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Abstract

The rapid evolution of smart grid technologies has transformed
conventional power systems into intelligent, adaptive, and
decentralized networks capable of meeting modern energy demands.
Energy management plays a crucial role in ensuring efficiency,
reliability, and sustainability within these systems. The integration of
Internet of Things (IoT) technologies enables real-time monitoring,
communication, and control of distributed energy resources, but also
introduces challenges due to the variability of renewable energy
sources, dynamic load demands, and fluctuating electricity prices.

To address these complexities, this review explores the application of
deep learning and hybrid optimization techniques in smart grid energy
management, with a focus on price-based demand response strategies.
Deep learning models such as recurrent neural networks and
convolutional neural networks are highlighted for their ability to extract
insights from large-scale, heterogeneous data.

A key contribution is the analysis of a hybrid Fire Hawk Optimization-
Recurrent Elman Neural Network (FHO-RERNN) framework, which
enhances prediction accuracy and optimization efficiency for load
forecasting and appliance scheduling. The paper also reviews datasets,
applications, and performance metrics while discussing challenges like
data privacy, cybersecurity, and computational overhead. Overall, it
provides insights into developing scalable, intelligent energy
management systems.

Introduction

concept of smart grids has emerged as a

The global energy landscape is undergoing a revolutionary  paradigm  that integrates
profound transformation driven by the advanced communication technologies,
increasing demand for electricity, rapid intelligent control mechanisms, and distributed

urbanization, and the growing penetration of
renewable energy sources. Traditional power
grids, which were primarily designed for
unidirectional energy flow and centralized
generation, are no longer sufficient to meet the
dynamic requirements of modern energy
systems. In response to these challenges, the
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energy resources to create a more efficient,
reliable, and sustainable energy infrastructure.
Smart grids enable bidirectional energy flow,
real-time monitoring, and adaptive control,
thereby facilitating enhanced energy
management and improved system resilience.

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/

Deep Learning and Optimization Approaches in Energy Management in Smart Grids Using IoT and Price-Based
Demand Response with a Hybrid FHO-RERNN Approach: A Review

One of the key enablers of smart grid technology
is the Internet of Things (IoT), which provides a
network of interconnected devices capable of
collecting, transmitting, and processing data in
real time. loT-based smart grids incorporate
sensors, smart meters, and intelligent
appliances that generate vast amounts of data
related to energy consumption, generation, and
distribution. This data-driven approach allows
for precise monitoring of energy usage patterns
and enables the implementation of advanced
control strategies. However, the sheer volume
and complexity of data generated by IoT devices
pose significant challenges in terms of data
processing, storage, and analysis. As a result,
there is a growing need for intelligent
algorithms that can extract meaningful insights
and support decision-making processes in real
time.

Energy management in smart grids involves the
optimal allocation and utilization of energy
resources to meet demand while minimizing
costs and environmental impact. This includes
tasks such as load forecasting, demand-side
management, distributed generation scheduling,
and energy storage optimization. Among these,
demand response has gained considerable
attention as an effective mechanism for
balancing supply and demand. Price-based
demand response programs incentivize
consumers to adjust their energy consumption
in response to dynamic pricing signals, thereby
reducing peak load and improving grid stability.
However, the success of such programs depends
on accurate prediction of consumer behavior
and efficient scheduling of energy usage, which
are inherently complex and nonlinear problems.
To address these challenges, researchers have
increasingly turned to artificial intelligence and
machine learning techniques, particularly deep
learning, due to their ability to model complex
patterns and relationships in large datasets.
Deep learning  architectures such as
convolutional neural networks and recurrent
neural networks have been widely applied in
smart grid applications for tasks such as load
forecasting, anomaly detection, and energy
consumption prediction. Recurrent neural
networks, in particular, are well-suited for time-
series analysis as they can capture temporal
dependencies and sequential patterns in data.
Variants such as Long Short-Term Memory
(LSTM) and Elman networks have demonstrated
high accuracy in predicting energy demand and
enabling adaptive control strategies.

In addition to predictive modeling, optimization
plays a crucial role in energy management by
determining the best possible configuration of
resources and operations. Traditional
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optimization = methods, such as linear
programming and dynamic programming, often
struggle with the complexity and nonlinearity of
modern smart grid systems. Consequently,
metaheuristic optimization algorithms,
including Particle Swarm Optimization, Genetic
Algorithms, and Ant Colony Optimization, have
been widely adopted due to their flexibility and
ability to find near-optimal solutions in complex
search spaces. More recently, novel algorithms
such as Fire Hawk Optimization have been
introduced, offering improved convergence
characteristics and robustness.

The integration of deep learning with
optimization techniques has led to the
development of hybrid models that leverage the
strengths of both approaches. These models use
deep learning for accurate prediction and
optimization algorithms for decision-making,
resulting in more efficient and adaptive energy
management systems. The hybrid FHO-RERNN
approach represents one such advancement,
combining the temporal modeling capabilities of
Recurrent Elman Neural Networks with the
optimization  efficiency of Fire Hawk
Optimization. This approach enables real-time

scheduling of energy resources, adaptive
demand response, and improved system
performance.

Despite significant progress, several challenges
remain in the deployment of intelligent energy
management systems. Issues such as data
privacy, cybersecurity, interoperability among
heterogeneous devices, and scalability of
algorithms must be addressed to ensure reliable
and secure operation. Furthermore, the
integration of renewable energy sources
introduces additional uncertainties due to their
intermittent nature, necessitating robust and
adaptive control strategies. The use of edge
computing and distributed architectures is
emerging as a potential solution to reduce
latency and enhance system responsiveness.
The importance of this research area extends
beyond technical advancements, as efficient
energy management is critical for achieving
sustainability goals and reducing carbon
emissions. Smart grids equipped with intelligent
energy management systems can facilitate the
integration of renewable energy, reduce energy
wastage, and empower consumers to participate
actively in energy markets. Applications range
from smart homes and buildings to industrial
energy systems and microgrids, highlighting the
broad impact of these technologies.

This paper aims to provide a comprehensive
review of deep learning and optimization
approaches in smart grid energy management,
with a particular focus on loT-enabled systems
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and price-based demand response strategies. By
examining recent developments and identifying
key trends, the paper seeks to contribute to the
understanding of how hybrid approaches such
as FHO-RERNN can enhance the efficiency and
reliability of smart grids. The subsequent
sections present a detailed literature review,
comparative analysis, and discussion of future
research directions in this rapidly evolving field.

Literature Review

The integration of deep learning and
optimization techniques in smart grid energy
management has attracted significant research
attention in recent years. Zhang et al. (2019)
proposed a mixed-integer linear programming
(MILP) model for optimal scheduling of
distributed energy resources in a smart grid
environment. Their approach incorporated
demand response and renewable energy
integration, demonstrating cost reduction and
improved energy efficiency using the IEEE 33-
bus test system. Wang et al. (2020) introduced a
Particle Swarm Optimization (PSO)-based
framework for smart home energy management,
utilizing real-time IoT data from smart meters to
optimize appliance scheduling and reduce peak
load demand.

Li et al. (2021) developed a deep reinforcement
learning (DRL) model for adaptive demand
response in smart grids. Their system leveraged
real-time pricing signals and user consumption
patterns to dynamically adjust energy usage,
achieving significant improvements in load
balancing and cost efficiency. Similarly, Chen et
al. (2020) employed Long Short-Term Memory
(LSTM) networks for short-term load
forecasting, demonstrating high prediction
accuracy using real-world smart meter datasets.
The study highlighted the effectiveness of deep
learning in capturing temporal dependencies in
energy consumption.

Kumar et al. (2021) proposed a hybrid Genetic
Algorithm (GA) and Artificial Neural Network
(ANN) model for energy optimization in
microgrids. Their approach combined predictive
modeling with optimization to achieve efficient
energy scheduling wunder varying load
conditions. In another study, Singh et al. (2022)
utilized Ant Colony Optimization (ACO) for
demand-side management in loT-enabled smart
homes, focusing on minimizing energy cost
while maintaining user comfort.

The application of convolutional neural
networks (CNNs) in energy management was
explored by Park et al. (2021), who developed a
CNN-based model for energy consumption
classification and anomaly detection. Their
system improved fault detection accuracy and
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enhanced grid reliability. Meanwhile, Ahmed et
al. (2022) proposed a hybrid LSTM-PSO model
for load forecasting and optimization,
demonstrating improved convergence speed
and prediction accuracy compared to
standalone models.

Recent advancements have also focused on
hybrid metaheuristic algorithms. Gupta et al.
(2023) introduced a Fire Hawk Optimization
(FHO) algorithm for energy scheduling in smart
grids, highlighting its superior performance in
terms of convergence and solution quality.
Building on this, Sharma et al. (2023) integrated
FHO with recurrent neural networks to develop
a hybrid FHO-RNN model for demand response

optimization, achieving significant
improvements in energy cost reduction and load
balancing.

In the context of [oT-enabled systems, Rao et al.
(2021) proposed a cloud-based energy
management framework that utilized IoT
sensors and edge computing for real-time
monitoring and control. Their system
demonstrated reduced latency and improved
scalability. Similarly, Patel et al. (2022)
developed an IoT-driven smart grid architecture
incorporating blockchain for secure data
transmission and energy trading.

The use of reinforcement learning in smart grids
has also been widely explored. Zhao et al. (2020)
proposed a Q-learning-based demand response
model that adapted to changing energy prices
and user behavior. Their approach achieved
improved energy efficiency and reduced peak
demand. In another study, Liu et al. (2021)
utilized deep Q-networks (DQN) for energy
storage management, optimizing charging and
discharging cycles in response to price
fluctuations.

Hybrid deep learning models have gained
prominence due to their ability to capture
complex patterns. Mehta et al. (2022) proposed
a CNN-LSTM hybrid model for energy
forecasting, combining spatial and temporal
feature extraction. Their model achieved
superior performance on benchmark datasets
compared to traditional methods. Similarly, Das
et al. (2023) developed a bidirectional LSTM
(BiLSTM) model for load prediction,
demonstrating enhanced accuracy in handling
nonlinear time-series data.

Optimization techniques such as Differential
Evolution (DE) and Grey Wolf Optimization
(GWO) have also been applied in energy
management. Verma et al. (2021) used DE for
optimal power flow in smart grids, achieving
reduced transmission losses. Meanwhile, Khan
et al. (2022) employed GWO for demand
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response optimization, demonstrating improved
cost savings and system stability.

The integration of renewable energy sources
has introduced additional complexity in energy
management. Ali et al. (2021) proposed a hybrid
solar-wind energy management system using
ANN-based prediction and PSO optimization.
Their system effectively handled the
intermittency of renewable sources and
improved grid reliability. Similarly, Roy et al.
(2022) developed a fuzzy logic-based energy
management system for microgrids,
incorporating renewable energy and storage
systems.

Recent studies have also explored the role of
edge computing in smart grids. Nair et al. (2023)
proposed an edge-based deep learning
framework for real-time energy management,
reducing computational overhead and latency.
Their  system demonstrated  improved
performance in large-scale [oT deployments. In
addition, Bose et al. (2022) developed a
distributed energy management system using
multi-agent systems, enabling decentralized
decision-making and improved scalability.

Comparative Table and Analysis

The application of hybrid optimization and deep
learning approaches has shown promising
results. Sharma et al. (2024) proposed the FHO-
RERNN model for price-based demand response,
combining Fire Hawk Optimization with
Recurrent Elman Neural Networks. Their
approach achieved high prediction accuracy and
efficient energy scheduling, demonstrating the

potential of hybrid models in smart grid
applications. Similarly, Igbal et al. (2023)
developed a hybrid GA-LSTM model for load
forecasting and  optimization, achieving
significant improvements in performance
metrics.

Overall, the literature indicates a growing trend
toward the integration of deep learning and

metaheuristic optimization techniques for
intelligent  energy = management.  These
approaches offer enhanced predictive
capabilities, improved optimization
performance, and greater adaptability to

dynamic environments, making them well-
suited for modern smart grid systems.

Study | Year | Optimization Component / | Platform or | Dataset Key
Technique / | Model Used System Used Contribution
Method
Zhang | 2019 | MILP DER IEEE 33-bus | Simulated Cost
etal. scheduling minimization
model
Wang 2020 | PSO Smart home | IoT system Real data Peak reduction
etal optimizer
Lietal. | 2021 | DRL RL agent Smart grid Real-time Adaptive DR
data
Chen et | 2020 | None LSTM Smart Real dataset | Load forecasting
al. meters
Kumar | 2021 | GA ANN Microgrid Simulated Scheduling
etal. optimization
Singh 2022 | ACO DSM model Smart home | IoT data Cost reduction
etal.
Park et | 2021 | None CNN Grid Image/data | Fault detection
al. monitoring | logs
Ahmed | 2022 | PSO LSTM Smart grid Benchmark | Hybrid
etal. forecasting
Gupta 2023 | FHO Optimization Smart grid Simulated Fast convergence
etal. model
Sharma | 2023 | FHO RNN Smart grid Real data Hybrid
etal. optimization
Rao et | 2021 | None IoT-cloud Smart grid IoT data Real-time control
al.
Patel et | 2022 | Blockchain IoT Smart grid Transaction | Secure  energy
al. architecture data trading
Zhao et | 2020 | Q-learning RL model Smart grid Simulated Adaptive pricing
al.
Liu et | 2021 | DQN RL model Energy Real data Storage
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al. storage optimization
Mehta | 2022 | None CNN-LSTM Smart grid Benchmark | Hybrid

et al. prediction

Das et | 2023 | None BiLSTM Smart grid Real data Improved

al. accuracy
Verma | 2021 | DE Optimization Power grid IEEE system | Loss reduction
etal.

Khanet | 2022 | GWO Optimization Smart grid Simulated Stability

al. improvement
Ali et | 2021 | PSO ANN Renewable | Real data Renewable

al. system integration
Roy et | 2022 | Fuzzy logic EMS Microgrid Simulated Stability

al.

Nair et | 2023 | None Edge DL IoT grid Real-time Low latency
al.

Bose et | 2022 | MAS Distributed Smart grid IoT data Decentralization
al. system

Sharma | 2024 | FHO RERNN Smart grid Real-time Hybrid DR
etal. optimization
Igbal et | 2023 | GA LSTM Smart grid Benchmark | Improved

al. forecasting

Comparative Analysis

The comparative analysis of the reviewed
studies reveals several important trends in the
field of smart grid energy management. One of
the most prominent observations is the
increasing adoption of hybrid approaches that
combine deep learning models  with
metaheuristic optimization algorithms.
Techniques such as LSTM-PSO, GA-ANN, and
FHO-RERNN demonstrate superior performance
in terms of prediction accuracy and optimization
efficiency compared to standalone methods.
This trend highlights the importance of
integrating predictive analytics with decision-
making mechanisms to address the complexities
of modern energy systems.

Another key trend is the widespread use of IoT-
based platforms for data acquisition and system
control. Most studies utilize real-time data from
smart meters, sensors, and IoT devices, enabling
more accurate modeling and adaptive control
strategies. The incorporation of edge computing
and cloud-based architectures further enhances
system scalability and reduces latency, making

these solutions suitable for large-scale
deployments.
In terms of optimization techniques,

metaheuristic algorithms such as PSO, GA, ACO,
GWO, and FHO are widely used due to their
flexibility and ability to handle nonlinear, high-
dimensional problems. Among these, newer
algorithms like Fire Hawk Optimization show
promising results in terms of convergence speed
and robustness. Reinforcement learning
methods, including Q-learning and DQN, are also
gaining popularity for their ability to learn
optimal policies in dynamic environments.
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Deep learning models, particularly RNN-based
architectures such as LSTM and BiLSTM, are
extensively used for load forecasting and
demand prediction. Hybrid models that combine
CNNs with RNNs provide enhanced feature
extraction capabilities, leading to improved
performance. The use of advanced architectures
such as RERNN further enhances temporal
modeling capabilities.

Dataset usage varies across studies, with a mix
of simulated data, benchmark systems, and real-
world datasets. While simulated datasets allow
for controlled experimentation, real-world data
provides more realistic insights into system
performance. The increasing availability of
smart meter data and loT-generated datasets is
expected to drive further advancements in this
field.

Overall, the analysis indicates that hybrid deep
learning and  optimization = approaches,
supported by IoT and edge computing
technologies, offer significant advantages in
terms of efficiency, scalability, and adaptability.
These approaches are well-positioned to
address the challenges of modern smart grid
energy management systems.

Discussion

The integration of deep learning and
optimization techniques in IoT-enabled smart
grid environments represents a transformative
advancement in modern energy systems. The
reviewed literature clearly demonstrates that
intelligent energy management systems are
becoming increasingly sophisticated, leveraging
data-driven approaches to address the inherent
complexities of energy distribution,
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consumption, and pricing. One of the most
significant implications of this research field is
the shift from reactive to proactive energy
management, where predictive analytics and
optimization algorithms enable systems to
anticipate demand patterns and respond
dynamically to changing conditions. This
transition is critical for ensuring grid stability,
especially in the presence of intermittent
renewable energy sources such as solar and
wind.

The effectiveness of the methods reviewed in
this paper is evident in their ability to improve
key performance metrics, including energy cost
reduction, peak load minimization, and system
reliability. Deep learning models, particularly
recurrent architectures such as LSTM, BiLSTM,
and RERNN, have shown remarkable capability
in capturing temporal dependencies in energy
consumption data. These models provide highly
accurate load forecasts, which are essential for
implementing demand response strategies.
When combined with optimization techniques
such as PSO, GA, and FHO, these predictive
models enable intelligent scheduling of energy
resources, resulting in more efficient and
balanced energy systems.

The hybrid FHO-RERNN approach, in particular,
stands out as a promising solution for smart grid
energy management. The Fire Hawk
Optimization algorithm offers strong global
search capabilities and fast convergence, making
it suitable for solving complex optimization
problems with multiple constraints. On the
other hand, the Recurrent Elman Neural
Network provides robust temporal modeling,
allowing the system to learn from historical data
and adapt to changing consumption patterns.
The synergy between these two components
enables the development of adaptive demand
response strategies that respond effectively to
real-time price signals, thereby enhancing both
economic and operational efficiency.

Despite these advantages, several limitations
and challenges persist in the current state of
research. One of the primary concerns is the
scalability of deep learning models and
optimization algorithms in large-scale smart
grid environments. As the number of IoT devices
increases, the volume of data generated grows
exponentially, leading to increased
computational complexity and potential latency
issues. While edge computing has been
proposed as a solution to mitigate these
challenges, its integration with existing grid
infrastructure requires further investigation.
Another critical issue is data privacy and
cybersecurity. The extensive use of 10T devices
and real-time data exchange exposes smart
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grids to potential cyber threats, including data
breaches and malicious attacks. Ensuring secure
communication and data integrity is essential
for maintaining the reliability of energy
management systems. Techniques such as
blockchain and encryption have been explored
in the literature, but their implementation often
introduces additional computational overhead.
Interoperability among heterogeneous devices
and systems is another challenge that affects the
deployment of intelligent energy management
solutions. Smart grids consist of a wide range of
devices from different manufacturers, each with
its own communication protocols and standards.
Achieving seamless integration and
coordination among these components is crucial
for effective system operation. Standardization
efforts and the development of unified
communication frameworks are necessary to
address this issue.

The reviewed studies also highlight the
importance of real-world data in validating the
performance of proposed models. While many
approaches demonstrate promising results
using simulated datasets, their effectiveness in
real-world scenarios may vary due to factors
such as data noise, uncertainty, and
environmental variability. Therefore, there is a
need for more extensive experimentation using
large-scale, real-world datasets to ensure the
robustness and generalizability of these models.
From an application perspective, the
advancements in  smart grid energy
management have significant implications for
various sectors, including residential,
commercial, and industrial domains. In smart
homes, intelligent energy management systems
can optimize appliance usage, reduce electricity
bills, and enhance user comfort. In industrial
settings, these systems can improve operational
efficiency and reduce energy consumption,
contributing to sustainability goals. Moreover,
the integration of renewable energy sources and
energy storage systems can further enhance the
resilience and flexibility of smart grids.

Looking ahead, the future of smart grid energy
management lies in the continued integration of
advanced technologies such as artificial
intelligence, edge computing, and blockchain.
The development of more efficient and scalable
algorithms, along with the adoption of
standardized communication protocols, will be
essential for enabling widespread deployment.
Additionally, the incorporation of user behavior
modeling and human-in-the-loop approaches
can further enhance the effectiveness of demand
response programs.
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Conclusion
The rapid advancement of smart grid
technologies, coupled with the increasing

integration of [oT devices and renewable energy
sources, has created a pressing need for
intelligent and adaptive energy management
systems. This review paper has provided a
comprehensive analysis of deep learning and
optimization approaches for energy
management in smart grids, with a particular
focus on price-based demand response and
hybrid methodologies such as the FHO-RERNN
framework. The findings from the reviewed
literature underscore the critical role of data-
driven  techniques in  addressing the
complexities of modern energy systems and
highlight the potential of hybrid approaches in
achieving optimal performance.

One of the key insights from this review is the
effectiveness of deep learning models in
capturing complex patterns and temporal
dependencies in energy consumption data.
Architectures such as LSTM, CNN, and RERNN
have demonstrated high accuracy in load
forecasting and demand prediction, which are
essential components of energy management
systems. These models enable the development
of predictive frameworks that can anticipate
future energy demands and facilitate proactive
decision-making. However, their performance is
highly dependent on the availability of high-
quality data and computational resources, which
may pose challenges in large-scale deployments.
The integration of optimization techniques with
deep learning models has emerged as a
powerful approach for enhancing the efficiency

and adaptability of energy management systems.

Metaheuristic algorithms such as PSO, GA, ACO,
and FHO provide flexible and robust solutions
for solving complex optimization problems in
smart grids. Among these, Fire Hawk
Optimization has shown promising results due
to its fast convergence and ability to escape local
optima. When combined with deep learning
models, these optimization techniques enable
the development of hybrid systems that
leverage both predictive accuracy and decision-
making efficiency.

The hybrid FHO-RERNN approach represents a
significant advancement in this domain, offering
a comprehensive solution for energy
management in loT-enabled smart grids. By
combining the strengths of Fire Hawk
Optimization and Recurrent Elman Neural
Networks, this approach enables accurate load
forecasting, efficient energy scheduling, and
adaptive demand response strategies. The
ability to respond to real-time price signals and
dynamically adjust energy usage makes this
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framework particularly suitable for modern
energy markets, where price volatility and
demand fluctuations are common.

Another important observation from this review
is the growing importance of IoT and edge
computing technologies in smart grid
applications. IoT devices provide real-time data
that is essential for monitoring and controlling
energy systems, while edge computing enables
local data processing, reducing latency and
improving  system  responsiveness. The
integration of these technologies with deep
learning and optimization algorithms creates a
powerful ecosystem for intelligent energy
management.

Despite the significant progress made in this
field, several challenges remain to be addressed.
Issues related to data privacy, cybersecurity,
interoperability, and scalability continue to
hinder the widespread adoption of intelligent
energy management systems. Addressing these
challenges will require a multidisciplinary
approach, involving advancements in hardware,
software, and communication technologies.
Furthermore, the development of standardized
frameworks and protocols will be essential for

ensuring seamless integration and
interoperability = among  diverse  system
components.

Future research directions in this domain
include the exploration of advanced deep
learning architectures, such as transformer-
based models and graph neural networks, which
have the potential to further improve prediction
accuracy and system performance. Additionally,
the incorporation of reinforcement learning and
multi-agent systems can enable more adaptive
and decentralized energy management
strategies. The use of digital twins and
simulation-based approaches can also facilitate
the testing and validation of new models in
realistic environments.

The integration of renewable energy sources
and energy storage systems will continue to play
a crucial role in shaping the future of smart
grids. Intelligent energy management systems
must be capable of handling the variability and
uncertainty associated with these sources,
ensuring reliable and efficient operation. Hybrid
approaches that combine forecasting,
optimization, and real-time control will be
essential for achieving this goal.

In conclusion, the convergence of deep learning,
optimization algorithms, and IoT technologies is
paving the way for the next generation of smart
grid energy management systems. The hybrid
FHO-RERNN approach exemplifies the potential
of such integrated frameworks in addressing the
challenges of modern energy systems. By
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leveraging advanced computational techniques
and real-time data, these systems can achieve
improved efficiency, reliability, and
sustainability, contributing to the global
transition toward cleaner and smarter energy
infrastructures.  Continued research and
innovation in this field will be essential for
realizing the full potential of smart grids and
ensuring a sustainable energy future.
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