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Abstract

The rapid growth of distributed energy resources (DERs), including
solar photovoltaics, wind turbines, energy storage systems, and electric
vehicles, has transformed modern power systems into decentralized
and dynamic networks. Simultaneously, the integration of the Internet
of Things (IoT) has enabled intelligent energy management systems
capable of real-time monitoring, control, and optimization. This review
examines recent advancements in optimal scheduling of DERs using
IoT-enabled smart energy management devices, focusing on objectives
such as cost reduction, emission minimization, load balancing, and grid
stability. Traditional centralized scheduling approaches are often
inadequate for handling the uncertainty and variability of renewable
energy sources, leading to the adoption of advanced optimization
techniques such as particle swarm optimization, genetic algorithms, ant
colony optimization, and hybrid methods, along with machine learning-
based predictive models. IoT devices facilitate seamless communication
between distributed components, while edge computing enhances
responsiveness and reduces latency. Applications across residential,
commercial, industrial, and smart city environments demonstrate the
effectiveness of these approaches. Despite significant progress,
challenges such as scalability, interoperability, data security, and
computational complexity remain, highlighting the need for further
research toward efficient and sustainable smart energy systems.

Introduction

The global energy landscape has undergone a

at the distribution level, contributing to
increased system flexibility, resilience, and

profound transformation over the past decade,
driven by the increasing adoption of distributed
energy resources and the rapid advancement of
digital  technologies. Distributed energy
resources, which include renewable generation
units such as solar photovoltaic systems and
wind turbines, as well as energy storage systems
and controllable loads, have become integral
components of modern power systems. Unlike
traditional centralized power generation, DERs
are geographically dispersed and often operate
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sustainability. However, their integration also
introduces significant challenges related to
variability, uncertainty, and coordination.

The emergence of the Internet of Things has
played a pivotal role in addressing these
challenges by enabling the development of
intelligent energy management systems that can
monitor, control, and optimize energy flows in
real time. IoT-enabled smart energy
management devices are equipped with sensors,
communication modules, and embedded

This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-ncnd/4.0/).


https://journals.mriindia.com/

A Comprehensive Review of 2.0ptimal Scheduling of Distributed Energy Resources with an IoT-Enabled Smart

Energy Management Device

processing capabilities that allow them to collect
and analyze data from various components
within the energy system. These devices
facilitate  seamless interaction  between
distributed resources, enabling coordinated
operation and improved decision-making. As a
result, they have become essential tools for
managing the complexity of modern energy
networks.

One of the Kkey challenges in managing
distributed energy resources is the optimal
scheduling of their operation. Scheduling
involves determining when and how each
resource should be utilized to achieve specific
objectives, such as minimizing operational costs,
reducing greenhouse gas emissions, improving
energy efficiency, and maintaining grid stability.
The presence of renewable energy sources adds
an additional layer of complexity due to their
intermittent and unpredictable nature. For
instance, solar and wind generation depend on
weather conditions, which can vary significantly
over time. Consequently, effective scheduling
requires the wuse of advanced forecasting
techniques and robust optimization methods
that can account for uncertainty.

Traditional scheduling approaches are often
based on deterministic models and centralized
control frameworks, which are not well-suited
for the dynamic and distributed nature of
modern energy systems. These methods
typically rely on simplified assumptions and
may not adequately capture the interactions
between different components of the system.
Furthermore, centralized approaches can suffer
from scalability issues and may not be able to

respond quickly to changes in system conditions.

To overcome these limitations, researchers have
explored  decentralized and  distributed
optimization techniques that leverage the
capabilities of [oT-enabled devices.

Optimization plays a central role in the
scheduling of distributed energy resources. A
wide range of optimization techniques have
been proposed in the literature, including
classical methods such as linear programming
and mixed-integer programming, as well as
more advanced approaches such as
metaheuristic algorithms and machine learning-
based methods. Metaheuristic algorithms,
including particle swarm optimization, genetic
algorithms, and differential evolution, are
particularly well-suited for solving complex,
nonlinear, and multi-objective optimization
problems. These algorithms are capable of
exploring large search spaces and finding near-
optimal solutions within reasonable
computational time.
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In recent years, there has been growing interest
in integrating machine learning techniques into
energy management systems. Machine learning
models can be used for tasks such as load
forecasting, renewable energy prediction, and
anomaly detection, which are critical for
effective scheduling. For example, neural
networks and support vector machines have
been widely used to predict energy demand and
generation patterns based on historical data.
These predictions can then be incorporated into
optimization frameworks to improve decision-
making. The combination of machine learning
and optimization, often referred to as intelligent
optimization, has shown significant potential in

enhancing the performance of energy
management systems.
The integration of IoT technology further

enhances the capabilities of optimization-based
scheduling frameworks. IoT devices enable real-
time data collection and communication,
allowing for dynamic and adaptive scheduling
strategies. For instance, smart meters and
sensors can provide continuous information
about energy consumption and generation,
which can be used to update optimization
models and adjust scheduling decisions
accordingly. Additionally, the use of edge
computing allows for local data processing and
decision-making, reducing the need for
centralized control and improving system
responsiveness.

Another important aspect of IoT-enabled energy
management systems is the communication
infrastructure. Reliable and efficient
communication is essential for ensuring the
timely exchange of information between
different components of the system. Various
communication technologies, such as ZigBee,
Wi-Fi, LoRa, and cellular networks, have been
used to support loT-based energy management.
The choice of communication technology
depends on factors such as data rate, range,
power consumption, and cost. Furthermore,
cybersecurity is a critical concern, as the
increasing connectivity of energy systems
makes them more vulnerable to cyberattacks.
Therefore, robust security mechanisms must be
implemented to protect data and ensure system
integrity.

The application of optimal scheduling of
distributed energy resources using loT-enabled
smart energy management devices spans a wide
range of domains. In residential settings, these
systems can be used to manage household
energy consumption, integrate rooftop solar
panels, and control energy storage systems. In
commercial and industrial environments, they
can optimize energy usage, reduce operational
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costs, and improve efficiency. At the grid level,
they can support demand response programs,
enhance grid stability, and facilitate the
integration of renewable energy sources. Smart
cities, in particular, represent a promising
application area, where IoT-enabled energy
management systems can be used to coordinate
energy usage across multiple sectors, including
transportation, buildings, and infrastructure.
Despite the significant progress made in this
field, several challenges remain. These include
the need for scalable and interoperable
solutions, the handling of large volumes of data,
the integration of heterogeneous systems, and
the development of efficient and robust
optimization algorithms. Additionally, the
deployment of lIoT-enabled energy management
systems requires careful consideration of
economic, regulatory, and social factors.
Addressing these challenges is essential for
realizing the full potential of distributed energy
resources and achieving a sustainable energy
future.

The focus of this review is to provide a
comprehensive analysis of optimal scheduling
techniques for distributed energy resources in
the context of IoT-enabled smart energy
management devices. The review examines
various optimization methods, system
architectures, and application scenarios, with
the aim of identifying key trends, challenges,
and opportunities for future research. By
synthesizing the existing literature, this study
seeks to contribute to the development of more
efficient and intelligent energy management
systems that can support the transition toward
decentralized and sustainable power systems.

Literature Review

The integration of distributed energy resources
with intelligent scheduling mechanisms has
attracted significant research attention in recent
years, particularly with the incorporation of IoT-
enabled smart energy management devices.
Early foundational work by Mohammadi et al.
(2017) explored optimal scheduling of
microgrids using  mixed-integer  linear
programming, demonstrating cost reduction
and improved load balancing in grid-connected

and islanded modes. Their work utilized
MATLAB-based simulations with real load
datasets, establishing a baseline for

deterministic optimization frameworks in DER

management.
Subsequently, a shift toward metaheuristic
optimization  techniques was  observed.

Ghorbani et al. (2018) proposed a particle
swarm optimization-based scheduling model for
distributed generation systems integrated with
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renewable energy sources. Their approach
effectively minimized operational costs while
maintaining system reliability under uncertainty.
The study incorporated real solar irradiance
datasets and demonstrated improved
convergence speed compared to conventional
techniques.

Similarly, Ali et al. (2019) introduced a hybrid
genetic algorithm and fuzzy logic controller for
optimal energy scheduling in smart homes
equipped with IoT-enabled devices. Their
architecture leveraged real-time sensor data
collected via Arduino-based platforms, enabling
adaptive control of appliances and energy
storage systems. The integration of fuzzy logic
enhanced decision-making under uncertain
environmental conditions.

The role of IoT in enabling real-time energy
management was further emphasized by Zhang
etal. (2019), who developed an loT-based smart
energy management framework using cloud-
edge collaboration. Their system utilized
Raspberry Pi devices for edge processing and
cloud servers for optimization tasks, employing
a differential evolution algorithm to schedule
DERs efficiently. The framework demonstrated
reduced latency and improved scalability.

In another significant contribution, Wang et al.
(2020) proposed a deep learning-assisted
energy scheduling model using long short-term
memory networks for load forecasting
combined with a genetic algorithm for
optimization. Their model was validated using
real-world smart meter datasets, showing
substantial improvements in  prediction
accuracy and scheduling efficiency.
Reinforcement learning-based approaches have
also gained traction. Liu et al. (2020) developed
a deep Q-learning model for real-time
scheduling of distributed energy resources in
microgrids. Their system dynamically adapted
to changing load and generation conditions,
outperforming traditional rule-based systems.
The model was tested on simulated microgrid
environments with stochastic renewable
generation profiles.

Further advancements were made by Singh et al.
(2021), who proposed a multi-objective
optimization framework using ant colony
optimization for scheduling DERs in loT-enabled
smart grids. Their approach simultaneously
minimized cost and emissions while maximizing
user comfort. The system utilized [oT sensors
for real-time data acquisition and demonstrated
robustness under varying operational scenarios.
In the context of energy storage integration,
Chen et al. (2021) introduced a scheduling
model incorporating battery degradation costs
using a hybrid optimization technique
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combining particle swarm optimization and
simulated annealing. Their work highlighted the
importance of considering lifecycle costs in DER
scheduling.

Edge computing has also been explored to
enhance system efficiency. Kumar et al. (2021)
proposed an edge-enabled [oT framework for
energy management, where local optimization
was performed using lightweight heuristic
algorithms. Their system reduced
communication overhead and improved
response time in dynamic environments.

A novel blockchain-integrated energy
management system was presented by Rahman
et al. (2022), which ensured secure and
transparent  energy  transactions  while
optimizing DER scheduling using a hybrid
genetic algorithm. The system was implemented
on a private blockchain network and
demonstrated improved trust and data integrity.
Forecasting-driven optimization has been
extensively studied. Li et al. (2022) utilized
convolutional neural networks for solar power
prediction combined with a particle swarm
optimization algorithm for scheduling. Their
model achieved high prediction accuracy and
improved energy utilization efficiency.
Game-theoretic approaches have also been
explored. Park et al. (2022) proposed a
distributed energy management model using
Stackelberg game theory, enabling interaction
between energy providers and consumers. Their
approach facilitated demand response and
efficient resource allocation.

Hybrid machine learning models have shown

promising results. Ahmed et al. (2023)
developed a hybrid LSTM and support vector
regression model for load forecasting,
integrated with a genetic algorithm for
scheduling  optimization. = Their  system

demonstrated superior performance in handling
nonlinear energy consumption patterns.

The integration of electric vehicles as mobile
energy storage units was investigated by
Sharma et al. (2023), who proposed a
scheduling framework using particle swarm

Multi-agent systems have been widely adopted
for decentralized control. Zhou et al. (2023)
introduced a multi-agent reinforcement learning
framework for DER scheduling, enabling
autonomous decision-making among distributed
components. Their system achieved improved
scalability and adaptability.

In industrial applications, Torres et al. (2023)
developed an IoT-based energy management
system for manufacturing facilities using mixed-
integer nonlinear programming. Their approach
optimized production schedules and energy
consumption simultaneously.

Cloud-based architectures continue to play a
significant role. Gupta et al. (2023) proposed a
cloud-integrated energy management platform
using big data analytics and optimization
algorithms. Their system processed large
volumes of energy data to generate optimal
scheduling strategies.

Uncertainty modeling has been addressed using
stochastic optimization techniques. Das et al.
(2024) proposed a stochastic programming
model for DER scheduling considering
renewable variability and load uncertainty.
Their approach improved system reliability and
resilience.

A recent trend involves federated learning for
privacy-preserving energy management. Mehta
et al. (2024) developed a federated learning-
based scheduling framework that allowed
multiple devices to collaboratively learn optimal
strategies without sharing raw data.
Quantum-inspired optimization techniques have
also emerged. Roy et al. (2024) proposed a
quantum-inspired genetic algorithm for DER
scheduling, demonstrating faster convergence
and improved solution quality.

Energy trading and peer-to-peer systems have
been explored by Kim et al. (2024), who
developed a decentralized energy trading
platform  integrated  with  optimization
algorithms for scheduling and pricing.

In smart city applications, Verma et al. (2024)
proposed an integrated energy management
system combining [oT, machine learning, and

optimization to coordinate charging and optimization for urban energy networks,
discharging operations. Their work emphasized demonstrating improved efficiency and
the role of EVs in enhancing grid flexibility. sustainability.
Comparative Table and Analysis
Study Year | Optimization Component / | Platform Dataset Key
Technique / | Model Used or System Used Contribution
Method
Mohammadi | 2017 | MILP Microgrid MATLAB Load Cost
etal. controller datasets minimization
Ghorbani et | 2018 | PSO Renewable Simulation | Solar data Fast
al. scheduling convergence
Ali et al. 2019 | GA + Fuzzy Smart home | Arduino IoT | Real sensor | Adaptive
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EMS data control
Zhangetal. | 2019 | Differential Edge-cloud Raspberry [oT data Reduced
Evolution system Pi latency
Wang et al. 2020 | LSTM + GA Load Smart grid Smart Improved
prediction meter data | accuracy
model
Liu et al. 2020 | Deep Q- | RL agent Microgrid Synthetic Real-time
Learning simulation data adaptation
Singh et al. 2021 | ACO Multi- [oT grid Mixed Cost &
objective datasets emission
system optimization
Chen et al. 2021 | PSO +SA Battery Energy Simulation Lifecycle-
model storage aware
system scheduling
Kumar etal. | 2021 | Heuristic Edge IoT nodes Real-time Low latency
computing data
Rahman et | 2022 | GA + | Secure EMS Blockchain | Transaction | Data security
al. Blockchain network data
Lietal 2022 | CNN + PSO Solar Smart grid Solar High accuracy
prediction datasets
Park et al. 2022 | Game Theory Demand Smart grid Market data | Efficient
response pricing
Ahmed etal. | 2023 | LSTM + SVR + | Hybrid ML | [oT EMS Energy Nonlinear
GA model datasets prediction
Sharma et | 2023 | PSO EV scheduling | Smart grid EV data Grid flexibility
al.
Zhou et al. 2023 | MARL Multi-agent Distributed | Simulation Scalability
system grid
Torresetal. | 2023 | MINLP Industrial Factory Industrial Energy
EMS system data optimization
Guptaetal. | 2023 | Big Data + | Cloud Cloud EMS Large Data-driven
Optimization platform datasets scheduling
Das et al. 2024 | Stochastic DER model Microgrid Uncertain Reliability
Programming data
Mehta etal. | 2024 | Federated Distributed [oT Local Privacy
Learning model network datasets preservation
Roy et al. 2024 | Quantum GA Optimization | Simulation | Synthetic Faster
model data convergence
Kim et al. 2024 | Decentralized Trading P2P grid Market data | Energy trading
Optimization system
Vermaetal. | 2024 | ML + | Smart city | Urban grid | City data Sustainability
Optimization EMS

Comparative Analysis

The literature reveals a clear evolution from
traditional deterministic optimization
techniques toward more advanced intelligent
and hybrid approaches. Early studies primarily
relied on mathematical programming methods
such as mixed-integer linear programming,
which provided optimal solutions under
simplified assumptions but lacked flexibility in
handling uncertainty. Over time, metaheuristic
algorithms such as particle swarm optimization,
genetic algorithms, and ant colony optimization
became widely adopted due to their ability to
solve complex nonlinear problems and adapt to
dynamic environments.
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A significant trend is the integration of machine
learning  techniques  with  optimization
algorithms, enabling predictive and adaptive
scheduling frameworks. Deep learning models,
particularly LSTM and CNN architectures, have
been extensively used for forecasting energy
demand and renewable generation, which are
critical inputs for scheduling optimization.
Reinforcement learning and multi-agent
systems further enhance adaptability by
enabling autonomous decision-making in
distributed environments.

loT-enabled architectures have become a
fundamental component of modern energy
management systems, facilitating real-time data
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collection and communication. Edge computing
has emerged as an important paradigm for
reducing latency and improving system
responsiveness, while cloud-based platforms
support large-scale data processing and
optimization. Additionally, emerging
technologies such as blockchain and federated
learning address concerns related to security
and privacy.

In terms of datasets, a combination of real-world
data and simulated datasets is commonly used
for evaluation. Smart meter data, solar
irradiance datasets, and industrial energy
consumption data are frequently utilized to
validate  proposed models. Performance
improvements are typically measured in terms
of cost reduction, energy efficiency,
computational speed, and system reliability.
Overall, the comparative analysis highlights the
increasing complexity and sophistication of
optimization techniques and system
architectures, driven by the need to manage the
dynamic and distributed nature of modern
energy systems. The integration of [oT, machine
learning, and advanced optimization methods
has significantly enhanced the capabilities of
energy management systems, paving the way for
more intelligent and sustainable energy
solutions.

Discussion
The integration of distributed energy resources
with IoT-enabled smart energy management

devices represents a transformative
advancement in modern power systems,
fundamentally reshaping how energy is

generated, distributed, and consumed. The
studies reviewed in this paper collectively
demonstrate that optimal scheduling plays a
crucial role in achieving efficient, reliable, and

sustainable energy management. The
incorporation of advanced optimization
techniques, particularly metaheuristic and
machine learning-based methods, has

significantly improved the ability of energy
systems to handle uncertainty, variability, and
dynamic operating conditions.

One of the most significant implications of this
research field is the transition from centralized
to  decentralized energy  management.
Traditional power systems relied heavily on
centralized control mechanisms, which are
increasingly inadequate in the presence of

distributed and heterogeneous energy resources.

IoT-enabled devices facilitate decentralized
control by enabling real-time communication
and localized decision-making. This shift
enhances system resilience, reduces
transmission losses, and allows for more flexible
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integration of renewable energy sources.
Moreover, decentralized systems are inherently
more scalable, making them suitable for large-
scale deployments such as smart cities and
interconnected microgrids.

The effectiveness of the optimization techniques
reviewed in the literature is evident in their
ability to address complex, multi-objective
problems. Metaheuristic algorithms such as
particle swarm optimization, genetic algorithms,
and ant colony optimization have proven to be
highly effective in exploring large solution
spaces and identifying near-optimal scheduling
strategies. These techniques are particularly
valuable in scenarios where traditional
optimization methods fail due to nonlinearity,
high dimensionality, and the presence of
multiple conflicting objectives. Additionally,
hybrid approaches that combine multiple
optimization techniques or integrate machine
learning models have demonstrated superior
performance in terms of convergence speed,
solution quality, and adaptability.

Machine learning has emerged as a powerful
tool for enhancing the performance of energy
management systems. Predictive models,
including neural networks and support vector
machines, enable accurate forecasting of energy
demand and renewable generation, which are
critical inputs for scheduling optimization.
Reinforcement learning and multi-agent
systems further extend these capabilities by
enabling autonomous and adaptive decision-
making in dynamic environments. These
approaches allow energy systems to learn from
historical data and continuously improve their
performance over time. However, the
effectiveness of machine learning models is
highly dependent on the availability and quality
of data, which remains a significant challenge in
many real-world applications.

Despite the significant advancements, several
limitations persist in the current body of
research. One of the primary challenges is the
computational complexity associated with
advanced optimization techniques, particularly
in large-scale systems with numerous
distributed components. While metaheuristic
algorithms offer flexibility and robustness, they
often require substantial computational
resources and may not guarantee global
optimality. Similarly, machine learning models
can be computationally intensive and may suffer
from issues such as overfitting and lack of
interpretability.

Another critical limitation is the lack of
standardization and interoperability among
different 10T devices and energy management
platforms. The heterogeneity of hardware and
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communication protocols can hinder seamless
integration and data exchange, reducing the
overall effectiveness of the system. Furthermore,
cybersecurity concerns pose a significant threat
to loT-enabled energy systems, as increased
connectivity exposes them to potential
cyberattacks. Ensuring data privacy, system
integrity, and secure communication remains a
key area of concern that requires further
research and development.

The reviewed studies also highlight the
importance  of incorporating real-world
constraints and uncertainties into optimization
models. Many existing approaches rely on
simplified assumptions and simulated datasets,
which may not accurately reflect real-world
conditions. Factors such as equipment
degradation, communication delays, and user
behavior variability can significantly impact
system performance and must be considered in
future research. Additionally, economic and
regulatory factors play a crucial role in the
deployment of energy management systems,
influencing investment decisions, pricing
mechanisms, and policy frameworks.

The relevance of this research field for future
intelligent systems cannot be overstated. As the
world moves toward a more sustainable energy
future, the integration of renewable energy
sources and the development of smart grids will
become increasingly important. loT-enabled
energy management systems provide the
necessary infrastructure for achieving this
transition by enabling efficient resource
utilization, demand response, and grid stability.
Moreover, the integration of emerging
technologies such as blockchain, digital twins,
and federated learning has the potential to
further enhance system performance, security,
and scalability.

In real-world deployment scenarios, the success
of loT-enabled optimal scheduling systems
depends on several factors, including cost-
effectiveness, ease of implementation, and user

acceptance. While advanced optimization
techniques offer significant benefits, their
practical implementation must consider
hardware limitations, communication

constraints, and user preferences. Therefore,
future research should focus on developing
lightweight and scalable solutions that can be
easily integrated into existing energy systems.

Conclusion

The optimal scheduling of distributed energy
resources using IoT-enabled smart energy
management devices has emerged as a critical
research area in the context of modern power
systems. This review has provided a
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comprehensive analysis of the various
techniques, architectures, and applications
associated with this domain, highlighting the
significant progress made in recent years. The
integration of distributed energy resources,
including renewable generation, energy storage
systems, and controllable loads, has introduced
new opportunities for enhancing energy
efficiency, reducing operational costs, and
improving system resilience. However, it has
also introduced significant challenges related to
variability, uncertainty, and coordination, which
necessitate the use of advanced optimization
and intelligent control techniques.

One of the key insights from the literature is the
growing importance of intelligent optimization
techniques in addressing the complexities of
distributed energy systems. Traditional
optimization methods, while effective in certain
scenarios, are often insufficient for handling the
nonlinear, dynamic, and multi-objective nature
of modern energy systems. Metaheuristic
algorithms, such as particle swarm optimization,
genetic algorithms, and ant colony optimization,
have demonstrated significant potential in
overcoming these limitations by providing
flexible and robust solutions. These algorithms
are capable of exploring large solution spaces
and adapting to changing system conditions,
making them well-suited for real-time
scheduling applications.

The integration of machine learning techniques
has further enhanced the capabilities of energy
management systems. Predictive models enable
accurate forecasting of energy demand and
renewable generation, which are essential for
effective scheduling. Reinforcement learning
and multi-agent systems provide adaptive and
autonomous  decision-making  capabilities,
allowing energy systems to respond dynamically
to changing conditions. The combination of
machine learning and optimization, often
referred to as intelligent optimization,
represents a promising direction for future
research and development.

IoT-enabled smart energy management devices
play a central role in enabling these advanced
capabilities. By providing real-time data
collection, communication, and control, these
devices facilitate the seamless integration and
coordination of distributed energy resources.
The use of edge computing and cloud-based
platforms further enhances system performance
by enabling efficient data processing and
decision-making. However, the deployment of
IoT-based systems also introduces challenges
related to data privacy, cybersecurity, and
interoperability, which must be addressed to
ensure reliable and secure operation.
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The comparative analysis of existing studies
reveals several important trends and patterns.
There is a clear shift toward hybrid and
integrated approaches that combine multiple
optimization techniques and leverage machine
learning models. These approaches have
demonstrated superior performance in terms of
accuracy, efficiency, and adaptability.
Additionally, there is an increasing emphasis on
real-time and decentralized control frameworks,
enabled by I[oT and edge computing
technologies. These developments reflect the
growing need for scalable and flexible solutions
that can accommodate the dynamic nature of
modern energy systems.

Despite the significant advancements, several
challenges remain that must be addressed in
future research. These include the development
of computationally efficient algorithms for large-
scale systems, the integration of heterogeneous
devices and platforms, and the incorporation of
real-world constraints and uncertainties into
optimization models. Furthermore, the need for
standardized communication protocols and
robust cybersecurity mechanisms is critical for
ensuring the safe and reliable operation of [oT-
enabled energy management systems.

Looking ahead, several emerging technologies
offer promising opportunities for further
enhancing the performance and capabilities of
energy management systems. Blockchain
technology can provide secure and transparent
energy transactions, while digital twin models
enable real-time simulation and optimization of
system operations. Federated learning offers a
privacy-preserving approach to collaborative
model  training, and  quantum-inspired
optimization techniques have the potential to
significantly improve computational efficiency.
The integration of these technologies with 1oT-
enabled energy management systems is likely to
play a key role in the future development of
smart grids and sustainable energy systems.

In conclusion, the optimal scheduling of
distributed energy resources using loT-enabled
smart energy management devices represents a
critical enabler of the transition toward
decentralized, intelligent, and sustainable
energy systems. The advancements reviewed in
this paper highlight the significant potential of
combining optimization techniques, machine
learning, and [oT technologies to address the
challenges associated with modern energy
systems. Continued research and innovation in
this field will be essential for realizing the full
potential of distributed energy resources and
achieving a more efficient, reliable, and
environmentally sustainable energy future.
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