
Paris-Saclay).

Dai, J., Issakhov, A., Almojil, S. F., & Souri, A.
(2021). Towards decision support systems for
energy management in the smart industry and
Internet of Things. Computers & Industrial
Engineering, 161, 107671.

k, C. M., Staake, T., & Thiesse, F. (2013).
Motivating energy-efficient behavior with green IS:
an investigation of goal setting and the role of
defaults. MIS quarterly, 1313-1332.

, K. Zhang, J. Liu, H. Gong, and Z. Zhang,
Blockchain-based anomaly detection of electricity
consumption in smart grids, Pattern Recognit.
Lett., vol. 138, pp. 476482, Oct. 2020.

kuditi, S., Agrawal, S., & Kumar, B. (2021). Data
Analytics and Business Analysis: How Business
Analysts Can Drive Data-Driven Decision-Making
in Organizations. European Journal of Advances in
Engineering and Technology, 8(1), 71-75.

Ketter, W., Collins, J., Saar-Tsechansky, M., & Marom, O. r, S. S. A., & Al Shobaki, M. J. (2016).

(2018). Information systems for a smart electricity

grid: Emerging challenges and
opportunities. ACM Transactions on Management
Information Systems (TMIS), 9(3), 1-22.

L. A. Passos, C. C. O. Ramos, D. Rodrigues, D. R.
Pereira, A. N. de Souza, K. A. P. da Costa, and J.

P. Papa, Unsupervised non-technical losses identi

cation through optimum-path forest, Electr.

Power Syst. Res., vol. 140, pp. 413423, Nov. 2016.
L. Huang, A. D. Joseph, B. Nelson, B. I. Rubinstein, and

J. D. Tygar, Adversarial machine learning,
inProc.4thACMWorkshopSecur.Artif. Intell.,
2011, pp. 4358.

L.Xie, Y. Mo, and B. Sinopoli, False data injection attacks
in electricity markets, in Proc. 1st IEEE Int. Conf.

Smart Grid Commun., Oct. 2010, pp. 226231.

Computerized Management Information Systems
Resources and their Relationship to the
Development of Performance in the Electricity
Distribution Company in Gaza.

, K. (2021). Data driven artificial intelligence techniques
in renewable energy system (Doctoral dissertation,
Massachusetts Institute of Technology).

Diamantoulakis, V. M. Kapinas, and G. K.
Karagiannidis, Big data analytics for dynamic
energy management in smart grids, Big Data Res.,
vol. 2, pp. 94101, Sep. 2015.

agebretson, The Basics of Hacking and Penetration
Testing: Ethical Hacking and Penetration Testing
Made Easy. Amsterdam, The Netherlands:
Elsevier, 2013.

1a, O, Serin, N, Serin, T., & Altindal, S. (2011).

On the energy distribution profile of interface

https://sesjournal.com

| Hossain et al., 2025 |

Page 336


https://portal.issn.org/resource/ISSN/3006-7030
https://portal.issn.org/resource/ISSN/3006-7030

Spectrum of Engineering Sciences

ISSN (e) 3007-3138 (p) 3007-312X Volume 3, Issue 7, 2025
states obtained by taking into account of series different use cases, Sensors, vol. 19, no. 22, p.
resistance in Al/TiO2/p-Si (MIS) 4862, Nov. 2019.
structures. Physica B: Condensed Matter, 406(4), ‘hurana, H. Samulowitz, and D. Turaga, Feature
771-776. engineering for predictive modeling using
R.Razavi, A. Gharipour, M. Fleury, and [. J. Akpan, A reinforcement learning, in Proc. 32nd AAAI Conf.
practical feature engineering framework for Artif. Intell., 2018, pp. 18.
electricity theft detection in smart grids, Appl. .. Chin, Y.-H. Lin, and H.-H. Chen, A framework of
Energy, vol. 238, pp. 481494, Mar. 2019. machine to-machine authentication in smart grid:
S. Afrin and S. Mishra, An anonymized authentication A two-layer approach, IEEE Commun. Mag., vol.
framework for smart metering data privacy, in 54, no. 12, pp. 102107, Dec. 2016.
Proc. IEEE Power Energy Soc. Innov. Smart Grid ,T. Logenthiran, V.-T. Phan, and W. L. Woo, A
Technol. Conf. (ISGT), Sep. 2016, pp. 15. novel smart energy theft system (SETS) for IoT-
S. Basumallik, S. Eftekharnejad, N. Davis, and B. K. based smart home, IEEE Internet Things J., vol. 6,

Johnson, Impact of false data injection attacks on no. 3, pp. 55315539, Jun. 2019.
PMU-based state estimation, in Proc. North Amer. g, D., Liu, W., Liang, Y., & Wei, S. (2023). Decision

Power Symp. (NAPS), Sep. 2017, pp. 16. optimization in service supply chain: the impact of
S. K. Singh, K. Khanna, R. Bose, B. K. Panigrahi, and A. demand and supply-driven data value and

Joshi, Joint transformation-based detection of altruistic behavior. Annals of Operations Research, 1-

false data injection attacks in smart grid, [IEEE 22.

Trans. Ind. Informat., vol. 14, no. 1, pp. 8997, emeyer, S., Kleinhans, D., Vogt, T., & Agert, C.

Jan. 2017. (2015). Integration of Renewable Energy Sources
S. Pal, B. Sikdar, and ]. H. Chow, Classi cation and in future power systems: The role of

detection of PMU data manipulation attacks storage. Renewable Energy, 75, 14-20.

using transmission line parameters, I[EEE Trans. ~ 1an, M.-G. Shi, and Z. Sun, Research of electricity

Smart Grid, vol. 9, no. 5, pp. 50575066, Sep. stealing ident cation method for distributed PV

2017. based on the least squares approach, in Proc. 5th

S. Salinas, M. Li, and P. Li, Privacy-preserving energy theft ~ Int. Conf. Electr. Utility Deregulation
detection in smart grids, in Proc. 9th Annu. IEEE Restructuring Power Technol. (DRPT), Nov. 2015,

Commun. Soc. Conf. Sensor, Mesh Ad Hoc pp. 24712474.
Commun. Netw. (SECON), Jun. 2012, pp. en,Y.Tan,andD.Deka, Is machine learning in power
605613. systems vulnerable? in Proc. IEEE Int. Conf.
Shahat Osman, A. M., & Elragal, A. (2021). Smart cities Commun., Control, Comput. Technol. Smart
and big data analytics: a data-driven decision- Grids (Smart Grid Comm), Oct. 2018, pp. 16.
making use case. Smart Cities, 4(1), 286-313. Mrabet, N. Kaabouch, H. El Ghazi, and H. El Ghazi,
Shahbaz, M., Raghutla, C., Song, M., Zameer, H., & Jiao, Cyber security in smart grid: Survey and
Z.(2020). Public-private partnerships investment challenges, Comput. Elect. Eng., vol. 67, pp.
in energy as new determinant of CO2 emissions: 469482, Apr. 2018.
the role of technological innovations in an,G.Si,X.Zhang,L.Wu,N.Guizani,X.Du,andY.Ma,
China. Energy Economics, 86, 104664. Privacy preserving and ef cient aggregation based
Sievers, J., & Blank, T. (2023). A systematic literature on blockchain for power grid communications in
review on data-driven residential and industrial smart communities, IEEE Commun. Mag., vol. 56,
energy management systems. Energies, 16(4), 1688. no. 7, pp. 8288, Jul. 2018.
T. Alladi, V. Chamola, J. J. P. C. Rodrigues, and S. A. b, A., Ghrayeb, A., Syed, D., Abu-Rub, H., Refaat, S.
Kozlov, Blockchain in smart grids: A review on S., & Bouhali, O. (2021). Big data management in

https://sesjournal.com | Hossain et al., 2025 | Page 337


https://portal.issn.org/resource/ISSN/3006-7030
https://portal.issn.org/resource/ISSN/3006-7030

Spectrum of Engineering Sciences
ISSN (e) 3007-3138 (p) 3007-312X Volume 3, Issue 7, 2025

smart grids: Technologies and challenges. IEEE
Access, 9, 73046-73059.

https://sesjournal.com | Hossain et al., 2025 | Page 338


https://portal.issn.org/resource/ISSN/3006-7030
https://portal.issn.org/resource/ISSN/3006-7030

	Figure No.04: Integrated transmission and distribu

