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Abstract 

The evolution of smart grids and digital substations has significantly 
transformed modern power systems by enabling real-time monitoring, 
intelligent control, and efficient energy management. The integration of 
Internet of Things (IoT) technologies into substations and smart grids 
facilitates continuous data acquisition from distributed sensors, 
enhancing system visibility and operational efficiency. However, 
challenges such as load variability, renewable energy intermittency, 
energy management complexity, and cyber-physical security remain 
critical concerns. Recent advancements in deep learning, particularly 
Convolutional Neural Networks (CNNs) and emerging holographic 
convolutional neural networks (HCNNs), have demonstrated strong 
capabilities in handling high-dimensional grid data, enabling predictive 
analytics, fault detection, and energy optimization. IoT-enabled smart 
grids allow real-time monitoring and control of power parameters, 
improving load management and reducing energy losses. Additionally, 
deep learning models enhance grid stability, demand forecasting, and 
cyber-physical system security in modern power systems. The 
integration of renewable energy sources (solar, wind) and electric 
vehicles (EVs) introduces additional complexity due to fluctuating 
generation and dynamic load demand. IoT-driven systems combined 
with intelligent algorithms enable adaptive energy distribution and 
demand-response mechanisms, improving grid resilience and 
sustainability. This review presents a comprehensive analysis of IoT-
driven control and monitoring systems for substations and smart grids, 
focusing on deep learning approaches, including holographic CNNs, 
renewable energy integration, and EV-based load management. It 
highlights recent advancements, comparative methodologies, 
challenges, and future research directions. 
 

 
Introduction  
The rapid growth of energy demand, coupled 
with the increasing integration of renewable 
energy sources and electric vehicles, has 
necessitated the transformation of traditional 
power systems into intelligent and adaptive 
smart grids. Smart grids represent a modernized 
electrical network that integrates advanced 

communication technologies, automation 
systems, and data analytics to improve the 
efficiency, reliability, and sustainability of energy 
distribution. One of the key components of smart 
grids is the substation, which plays a crucial role 
in controlling and monitoring power flow across 
the network. 
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The integration of Internet of Things (IoT) 
technologies into substations and smart grids has 
revolutionized power system monitoring and 
control. IoT-enabled sensors and devices 
continuously collect real-time data related to 
voltage, current, frequency, and load conditions. 
This data is transmitted through communication 
networks, enabling utilities to monitor system 
performance, detect faults, and make informed 
decisions. IoT-based monitoring systems 
significantly improve grid visibility and enable 
proactive maintenance, reducing downtime and 
operational costs. 
 

 
Figure 1. IoT-Based Smart Grid Monitoring 

Framework with HCNN 
 
Wireless communication and distributed sensing 
technologies have enabled the development of 
advanced monitoring systems capable of 
handling large-scale power networks. However, 
the increasing complexity of smart grids, 
particularly with the integration of renewable 
energy sources and electric vehicles, presents 
significant challenges. Renewable energy sources 
such as solar and wind are inherently 
intermittent, leading to fluctuations in power 
generation. Similarly, the growing adoption of 
electric vehicles introduces dynamic and 
unpredictable load patterns, further 
complicating energy management. 
To address these challenges, deep learning 
techniques have been widely adopted in smart 
grid applications. Convolutional Neural 
Networks (CNNs) have demonstrated 
exceptional performance in analyzing grid data, 
enabling accurate load forecasting, fault 
detection, and anomaly identification. Advanced 
architectures such as holographic convolutional 
neural networks extend these capabilities by 
capturing multi-dimensional relationships in 
complex datasets, making them suitable for 
large-scale smart grid systems. 
Recent research indicates that deep learning 
models can significantly improve grid stability 

and energy efficiency by enabling predictive 
analytics and adaptive control mechanisms . 
These models analyze historical and real-time 
data to predict energy demand, optimize 
resource allocation, and enhance system 
reliability. Furthermore, reinforcement learning 
and hybrid deep learning approaches have been 
applied to optimize energy dispatch and load 
balancing in IoT-enabled smart grids. 
The integration of renewable energy into smart 
grids has been enhanced through intelligent 
algorithms that optimize energy generation, 
forecasting, and distribution. Machine learning 
techniques improve renewable energy 
management while reducing dependence on 
conventional power sources. Electric vehicles 
further support smart grids through vehicle-to-
grid interactions, acting as both energy 
consumers and storage units. However, IoT-
based smart grids remain vulnerable to 
cyberattacks due to extensive connectivity and 
data exchange, making security and privacy 
essential concerns. Additionally, advanced deep 
learning models often require high 
computational resources. This review highlights 
recent developments in IoT-driven smart grid 
monitoring, renewable energy integration, and 
EV management, emphasizing secure, intelligent, 
and energy-efficient power system architectures 
for future smart grid applications. 
 
Literature Review  
Gungor et al. (2020) presented a comprehensive 
IoT-based smart grid monitoring framework 
focusing on communication architectures and 
real-time data acquisition in substations. The 
study emphasized the role of wireless sensor 
networks in enabling continuous monitoring of 
grid parameters such as voltage, current, and 
frequency. The framework improved system 
visibility and fault detection capabilities. 
However, the study identified challenges related 
to data latency, interoperability, and scalability. 
This work provides a foundational 
understanding of IoT-driven smart grid systems. 
Fang et al. (2021) proposed a deep learning-
based energy management system for smart 
grids integrating renewable energy sources. The 
model utilized convolutional neural networks for 
load forecasting and energy optimization, 
achieving high prediction accuracy. The system 
effectively managed fluctuations in renewable 
energy generation and improved grid stability. 
However, the model required large datasets and 
high computational resources. This study 
highlights the importance of AI-driven predictive 
analytics in smart grids. 
Hussain et al. (2022) developed an IoT-enabled 
substation monitoring system integrating 
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machine learning for fault detection and 
predictive maintenance. The system collected 
real-time data from sensors and applied 
classification algorithms to identify anomalies in 
power systems. The results demonstrated 
improved fault detection accuracy and reduced 
downtime. However, the system faced challenges 
related to data security and communication 
reliability. This study emphasizes the role of IoT 
in enhancing substation monitoring. 
Zhang et al. (2022) introduced a hybrid deep 
learning framework combining CNN and Long 
Short-Term Memory (LSTM) networks for smart 
grid load forecasting. The model captured both 
spatial and temporal patterns in energy 
consumption data, improving prediction 
accuracy. The system demonstrated effective 
integration of renewable energy sources into the 
grid. However, the hybrid architecture increased 
computational complexity. This study highlights 
the effectiveness of hybrid deep learning models 
in smart grid applications. 
Kumar et al. (2023) proposed an IoT-based smart 
grid system integrating electric vehicle (EV) 
management and renewable energy 
optimization. The model utilized machine 
learning algorithms to predict EV charging 
demand and optimize energy distribution. The 
system improved grid efficiency and reduced 
peak load stress. However, challenges related to 
dynamic load variability and scalability were 
identified. This study highlights the importance 
of EV integration in smart grid systems. 
Li et al. (2021) proposed an IoT-based smart grid 
monitoring system integrated with deep learning 
for fault detection and energy management. The 
model utilized convolutional neural networks 
(CNNs) to analyze real-time grid data and 
identify anomalies in substation operations. The 
system demonstrated improved fault detection 
accuracy and faster response times compared to 
traditional methods. However, the model 
required significant computational resources 
and faced challenges in handling large-scale grid 
data. This study highlights the role of deep 
learning in enhancing smart grid reliability. 
Alahakoon and Yu (2021) presented a 
comprehensive framework for smart grid energy 
management using artificial intelligence and IoT 
technologies. The study emphasized demand-
side management and renewable energy 
integration using machine learning models. The 
system improved energy efficiency and reduced 
operational costs. However, challenges related to 
data heterogeneity and communication delays 
were identified. This work provides insights into 
intelligent energy management in IoT-enabled 
smart grids. 

Siano et al. (2022) developed a smart grid control 
system integrating IoT and optimization 
algorithms for energy distribution. The system 
utilized predictive models to manage energy 
demand and supply dynamically, particularly in 
renewable energy environments. The results 
showed improved grid stability and reduced 
energy losses. However, the system required 
complex optimization techniques and high 
computational power. This study highlights the 
importance of optimization-driven control 
mechanisms in smart grids. 
Wang et al. (2022) proposed a deep learning-
based smart grid monitoring system using hybrid 
CNN-LSTM architectures for load forecasting and 
anomaly detection. The model captured both 
spatial and temporal dependencies in energy 
data, achieving high prediction accuracy. The 
system improved renewable energy integration 
and grid reliability. However, the hybrid model 
increased computational complexity and training 
time. This study emphasizes the effectiveness of 
hybrid deep learning models in smart grid 
applications. 
Chen et al. (2023) introduced an advanced deep 
learning framework incorporating holographic 
convolutional neural networks (HCNNs) for 
smart grid monitoring and control. The model 
processed high-dimensional energy data and 
captured complex relationships between grid 
components. The system demonstrated 
improved performance in load forecasting and 
fault detection compared to traditional CNN 
models. However, the HCNN architecture 
required significant computational resources 
and specialized implementation techniques. This 
study highlights the potential of advanced neural 
architectures in next-generation smart grids. 
Khan et al. (2021) proposed an IoT-based smart 
grid architecture integrating renewable energy 
sources with intelligent monitoring systems. The 
framework utilized machine learning algorithms 
for energy demand forecasting and load 
balancing. The system improved grid stability 
and enabled efficient utilization of renewable 
energy resources. However, challenges related to 
data integration and communication reliability 
were identified. This study highlights the 
importance of intelligent IoT architectures in 
renewable energy integration. 
Alotaibi et al. (2022) developed a smart grid 
energy management system using optimization 
techniques for integrating renewable energy and 
electric vehicles. The model employed particle 
swarm optimization (PSO) to optimize energy 
distribution and reduce peak load demand. The 
system demonstrated improved efficiency and 
reduced operational costs. However, the 
optimization process required careful parameter 
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tuning and increased computational complexity. 
This study emphasizes the role of optimization in 
smart grid systems. 
Singh et al. (2022) introduced an IoT-enabled 
smart grid system for electric vehicle (EV) 
integration using machine learning algorithms. 
The system predicted EV charging demand and 
optimized energy distribution to prevent grid 
overload. The results showed improved grid 
performance and reduced energy consumption 
during peak hours. However, the system faced 
challenges related to scalability and dynamic 
load variability. This study highlights the 
importance of EV integration in smart grids. 
Zhao et al. (2023) proposed a hybrid deep 
learning model combining CNN and optimization 
algorithms for smart grid monitoring and 
renewable energy management. The model 
improved load forecasting accuracy and 
optimized energy distribution. The system 
demonstrated enhanced performance in 
integrating renewable energy sources into the 
grid. However, the hybrid architecture increased 
computational requirements. This study 
highlights the effectiveness of combining deep 
learning with optimization techniques. 
Verma et al. (2023) developed an IoT-based 
smart grid monitoring system integrating electric 
vehicle management and renewable energy 
optimization using adaptive algorithms. The 
system dynamically adjusted energy distribution 
based on real-time conditions, improving grid 
efficiency and stability. The model demonstrated 
improved performance in handling fluctuating 
energy demand. However, the system required 
complex algorithm design and increased 
computational overhead. This study emphasizes 
the role of adaptive algorithms in smart grid 
systems. 
Ullah et al. (2021) proposed an IoT-based smart 
grid monitoring system integrating wireless 
sensor networks for real-time data acquisition in 
substations. The system enabled continuous 
monitoring of grid parameters and improved 
fault detection capabilities. The framework 
enhanced system reliability and reduced 
operational downtime. However, high energy 
consumption and communication overhead were 
identified as major challenges. This study 
highlights the importance of energy-efficient 
WSN integration in smart grids. 
Alhussein et al. (2022) developed an energy-
efficient routing protocol for WSN-based smart 
grid monitoring systems using optimization 
techniques. The model optimized 
communication paths to reduce energy 
consumption and extend network lifetime. The 
system demonstrated improved network 
efficiency and reduced data transmission delays. 

However, the routing algorithm required 
complex computations and parameter tuning. 
This study emphasizes the role of energy-
efficient communication strategies in smart 
grids. 
Kaur et al. (2023) proposed a federated learning-
based IoT framework for smart grid monitoring 
and control. The system enabled decentralized 
data processing, ensuring data privacy and 
reducing communication overhead. The model 
achieved improved scalability and security in 
smart grid environments. However, 
synchronization and communication latency 
were identified as challenges. This study 
highlights the importance of privacy-preserving 
techniques in IoT-based smart grids. 
Yang et al. (2022) introduced an edge computing-
based smart grid monitoring system using deep 
learning for real-time analysis. The system 
processed data locally at edge nodes, reducing 
latency and improving system performance. The 
approach demonstrated improved scalability and 
energy efficiency compared to cloud-based 
systems. However, the deployment of edge 
infrastructure increased system cost and 
complexity. This study emphasizes the role of 
edge computing in modern smart grids. 
Sharma et al. (2022) proposed a hybrid IoT-
based smart grid system integrating deep 
learning and optimization techniques for energy 
management. The model utilized particle swarm 
optimization (PSO) for optimizing energy 
distribution and reducing losses. The system 
demonstrated improved efficiency and 
reliability. However, the integration of 
optimization algorithms increased 
computational complexity. This study highlights 
the importance of hybrid approaches in smart 
grid systems. 
Alqahtani et al. (2022) proposed a blockchain-
enabled IoT framework for smart grid 
monitoring and control. The system ensured 
secure data transmission and storage while 
integrating deep learning models for anomaly 
detection. The blockchain layer enhanced data 
integrity and prevented unauthorized access in 
substation communication networks. However, 
the integration of blockchain introduced latency 
and increased computational overhead. This 
study highlights the importance of secure 
architectures in smart grid systems. 
Reddy et al. (2022) developed an optimization-
based energy management system for smart 
grids using genetic algorithms. The model 
optimized power distribution and load balancing, 
particularly in renewable energy environments. 
The system demonstrated improved efficiency 
and reduced energy losses. However, the 
optimization process required continuous 
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updates and increased computational 
complexity. This study emphasizes the role of 
evolutionary algorithms in smart grid 
optimization. 
Hassan et al. (2023) introduced a hybrid deep 
learning-based smart grid monitoring system 
integrating IoT and adaptive algorithms. The 
model dynamically adjusted system parameters 
such as load distribution and energy 
consumption based on real-time conditions. The 
system demonstrated improved scalability and 
energy efficiency. However, the adaptive 
algorithms required large datasets and increased 
system complexity. This study highlights the role 
of adaptive intelligence in smart grids. 
Wang et al. (2023) proposed an advanced deep 
learning framework incorporating holographic 
convolutional neural networks (HCNNs) for 
smart grid monitoring and renewable energy 
integration. The model captured high-
dimensional relationships in energy data, 
improving prediction accuracy and system 
reliability. The system demonstrated superior 
performance compared to traditional CNN 
models. However, the HCNN architecture 
required significant computational resources. 
This study highlights the potential of advanced 
neural architectures in smart grid systems. 
Iqbal et al. (2021) developed a lightweight IoT-
based smart grid monitoring system using 
traditional machine learning techniques. The 
system focused on reducing computational 
complexity and improving energy efficiency in 
WSN environments. While the model achieved 
moderate accuracy, it lacked the capability to 
handle complex energy data compared to deep 
learning approaches. This study highlights the 
trade-off between efficiency and performance in 
IoT-based smart grid systems. 
Park et al. (2022) proposed a deep learning-
based smart grid monitoring system integrating 
IoT and renewable energy forecasting. The model 
utilized convolutional neural networks to predict 
energy generation from renewable sources such 
as solar and wind. The system improved grid 
stability and enabled efficient energy 
management. However, the model required large 
datasets and high computational resources. This 
study highlights the importance of predictive 
analytics in renewable energy integration. 

Torres et al. (2021) developed a smart grid 
optimization framework using sparse learning 
techniques combined with machine learning 
models. The system reduced data redundancy 
and improved energy efficiency in IoT-based 
monitoring systems. The approach 
demonstrated improved performance in energy 
management tasks. However, the system 
required careful parameter tuning and increased 
computational complexity. This study 
emphasizes efficient data representation in 
smart grid systems. 
Kim et al. (2023) introduced a reinforcement 
learning-based smart grid control system for 
electric vehicle (EV) integration and energy 
management. The model dynamically optimized 
EV charging schedules and energy distribution to 
reduce peak load demand. The system 
demonstrated improved grid efficiency and 
reduced energy consumption. However, the 
training process required significant 
computational resources. This study highlights 
the role of intelligent optimization techniques in 
EV-integrated smart grids. 
Sinha et al. (2022) proposed a quantized deep 
learning model for smart grid monitoring and 
control in IoT environments. The model reduced 
computational complexity and energy 
consumption, enabling deployment on resource-
constrained devices. The system maintained high 
accuracy while improving efficiency. However, 
slight performance degradation was observed 
due to quantization. This study demonstrates the 
effectiveness of lightweight models in smart grid 
applications. 
Chen et al. (2023) developed a hybrid IoT-based 
smart grid system integrating deep learning, 
optimization techniques, and renewable energy 
management. The model combined CNN-based 
analysis with optimization algorithms for 
efficient energy distribution and fault detection. 
The system demonstrated improved 
performance in load forecasting, energy 
efficiency, and system reliability. However, the 
integration of multiple techniques increased 
system complexity and computational overhead. 
This study represents a comprehensive approach 
to modern smart grid systems. 

 
Comparative Table  

Study Year Technique Used Key Contribution Advantages Limitations 
Gungor et al. 2020 IoT + WSN Smart grid 

monitoring 
Real-time data Latency issues 

Fang et al. 2021 CNN Load forecasting High accuracy High 
computation 

Hussain et al. 2022 IoT + ML Fault detection Reliable Security issues 
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Zhang et al. 2022 CNN + LSTM Load prediction Temporal 
modelling 

Complexity 

Kumar et al. 2023 ML + EV EV energy 
management 

Efficient Scalability 

Li et al. 2021 CNN + IoT Fault detection Fast response Resource heavy 
Alahakoon & 
Yu 

2021 AI + IoT Energy 
management 

Cost reduction Data 
heterogeneity 

Siano et al. 2022 Optimization Energy 
distribution 

Stability Complexity 

Wang et al. 2022 CNN + LSTM Smart grid 
prediction 

Accurate High training 
time 

Chen et al. 2023 HCNN Advanced 
modelling 

High 
performance 

Resource heavy 

Khan et al. 2021 IoT + ML Renewable 
integration 

Efficient Data issues 

Alotaibi et al. 2022 PSO Energy 
optimization 

Cost saving Complexity 

Singh et al. 2022 ML + EV EV load prediction Efficient Dynamic 
variability 

Zhao et al. 2023 CNN + 
Optimization 

Load forecasting Accurate High 
computation 

Verma et al. 2023 Adaptive 
Algorithms 

Dynamic control Flexible Complexity 

Ullah et al. 2021 IoT + WSN Monitoring system Reliable Energy usage 
Alhussein et 
al. 

2022 Routing 
Optimization 

Energy saving Long lifetime Complexity 

Kaur et al. 2023 Federated Learning Privacy 
preservation 

Secure Sync issues 

Yang et al. 2022 Edge + DL Real-time analysis Low latency Cost 
Sharma et al. 2022 DL + PSO Energy 

optimization 
Efficient Complexity 

Alqahtani et 
al. 

2022 Blockchain + IoT Secure system Data integrity Latency 

Reddy et al. 2022 GA Optimization Energy efficiency Reduced loss Complexity 
Hassan et al. 2023 Adaptive DL Dynamic system Flexible Data need 
Wang et al. 2023 HCNN Advanced deep 

learning 
Accurate High cost 

Iqbal et al. 2021 ML + IoT Lightweight 
system 

Low energy Lower accuracy 

Park et al. 2022 CNN Renewable 
forecasting 

Reliable Data 
requirement 

Torres et al. 2021 Sparse Learning Efficient encoding Reduced data Tuning needed 
Kim et al. 2023 RL EV optimization Energy efficient Training cost 
Sinha et al. 2022 Quantized DL Low energy model Lightweight Accuracy trade-

off 
Chen et al. 2023 Hybrid DL + 

Optimization 
End-to-end 
system 

High 
performance 

Complex 

 
Comparative Analysis  
The comparative analysis of studies conducted 
between 2020 and 2023 reveals a significant 
evolution in IoT-driven control and monitoring of 
substations and smart grids. Early research 
primarily focused on IoT-enabled monitoring 
systems and traditional machine learning 
approaches for fault detection and energy 
management. These systems improved grid 
visibility and reliability but were limited in 

handling large-scale data and complex system 
dynamics. With the advancement of deep 
learning, convolutional neural networks and 
hybrid architectures such as CNN-LSTM have 
become dominant in smart grid applications. 
These models effectively capture both spatial and 
temporal patterns in energy data, enabling 
accurate load forecasting and fault detection. The 
introduction of holographic convolutional neural 
networks further enhances the capability to 
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process high-dimensional grid data, improving 
prediction accuracy and system performance. 
A major trend observed is the integration of 
renewable energy sources and electric vehicles 
into smart grids. Machine learning and 
optimization techniques have been widely used 
to manage fluctuating energy generation and 
dynamic load demand. Reinforcement learning 
and adaptive algorithms enable intelligent 
energy distribution and demand-response 
mechanisms, improving grid efficiency and 
stability. Energy efficiency and network 
performance are critical aspects of IoT-based 
smart grid systems. Wireless sensor networks 
play a key role in data collection and 
communication, and optimization-based routing 
protocols have been developed to reduce energy 
consumption and extend network lifetime. 
Additionally, edge computing has been 
introduced to reduce latency and improve real-
time processing capabilities. 
Security and privacy are also major concerns in 
IoT-based smart grids. Blockchain-based 
frameworks have been proposed to ensure 
secure data transmission and protect critical 
infrastructure from cyber threats. However, 
these systems introduce additional 
computational overhead and latency. Overall, 
hybrid approaches combining IoT, deep learning, 
optimization techniques, and advanced 
architectures such as HCNN offer the most 
promising solutions for smart grid monitoring 
and control. However, challenges such as 
scalability, computational complexity, and real-
time deployment remain key areas for future 
research. 
 
Discussion  
The reviewed studies indicate that IoT-driven 
control and monitoring of substations and smart 
grids have undergone significant advancements 
with the integration of deep learning, 
optimization techniques, and advanced neural 
architectures such as holographic convolutional 
neural networks. IoT technologies have enabled 
real-time data acquisition and monitoring, 
improving grid visibility and fault detection 
capabilities. Deep learning models, particularly 
CNN and hybrid CNN-LSTM architectures, have 
enhanced prediction accuracy for load 
forecasting and anomaly detection. Energy 
efficiency remains a critical concern in smart grid 
systems, especially with the integration of 
wireless sensor networks. Optimization 
techniques such as particle swarm optimization, 
genetic algorithms, and reinforcement learning 
have been widely used to improve energy 
distribution and reduce system losses.  

Additionally, the integration of renewable energy 
sources and electric vehicles introduces dynamic 
load variations, requiring adaptive algorithms for 
efficient energy management. Edge computing 
and federated learning have improved real-time 
processing and data privacy, while blockchain-
based systems have enhanced security in smart 
grid environments. However, these technologies 
introduce additional computational complexity 
and implementation challenges. Overall, the 
combination of IoT, deep learning, and 
optimization techniques provides a promising 
framework for developing intelligent, efficient, 
and secure smart grid systems. 
 
Conclusion  
The transformation of traditional power systems 
into intelligent smart grids has been driven by 
the integration of Internet of Things (IoT) 
technologies, advanced communication systems, 
and artificial intelligence. Substations, being 
critical components of power systems, have 
greatly benefited from IoT-based monitoring and 
control, enabling real-time data acquisition, 
improved system visibility, and proactive fault 
management. This comprehensive review has 
explored the recent advancements in IoT-driven 
control and monitoring of substations and smart 
grids, focusing on the integration of renewable 
energy sources, electric vehicles, and advanced 
deep learning architectures such as holographic 
convolutional neural networks. Deep learning 
techniques, particularly convolutional neural 
networks and hybrid architectures, have 
demonstrated significant improvements in 
analysing complex grid data and enabling 
accurate load forecasting, fault detection, and 
anomaly identification. These models have 
enhanced the efficiency and reliability of smart 
grid systems by automating data analysis and 
enabling predictive decision-making. The 
emergence of holographic convolutional neural 
networks has further extended these capabilities 
by capturing high-dimensional relationships in 
large-scale energy data, making them suitable for 
next-generation smart grid applications. 
The integration of renewable energy sources into 
smart grids presents both opportunities and 
challenges. Renewable energy sources such as 
solar and wind are inherently intermittent, 
leading to fluctuations in power generation. 
Machine learning and optimization techniques 
have been effectively used to predict energy 
generation and manage its integration into the 
grid. Similarly, the growing adoption of electric 
vehicles introduces dynamic load patterns, 
requiring intelligent energy management 
systems to prevent grid instability. 
Reinforcement learning and adaptive algorithms 
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have been widely used to optimize EV charging 
schedules and energy distribution. Wireless 
sensor networks play a crucial role in IoT-based 
smart grid systems by enabling data collection 
and communication between distributed 
components. However, energy efficiency remains 
a key challenge due to the limited battery 
capacity of sensor nodes. Optimization-based 
routing protocols and energy-efficient 
communication strategies have been developed 
to extend network lifetime and improve system 
performance. 
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