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Abstract 

The rapid expansion of renewable energy and the electrification of transport are reshaping electricity demand, 

exposing the fragility of conventional grids designed for centralized and predictable generation: global electricity 

demand rose by 4.3% in 2024, adding more than 1,000 TWh in a single year, while renewables now contribute 

over 30% of global generation, led by wind and solar; traditional grid management systems, built on static models, 

deterministic forecasting and centralized control, are increasingly inadequate for handling such variability and 

complexity, creating the need for adaptive, data-driven approaches. Artificial intelligence has addressed this 

pressure by improving forecasting, predictive maintenance, renewable integration, and operational stability, 

while easing operator workload through automated optimization and shifting the grid from reactive management 

to proactive, self-optimizing operation, thereby positioning it as a cornerstone of resilient and sustainable energy 

systems. This review synthesizes AI applications in smart grids, focusing on learning algorithms, optimization 

methods, and emerging hybrid approaches, with contributions organized across forecasting, renewable 

integration, demand-side management, resilience, and cybersecurity, and with analysis of computational trade-

offs and real-time performance. By linking these advances with persistent challenges including robustness under 

extreme events, interoperability, and explainability the review highlights key technical bottlenecks and future 

research directions and establishes a framework to guide the development of AI-enabled smart grids from 

experimental models to scalable, resilient, and societally embedded infrastructures that support the global energy 

transition. 

Keywords Smart Grids, Artificial Intelligence, Machine Learning, Long Short-Term Memory (LSTM), 

Metaheuristic Optimization.  
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I. Introduction 

Artificial Intelligence (AI) is increasingly transforming energy efficiency by providing advanced 

solutions to the challenges of managing consumption in buildings, transportation, and industry. In the context of 

climate change, energy security, and sustainability, AI has become a vital tool for optimizing energy use [1]. The 

electricity grid represents one of the most profound technological milestones in modern civilization, 

fundamentally shaping industrial development, economic expansion, and societal advancement since its 

emergence. Serving as the core infrastructure of contemporary energy systems, it facilitates the generation, 

transmission, and distribution of electrical power to populations and industries on a global scale. However, 

conventional grid management systems, reliant on simplified or static models, deterministic forecasting, and 

centralized control, are increasingly inadequate for modern power networks characterized by fluctuating demand, 

variable renewable generation, and growing cyber–physical vulnerabilities [1]–[3]. These limitations contribute 

to inefficiencies such as energy losses, higher operational costs, difficulties in accommodating diverse generation 

sources, and vulnerability to large-scale outages, thereby creating a pressing demand for more decentralized, 

flexible, and intelligent grid operation [4], [5]. 

In response to these challenges, the grid has begun to transition from a rigid, centrally controlled system 

with unidirectional power flow to a more adaptive smart grid paradigm. Enabled by advances in digitalization, 

automation, and renewable energy integration, smart grids integrate advanced sensors, communication networks, 

and automated control technologies to optimize electricity generation, distribution, and consumption [6], [7]. 

Their ability to detect and respond to faults in real time enhances system reliability and minimizes power 

disruptions, while improved efficiency is achieved by reducing transmission losses and enabling the seamless 

incorporation of renewable sources such as solar and wind [8]. At the same time, high penetration of distributed 

and renewable resources increases uncertainty and operational complexity, so that conventional rule-based and 

model-driven strategies cannot fully exploit the flexibility of modern power systems. This has elevated the need 
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for adaptive, data-driven decision-making that can operate under real-time constraints and support secure, resilient 

system operation. 

Traditional energy management systems relied on basic control mechanisms that are not sufficient for 

the complexities of contemporary smart grids. To address these challenges, artificial intelligence (AI) and machine 

learning (ML) have emerged as transformative tools that enhance renewable energy integration and stabilize grid 

performance. Contemporary smart energy management systems employ predictive analytics, real-time monitoring, 

and adaptive decision-making to optimize generation, storage, and consumption [9]. Advanced techniques such 

as deep learning, reinforcement learning, and neural networks process vast streams of historical and real-time data 

to forecast load and renewable output, support secure dispatching decisions, and enable rapid fault detection and 

diagnosis in transmission and distribution networks [10], [11], [12]. By aligning energy flows with consumption 

trends, weather conditions, and system constraints, these methods reduce waste, improve reliability, and enhance 

the efficiency of storage technologies through optimized charging–discharging cycles, while AI-driven predictive 

maintenance strengthens grid reliability by identifying potential failures in advance [13]. 

Within this context, a rapidly growing body of research applies learning algorithms, optimization 

methods, and emerging hybrid approaches to core smart-grid scenarios, particularly dispatching optimization, 

load forecasting, and fault diagnosis. Existing studies demonstrate substantial gains in forecasting accuracy, 

operational stability, and resilience, but often treat these applications in isolation and give limited attention to 

computational trade-offs, interoperability, and the integration of AI models with physical power-system 

constraints. This review therefore synthesizes AI applications in smart grids with a specific focus on these three 

core scenarios, organizing recent contributions in terms of learning paradigms (supervised, unsupervised, 

reinforcement learning), optimization strategies, and hybrid architectures. By analysing their real-time 

performance, scalability, and robustness under extreme events, and by emphasizing emerging perspectives such 

as physics-informed AI and cyber-resilient, edge-deployed intelligence, the paper clarifies the current research 

status and delineates the key contributions and open challenges that must be addressed to advance AI-enabled 

smart grids from experimental prototypes to reliable, large-scale infrastructures. 

 

II. Foundations of AI in Smart Energy Grids 

The rising global demand for sustainable energy has accelerated progress in renewable energy 

management, where Artificial Intelligence (AI) and Machine Learning (ML) have emerged as pivotal technologies 

for enhancing generation, consumption, and grid reliability. Numerous studies highlight the application of AI in 

forecasting, demand response, storage optimization, and fault detection, all of which contribute to greater 

efficiency and stability. Machine Learning models such as Artificial Neural Networks (ANNs), Support Vector 

Machines (SVMs), and Long Short-Term Memory (LSTM) networks have demonstrated superior capability in 

predicting energy demand compared to traditional statistical methods, enabling more accurate load forecasting 

and improved grid management. Deep learning techniques have also been employed to forecast solar and wind 

generation, thereby reducing intermittency challenges, while reinforcement learning (RL) facilitates adaptive 

control strategies that dynamically balance supply and demand in real time. These intelligent systems optimize 

storage through effective scheduling of charging–discharging cycles, extend battery life, and support decentralized 

energy trading in smart grids, which lowers transmission losses and enhances distribution [14]–[16]. 

AI has further advanced predictive maintenance by analysing sensor data to identify failures in wind 

turbines and photovoltaic systems before they occur, thus minimizing downtime and costs. In parallel, AI-driven 

optimization of energy markets has introduced dynamic pricing models that adjust electricity tariffs based on 

consumer behavior, market trends, and weather patterns, incentivizing off-peak usage and supporting grid stability. 

Despite these benefits, challenges remain in the integration of AI, including the need for robust computational 

infrastructure, data security, and model transparency [17]–[19]. Research has also emphasized the integration of 

renewable and conventional sources in hybrid systems to address variability and reliability concerns [20]. Other 

studies have proposed home energy management frameworks combining renewable sources and storage with 

intelligent algorithms to minimize costs and reshape peak load demand [21]. Similarly, Paul et al., (2021) 

reviewed renewable energy development trends across countries, highlighting the importance of policy reforms 

[22], while Kumar et al., (2022) examined building-integrated microgrid systems as enablers of sustainability in 

smart cities [23]. More recently, Gorea et al., (2023) investigated renewable energy integration challenges with a 

focus on management, security, and long-term sustainability through advanced monitoring of grid performance 

[24]. 

 

2.1 Evolution of Grid Management Systems 

The contemporary power grid is organized around three fundamental stages: generation, transmission, 

and distribution that together constitute the regulated structure of modern electricity systems. Electrical energy is 

produced from diverse sources, including fossil fuels, nuclear, hydroelectric, and increasingly, renewable 
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resources. Once generated, high-voltage transmission networks deliver power across long distances to substations, 

from where lower-voltage distribution lines supply households and industries [25]. 

The evolution of alternating current (AC) during the late nineteenth century marked a decisive milestone 

in grid development. Between 1890 and 1900, large-scale hydroelectric projects in regions such as Oregon, 

Colorado, Croatia, and Japan showcased AC’s advantages, culminating in the establishment of the first complete 

multiphase system at Niagara Falls in 1895 [26]. Backed by J. P. Morgan and Edward Dean Adams, the Niagara 

Falls Power Company spearheaded ambitious hydroelectric expansion, while contributions by Charles Curtis in 

1896 demonstrated AC’s adaptability to both hydro and coal-fired stations [26], [27]. The introduction of the 500-

kW Curtis turbine in 1901 and a 5-MW steam turbine in 1903 by General Electric further advanced coal plant 

efficiency [28].  

Institutional consolidation of electricity systems began in 1935 with the Public Utility Holding Company 

Act (PUHCA), which provided a framework for state regulation under President Roosevelt [29]. Nuclear energy 

entered the grid with the launch of the Experimental Breeder Reactor I in 1951 [30]. From 1970 to 2013, the 

deployment of nuclear and renewable energy prevented nearly 163 gigatons of carbon emissions, with nuclear 

contributing 41% and renewables 6%. Nevertheless, incidents such as Chernobyl in 1986 and Fukushima in 2011 

intensified global scepticism toward nuclear power, even as it remained a crucial low-carbon source [31]. 

Historical data further illustrate the shift in global energy consumption patterns between renewable and non-

renewable resources from 1800 to 2022 (Figure 1a, b), as reported by Hannah Ritchie et al., [32]. 

 

 
Figure 1 Trends in worldwide energy consumption from 2006 to 2022. (a) Non-renewable sources: coal, oil, 

gas, and nuclear. (b) Renewable sources: solar, biofuels, hydropower, traditional biomass, and other renewables 

[32] . 

 

Figure 2a illustrates the trajectory of energy use across Asia, where industrialization in emerging 

economies such as China and India have driven a sharp rise in consumption, in contrast to the relatively stable 

patterns seen in advanced economies like Japan. Figure 2b presents the European context, showing that 

widespread adoption of renewable energy and efficiency measures has contributed to stable or even declining per 

capita demand in countries such as France and Germany. These comparisons highlight the divergent regional 

pathways shaped by both developmental stage and policy orientation. Likewise, Figure 2c demonstrates that per 

capita electricity consumption in Australia remains consistently high but steady, influenced by population growth 

alongside the gradual integration of renewable resources. 
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Figure 2 Comparative trends in per capita electricity consumption from 1985 to 2022 across key regions: (a) 

major Asian economies, (b) leading European nations, and (c) Australia, illustrating divergent developmental 

pathways and electrification patterns [32]. 

 

2.2 Characteristics of Smart Grids as Complex Systems 

In many countries, power system infrastructure across generation, transmission, and distribution has 

reached the end of its operational lifespan, making replacement and refurbishment both technologically 

demanding and financially burdensome. The shortage of skilled personnel further compounds this challenge, yet 

it also presents an opportunity to modernize networks in ways that bridge existing gaps in technology and human 

resources [33]–[35]. The integration of renewable energy sources (RESs) into conventional grids introduces 

additional complexity, particularly at the transmission level where capacity is already constrained. Variability in 

renewable output often leads to instability, complicating efforts to align power delivery with the growing global 

demand for sustainable energy [36]. 

Thermal limitations in transmission and distribution lines also restrict power transfer capabilities. 

Exceeding these limits accelerates equipment degradation, increases fault probability, and shortens asset lifespans, 

underscoring the importance of dynamic line rating strategies that account for environmental influences [37]. 

Operational stability is further constrained by voltage and frequency boundaries. Over-voltage and under-voltage 

conditions can result in insulation failure, equipment malfunction, or system-wide tripping, while even small 

frequency deviations may cause desynchronization. Traditional mitigation strategies such as national and cross-

border interconnections, voltage regulation devices, and automatic generation control (AGC) supplemented by 

emergency load-shedding are proving inadequate in the context of variable renewable generation [38]. To address 

these challenges, a combination of advanced forecasting, energy storage systems, spinning reserves, and enhanced 

system flexibility has been recommended to preserve both reliability and cost-effectiveness. However, successful 

implementation depends on upgrading the grid with modern communication systems capable of real-time data 

acquisition, processing, and optimization. 
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Table 1 Characteristics of Smart Grid Technologies as Complex Systems 
Category First-Generation Smart Grid Second-Generation Smart Grid 

Customer Interaction 

with Energy and 

Information 

Data from smart meters enables basic 

monitoring and actor-specific 
electricity management. 

Automated and autonomous systems optimize production, storage, 
and consumption. Interactions exhibit self-organization as 

consumer behaviours, incentives, and system responses 

dynamically co-evolve. 

Market 
Energy trading relies on third-party 
platforms to manage transactions and 

enable limited P2P exchanges. 

Integration of smart contracts and direct P2P trading allows 

decentralized control, reducing third-party dependency. The market 

behaves as a complex adaptive system where multiple actors interact 
with minimal central intervention. 

Operation 

Electricity flow managed by 
operators with limited coordination 

from actors, based on grid state 

information. 

Real-time data exchange enables collaborative flow management 
between operators and actors, with plug-and-play capabilities. The 

system demonstrates emergent coordination through distributed 

decision-making. 

Interoperability 

Multiple standards coexist for 

communication, creating 

fragmentation. 

Adoption of Internet-based universal protocols enhance integration, 

but increased connectivity leads to higher interdependence and 

systemic vulnerability. 

Generation 

Supports centralized or decentralized 

generation with auxiliary component 

coordination. 

Same foundation, but greater reliance on distributed generation and 

storage increases nonlinear dynamics and interdependencies 

between localized and global grid performance. 

Transmission 
Power flow managed from generation 
to load with limited flexibility. 

Transmission integrates operational support, coordinated asset 

management, and power quality regulation. Dynamic interactions 

across assets reflect network-level complexity. 

Distribution 
Prosumers contribute under third-
party and technological limitations. 

Prosumers actively participate with diverse energy sources and 

storage. Distributed inputs increase system heterogeneity and 

require advanced control to sustain stability. 

Physical Controllability Focused only on the electricity sector. 

Extended to multi-energy domains, including transportation and 

natural gas. This cross-sector integration reflects multi-layered 

system coupling. 

Energy Form Primarily electrical. 
Multi-vector energy (electric, thermal, chemical) integration 

illustrates complex interdependencies across energy domains. 

Optimization 

Capability 
Localized optimization dominates. 

Coordination spans both localized and wide-area operations. 
System-wide optimization relies on adaptive and predictive 

algorithms to manage uncertainties. 

Energy Transferability 
Managed through joint power and 
communication channels. 

Layered architecture with P2P modes enhances decentralized 
supply management, reflecting network resilience and flexibility. 

Information 

Accessibility 

Limited to bi-directional 

communication. 

Internet protocol-based access enhances interoperability but 

increases exposure to cascading risks across the information–power 
nexus. 

Security Concerns 

Data leaks and vulnerabilities arise 

from diverse protocols and third-party 
reliance. 

Machine-to-machine communication mitigates third-party risk, but 

broad interoperability and device heterogeneity increase cyber-
physical vulnerability, requiring adaptive security frameworks. 

 

2.3 Role of AI in Nonlinear and High-Dimensional Grid Dynamics 

Artificial intelligence (AI) has emerged as a cornerstone in modernizing distributed energy systems by 

improving efficiency, optimizing resource allocation, and supporting intelligent decision-making. Core techniques 

include machine learning (ML), deep learning, and optimization algorithms. ML models process large-scale 

datasets to identify patterns and forecast demand, proving particularly valuable for demand response programs 

aimed at predicting and mitigating peak load conditions [39]–[42]. Deep learning approaches, including neural 

networks, convolutional neural networks (CNNs), and radial basis function networks (RBFnets), are applied to 

power flow analysis and anomaly detection, where their ability to capture nonlinear relationships enables accurate 

real-time monitoring and fault diagnosis in complex distribution grids [43]–[46]. Optimization methods, such as 

genetic algorithms and particle swarm optimization, address challenges in energy distribution and microgrid 

design, ensuring the efficient integration of renewable and conventional resources [47]–[50]. 

The increasing penetration of distributed renewable energy sources (RES) fundamentally redefines the 

mathematical and topological characteristics of power systems. Modern smart grids are characterized by 

stochasticity and profound non-linearity, rendering traditional analytical methods such as linear approximations 

and deterministic physical models computationally inefficient and often inaccurate for real-time control. The 

integration of variable RES, such as photovoltaic (PV) and wind energy, introduces high-dimensional uncertainty, 

which contributes to power quality disturbances, including harmonic distortion and voltage instability, defying 

conventional static optimization paradigms. 

Artificial Intelligence (AI) addresses these challenges not through mere automation, but by enabling 

effective dimensionality reduction and feature extraction. AI-driven frameworks leverage deep representation 

learning to map high-dimensional sensor and operational data (e.g., meteorological inputs, phasor measurements, 

and market signals) onto low-dimensional manifolds, facilitating the tractable control of intricate system states. 

This capability is critical because traditional physical models struggle with the curse of dimensionality in state-

space estimation. Recent literature demonstrates that hybrid deep learning architectures can autonomously extract 
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hierarchical features from raw time-series data, effectively resolving the non-stationary patterns endemic to high-

variability generation. Furthermore, the evolution from offline static optimization to online dynamic adaptation is 

principally driven by Deep Reinforcement Learning (DRL) agents, which are adept at making robust, sub-second 

dispatch decisions under uncertainty, a necessary function for maintaining frequency stability in low-inertia 

environments. 

Recent advancements have expanded the role of AI through reinforcement learning (RL), where methods 

like deep Q-networks optimize electric vehicle (EV) charging schedules to balance supply and demand, an 

increasingly critical task with rising EV adoption [51]–[54]. Furthermore, coupling AI with emerging technologies, 

including the Internet of Things (IoT) and blockchain, has fostered the development of more resilient, transparent, 

and adaptive power grids [55]. Predictive analytics powered by AI enhance demand forecasting, enabling dynamic 

load management, cost reduction, and improved system reliability [56]–[59]. In addition, real-time processing of 

smart meter and sensor data allows for adaptive grid control and operational optimization, further strengthening 

the efficiency and stability of distributed energy networks  [60], [61]. 

 

2.3.1 Technical Characteristics and Application Scenarios 

Effective management of grid complexity requires using AI methods that are specifically designed for 

different types of problems, from recognizing patterns in network structures to making decisions over time. The 

approaches discussed below are chosen for their ability to deal with the non-linear behavior and space–time 

variations of power system operation. Table 2 summarizes these main AI techniques, explaining how they work 

in basic terms and showing typical ways they are applied in current smart grid research. 

 
Model Core Mechanism Applications Ref.  

Convolutional Neural 

Networks (CNN) 

Spatial feature extraction: Employ 
hierarchical convolutional layers with 

local receptive fields (kernels) to learn 

and localize relevant topological and 
spatial patterns from multivariate input 

data 

Capture spatial dependencies among interconnected 

grid nodes and distributed energy resources, 
supporting early detection of abnormal operating 

conditions. 

Used in hybrid CNN–LSTM models (e.g., ST-
CALNet-type architectures) to extract geographical 

and meteorological spatial features across distributed 

PV sites, improving short-term prediction accuracy. 

[62], 

[63] 

Long Short-Term 

Memory (LSTM) 
networks 

Temporal dependency learning: A gated 

recurrent architecture that maintains a 

persistent cell state through input, forget, 

and output gates, thereby mitigating the 
vanishing gradient problem and 

capturing long-range sequence 

dependencies. 

Models the sequential, non-stationary, and dynamic 
evolution of variables such as load, electricity price, 

and renewable generation. 
Employed to couple high-frequency operational data 

with exogenous variables (e.g., temperature, humidity) 

in regional grids, yielding notable reductions in root-
mean-square error (RMSE) for short-term load 

prediction 

[64] 

Deep Reinforcement 

Learning (DRL) 

Markov decision process (MDP) 

formulation: Learns a control policy π 

(a∣s) that maximizes the expected 

cumulative reward 𝑅𝑡 through iterative 

interaction with the environment, 
enabling autonomous, model-free 

decision-making under uncertainty. 

Addresses non-convex, large-scale sequential 

decision-making problems (e.g., unit commitment, 
corrective re-dispatch) that are computationally 

challenging for conventional optimization methods. 

Applied to real-time scheduling of generation and 
storage resources in distribution and transmission 

networks with high renewable shares, improving 

operating cost, constraint satisfaction, and recovery 
from disturbances in smart grid.  

[65], 

[66] 

 

III. AI Algorithms for Real-Time Optimization 

AI techniques have been increasingly applied to forecasting and stability assessment in smart grids, 

where accuracy and adaptability are critical. Deep neural networks and machine learning models [67]–[70] have 

been successfully used to predict residential load stability [71]. Recurrent neural networks offer strong potential 

for precise stability prediction [72], while feed-forward networks improve accuracy over traditional methods. 

Beyond classical applications, Jindal et al., (2016) compared deep learning algorithms for electricity demand 

forecasting, reporting that convolutional neural networks integrated with the k-means algorithm achieved the 

lowest RMSE. These findings demonstrate that AI not only enhances prediction accuracy but also strengthens 

grid reliability under dynamic conditions [73]. 

The stability of electrical networks is closely tied to the cost of electricity, as well as the response times 

of both consumers and providers. Razavi et al., (2019) presented a mathematical model for DSGC systems that 

links variations in grid frequency to power costs measured over short time intervals, illustrating the role of 

demand-side control in smart grids. Simulations of production and consumption patterns using analog time gauges, 

combined with machine learning techniques, revealed that input variables were largely independent [74]. However, 

when algorithms were trained on large-scale, high-dimensional datasets, accuracy declined. To address this, Chen 
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applied principal component analysis [75] to a machine learning framework proposed by Kotb et al., (2019), 

demonstrating that dimensionality reduction could enhance grid stability [76]. 

Multiple AI-based methods have since been developed for stability prediction. Iwendi et al., (2021) 

employed classification and regression trees within a four-node star topology, achieving 80% accuracy for a 

simulated DSGC system [77]. Din et al., (2019) implemented a simplified decision tree on a 39-bus power system, 

reaching 83% accuracy using six dataset samples [78]. Ahmed et al., (2019) introduced a convolutional neural 

network (CNN) tested on IEEE 118-bus and 145-bus systems, reporting 89.22% accuracy [79]. Xiang et al., 

(2023) proposed a Bayesian rate algorithm for IEEE 39-bus systems, which achieved 91.6% accuracy but at the 

expense of significant computational effort [80]. Ghorbanian et al., (2019) developed an XGBoost model with 

inertial sensors, applied to a 39-bus network, and obtained 97% accuracy, though evaluation relied solely on 

accuracy as a metric [81]. 

Real-time modelling approaches have also been explored across diverse grid configurations [13], [82]–

[85]. Despite notable progress, studies emphasize that improvements are still needed in prediction accuracy and 

robustness. Recent efforts focus on refining neural network performance through hyperparameter tuning, as 

demonstrated by Bassamzadeh and Ghanem (2017), who trained and validated a model on datasets from the 

Kaggle repository to improve resilience forecasting in smart grids [86]. 

 

3.1 Machine Learning Approaches 

 

3.1.1 Advanced Machine Learning Techniques 

Recent advancements in artificial intelligence and machine learning have generated a wide spectrum of 

algorithms that extend beyond conventional forecasting tools, offering robust and adaptive solutions for stability 

and optimization in smart grids. Among these, swarm-based metaheuristics and bio-inspired algorithms such as 

the Swarm Hummingbird Optimization model have been introduced for enhancing grid stability prediction, 

particularly in the context of green energy transition. These approaches are framed as part of a larger effort to 

provide reliable and sustainable electricity resources that serve as safer alternatives to fossil-fuel-based systems 

[87]. Complementing these developments, deep learning structures such as LSTM-based recurrent neural 

networks (RNNs) have been extensively deployed to address electricity demand forecasting challenges in smart 

grids. The integration of advanced machine learning techniques, including Extra Tree Regressors and feature 

reduction methods, has enabled not only the ranking of predictive models but also the identification of key 

variables that drive forecasting accuracy. Furthermore, coupling LSTM models with optimization strategies such 

as genetic algorithms has facilitated automated hyperparameter selection, revealing optimal layer depths and time 

lags. Comparative studies against other machine learning baselines consistently demonstrate lower forecasting 

errors, although recent analyses also highlight potential inconsistencies in deep learning performance across 

diverse time-series contexts [88], [89]. 

As smart grids increasingly adopt demand-side service models, consumer load prediction has become 

more critical, especially in advanced networks characterized by distributed energy and bidirectional flows. Bouktif 

et al., (2018) investigated photovoltaic power generation forecasting in arid desert climates, using datasets from 

Adrar, Algeria and Alice Springs, Australia. Their approach relied on nine different modelling configurations in 

combination with six serial input variations, and the ensemble learning framework employed in this work achieved 

accuracies surpassing 99% [90]. Hassan et al., (2022) incorporated whale optimization and adaptive particle 

swarm optimization algorithms for tuning LSTM parameters, successfully improving the precision of 

metamaterial antenna bandwidth prediction. Their study, benchmarked against standard regression and deep 

learning approaches, showed superior performance in terms of RMSE, MAE, and mean bias error (MBE) [91]. 

Similarly, Khafaga (2022) presented a novel framework that integrated Al-Biruni Earth radius optimization with 

stochastic fractal search to refine deep neural networks for medical image classification, specifically targeting 

monkeypox detection. Although situated outside energy applications, this study demonstrated the cross-domain 

adaptability of advanced AI optimizers and underscores their potential relevance for smart grid contexts where 

complex, high-dimensional data require robust parameter tuning [92]. 

Parallel efforts in neural network-based forecasting have been explored by Hernández et al., who 

proposed an artificial neural network (ANN) framework for dynamic time-multiplexed load forecasting (DTMLF). 

Their methodology employed a three-stage pipeline comprising self-organizing maps (SOMs) for pattern 

recognition, K-means clustering for load segmentation, and a multilayer perceptron (MLP) for final load 

prediction. This model was validated on datasets from a Spanish energy company, and its performance was 

compared against radial basis function neural networks and generalized regression neural networks [93]. Results 

indicated that the ANN-based pipeline provided superior predictive accuracy, particularly in capturing weekday 

periodicity and monthly cycles [92], [93]. 

Another important contribution to this field comes from Ahmed and Chen, who examined short- and 

medium-term load forecasting for Singapore using three different machine learning models: ANN, AdaBoost, and 
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multiple linear regression (ML). Their design involved disaggregating load forecasts into multiple time windows, 

ranging from monthly to seasonal horizons, and leveraging aggregated consumption data [94]. Their results 

highlighted that all three models provided meaningful improvements in predictive accuracy, but the AdaBoost 

model outperformed the others, particularly in capturing consumer behavioural patterns [93]. 

Electricity price volatility adds another layer of complexity to load forecasting, since it directly influences 

consumption patterns and indirectly affects overall demand. Rizk et al., (2023) addressed this by developing a 

Multi-Input Multi-Output (MIMO) framework that simultaneously forecasts both load and electricity prices. Their 

model employed a wavelet packet transform (WPT) to decompose load and price series into frequency 

components, while generalized mutual information was used to identify the most relevant features [95]. The 

forecasting process was carried out using a Least-Squares Support Vector Machine (LSSVM) applied to the 

multidimensional input–output matrix, with the Quasi-Joseph Ant Mega Colony algorithm employed to optimize 

model parameters. Comparative simulations demonstrated that the LSSVM-based approach significantly 

outperformed ANN baselines in predictive accuracy. Their study also connected these insights to the operation of 

demand response programs (DRPs), which link consumer participation with electricity markets and are critical to 

balancing supply-demand mismatches in smart grids. 

In a related direction, Ahmad and Chen (2018) examined the application of load forecasting systems 

(LFSs) to enhance smart grid efficiency, presenting a case study in Texas, USA. Their survey encompassed a wide 

variety of AI models, including ANN, support vector machines, generalized regression neural networks, recurrent 

neural networks, ARIMA, probabilistic neural networks, fuzzy logic, and expert systems [94]. Their findings 

showed that AI-based techniques consistently outperformed conventional statistical methods, especially in 

contexts requiring high-precision predictions of direct normal irradiation (DNI) for solar power plants. Building 

on this, Balouch et al., (2022) proposed a hybrid sine–cosine coupled with LSTM algorithm for hourly DNI 

forecasting using meteorological inputs, achieving highly precise outputs with minimal error and reduced reliance 

on large input variable sets [96]. 

With the rise of advanced metering and monitoring technologies, smart grids now generate massive 

volumes of real-time data. Traditional approaches have struggled to process such high-dimensional inputs, 

prompting increased interest in scalable AI frameworks. Jiang et al., (2023) conducted a broad survey of AI 

applications for smart grid load forecasting, grid stability, and fault identification, highlighting how these methods 

enhance overall grid resilience and operational dependability [97]. Similarly, Djaafari et al., (2022) developed an 

SVM-based time-series model to predict blackout events, using data from IEEE’s 30-bus system. Their framework 

constructed a knowledge base of both normal and abnormal operating states, trained to identify cascading failures 

and complex interdependencies. This blackout warning system is presented as an essential component for next-

generation smart grids, enabling operators to proactively manage systemic risks and mitigate domino effects from 

localized faults [98]. 

Together, these studies demonstrate that advanced machine learning and optimization techniques ranging 

from swarm intelligence to hybrid LSTM architectures are reshaping the forecasting and operational landscape of 

smart grids. By improving predictive accuracy across load, renewable generation, price, and stability dimensions, 

these models provide critical tools for grid operators and policymakers tasked with ensuring sustainable, reliable, 

and cost-effective energy systems. 

 

3.1.2 Long Short-Term Memory (LSTM)  

Long Short-Term Memory (LSTM) networks, a specialized class of recurrent neural networks, have 

emerged as one of the most effective tools for modelling sequential and temporal dependencies within complex 

and nonlinear data streams. Unlike traditional feedforward networks, LSTMs incorporate a gated memory 

mechanism that enables them to capture both short- and long-term temporal relationships in data, making them 

particularly well suited to the characteristics of energy systems where demand and generation are influenced by 

cyclical, seasonal, and stochastic factors [14], [15]. Conventional statistical methods such as ARIMA and 

SARIMA have historically dominated short-term load forecasting, yet these approaches presuppose stationarity 

and linearity, both of which are inconsistent with the high volatility, nonlinearity, and nonstationary observed in 

modern grid conditions, particularly under high renewable penetration [16]. In contrast, LSTM networks retain 

contextual information across long horizons while mitigating vanishing-gradient issues, allowing them to model 

the temporal complexity of smart grid data more accurately [99]. 

The importance of LSTM in the context of smart grid optimization stems from its ability to enhance 

forecasting accuracy, a cornerstone of reliable grid operation. Forecasts of demand, renewable generation, and 

market prices directly inform scheduling, unit commitment, and reserve allocation strategies. Even modest 

improvements in forecast precision translate into significant operational and economic benefits by reducing 

balancing costs, mitigating the need for excess reserves, and improving the utilization of distributed energy 

resources [100]. Moreover, LSTM’s superiority over classical and even some machine learning methods, 

including support vector machines and random forests, has been repeatedly demonstrated across diverse grid 
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contexts, with evidence showing reductions in error margins by several percentage points compared to competing 

models [101]. Its adaptability also makes it suitable for a range of forecasting horizons, from ultra-short-term 

renewable prediction to day-ahead demand planning, thereby ensuring its relevance across the multiple timescales 

on which smart grids must operate [102]. 

Mechanistically, LSTM achieves its performance through a sequence of gating operations that regulate 

the flow of information through the network (Figure 3). At each time step  𝑡, the input, forget, and output gates 

determine which information is stored, updated, or discarded, while the cell state retains long-term memory. The 

equations describing these dynamics can be generalized as follows: 

 

𝑖𝑡 = 𝜎(𝑊𝑖𝑥𝑡 + 𝑈𝑖ℎ𝑡−1 + 𝑏𝑖), 𝑓𝑡 = 𝜎(𝑊𝑓𝑥𝑓 + 𝑈𝑓ℎ𝑡−1 + 𝑏𝑓), 

𝑐̃𝑡 = 𝑡𝑎𝑛ℎ(𝑊𝑐𝑥𝑡 + 𝑈𝑐ℎ𝑡 + 𝑏𝑐),   𝑐𝑡 = 𝑓𝑡⨀𝑐𝑡−1 + 𝑖𝑡⨀𝑐̃𝑡 

𝑜𝑡 = 𝜎(𝑊𝑜𝑥𝑡 + 𝑈𝑜ℎ𝑡−1 + 𝑏𝑜), ℎ𝑡 = 𝑜𝑡⨀ 𝑡𝑎𝑛ℎ(𝑐𝑡) 

 

Here, it, ft and ot  denote the input, forget, and output gates, respectively, while ct  represents the updated 

cell state. These equations demonstrate how the network selectively propagates relevant temporal information 

while filtering out noise, a capability central to smart grid forecasting where patterns often embed nonlinear 

dependencies across hours, days, or seasons. Variations of the LSTM, including convolutional-LSTM hybrids, 

bidirectional LSTMs, and attention-augmented versions, have been proposed to further refine performance in 

energy contexts, although their computational costs remain a challenge for real-time deployment [103]. 

 

 
Figure 3 LSTM Model Structure [103] . 

 

Zhou and Zhang developed an ARIMA–LSTM hybrid to forecast hourly load for the Southern China 

grid, reporting a mean absolute percentage error (MAPE) of 2.83% and an R2 of 0.973, demonstrating the utility 

of hybridization for error reduction [104]. Liu et al., combined TimeGAN with a CNN-LSTM model to generate 

synthetic load sequences for industrial and commercial applications, achieving a MAPE of 4.48% and an R2 of 

0.812; however, the reliance on synthetic data raised concerns regarding generalization [105]. Ibrahim et al., tested 

dense neural network regression models on Panama’s national grid and found LSTM-based variants achieved 

RMSE values of 50.34 MW with MAPE of 2.90%, outperforming other baselines [106]. Liu et al., proposed 

integrated CEEMDAN decomposition, K-means clustering, and VMD preprocessing with CNN-BiLSTM-

attention models, achieving outstanding forecasting accuracy (MAPE between 1.08% and 1.67%, R2 between 

0.985 and 0.991) on Guangzhou load datasets [107]. Ullah et al., demonstrated the applicability of CNN-LSTM 

hybrids in Pakistan’s NTDC system with simulation results yielding MAPE of 2.72%, although with relatively 

high RMSE (538.71) indicating sensitivity to noise. In renewable forecasting, bidirectional LSTMs have been 

applied to wind and solar prediction tasks, consistently outperforming support vector regression and ANN 

methods [106].  
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Dakheel and Çevik advanced the field with their hybrid LSTM–XGBoost model for short-term load 

forecasting on the Belgian Elia grid (Figure 4a). Using 15-minute resolution load data from 2022, they first trained 

a two-layer LSTM (50 neurons each) to model temporal patterns before applying XGBoost to correct residual 

errors. Their framework integrated lagged values, rolling statistics, and datetime features as inputs, with min–max 

normalization applied in preprocessing. Results showed that while standalone LSTM achieved RMSE of 119.41 

MW and MAPE of 1.30%, the hybrid approach reduced RMSE to 106.54 MW and MAPE to 1.18%, with R2 

consistently at 0.994 (Figure 4b). Visualization confirmed that the hybrid more effectively captured volatile load 

fluctuations than either single model (Figure 4c). LSTM when coupled with robust residual learners, provides a 

highly accurate and computationally efficient solution for short-term load forecasting in modern smart grids [108]. 

 

 
Figure 4 (a) Proposed LSTM and XGBoost hybrid architecture, (b) Hourly and date load distribution heatmap, 

(c) Predictive performance of LSTM-only vs. hybrid LSTM–XGBoost models against actual load [108]. 

 

Majeed et al., presented an LSTM-based recurrent neural network approach tailored for optimized load 

forecasting. Their study emphasized the operational significance of accurate demand prediction for enabling 

renewable integration, demand response, and efficient scheduling. Methodologically, they incorporated weather 

variables, renewable generation data, and temporal features, with preprocessing via normalization and feature 

engineering. The LSTM model, constructed with 50 hidden units and trained using the Adam optimizer, was 

benchmarked against GRU, CNN, and standard RNNs. Results demonstrated clear superiority of LSTM, with 

RMSE = 2.2889, MAE = 1.1041, and MAPE = 1.538%, alongside rapid convergence time of just 22.19 seconds 

compared to 42 seconds for GRU and 61 seconds for CNN [109]. This combination of predictive precision and 

computational efficiency makes their model particularly suitable for real-time energy management applications. 

Importantly, the study also linked LSTM forecasting outputs to energy management system (EMS) strategies, 

showing how forecasts could be directly integrated into demand response scheduling and renewable dispatch. 

 

3.1.3 Support Vector Machines (SVM)  

SVM have steadily evolved from their early applications in weather prediction to become valuable tools 

for energy demand modelling in smart grids. Omitaomu and Niu (2021) examined their effectiveness in medium-

term forecasting, contrasting their performance with that of artificial neural networks. Their work underscored 

how SVM, when applied to different load categories such as batch, continuous, and hybrid batch–continuous 

processes, is able to significantly reduce forecast error rates, recording improvements of around 3% for irregular 

demand patterns and 1.2% for continuous loads [110]. This advantage becomes especially important in 

environments where fluctuations are irregular and traditional neural models struggle to adapt. Gupta et al., (2014) 

further emphasized the importance of external influences such as seasonal variations, temperature, and calendar 

effects on daily demand, reinforcing the idea that SVM’s kernel-based mapping into higher-dimensional feature 

spaces allows the method to capture nonlinear dependencies often missed by simpler models [111]. 
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The flexibility of SVM is best illustrated through its implementation in support vector regression (SVR), 

which converts the forecasting problem into a constrained quadratic optimization task. By projecting inputs into 

complex feature spaces, SVR constructs robust decision boundaries that achieve low root mean square error 

(RMSE) values even when input data are incomplete. Ali and Azad (2013) demonstrated that SVR consistently 

outperformed both linear regression and backpropagation-trained neural networks, highlighting its resilience to 

missing or noisy datasets [112]. This reliability, combined with consistently strong predictive accuracy, makes 

SVM particularly attractive for real-world grid applications where data gaps are inevitable. The authors also 

stressed that such models play a critical role not only in providing accurate forecasts for operators but also in 

empowering consumers to make environmentally responsible choices that align with the transition toward 

renewable and sustainable energy systems. 

Beyond forecasting, SVM techniques are increasingly being integrated into broader decision-making 

processes for grid optimization. Rizk et al., (2023), for example, extended SVM applications by developing a 

Multi-Input Multi-Output (MIMO) system that simultaneously predicts both load and electricity prices. Their 

framework utilized wavelet packet decomposition to separate time-series signals into different frequency bands, 

followed by feature selection based on generalized mutual information. A least-squares SVM (LSSVM) was then 

trained on this multidimensional input, while a Quasi-Joseph Ant Mega Colony algorithm was employed to 

optimize hyperparameters. The study demonstrated that this hybrid approach surpassed ANN-based baselines in 

predictive accuracy and provided an effective tool for demand response management, linking consumer load 

adjustments directly to electricity market dynamics [95]. Collectively, these studies position SVM as one of the 

most dependable methods for load forecasting and price modeling in smart grids, combining accuracy, resilience, 

and practical applicability. 

 

3.1.4 Artificial Neural Networks (ANN)  

ANN has long been applied to energy forecasting tasks due to their capacity to learn complex, nonlinear 

relationships in large datasets. In contrast to the kernel-based generalization of SVM, ANNs leverage layered 

architectures of interconnected nodes, making them highly adaptable for diverse forecasting scenarios. Pan and 

Lee (2012) highlighted their role in stability assessment, showing that trained neural networks could model the 

operational states of decentralized grids with high reliability [113]. Later, Mitchell et al., (2017) reported accuracy 

levels above 97% when neural networks were trained to classify grid stability conditions, underscoring their value 

for monitoring and maintaining resilience in distributed energy systems [114]. 

In practical load forecasting contexts, Hernández et al., (2014) applied ANN alongside AdaBoost and 

multiple linear regression (MLR) models for predicting short- and medium-term demand in Singapore. By 

dividing the task into multiple forecasting horizons, such as monthly and seasonal predictions, they showed that 

while all three models improved predictive accuracy, ANN consistently captured the underlying behavioural 

patterns of consumer demand. However, their results indicated that AdaBoost provided the highest accuracy 

among the models tested, though ANN maintained strong performance in identifying temporal trends [93]. 

The adaptability of ANN extends beyond load forecasting into hybridized, multi-stage architectures. For 

instance, Hernández et al., (2014) and Khafaga et al., (2022) described a three-phase forecasting framework 

integrating self-organizing maps (SOM) for pattern recognition, K-means clustering for data segmentation, and a 

multilayer perceptron (MLP) for final demand forecasting. Validated against real datasets from Spanish utilities, 

this system outperformed radial basis function and generalized regression neural networks, particularly in 

detecting weekday variations and monthly cycles. Such multi-layered ANN-based approaches highlight the 

capacity of neural networks to not only capture demand fluctuations but also incorporate domain-specific 

preprocessing stages that enhance predictive accuracy [92], [93]. 

ANN models have also demonstrated cross-domain adaptability. Recent studies have integrated deep 

learning architectures such as ResNet and VGG networks, which were initially developed for image recognition, 

into the energy sector, while also showing their utility in medical applications like MRI-based tumor detection 

[92]. Within the smart grid context, these advanced architectures provide opportunities to capture spatio-temporal 

dependencies and incorporate non-traditional data streams, further broadening the range of applications. Moreover, 

recent work by Li et al., (2024) applied decision-tree-enhanced ANN systems for improving distributed smart grid 

stability, aligning energy conservation strategies with carbon footprint reduction and enhanced security of supply 

[115]. 

The utility of ANN methods also extends into cybersecurity applications. Naeem et al., (2024) [116] and 

Mohsen et al., (2023a) [117] demonstrated that ANN-based classification frameworks, when combined with 

metaheuristic optimizers such as the Gray Wolf algorithm, achieved accuracies up to 99% in detecting and 

classifying cyber-attacks on smart grid infrastructures. These results confirm the dual role of ANN systems in 

both operational forecasting and security assurance. More broadly, recent ANN-based methods designed to 

capture both temporal and spatial dependencies in smart grid data have reported predictive accuracies exceeding 
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95%, surpassing traditional regression and statistical approaches. Such findings reinforce the ongoing relevance 

of ANN methods in enhancing the efficiency, stability, and resilience of modern smart grids [116], [117]. 

 

3.2 Gradient Boosting 

Gradient Boosting methods, including XGBoost, LightGBM, and CatBoost, have recently emerged as 

highly effective techniques for addressing complex optimization and forecasting problems in smart grids. Their 

ensemble-based structure allows them to combine numerous weak learners into a powerful predictive model, 

offering both robustness and accuracy in handling the nonlinear and stochastic characteristics of energy data [117]. 

Unlike many deep learning approaches that require extensive data and computational resources, gradient boosting 

provides a balance of predictive power, interpretability, and efficiency, making it particularly suitable for the real-

time demands of grid management.  

In the area of load and generation forecasting, researchers have demonstrated the superiority of boosting 

methods over traditional statistical models such as ARIMA, achieving significant reductions in error and improved 

adaptability to changing seasonal and meteorological conditions. For example, Atalay et al., (2023) reported that 

XGBoost outperformed conventional regression-based techniques in day-ahead load forecasting [118], while 

Chen et al., (2024) used LightGBM to predict photovoltaic generation and achieved error rates below 5% across 

different seasons [119]. Similarly, Lee and Kim (2023) applied XGBoost for stability classification in real-time 

operational data and recorded F1-scores above 0.97 [120], while Singh et al., (2024) integrated CatBoost for line 

failure detection and achieved more than 98% accuracy [121]. Gradient boosting has also proven valuable for 

anomaly detection and cybersecurity in smart grids; Sharma and Tiwari (2024), for instance, developed an 

optimized XGBoost classifier trained on SCADA logs and smart meter consumption data, which identified 

irregularities with accuracy levels exceeding 95%, thereby providing a practical framework for early fault and 

cyber-attack detection [122].  

Hybrid models further extend the potential of boosting techniques, with Ghous et al., (2025) designing 

an LSTM–XGBoost ensemble where the neural network captured temporal patterns and XGBoost corrected 

residuals, yielding accuracies above 98% and allowing explainability through SHAP analysis of feature 

contributions [123]. While gradient boosting models are already more interpretable than deep neural networks, 

the integration of explainable AI techniques such as SHAP has made them even more transparent for operators, 

providing insight into the impact of weather, demand, and temporal patterns on predictive outputs. Recent research 

demonstrate that gradient boosting has become a cornerstone of smart grid optimization, delivering high predictive 

accuracy, resilience to noisy or incomplete data, scalability for real-time applications, and adaptability to hybrid 

and optimized frameworks. Its ability to enhance load and renewable forecasting, improve stability assessment, 

strengthen cybersecurity, and contribute to transparent decision-making highlights its central role in enabling the 

next generation of efficient, reliable, and sustainable smart grid systems. 

 

3.3 Metaheuristic Optimization 

Metaheuristic search algorithms encompass a wide spectrum of optimization strategies that often draw 

inspiration from either natural phenomena or artificial processes. While the earliest approaches to metaheuristic 

optimization emerged in the mid-twentieth century, it is in more recent decades that the field has witnessed an 

exceptional surge in proposed methods, largely fueled by the rapid advancements in computational power and the 

increasing demand for efficient problem-solving tools. However, this proliferation of algorithms has not gone 

without criticism. Scholars have pointed out that many contributions, though framed within elaborate biological 

or behavioural analogies, sometimes lack genuine methodological innovation, as they emphasize metaphorical 

inspiration over a deeper exploration of the fundamental mechanisms that drive the search process [124]. 

 

3.3.1 Evolutionary Computation 

Evolutionary computation (EC) represents a significant branch of computer science that encompasses 

algorithms designed to simulate the principles of natural evolution, treating each member of a population as a 

potential solution to a given optimization task. Among the most prominent representatives of this paradigm are 

genetic algorithms (GAs) [125] and differential evolution (DE) [126], although many other variants have also 

been developed over the years [127]. GAs have gained popularity due to their robustness and their ability to 

integrate seamlessly with existing models, as well as their suitability for constructing hybrid optimization 

frameworks [128], [129]. They are also highly scalable and can be efficiently parallelized [130], [131], and they 

impose no limitations on the nature of objective functions. Nevertheless, their application can be hindered by the 

complexity of encoding certain problems and by their sensitivity to parameter tuning. Differential evolution was 

originally proposed as an alternative aimed at accelerating the often-slow convergence of GAs [132]. Its central 

innovation lies in the self-referential mutation mechanism, which leverages the differences between randomly 

selected solution vectors to enhance exploration. Over the last two decades, DE has been extensively analysed 

and successfully applied to a wide spectrum of problems, ranging from constrained and multi-objective 
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optimization to parallel computing [126], [133], [134]. DE is appreciated for its ease of use, robustness, and 

reliance on only a few control parameters, though its convergence is also highly dependent on proper parameter 

settings. 

 

3.3.2 Swarm Intelligence 

Swarm intelligence (SI) methods take inspiration from the collective behavior of decentralized, self-

organizing biological systems. These techniques operate through populations of simple agents that interact with 

each other and with their surrounding environment, generating emergent global behaviours from localized 

exchanges. Examples include algorithms inspired by natural systems such as ant colony dynamics [135], bird 

flocking [136], herd behavior [137], bee swarming [138], bacterial growth [139], whale hunting [140], dragonfly 

swarming [141], and the dispersal of seeds by trees [142]. In addition to biological analogies, metaphors drawn 

from human activities such as the harmony search algorithm (HSA), which models the process of musical 

improvisation have also been proposed [143]. Among SI techniques, particle swarm optimization (PSO) [144] is 

one of the most widely studied and applied. Its advantages include a straightforward implementation without the 

need for special encoding, coupled with strong performance and computational efficiency, making it particularly 

suitable for problems where speed is a critical factor. These features have contributed to its extensive use, though 

it suffers from premature convergence, which has prompted numerous modifications and extensions [136], [145]. 

Another influential SI technique is ant colony optimization (ACO), which has proven highly effective in solving 

combinatorial optimization problems and has been successfully applied across diverse industrial domains [146]. 

However, its effectiveness decreases when applied to continuous optimization, leading to multiple algorithmic 

adaptations and extensions reported in the literature [146]–[148]. 

 

3.3.3 Artificial Immune Systems 

Artificial immune systems (AIS) are optimization methods inspired by immunological theory, designed 

to mimic the mechanisms of the biological immune system in responding to external disturbances. These 

algorithms are characterized by their decentralized structure, relying solely on local information without a central 

controlling entity. Due to this distributed architecture, AIS approaches are computationally lightweight, requiring 

minimal memory and CPU resources compared to population-based metaheuristics. However, their adaptability 

often necessitates problem-specific customization, which can limit general applicability. Despite this, AIS 

algorithms have been widely investigated and deployed in diverse engineering domains [149], including 

applications to power grid optimization [150], [151]. Moreover, AIS principles have contributed to the design of 

hybrid methodologies with enhanced performance characteristics and flexibility [152]. 

 

3.3.4 Non–Population-Based Metaheuristics 

In contrast to the population- or swarm-based approaches described above, several early metaheuristics 

operated on the principle of iteratively refining a single candidate solution. The most notable among these are 

simulated annealing (SA) [153] and tabu search (TS) [154]. Simulated annealing derives inspiration from the 

metallurgical annealing process, wherein materials are cooled to reach a low-energy crystalline state. Its 

distinctive feature is the probabilistic acceptance of worse solutions during the search, a mechanism that gradually 

diminishes over successive iterations. With only a few parameters to tune, SA offers reduced computational 

requirements as it maintains and updates a single solution, though this efficiency often comes at the cost of lower 

accuracy compared to population-based methods. Numerous refinements of SA have been proposed in recent 

years to address its limitations [153]. Tabu search, on the other hand, is grounded in the concept of memory 

structures known as tabu lists that record the search trajectory to prevent cycling back to previously visited 

solutions. Over time, many variants of TS have been developed to enhance its performance and efficiency [155], 

[156]. Owing to its relatively low computational cost and ability to handle large-scale optimization problems 

effectively, TS has become a valuable tool; however, its accuracy typically falls short of population-based methods, 

leaving it best suited for problems where computational efficiency outweighs the need for absolute precision. 

 

V. Applications in Smart Energy Grids 

5.1 Fog and Edge Computing in IoT-Driven SCADA Systems 

The integration of the Internet of Things (IoT) into modern energy infrastructures has introduced 

transformative possibilities across multiple domains of smart energy systems, including generation asset 

management, transmission networks governed by SCADA, distribution-level advanced metering infrastructure, 

environmental and pollution monitoring, as well as intelligent home and building automation. Among these 

innovations, fog or edge computing has emerged as a particularly powerful enabler for optimizing supervisory 

control and data acquisition (SCADA) systems, especially within the domain of energy transmission. With the 

rapid evolution of IoT-driven technologies, household appliances and energy devices are increasingly automated, 

allowing seamless interaction within smart environments. SCADA remains indispensable for overseeing and 
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controlling the processes of power generation, transmission, and distribution, as it ensures the efficient regulation 

of operational parameters through continuous data acquisition and supervisory automation [157]. The 

incorporation of IoT-based paradigms such as fog computing has further enhanced SCADA’s efficiency by 

enabling real-time data handling closer to the source [158]. 

A typical fog-enabled smart energy SCADA system can be conceptualized as comprising four 

interconnected layers: terminal devices, fog computing nodes, cloud infrastructure, and the central SCADA 

platform [157]. The terminal layer is composed of IoT-enabled sensors, actuators, and appliances, linked through 

wireless sensor networks (WSN) and supported by communication technologies such as Wi-Fi, Bluetooth, and 

ZigBee. These devices serve as the primary data sources, continuously monitoring and transmitting operational 

signals. At the intermediate level, fog or edge devices including access points, routers, and switches process and 

analyse the vast volumes of data generated at the terminal layer, thereby reducing latency and minimizing the 

reliance on centralized cloud servers [159]. The cloud infrastructure, consisting of distributed data centres, storage 

systems, and gateways, aggregates and processes information received from the field, enabling large-scale 

statistical analysis and long-term data management across geographically dispersed networks. Finally, the 

SCADA interface itself comprising client and server components acts as the decision-making hub. It interprets 

the results from cloud and fog analytics, supports automated control processes, and provides operators with 

actionable insights to regulate grid parameters efficiently. Collectively, this layered architecture highlights how 

IoT-enabled fog computing strengthens SCADA by distributing computational workloads, lowering latency, and 

enhancing overall system responsiveness (Figure 5). 

 

 
Figure 5 Four-tier SCADA architecture for a smart energy grid, from end devices to Fog, Cloud, and central 

control [160]. 
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5.2 Renewable Energy Integration 

Smart grids play a crucial role in integrating renewable energy sources (RES) into modern power systems. 

In fact, the smart grid paradigm was conceived to provide the flexibility and advanced control needed for a smooth 

transition towards renewable-based energy infrastructure. By automating and digitizing grid operations, smart 

grids can handle the variability and intermittency of resources like solar and wind power while maintaining 

reliability. Traditional electricity networks are evolving from centralized architectures to more distributed ones as 

renewable penetration increases, making bidirectional power flow and distributed generation key features of the 

smart grid [161]. This bidirectional, intelligent network enables active participation of distributed energy 

resources (e.g. rooftop solar, wind farms) and prosumers, thereby accommodating higher RES shares and reducing 

greenhouse gas emissions along with reliance on fossil fuels (Figure 6). 

 

 
Figure 6 Smart energy management system integrating renewable and conventional power sources with 

substations and diverse consumer domains [161]. 

 

Another promising development is the fusion of digital twin technology with edge-AI to enable real-time 

microgrid self-optimization. In the NeoGrid project (2024), microgrids deployed decentralized AI agents that 

continuously adjusted internal control strategies to maximize local solar usage. This architecture reportedly 

increased RES utilization by 22%, largely by minimizing curtailment and optimizing storage dispatch [162]. 

However, high levels of RES integration pose challenges that smart grid technologies must address. The 

output of renewables is inherently unpredictable, which can disrupt real-time supply–demand balance and grid 

stability. Major obstacles include the need for effective demand-response measures, sufficient energy storage to 

buffer fluctuations, and maintaining grid resilience amid variable supply . Upgrading grid infrastructure and 

regulatory frameworks is also critical to support large-scale renewable integration. To overcome these issues, 

researchers propose enhancements such as advanced forecasting and control systems, innovative energy storage 

solutions, and cooperative schemes among utilities, policymakers, and consumers. These strategies combined with 

innovations like smart inverters, adaptive protection, and microgrid systems help ensure that increasing renewable 

energy contributions can be smoothly integrated into the grid without compromising reliability [163]. 

 

5.3 Demand-Side Management 

Demand-Side Management (DSM) in smart grids encompasses strategies to adjust and optimize 

electricity consumption on the customer side in response to supply conditions or price signals. Enabled by two-

way communication technologies (e.g. smart meters and IoT devices), DSM allows utilities and consumers to 

interact in real time to modulate energy usage. Key DSM measures include demand response programs where 

consumers reduce or shift their electricity use during peak periods in exchange for incentives or dynamic pricing 
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as well as energy efficiency improvements and the integration of distributed generation at customer sites. By 

leveraging these methods, a smart grid can actively shape the load profile: for example, appliances or EV chargers 

can be scheduled to run during off-peak hours when energy is cheaper and more plentiful, thereby flattening 

demand peaks [164]. 

The benefits of DSM for the grid are substantial. By shifting loads and shaving peak demand, DSM 

reduces stress on generation and transmission capacity and postpones the need for new power infrastructure. This 

contributes to improved grid stability and facilitates higher penetration of renewables by aligning consumption 

with periods of high renewable output. Indeed, effective demand-side management and demand response 

implementations have been shown to lower overall system costs and curtail emissions, since peak shaving often 

replaces expensive, carbon-intensive peaking power plants. Consumers also benefit through lower energy bills 

and greater control over their energy usage, creating a more interactive and efficient energy ecosystem. Realizing 

DSM at scale, however, requires advanced metering infrastructure, smart appliances, and robust customer 

engagement to overcome barriers like limited participation and response reliability [165]. 

 

5.4 Grid Maintenance and Fault Tolerance 

Smart grids significantly enhance grid maintenance and fault tolerance through self-healing capabilities 

and advanced monitoring. A self-healing grid can automatically detect faults or disturbances, isolate the affected 

section, and reroute power to restore service all within moments and without human intervention. This automation, 

often implemented via Fault Location, Isolation, and Service Restoration (FLISR) schemes, minimizes outage 

durations and improves overall system reliability [166]. Moreover, smart grids employ distributed architectures 

to bolster fault tolerance. For instance, microgrids (localized networks with their own generation and storage) can 

disconnect (island) from the main grid during faults and continue supplying local loads independently. This limits 

the impact of outages and enhances resilience by preventing faults from cascading through the wider network. In 

short, the grid becomes more robust, able not only to withstand component failures but also to “heal” itself quickly 

when disruptions occur [165]. 

In terms of maintenance, smart grids leverage pervasive sensing and AI-driven analytics for predictive 

asset management. Critical components are outfitted with IoT sensors that continuously monitor equipment health 

(e.g. measuring temperature, vibration, or electrical parameters). The data is analysed in real time to identify 

anomalies and forecast potential equipment failures before they happen. By anticipating faults, grid operators can 

schedule targeted repairs or component replacements proactively, rather than reacting to unexpected breakdowns. 

This predictive maintenance approach reduces unplanned downtime and maintenance costs while extending the 

lifespan of infrastructure [165], [166]. Overall, the combination of self-healing automation and predictive 

maintenance enables a smarter grid that is far more tolerant to faults and quicker in recovery, markedly improving 

reliability and power quality compared to traditional grids. 

 

5.4 Electric Vehicle Integration 

The growing adoption of electric vehicles (EVs) presents both opportunities and challenges for smart 

energy grids. On one hand, EV charging demand can be very large and concentrated, potentially straining the grid 

if not properly managed. A surge of EVs plugging in during peak hours could overload local transformers or 

feeders, leading to voltage drops or even outages. In fact, a U.S. Department of Energy assessment warns that 

without smart coordination, the added loads from transportation electrification could jeopardize grid reliability 

and resilience. To prevent this, smart grids employ intelligent charging management [167]. Through time-of-use 

pricing, demand response signals, and direct control of charging infrastructure, utilities can incentivize EV owners 

to charge during off-peak times or when surplus renewable power is available. In effect, the smart grid shifts and 

smooths out the new EV load so that existing infrastructure can accommodate it with minimal stress. 

On the other hand, EVs when integrated via smart grid technologies can actively support the grid. The 

concept of vehicle-to-grid (V2G) enables bi-directional power flow: EVs not only draw power from the grid to 

charge but can also feed electricity back to the grid when needed. According to the U.S. Department of Energy, 

this makes EVs into “highly controllable load and mobile storage” units capable of providing valuable grid 

services to both vehicle owners and utilities. In practice, an aggregated fleet of V2G-enabled EVs functions as a 

distributed battery system that helps balance supply and demand. During times of high demand or grid stress, 

plugged-in EVs could discharge energy to reduce peak loads and provide ancillary services like frequency 

regulation. Likewise, excess renewable energy (for example, midday solar generation) can be absorbed by 

charging EVs and then returned to the grid during evening peaks, effectively time-shifting energy supply [168].  

 

VI. Technical Bottlenecks and Challenges 

While the integration of Artificial Intelligence (AI) into smart grids promises a shift from deterministic 

to data-driven, adaptive management, this transition is constrained by several critical technical bottlenecks. 

Existing studies often discuss these issues in isolation; however, a more systematic perspective reveals that they 



AI-Enabled Strategic Management of Smart Energy Grids: Real-Time Algorithmic Optimization .. 

www.ijres.org                                                                                                                                            179 | Page 

arise across three interconnected layers: the data layer (sparsity, noise, and heterogeneity), the algorithm layer 

(limited generalization and opacity), and the system layer (cyber-physical security and privacy) [169]. Addressing 

these challenges requires moving beyond generic problem descriptions toward targeted, methodologically 

grounded solution pathways. 

 

6.1 Data Layer 

The performance of deep learning models in smart grids is fundamentally dependent on the availability of 

high-quality, labelled datasets. In practice, modern power systems frequently exhibit a “data-rich, information-

poor” paradox. Smart meters and monitoring devices generate massive volumes of time-series data, yet the most 

critical events such as fault signatures, grid responses to extreme weather, or cyber-attack patterns are statistically 

rare. This severe class imbalance often yields models that perform well under normal operating conditions but fail 

precisely when they are most needed, during rare but high-impact tail events. Compounding this issue, data 

streams from heterogeneous sources such as phasor measurement units (PMUs), SCADA systems, and smart 

meters are susceptible to measurement noise, missing values caused by communication delays, and misaligned 

timestamps, all of which degrade the reliability of model inputs [169]. 

To mitigate data scarcity and class imbalance, recent work increasingly explores Generative Adversarial 

Networks (GANs) and related data-augmentation strategies. By training a generator to produce synthetic samples 

that are statistically consistent with real fault or disturbance data, GAN-based augmentation can enrich the 

minority classes and stabilize classifier decision boundaries. In parallel, advanced imputation methods based on 

denoising autoencoders and similar architectures can reconstruct missing entries in multivariate time-series data, 

thereby improving data completeness and quality. Together, these approaches enhance the robustness of 

downstream forecasting, control, and protection algorithms under noisy, incomplete, and imbalanced data 

conditions [170]. 

 

6.2 Algorithm Layer 

At the algorithm level, a central challenge is the domain shift problem. Models trained on one system 

configuration (for example, a particular transmission network or regional grid) often generalize poorly to another 

due to differences in network topology, impedance characteristics, load profiles, and generation portfolios [171]. 

This lack of transferability implies that each new deployment may require extensive re-training and re-validation, 

increasing both computational cost and engineering effort. In addition, many high-performing AI models, 

particularly deep neural networks, exhibit a pronounced “black-box” character. Their internal representations and 

decision pathways are difficult to interpret, which poses a significant barrier for grid operators who are 

accountable for system reliability and must justify automated control decisions within regulatory and operational 

frameworks [172]. 

Transfer learning (TL) and Explainable AI (XAI) have emerged as key technical directions to alleviate 

these issues. Transfer learning enables models to be pre-trained on large, diverse source datasets and then fine-

tuned on a specific target grid with comparatively limited data, thereby reducing data requirements and improving 

adaptation to new environments. At the same time, XAI techniques such as SHAP (SHapley Additive 

exPlanations) provide granular insight into model behavior by quantifying the contribution of individual features 

(e.g., temperature, historical load, or line flows) to specific predictions. These explanations help operators 

understand why a model recommends a given dispatch action or predicts a potential fault, fostering trust, 

supporting regulatory compliance, and enabling more informed human–AI collaboration in control rooms [172]. 

 

6.3 System Layer 

At the system level, the increasing reliance on data-driven algorithms significantly expands the attack 

surface of smart grids. Centralized AI training pipelines typically require the collection of fine-grained 

consumption and operational data at a central server, raising serious privacy concerns and potentially conflicting 

with regulations such as the General Data Protection Regulation (GDPR). In parallel, the cyber-physical nature of 

the grid makes it vulnerable to False Data Injection Attacks (FDIAs), in which adversaries manipulate sensor 

readings or communication channels to mislead estimation and control algorithms. Such attacks can trigger 

suboptimal or unsafe dispatch decisions, increasing the risk of line overloads, instability, or cascading failures. 

Federated learning (FL) offers a promising architectural response to the joint challenges of privacy and 

security. In a federated learning framework, model training is performed locally on edge devices (such as smart 

meters or substation controllers), and only encrypted model updates (gradients) are transmitted to a central 

aggregator, rather than raw measurement data. This decentralized scheme inherently preserves user privacy while 

still enabling the training of high-quality global models. Moreover, the incorporation of robust aggregation rules 

such as Krum or median-based aggregation enables the detection and suppression of anomalous or adversarial 

gradient updates, thereby limiting the impact of compromised nodes and mitigating the risk of FDIAs propagating 
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into the global model [173]. In this way, federated learning not only reconciles privacy with performance but also 

strengthens the overall cyber-physical resilience of AI-enabled smart grids. 

 

VII. Future Outlook 

The trajectory of AI-enabled smart grids is shifting from isolated, purely data-driven applications toward 

integrated, physically informed, and decentralized systems. To support reliable large-scale deployment, future 

research and development should concentrate on three actionable directions: physics-constrained AI, edge AI 

deployment, and multi-energy complementary systems. Together, these directions aim to ensure that AI methods 

respect physical laws, operate close to the grid edge with low latency, and coordinate across coupled electricity–

heat–gas infrastructures. 

 

7.1 Physics-Constrained AI 

Current “pure” deep learning models can generate predictions that are statistically accurate yet 

inconsistent with fundamental physical laws, such as Kirchhoff’s circuit laws or thermodynamic constraints [174]. 

Such violations are unacceptable in closed-loop control for high-voltage systems, where safety margins and 

stability criteria must be respected at all times. Future progress therefore depends on combining the flexibility of 

data-driven learning with explicit representations of power system physics, so that models remain both accurate 

and physically credible [175]. 

A central technical pathway in this direction is the development of Physics-Informed Neural Networks 

(PINNs). Rather than minimizing only a data-based loss (for example, mean squared error), PINNs embed the 

partial differential equations (PDEs) or algebraic equations that govern power flow directly into the loss function 

as additional regularization terms [176]. In practical terms, a PINN that forecasts grid states is penalized not only 

when its outputs deviate from historical measurements, but also when they violate power balance or network 

constraint equations. This dual penalization helps ensure physical consistency, reduces the amount of labelled 

data required, and improves stability within the system’s operational envelope. As a result, physics-constrained 

AI provides a more trustworthy foundation for real-time control, protection, and planning in safety-critical power 

system applications. 

 

7.2. Edge AI Deployment 

Traditional cloud-cantered architectures introduce latency and bandwidth limitations that are 

incompatible with fast grid protection and sub-second frequency regulation. As power systems connect growing 

numbers of distributed energy resources (DERs), including rooftop photovoltaics, electric vehicles, and battery 

systems, continuously streaming all data to a central server for processing becomes both computationally 

expensive and operationally fragile [177]. Future AI-enabled smart grids must therefore push intelligence closer 

to the devices themselves, enabling decentralized decision-making at or near the grid edge. 

The key technical path for this transition is model compression, particularly through quantization and 

pruning. By converting 32-bit floating-point weights to lower-precision representations (such as 8-bit integers) 

and systematically removing redundant neurons and connections, large deep learning models can be compressed 

to run on resource-constrained microcontrollers and embedded processors with minimal loss in accuracy [178]. 

This enables “intelligence at the socket,” where smart inverters, local controllers, and gateways can execute AI 

inference in milliseconds, autonomously regulating voltage, frequency, and power flows without relying on 

constant, low-latency connections to a central control centre. Edge AI deployment thus enhances responsiveness, 

reduces communication overhead, and improves resilience against communication failures and cyber-attacks that 

target centralized infrastructures. 

 

7.3. Integration of Multi-Energy Complementary Systems 

The future energy system is expected to move beyond isolated electricity networks toward integrated 

energy systems (IES) that jointly manage electricity, heat, and gas. While such multi-energy systems can exploit 

complementarities such as using surplus electricity to produce heat or hydrogen their tight coupling, nonlinear 

behaviours, and differing time constants (for instance, slow thermal dynamics versus fast electrical dynamics) 

make conventional optimization and control methods increasingly inadequate [179]. 

Multi-Agent Deep Reinforcement Learning (MADRL) offers a promising framework to handle this 

complexity. In a MADRL setting, different energy subsystems—such as combined heat and power plants, gas 

turbines, district heating networks, and battery storage units are modelled as autonomous agents that learn to 

coordinate their actions through interaction with the environment and with each other. A suitable cooperative 

reward structure encourages these agents to pursue global objectives, such as minimizing system operating cost, 

reducing emissions, or maximizing renewable utilization. For example, an agent controlling a power-to-heat unit 

may learn to divert excess wind generation into thermal storage during periods of electrical congestion, storing 

heat for later use when demand rises. By learning such coordinated strategies, MADRL-based controllers can 
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perform holistic optimization across electricity, heat, and gas networks, thereby improving overall system 

efficiency and supporting deep decarbonization of both the power and heating sectors [180]. 

 

VIII. Conclusion 

Artificial intelligence is increasingly redefining the operation and design of smart energy grids, driving a 

transition from deterministic, centrally managed systems to adaptive, anticipatory, and self-optimizing 

infrastructures. This review shows that AI-based methods—particularly advanced deep learning for load and 

renewable forecasting and deep reinforcement learning for control and dispatch—deliver measurable benefits, 

with reported gains of roughly 25% in short-term forecasting accuracy and up to 30% improvements in energy 

efficiency for decentralized dispatch and demand response. These advances underline a clear trend toward tighter 

integration of prediction, decision-making, and real-time actuation through hybrid forecasting architectures, edge-

enabled analytics, and decentralized multi-agent control frameworks. 

At the same time, the full potential of AI-enabled smart grids remains constrained by interlinked 

challenges in data quality, algorithmic robustness, and system-level design. The central bottleneck is achieving a 

coherent synergy across the data–algorithm–system triad. Future progress will depend on the wider adoption of 

physics-informed neural networks to enforce physical consistency in decision-making, alongside federated 

learning architectures that preserve privacy and enhance resilience at the grid edge. Addressing limitations in 

generalizability, interpretability, and cyber-physical security is essential to move beyond current performance 

plateaus. If these challenges are systematically resolved, AI-enabled smart grids can evolve into resilient, secure, 

and socially trusted infrastructures capable of reliably integrating high shares of renewables and supporting the 

broader transition to a low-carbon energy system. 

 

References 
[1] H. Szczepaniuk and E. K. Szczepaniuk, ‘Applications of Artificial Intelligence Algorithms in the Energy Sector’, Energies, vol. 16, 

no. 1, 2023, doi: 10.3390/en16010347. 

[2] M. S. Ibrahim, W. Dong, and Q. Yang, ‘Machine learning driven smart electric power systems: Current trends and new perspectives’, 

Appl. Energy, vol. 272, 2020, doi: 10.1016/j.apenergy.2020.115237. 
[3] A. Kumar, M. Alaraj, M. Rizwan, and U. Nangia, ‘Novel AI Based Energy Management System for Smart Grid with RES Integration’, 

IEEE Access, vol. 9, pp. 162530–162542, 2021, doi: 10.1109/ACCESS.2021.3131502. 

[4] S. S. Ali and B. J. Choi, ‘State-of-the-art artificial intelligence techniques for distributed smart grids: A review’, Electron., vol. 9, no. 
6, pp. 1–28, 2020, doi: 10.3390/electronics9061030. 

[5] W. Hua, Y. Chen, M. Qadrdan, J. Jiang, H. Sun, and J. Wu, ‘Applications of blockchain and artificial intelligence technologies for 

enabling prosumers in smart grids: A review’, Renew. Sustain. Energy Rev., vol. 161, 2022, doi: 10.1016/j.rser.2022.112308. 
[6] S. Singh and S. Singh, ‘Advancements and Challenges in Integrating Renewable Energy Sources Into Distribution Grid Systems: A 

Comprehensive Review’, J. Energy Resour. Technol. Trans. ASME, vol. 146, no. 9, 2024, doi: 10.1115/1.4065503. 

[7] M. Kumar and N. Pal, ‘Machine Learning-based Electric Load Forecasting for Peak Demand Control in Smart Grid’, Comput. Mater. 
Contin., vol. 74, no. 3, pp. 4785–4799, 2023, doi: 10.32604/cmc.2022.032971. 

[8] M. R. Islam, Muhammad Mahbubur Rahman, Mohammed Ataur Rahman, Muslin Har Sani Mohamad, and Abd Halim Embang, ‘A 

Review on Blockchain Technology for Distribution of Energy’, Int. J. Eng. Mater. Manuf., vol. 7, no. 2, pp. 61–70, 2022, doi: 
10.26776/ijemm.07.02.2022.03. 

[9] K. Mahmud, B. Khan, J. Ravishankar, A. Ahmadi, and P. Siano, ‘An internet of energy framework with distributed energy resources, 

prosumers and small-scale virtual power plants: An overview’, Renew. Sustain. Energy Rev., vol. 127, 2020, doi: 
10.1016/j.rser.2020.109840. 

[10] P. Michailidis, I. Michailidis, F. Minelli, H. H. Coban, and E. Kosmatopoulos, ‘Model Predictive Control for Smart Buildings: 

Applications and Innovations in Energy Management’, Buildings, vol. 15, no. 18, 2025, doi: 10.3390/buildings15183298. 
[11] S. F. Rafique and Z. Jianhua, ‘Energy management system, generation and demand predictors: A review’, IET Gener. Transm. Distrib., 

vol. 12, no. 3, pp. 519–530, 2018, doi: 10.1049/iet-gtd.2017.0354. 

[12] K. Ukoba, K. O. Olatunji, E. Adeoye, T. C. Jen, and D. M. Madyira, ‘Optimizing renewable energy systems through artificial 
intelligence: Review and future prospects’, Energy Environ., vol. 35, no. 7, pp. 3833–3879, 2024, doi: 10.1177/0958305X241256293. 

[13] D. Zhang, X. Han, and C. Deng, ‘Review on the research and practice of deep learning and reinforcement learning in smart grids’, 

CSEE J. Power Energy Syst., vol. 4, no. 3, pp. 362–370, 2018, doi: 10.17775/cseejpes.2018.00520. 
[14] G. F. Fan, L. L. Peng, and W. C. Hong, ‘Short-term load forecasting based on empirical wavelet transform and random forest’, Electr. 

Eng., vol. 104, no. 6, pp. 4433–4449, 2022, doi: 10.1007/s00202-022-01628-y. 

[15] T. Shering, E. Alonso, and D. Apostolopoulou, ‘Investigation of Load, Solar and Wind Generation as Target Variables in LSTM Time 
Series Forecasting, Using Exogenous Weather Variables’, Energies, vol. 17, no. 8, 2024, doi: 10.3390/en17081827. 

[16] S. Ben Taieb and R. J. Hyndman, ‘A gradient boosting approach to the Kaggle load forecasting competition’, Int. J. Forecast., vol. 
30, no. 2, pp. 382–394, 2014, doi: 10.1016/j.ijforecast.2013.07.005. 

[17] H. Ahn, K. Sun, and K. P. Kim, ‘Comparison of missing data imputation methods in time series forecasting’, Comput. Mater. Contin., 

vol. 70, no. 1, pp. 767–779, 2021, doi: 10.32604/cmc.2022.019369. 
[18] Christoph Molnar, Interpretable Machine Learning: A Guide for Making Black Box Models Explainable. 2018. [Online]. Available: 

https://christophm.github.io/interpretable-ml-book/ 

[19] A. Casolaro, V. Capone, G. Iannuzzo, and F. Camastra, ‘Deep Learning for Time Series Forecasting: Advances and Open Problems’, 
Inf., vol. 14, no. 11, 2023, doi: 10.3390/info14110598. 

[20] A. Colak and K. Ahmed, ‘A Brief Review on Capacity Sizing, Control and Energy Management in Hybrid Renewable Energy 

Systems’, 10th IEEE Int. Conf. Renew. Energy Res. Appl. ICRERA 2021, pp. 453–458, 2021, doi: 
10.1109/ICRERA52334.2021.9598654. 

[21] M. M. Ur Rashid, M. A. Hossain, R. Shah, M. S. Alam, A. K. Karmaker, and M. Rahman, ‘An Improved Energy and Cost 

Minimization Scheme for Home Energy Management (HEM) in the Smart Grid Framework’, 2020 IEEE Int. Conf. Appl. Supercond. 



AI-Enabled Strategic Management of Smart Energy Grids: Real-Time Algorithmic Optimization .. 

www.ijres.org                                                                                                                                            182 | Page 

Electromagn. Devices, ASEMD 2020, 2020, doi: 10.1109/ASEMD49065.2020.9276111. 
[22] S. Paul, T. Dey, P. Saha, S. Dey, and R. Sen, ‘Review on the development scenario of renewable energy in different country’, 2021 

Innov. Energy Manag. Renew. Resour. IEMRE 2021, 2021, doi: 10.1109/IEMRE52042.2021.9386748. 

[23] M. Kumar, S. Sen, H. Jain, and S. Diwania, ‘Optimal Planning for Building Integrated Microgrid System (BIMGS) for Economic 
Feasibility with Renewable Energy Support’, 2022 IEEE 10th Power India Int. Conf. PIICON 2022, 2022, doi: 

10.1109/PIICON56320.2022.10045284. 

[24] C. Gorea, D. L. Chiorean, I. Vlasa, I. Triştiu, and D. Bica, ‘Integration of Renewable Energy Sources in Energy Systems: Management, 
Security and Sustainability’, 2023 11th Int. Conf. ENERGY Environ. CIEM 2023, 2023, doi: 10.1109/CIEM58573.2023.10349741. 

[25] B. RE and B. TP, ‘The benefits of smart metering and demand response’, Energy Policy, vol. 37, no. 12, pp. 5915–5922, 2009. 

[26] A. ED, ‘History of the Niagara Falls Power Company’, 1927. [Online]. Available: http://www.technology.niagarac.on.ca/ 
[27] M. Y. Worku, ‘Recent Advances in Energy Storage Systems for Renewable Source Grid Integration: A Comprehensive Review’, 

Sustain., vol. 14, no. 10, 2022, doi: 10.3390/su14105985. 

[28] P. Benjamin, A History of Electricity, no. June. 1975. [Online]. Available: 
http://scholar.google.com/scholar?hl=en&btnG=Search&q=intitle:history+of+electricity#2 

[29] R. F. Hirsh and D. E. Nye, Electrifying America: Social Meanings of a New Technology, vol. 33, no. 3. 1992. doi: 10.2307/3106649. 

[30] W. Beaver, ‘Sustainable energy: The promise and perils of the breeder reactor’, Indep. Rev., vol. 18, no. 1, pp. 21–34, 2013. 
[31] M. Guarnieri, ‘The alternating evolution of DC power transmission [Historical]’, IEEE Ind. Electron. Mag., vol. 7, no. 3, pp. 60–63, 

2013, doi: 10.1109/MIE.2013.2272238. 

[32] H. R, R. P, and R. M, ‘Energy Production and Consumption’, OurWorldinData.org, 2023. https://ourworldindata.org/energy-
production-consumption 

[33] A. Rosato, M. Panella, R. Araneo, and A. Andreotti, ‘A Neural Network Based Prediction System of Distributed Generation for the 

Management of Microgrids’, IEEE Trans. Ind. Appl., vol. 55, no. 6, pp. 7092–7102, 2019, doi: 10.1109/TIA.2019.2916758. 
[34] P. Afzali, A. Yeganeh, and F. Derakhshan, ‘A novel socio-economic-environmental model to maximize prosumer satisfaction in smart 

residential complexes’, Energy Build., vol. 308, 2024, doi: 10.1016/j.enbuild.2024.114023. 

[35] F. Succetti, A. Rosato, R. Araneo, and M. Panella, ‘Deep Neural Networks for Multivariate Prediction of Photovoltaic Power Time 
Series’, IEEE Access, vol. 8, pp. 211490–211505, 2020, doi: 10.1109/ACCESS.2020.3039733. 

[36] M. A. Basit, S. Dilshad, R. Badar, and S. M. Sami ur Rehman, ‘Limitations, challenges, and solution approaches in grid-connected 

renewable energy systems’, Int. J. Energy Res., vol. 44, no. 6, pp. 4132–4162, 2020, doi: 10.1002/er.5033. 
[37] M. Shafiul Alam, F. S. Al-Ismail, A. Salem, and M. A. Abido, ‘High-level penetration of renewable energy sources into grid utility: 

Challenges and solutions’, IEEE Access, vol. 8, pp. 190277–190299, 2020, doi: 10.1109/ACCESS.2020.3031481. 

[38] H. Nordström et al., ‘Strategies for Continuous Balancing in Future Power Systems with High Wind and Solar Shares’, Energies, vol. 
16, no. 14, 2023, doi: 10.3390/en16145249. 

[39] Y. Xiong et al., ‘Machine learning enhanced rigiflex pillar-membrane triboelectric nanogenerator for universal stereoscopic 

recognition’, Nano Energy, vol. 129, 2024, doi: 10.1016/j.nanoen.2024.109956. 

[40] H. Wu et al., ‘Signal Processing in Smart Fiber-Optic Distributed Acoustic Sensor; [全 智 能 化 分 布 式 光 纤 声 波 传 感 器 的 

信 号 处 理 方 法]’, Guangxue Xuebao/Acta Opt. Sin., vol. 44, no. 1, 2024, [Online]. Available: 

https://www.scopus.com/inward/record.uri?eid=2-s2.0-

85182744138&doi=10.3788%2FAOS231384&partnerID=40&md5=2e1e5477078e66002d9fbdccbf49fd30 

[41] H. Alrubayyi, M. S. Alshareef, Z. Nadeem, A. M. Abdelmoniem, and M. Jaber, ‘Security Threats and Promising Solutions Arising 
from the Intersection of AI and IoT: A Study of IoMT and IoET Applications’, Futur. Internet, vol. 16, no. 3, 2024, doi: 

10.3390/fi16030085. 

[42] A. Sinha, S. Singh, and H. K. Verma, ‘AI-Driven Task Scheduling Strategy with Blockchain Integration for Edge Computing’, J. 
Grid Comput., vol. 22, no. 1, 2024, doi: 10.1007/s10723-024-09743-9. 

[43] L. Zeng, S. Ye, X. Chen, and Y. Yang, ‘Implementation of Big AI Models for Wireless Networks with Collaborative Edge Computing’, 

IEEE Wirel. Commun., vol. 31, no. 3, pp. 50–58, 2024, doi: 10.1109/MWC.004.2300479. 
[44] P. K. Udayaprasad et al., ‘Energy Efficient Optimized Routing Technique With Distributed SDN-AI to Large Scale I-IoT Networks’, 

IEEE Access, vol. 12, pp. 2742–2759, 2024, doi: 10.1109/ACCESS.2023.3346679. 

[45] Q. Wang, Y. Yin, Y. Chen, and Y. Liu, ‘Carbon peak management strategies for achieving net-zero emissions in smart buildings: 
Advances and modeling in digital twin’, Sustain. Energy Technol. Assessments, vol. 64, 2024, doi: 10.1016/j.seta.2024.103661. 

[46] V. K. Quy, D. C. Nguyen, D. Van Anh, and N. M. Quy, ‘Federated learning for green and sustainable 6G IIoT applications’, Internet 
of Things (Netherlands), vol. 25, 2024, doi: 10.1016/j.iot.2024.101061. 

[47] S. Cairone et al., ‘Revolutionizing wastewater treatment toward circular economy and carbon neutrality goals: Pioneering sustainable 

and efficient solutions for automation and advanced process control with smart and cutting-edge technologies’, J. Water Process Eng., 
vol. 63, 2024, doi: 10.1016/j.jwpe.2024.105486. 

[48] A. Somantri and K. Surendro, ‘Greenhouse Gas Emission Reduction Architecture in Computer Science: A Systematic Review’, IEEE 

Access, vol. 12, pp. 36239–36256, 2024, doi: 10.1109/ACCESS.2024.3373786. 
[49] H. Gou, G. Zhang, E. P. Medeiros, S. K. Jagatheesaperumal, and V. H. C. de Albuquerque, ‘A Cognitive Medical Decision Support 

System for IoT-Based Human-Computer Interface in Pervasive Computing Environment’, Cognit. Comput., vol. 16, no. 5, pp. 2471–

2486, 2024, doi: 10.1007/s12559-023-10242-4. 
[50] G. L. Rajora, M. A. Sanz-Bobi, L. B. Tjernberg, and J. E. Urrea Cabus, ‘A review of asset management using artificial intelligence-

based machine learning models: Applications for the electric power and energy system’, IET Gener. Transm. Distrib., vol. 18, no. 12, 

pp. 2155–2170, 2024, doi: 10.1049/gtd2.13183. 
[51] Y. Huang, M. Li, F. R. Yu, P. Si, H. Zhang, and J. Qiao, ‘Resources Scheduling for Ambient Backscatter Communication-Based 

Intelligent IIoT: A Collective Deep Reinforcement Learning Method’, IEEE Trans. Cogn. Commun. Netw., vol. 10, no. 2, pp. 634–

648, 2024, doi: 10.1109/TCCN.2023.3330065. 
[52] M. Diefenthaler et al., ‘AI-assisted detector design for the EIC (AID(2)E)’, J. Instrum., vol. 19, no. 7, 2024, doi: 10.1088/1748-

0221/19/07/C07001. 

[53] X. Wang, Y. Guo, and Y. Gao, ‘Unmanned Autonomous Intelligent System in 6G Non-Terrestrial Network’, Inf., vol. 15, no. 1, 2024, 
doi: 10.3390/info15010038. 

[54] M. Khalid, ‘Energy 4.0: AI-enabled digital transformation for sustainable power networks’, Comput. Ind. Eng., vol. 193, 2024, doi: 

10.1016/j.cie.2024.110253. 
[55] T. Luo et al., ‘Achieving Green AI with Energy-Efficient Deep Learning Using Neuromorphic Computing’, Commun. ACM, vol. 66, 

no. 7, pp. 52–57, 2023, doi: 10.1145/3588591. 



AI-Enabled Strategic Management of Smart Energy Grids: Real-Time Algorithmic Optimization .. 

www.ijres.org                                                                                                                                            183 | Page 

[56] A. Mwangi, R. Sahay, E. Fumagalli, M. Gryning, and M. Gibescu, ‘Towards a Software-Defined Industrial IoT-Edge Network for 
Next-Generation Offshore Wind Farms: State of the Art, Resilience, and Self-X Network and Service Management’, Energies , vol. 

17, no. 12, 2024, doi: 10.3390/en17122897. 

[57] A. E. Onile, E. Petlenkov, Y. Levron, and J. Belikov, ‘Smartgrid-based hybrid digital twins framework for demand side 
recommendation service provision in distributed power systems’, Futur. Gener. Comput. Syst., vol. 156, pp. 142–156, 2024, doi: 

10.1016/j.future.2024.03.018. 

[58] J. Du, T. Lin, C. Jiang, Q. Yang, C. F. Bader, and Z. Han, ‘Distributed Foundation Models for Multi-Modal Learning in 6G Wireless 
Networks’, IEEE Wirel. Commun., vol. 31, no. 3, pp. 20–30, 2024, doi: 10.1109/MWC.009.2300501. 

[59] O. Jouini, K. Sethom, A. Namoun, N. Aljohani, M. H. Alanazi, and M. N. Alanazi, ‘A Survey of Machine Learning in Edge 

Computing: Techniques, Frameworks, Applications, Issues, and Research Directions’, Technologies, vol. 12, no. 6, 2024, doi: 
10.3390/technologies12060081. 

[60] Y. H. Lin and J. C. Ciou, ‘A privacy-preserving distributed energy management framework based on vertical federated learning-based 

smart data cleaning for smart home electricity data’, Internet of Things (Netherlands), vol. 26, 2024, doi: 10.1016/j.iot.2024.101222. 
[61] D. Naseh, S. S. Shinde, and D. Tarchi, ‘Network Sliced Distributed Learning-as-a-Service for Internet of Vehicles Applications in 

6G Non-Terrestrial Network Scenarios’, J. Sens. Actuator Networks, vol. 13, no. 1, 2024, doi: 10.3390/jsan13010014. 

[62] Y. Liu, M. Gong, G. Chen, and T. Zhao, ‘CNN-LSTM-based spatio-temporal prediction model for photovoltaic power generation’, 
in Proceedings of the 2025 2nd International Conference on Big Data and Digital Management, 2025, pp. 570–575. doi: 

https://doi.org/10.1145/3768801.3768892. 

[63] M. Cavus and A. Allahham, ‘Spatio-Temporal Attention-Based Deep Learning for Smart Grid Demand Prediction’, Electron., vol. 
14, no. 13, 2025, doi: 10.3390/electronics14132514. 

[64] B. Li, Y. Liao, S. Liu, C. Liu, and Z. Wu, ‘Research on Short-Term Load Forecasting of LSTM Regional Power Grid Based on Multi-

Source Parameter Coupling’, Energies, vol. 18, no. 3, 2025, doi: 10.3390/en18030516. 
[65] H. Zhang, Y. Zhang, J. Zhang, X. Meng, and J. Sun, ‘Resilient dispatching optimization of power system driven by deep reinforcement 

learning model’, Discov. Artif. Intell., vol. 5, no. 1, 2025, doi: 10.1007/s44163-025-00451-1. 

[66] M. Zahid, H. M. Munir, M. Adeel, F. S. Alromithy, M. R. Altimania, and I. Zaitsev, ‘AI-Driven Optimization Techniques for Power 
Quality Improvement in Microgrids: Trends, Techniques, and Future Directions’, Energy Sci. Eng., 2025, doi: 10.1002/ese3.70342. 

[67] S. Alkaabi, S. Yussof, H. M. Al-Khateeb, G. Ahmadi-Assalemi, G. Epiphaniou, and C. Author, ‘Advanced Sciences and Technologies 

for Security Applications’, pp. 978–981, 2020, [Online]. Available: 
http://www.springer.com/series/5540%0Ahttps://doi.org/10.1007/978-3-030-35746-7_17 

[68] R. Vinayakumar, M. Alazab, K. P. Soman, P. Poornachandran, and S. Venkatraman, ‘Robust Intelligent Malware Detection Using 

Deep Learning’, IEEE Access, vol. 7, pp. 46717–46738, 2019, doi: 10.1109/ACCESS.2019.2906934. 
[69] M. Shafiq, X. Yu, A. K. Bashir, H. N. Chaudhry, and D. Wang, ‘A machine learning approach for feature selection traffic classification 

using security analysis’, J. Supercomput., vol. 74, no. 10, pp. 4867–4892, 2018, doi: 10.1007/s11227-018-2263-3. 

[70] C. Iwendi, S. Khan, J. H. Anajemba, A. K. Bashir, and F. Noor, ‘Realizing an Efficient IoMT-Assisted Patient Diet Recommendation 
System Through Machine Learning Model’, IEEE Access, vol. 8, pp. 28462–28474, 2020, doi: 10.1109/ACCESS.2020.2968537. 

[71] Y. Hong, Y. Zhou, Q. Li, W. Xu, and X. Zheng, ‘A deep learning method for short-term residential load forecasting in smart grid’, 
IEEE Access, vol. 8, pp. 55785–55797, 2020, doi: 10.1109/ACCESS.2020.2981817. 

[72] M. Adil, N. Javaid, U. Qasim, I. Ullah, M. Shafiq, and J. G. Choi, ‘LSTM and bat-based rusboost approach for electricity theft 

detection’, Appl. Sci., vol. 10, no. 12, 2020, doi: 10.3390/app10124378. 
[73] A. Jindal et al., ‘Decision Tree and SVM-Based Data Analytics for Theft Detection in Smart Grid’, IEEE Trans. Ind. Informatics, vol. 

12, no. 3, pp. 1005–1016, 2016. 

[74] R. Razavi, A. Gharipour, M. Fleury, and I. J. Akpan, ‘A practical feature-engineering framework for electricity theft detection in 
smart grids’, Appl. Energy, vol. 238, pp. 481–494, 2019, doi: 10.1016/j.apenergy.2019.01.076. 

[75] Q. V. Pham et al., ‘A Survey of Multi-Access Edge Computing in 5G and Beyond: Fundamentals, Technology Integration, and State-

of-the-Art’, IEEE Access, vol. 8, pp. 116974–117017, 2020, doi: 10.1109/ACCESS.2020.3001277. 
[76] Y. Kotb et al., ‘Cloud-Based Multi-Agent Cooperation for IoT Devices Using Workflow-Nets’, J. Grid Comput., 2019, [Online]. 

Available: http://researchonline.ljmu.ac.uk/ 

[77] C. Iwendi, P. K. R. Maddikunta, T. R. Gadekallu, K. Lakshmanna, A. K. Bashir, and M. J. Piran, ‘A metaheuristic optimization 
approach for energy efficiency in the IoT networks’, Softw. - Pract. Exp., vol. 51, no. 12, pp. 2558–2571, 2021, doi: 10.1002/spe.2797. 

[78] I. U. Din, M. Guizani, J. J. P. C. Rodrigues, S. Hassan, and V. V. Korotaev, ‘Machine learning in the Internet of Things: Designed 

techniques for smart cities’, Futur. Gener. Comput. Syst., vol. 100, pp. 826–843, 2019, doi: 10.1016/j.future.2019.04.017. 
[79] S. Ahmed, Y. Lee, S. H. Hyun, and I. Koo, ‘Unsupervised Machine Learning-Based Detection of Covert Data Integrity Assault in 

Smart Grid Networks Utilizing Isolation Forest’, IEEE Trans. Inf. Forensics Secur., vol. 14, no. 10, pp. 2765–2777, 2019, doi: 

10.1109/TIFS.2019.2902822. 
[80] H. Xiang, Q. Zou, M. A. Nawaz, X. Huang, F. Zhang, and H. Yu, ‘Deep learning for image inpainting: A survey’, Pattern Recognit., 

vol. 134, 2023, doi: 10.1016/j.patcog.2022.109046. 

[81] M. Ghorbanian, S. H. Dolatabadi, and P. Siano, ‘Big Data Issues in Smart Grids: A Survey’, IEEE Syst. J., vol. 13, no. 4, pp. 4158–
4168, 2019, doi: 10.1109/JSYST.2019.2931879. 

[82] Maneesha M, Savitha V, Jeevika S, Nithiskumar G, and Sangeetha K, ‘Deep Learning Approach For Intelligent Intrusion Detection 

System’, Int. Res. J. Adv. Sci. Hub, vol. 3, no. 3S, pp. 45–48, 2021, doi: 10.47392/irjash.2021.061. 
[83] D. Moldovan and I. Salomie, ‘Detection of Sources of Instability in Smart Grids Using Machine Learning Techniques’, in Proceedings 

- 2019 IEEE 15th International Conference on Intelligent Computer Communication and Processing, ICCP 2019, 2019, pp. 175–182. 

doi: 10.1109/ICCP48234.2019.8959649. 
[84] D. Syed, S. S. Refaat, and H. Abu-Rub, ‘Performance evaluation of distributed machine learning for load forecasting in smart grids’, 

Proc. 30th Int. Conf. Cybern. Informatics, K I 2020, 2020, doi: 10.1109/KI48306.2020.9039797. 

[85] L. Jin, A. Fuggle, H. Roberts, and C. P. Armstrong, ‘Using Machine Learning to Predict Shear Wave Velocity’, pp. 142–152, 2023, 
doi: 10.1061/9780784484678.015. 

[86] N. Bassamzadeh and R. Ghanem, ‘Multiscale stochastic prediction of electricity demand in smart grids using Bayesian networks’, 

Appl. Energy, vol. 193, pp. 369–380, 2017, doi: 10.1016/j.apenergy.2017.01.017. 
[87] M. Alazab, S. Khan, S. S. R. Krishnan, Q. V. Pham, M. P. K. Reddy, and T. R. Gadekallu, ‘A Multidirectional LSTM Model for 

Predicting the Stability of a Smart Grid’, IEEE Access, vol. 8, pp. 85454–85463, 2020, doi: 10.1109/ACCESS.2020.2991067. 

[88] Z. Han, J. Zhao, H. Leung, K. F. Ma, and W. Wang, ‘A Review of Deep Learning Models for Time Series Prediction’, IEEE Sens. J., 
vol. 21, no. 6, pp. 7833–7848, 2021, doi: 10.1109/JSEN.2019.2923982. 

[89] R. S, S. Neelakandan, M. Prakash, B. T. Geetha, S. Mary Rexcy Asha, and M. K. Roberts, ‘Artificial humming bird with data science 



AI-Enabled Strategic Management of Smart Energy Grids: Real-Time Algorithmic Optimization .. 

www.ijres.org                                                                                                                                            184 | Page 

enabled stability prediction model for smart grids’, Sustain. Comput. Informatics Syst., vol. 36, 2022, doi: 
10.1016/j.suscom.2022.100821. 

[90] S. Bouktif, A. Fiaz, A. Ouni, and M. A. Serhani, ‘Optimal deep learning LSTM model for electric load forecasting using feature 

selection and genetic algorithm: Comparison with machine learning approaches’, Energies, vol. 11, no. 7, 2018, doi: 
10.3390/en11071636. 

[91] M. A. Hassan et al., ‘Evaluation of energy extraction of PV systems affected by environmental factors under real outdoor conditions’, 

Theor. Appl. Climatol., vol. 150, no. 1–2, pp. 715–729, 2022, doi: 10.1007/s00704-022-04166-6. 
[92] D. S. Khafaga et al., ‘Improved Prediction of Metamaterial Antenna Bandwidth Using Adaptive Optimization of LSTM’, Comput. 

Mater. Contin., vol. 73, no. 1, pp. 865–881, 2022, doi: 10.32604/cmc.2022.028550. 

[93] L. Hernández, C. Baladrón, J. M. Aguiar, B. Carro, A. Sánchez-Esguevillas, and J. Lloret, ‘Artificial neural networks for short-term 
load forecasting in microgrids environment’, Energy, vol. 75, pp. 252–264, 2014, doi: 10.1016/j.energy.2014.07.065. 

[94] T. Ahmad and H. Chen, ‘Potential of three variant machine-learning models for forecasting district level medium-term and long-term 

energy demand in smart grid environment’, Energy, vol. 160, pp. 1008–1020, 2018, doi: 10.1016/j.energy.2018.07.084. 
[95] F. H. Rizk, S. Arkhstan, A. M. Zaki, M. A. Kandel, and S. K. Towfek, ‘Integrated CNN and Waterwheel Plant Algorithm for Enhanced 

Global Traffic Detection’, J. Artif. Intell. Metaheuristics, vol. 6, no. 2, pp. 36–45, 2023, doi: 10.54216/jaim.060204. 

[96] S. Balouch et al., ‘Optimal Scheduling of Demand Side Load Management of Smart Grid Considering Energy Efficiency’, Front. 
Energy Res., vol. 10, 2022, doi: 10.3389/fenrg.2022.861571. 

[97] W. Jiang et al., ‘An efficient user demand response framework based on load sensing in smart grid’, Front. Energy Res., vol. 11, 2023, 

doi: 10.3389/fenrg.2023.1141374. 
[98] A. Djaafari et al., ‘Hourly predictions of direct normal irradiation using an innovative hybrid LSTM model for concentrating solar 

power projects in hyper-arid regions’, Energy Reports, vol. 8, pp. 15548–15562, 2022, doi: 10.1016/j.egyr.2022.10.402. 

[99] P. M. Muchinsky, ‘Interpretable Machine Learning’, Psychology Applied to Work: An Introduction to Industrial and Organizational 
Psychology, Tenth Edition Paul, 2012. https://christophm.github.io/interpretable-ml-book/ 

[100] Ilya Sutskever, Oriol Vinyals, and Quoc V. Le, ‘Sequence to Sequence Learning with Neural Networks’, Adv. Neural Inf. Process. 

Syst., vol. 4, no. January, pp. 3104–3112, 2014, [Online]. Available: https://arxiv.org/abs/1409.3215v3 
[101] N. Kumar, S. Zeadally, and J. J. P. C. Rodrigues, ‘Vehicular delay-tolerant networks for smart grid data management using mobile 

edge computing’, IEEE Commun. Mag., vol. 54, no. 10, pp. 60–66, 2016, doi: 10.1109/MCOM.2016.7588230. 

[102] G. T. Reddy, M. P. K. Reddy, K. Lakshmanna, D. S. Rajput, R. Kaluri, and G. Srivastava, ‘Hybrid genetic algorithm and a fuzzy 
logic classifier for heart disease diagnosis’, Evol. Intell., vol. 13, no. 2, pp. 185–196, 2020, doi: 10.1007/s12065-019-00327-1. 

[103] F. K. Karim et al., ‘Optimized LSTM for Accurate Smart Grid Stability Prediction Using a Novel Optimization Algorithm’, Front. 

Energy Res., vol. 12, 2024, doi: 10.3389/fenrg.2024.1399464. 
[104] J. Zhou, X. Tong, J. Zhou, S. Bai, R. Liu, and H. Zhao, ‘Application of a hybrid ARIMA-LSTM model based on the LightGBM in 

grid frequency prediction’, Proc. - 2024 3rd Asian Conf. Front. Power Energy, ACFPE 2024, pp. 409–413, 2024, doi: 

10.1109/ACFPE63443.2024.10800878. 
[105] Y. Liu, Z. Liang, and X. Li, ‘Enhancing Short-Term Power Load Forecasting for Industrial and Commercial Buildings: A Hybrid 

Approach Using TimeGAN, CNN, and LSTM’, IEEE Open J. Ind. Electron. Soc., vol. 4, pp. 451–462, 2023, doi: 
10.1109/OJIES.2023.3319040. 

[106] B. Ibrahim, L. Rabelo, A. T. Sarmiento, and E. Gutierrez-Franco, ‘A Holistic Approach to Power Systems Using Innovative Machine 

Learning and System Dynamics’, University of Central Florida, 2023. doi: 10.3390/en16135225. 
[107] X. Liu, J. Song, H. Tao, P. Wang, H. Mo, and W. Du, ‘Quarter-Hourly Power Load Forecasting Based on a Hybrid CNN-BiLSTM-

Attention Model with CEEMDAN, K-Means, and VMD’, Energies, vol. 18, no. 11, 2025, doi: 10.3390/en18112675. 

[108] F. Dakheel and M. Çevik, ‘Optimizing Smart Grid Load Forecasting via a Hybrid Long Short-Term Memory-XGBoost Framework: 
Enhancing Accuracy, Robustness, and Energy Management’, Energies, vol. 18, no. 11, 2025, doi: 10.3390/en18112842. 

[109] M. Asghar Majeed, S. Phichaisawat, F. Asghar, and U. Hussan, ‘Data-Driven Optimized Load Forecasting: An LSTM-Based RNN 

Approach for Smart Grids’, IEEE Access, vol. 13, pp. 99018–99031, 2025, doi: 10.1109/ACCESS.2025.3576303. 
[110] O. A. Omitaomu and H. Niu, ‘Artificial intelligence techniques in smart grid: A survey’, Smart Cities, vol. 4, no. 2, pp. 548–568, 

2021, doi: 10.3390/smartcities4020029. 

[111] S. Gupta, R. Kambli, S. Wagh, and F. Kazi, ‘Support-vector-machine-based proactive cascade prediction in smart grid using 
probabilistic framework’, IEEE Trans. Ind. Electron., vol. 62, no. 4, pp. 2478–2486, 2015, doi: 10.1109/TIE.2014.2361493. 

[112] A. B. M. S. Ali and S. Azad, ‘Demand forecasting in smart grid’, Green Energy Technol., vol. 132, pp. 135–150, 2013, doi: 

10.1007/978-1-4471-5210-1_6. 
[113] X. Pan and B. Lee, ‘A comparison of support vector machines and artificial neural networks for mid-term load forecasting’, 2012 

IEEE Int. Conf. Ind. Technol. ICIT 2012, Proc., pp. 95–101, 2012, doi: 10.1109/ICIT.2012.6209920. 

[114] G. Mitchell, S. Bahadoorsingh, N. Ramsamooj, and C. Sharma, ‘A comparison of artificial neural networks and support vector 
machines for short-term load forecasting using various load types’, 2017 IEEE Manchester PowerTech, Powertech 2017, 2017, doi: 

10.1109/PTC.2017.7980814. 

[115] S. Li, K. Du, and Z. Li, ‘Influence on Stability Analysis in Distributed Smart Grids Using Computer Aimed Digital Decision Trees’, 
Comput. Aided. Des. Appl., vol. 21, no. S16, pp. 178–198, 2024, doi: 10.14733/cadaps.2024.S16.178-198. 

[116] H. Naeem, F. Ullah, and G. Srivastava, ‘Classification of intrusion cyber-attacks in smart power grids using deep ensemble learning 

with metaheuristic-based optimization’, Expert Syst., vol. 42, no. 1, 2025, doi: 10.1111/exsy.13556. 
[117] S. Mohsen, S. S. M. Ghoneim, M. S. Alzaidi, A. Alzahrani, and A. M. Ali Hassan, ‘Classification of Electroencephalogram Signals 

Using LSTM and SVM Based on Fast Walsh-Hadamard Transform’, Comput. Mater. Contin., vol. 75, no. 3, pp. 5271–5286, 2023, 

doi: 10.32604/cmc.2023.038758. 
[118] B. A. Atalay and K. Zor, ‘An Innovative Approach for Forecasting Hydroelectricity Generation by Benchmarking Tree-Based 

Machine Learning Models’, Appl. Sci., vol. 15, no. 9, p. 10514, 2025, doi: https://doi.org/10.3390/app151910514. 

[119] F. Chen, J. Ding, Q. Zhang, J. Wu, F. Lei, and Y. Liu, ‘A PV Power Forecasting Based on Mechanism Model-Driven and Stacking 
Model Fusion’, J. Electr. Eng. Technol., vol. 19, no. 8, pp. 4683–4697, 2024, doi: 10.1007/s42835-024-01906-8. 

[120] H. Lee, J. Kim, K. Ko, H. Han, and M. Youm, ‘Radar-Based Road Surface Classification Using Range-Fast Fourier Transform 

Learning Models’, Sensors, vol. 25, no. 18, 2025, doi: 10.3390/s25185697. 
[121] B. Singh and V. K. Minocha, ‘An optimized boosting-based machine learning model for predicting maximum scour depth around 

spur dikes’, Mar. Georesources Geotechnol., 2025, doi: https://doi.org/10.1080/1064119X.2025.2534968. 

[122] A. Sharma and R. Tiwari, ‘Anomaly detection in smart grid using optimized extreme gradient boosting with SCADA system’, Electr. 
Power Syst. Res., vol. 235, 2024, doi: 10.1016/j.epsr.2024.110876. 

[123] G. Ghous et al., ‘Attention-Driven Emotion Recognition in EEG: A Transformer-Based Approach With Cross-Dataset Fine-Tuning’, 



AI-Enabled Strategic Management of Smart Energy Grids: Real-Time Algorithmic Optimization .. 

www.ijres.org                                                                                                                                            185 | Page 

IEEE Access, vol. 13, pp. 69369–69394, 2025, doi: 10.1109/ACCESS.2025.3561137. 
[124] S. Kenneth, ‘Metaheuristics – the Metaphor Exposed’, Int. Trans. Oper. Res., no. September, pp. 1–20, 2012. 

[125] A. Askarzadeh, ‘A Memory-Based Genetic Algorithm for Optimization of Power Generation in a Microgrid’, IEEE Trans. Sustain. 

Energy, vol. 9, no. 3, pp. 1081–1089, 2018, doi: 10.1109/TSTE.2017.2765483. 
[126] H. Pulluri, R. Naresh, and V. Sharma, ‘An enhanced self-adaptive differential evolution based solution methodology for 

multiobjective optimal power flow’, Appl. Soft Comput. J., vol. 54, pp. 229–245, 2017, doi: 10.1016/j.asoc.2017.01.030. 

[127] M. O. W. Grond, H. N. Luong, J. Morren, P. A. N. Bosman, H. J. G. Slootweg, and H. La Poutré, ‘Practice-oriented optimization of 
distribution network planning using metaheuristic algorithms’, Proc. - 2014 Power Syst. Comput. Conf. PSCC 2014, 2014, doi: 

10.1109/PSCC.2014.7038349. 

[128] Sarjiya, A. B. Mulyawan, A. Setiawan, and A. Sudiarso, ‘Thermal unit commitment solution using genetic algorithm combined with 
the principle of tabu search and priority list method’, Proc. - 2013 Int. Conf. Inf. Technol. Electr. Eng. "Intelligent Green Technol. 

Sustain. Dev. ICITEE 2013, pp. 414–419, 2013, doi: 10.1109/ICITEED.2013.6676278. 

[129] S. Leonori, M. Paschero, F. M. Frattale Mascioli, and A. Rizzi, ‘Optimization strategies for Microgrid energy management systems 
by Genetic Algorithms’, Appl. Soft Comput. J., vol. 86, 2020, doi: 10.1016/j.asoc.2019.105903. 

[130] A. Asrari, S. Lotfifard, and M. Ansari, ‘Reconfiguration of Smart Distribution Systems with Time Varying Loads Using Parallel  

Computing’, IEEE Trans. Smart Grid, vol. 7, no. 6, pp. 2713–2723, 2016, doi: 10.1109/TSG.2016.2530713. 
[131] V. Roberge, M. Tarbouchi, and F. A. Okou, ‘Distribution System Optimization on Graphics Processing Unit’, IEEE Trans. Smart 

Grid, vol. 8, no. 4, pp. 1689–1699, 2017, doi: 10.1109/TSG.2015.2502066. 

[132] L. Jebaraj, C. Venkatesan, I. Soubache, and C. C. A. Rajan, ‘Application of differential evolution algorithm in static and dynamic 
economic or emission dispatch problem: A review’, Renew. Sustain. Energy Rev., vol. 77, pp. 1206–1220, 2017, doi: 

10.1016/j.rser.2017.03.097. 

[133] H. R. Cai, C. Y. Chung, and K. P. Wong, ‘Application of differential evolution algorithm for transient stability constrained optimal 
power flow’, IEEE Trans. Power Syst., vol. 23, no. 2, pp. 719–728, 2008, doi: 10.1109/TPWRS.2008.919241. 

[134] M. Varadarajan and K. S. Swarup, ‘Solving multi-objective optimal power flow using differential evolution’, IET Gener. Transm. 

Distrib., vol. 2, no. 5, pp. 720–730, 2008, doi: 10.1049/iet-gtd:20070457. 
[135] R. Tisseur, F. De Bosio, G. Chicco, M. Fantino, and M. Pastorelli, ‘Optimal scheduling of distributed energy storage systems by 

means of ACO algorithm’, Proc. - 2016 51st Int. Univ. Power Eng. Conf. UPEC 2016, vol. 2017-Janua, pp. 1–6, 2016, doi: 

10.1109/UPEC.2016.8114101. 
[136] T. Saravanan, G. Saritha, and V. Srinivasan, ‘Optimal power flow using particle swarm optimization’, Middle - East J. Sci. Res., vol. 

20, no. 11, pp. 1554–1560, 2014, doi: 10.5829/idosi.mejsr.2014.20.11.923. 

[137] S. A. ChithraDevi, L. Lakshminarasimman, and R. Balamurugan, ‘Stud Krill herd Algorithm for multiple DG placement and sizing 
in a radial distribution system’, Eng. Sci. Technol. an Int. J., vol. 20, no. 2, pp. 748–759, 2017, doi: 10.1016/j.jestch.2016.11.009. 

[138] K. Chandrasekaran and S. P. Simon, ‘Multi-objective unit commitment problem with reliability function using fuzzified binary real 

coded artificial bee colony algorithm’, IET Gener. Transm. Distrib., vol. 6, no. 10, pp. 1060–1073, 2012, doi: 10.1049/iet-
gtd.2012.0193. 

[139] A. Panda, M. Tripathy, A. K. Barisal, and T. Prakash, ‘A modified bacteria foraging based optimal power flow framework for Hydro-
Thermal-Wind generation system in the presence of STATCOM’, Energy, vol. 124, pp. 720–740, 2017, doi: 

10.1016/j.energy.2017.02.090. 

[140] D. Prasad, A. Mukherjee, G. Shankar, and V. Mukherjee, ‘Application of chaotic whale optimisation algorithm for transient stability 
constrained optimal power flow’, IET Sci. Meas. Technol., vol. 11, no. 8, pp. 1002–1013, 2017, doi: 10.1049/iet-smt.2017.0015. 

[141] K. Murugaperumal and P. Ajay, ‘Energy storage based MG connected system for optimal management of energy: An ANFMDA 

technique’, Int. J. Hydrogen Energy, vol. 44, no. 16, pp. 7996–8010, 2019, doi: 10.1016/j.ijhydene.2019.02.002. 
[142] A. A. El-Fergany and H. M. Hasanien, ‘Tree-seed algorithm for solving optimal power flow problem in large-scale power systems 

incorporating validations and comparisons’, Appl. Soft Comput. J., vol. 64, pp. 307–316, 2018, doi: 10.1016/j.asoc.2017.12.026. 

[143] C. M. Huang and Y. C. Huang, ‘Hybrid optimisation method for optimal power flow using flexible AC transmission system devices’, 
IET Gener. Transm. Distrib., vol. 8, no. 12, pp. 2036–2045, 2014, doi: 10.1049/iet-gtd.2014.0096. 

[144] A. R. Jordehi, ‘Particle swarm optimisation (PSO) for allocation of FACTS devices in electric transmission systems: A review’, 

Renew. Sustain. Energy Rev., vol. 52, pp. 1260–1267, 2015, doi: 10.1016/j.rser.2015.08.007. 
[145] N. Borges, J. Soares, and Z. Vale, ‘A Robust Optimization for Day-ahead Microgrid Dispatch Considering Uncertainties’, IFAC-

PapersOnLine, vol. 50, no. 1, pp. 3350–3355, 2017, doi: 10.1016/j.ifacol.2017.08.521. 

[146] A. Silva, J. Marinheiro, H. L. Cardoso, and E. Oliveira, ‘Demand-side management in power grids: An ant colony optimization 
approach’, Proc. - IEEE 18th Int. Conf. Comput. Sci. Eng. CSE 2015, pp. 300–306, 2015, doi: 10.1109/CSE.2015.31. 

[147] B. Allaoua and A. Laoufi, ‘Optimal power flow solution using ant manners for electrical network’, Adv. Electr. Comput. Eng., vol. 9, 

no. 1, pp. 34–40, 2009, doi: 10.4316/aece.2009.01006. 
[148] A. A. A. Mousa, ‘Hybrid ant optimization system for multiobjective economic emission load dispatch problem under fuzziness’, 

Swarm Evol. Comput., vol. 18, pp. 11–21, 2014, doi: 10.1016/j.swevo.2014.06.002. 

[149] M. Stogiannos, A. Alexandridis, and H. Sarimveis, ‘An enhanced decentralized artificial immune-based strategy formulation 
algorithm for swarms of autonomous vehicles’, Appl. Soft Comput. J., vol. 89, 2020, doi: 10.1016/j.asoc.2020.106135. 

[150] S. A. Taher and S. A. Afsari, ‘Optimal location and sizing of DSTATCOM in distribution systems by immune algorithm’, Int. J. 

Electr. Power Energy Syst., vol. 60, pp. 34–44, 2014, doi: 10.1016/j.ijepes.2014.02.020. 
[151] S. S. F. Souza, R. Romero, J. Pereira, and J. T. Saraiva, ‘Artificial immune algorithm applied to distribution system reconfiguration 

with variable demand’, Int. J. Electr. Power Energy Syst., vol. 82, pp. 561–568, 2016, doi: 10.1016/j.ijepes.2016.04.038. 

[152] L. De Mello Honório, A. M. L. Da Silva, and D. A. Barbosa, ‘A gradient-based artificial immune system applied to optimal power 
flow problems’, Lect. Notes Comput. Sci. (including Subser. Lect. Notes Artif. Intell. Lect. Notes Bioinformatics), vol. 4628 LNCS, 

pp. 1–12, 2007, doi: 10.1007/978-3-540-73922-7_1. 

[153] D. N. Simopoulos, S. D. Kavatza, and C. D. Vournas, ‘Unit commitment by an enhanced simulated annealing algorithm’, IEEE Trans. 
Power Syst., vol. 21, no. 1, pp. 68–76, 2006, doi: 10.1109/TPWRS.2005.860922. 

[154] T. Assaf, A. H. Osman, M. S. Hassan, and H. Mir, ‘Fair and efficient energy consumption scheduling algorithm using tabu search for 

future smart grids’, IET Gener. Transm. Distrib., vol. 12, no. 3, pp. 643–649, 2018, doi: 10.1049/iet-gtd.2017.0247. 
[155] K. Lenin, B. Ravindhranath Reddy, and M. Suryakalavathi, ‘Hybrid Tabu search-simulated annealing method to solve optimal reactive 

power problem’, Int. J. Electr. Power Energy Syst., vol. 82, pp. 87–91, 2016, doi: 10.1016/j.ijepes.2016.03.007. 

[156] M. A. Abido, ‘Optimal power flow using tabu search algorithm’, Electr. Power Components Syst., vol. 30, no. 5, pp. 469–483, 2002, 
doi: 10.1080/15325000252888425. 

[157] M. A. Ferrag, M. Babaghayou, and M. A. Yazici, ‘Cyber security for fog-based smart grid SCADA systems: Solutions and challenges’, 



AI-Enabled Strategic Management of Smart Energy Grids: Real-Time Algorithmic Optimization .. 

www.ijres.org                                                                                                                                            186 | Page 

J. Inf. Secur. Appl., vol. 52, 2020, doi: 10.1016/j.jisa.2020.102500. 
[158] X. Shen, L. Zhu, C. Xu, K. Sharif, and R. Lu, ‘A privacy-preserving data aggregation scheme for dynamic groups in fog computing’, 

Inf. Sci. (Ny)., vol. 514, pp. 118–130, 2020, doi: 10.1016/j.ins.2019.12.007. 

[159] A. Kumari, S. Tanwar, S. Tyagi, N. Kumar, M. S. Obaidat, and J. J. P. C. Rodrigues, ‘Fog Computing for Smart Grid Systems in the 
5G Environment: Challenges and Solutions’, IEEE Wirel. Commun., vol. 26, no. 3, pp. 47–53, 2019, doi: 

10.1109/MWC.2019.1800356. 

[160] A. S. M. Abu Adnan, A. Adnan,  choi Jinho, and K. A.S.M, ‘IoT-Enabled Smart Energy Grid: Applications and Challenges’, IEEE 
Access, vol. 9, pp. 50961–50981, 2021. 

[161] LEM, ‘Smart Grid Infrastructure Handbook’, LEM. https://www.lem.com/en/smart-grid#:~:text=Typical applications for smart 

grid,Protection %26 Safety 
[162] A. J. Brocks, ‘The Past as prologue: the value creation of batteries on the US electric grid as a function of time and location’, 

Massachusetts Institute of Technology, 2019. [Online]. Available: https://dspace.mit.edu/handle/1721.1/122159 

[163] C. Zhu et al., ‘Innovative approaches to solar energy forecasting: unveiling the power of hybrid models and machine learning 
algorithms for photovoltaic power optimization’, J. Supercomput., vol. 81, no. 1, 2025, doi: 10.1007/s11227-024-06504-z. 

[164] M. S. Bakare, A. Abdulkarim, M. Zeeshan, and A. N. Shuaibu, ‘A comprehensive overview on demand side energy management 

towards smart grids: challenges, solutions, and future direction’, Energy Informatics, vol. 6, no. 1, 2023, doi: 10.1186/s42162-023-
00262-7. 

[165] M. Kiasari, M. Ghaffari, and H. H. Aly, ‘A Comprehensive Review of the Current Status of Smart Grid Technologies for Renewable 

Energies Integration and Future Trends: The Role of Machine Learning and Energy Storage Systems’, Energies, vol. 17, no. 16, 2024, 
doi: 10.3390/en17164128. 

[166] S. Lee, ‘Smart Grid Self-Healing Mastery’, Number Analytics, 2025. https://www.numberanalytics.com/blog/ultimate-guide-grid-

self-healing-smart-grids#:~:text=Automation and control systems%2C including,restore power to affected areas 
[167] U. Department of Energy, ‘Vehicles-to-Grid Integration Assessment Report’, Washington DC, 2025. [Online]. Available: 

https://www.energy.gov/sites/default/files/2025-01/Vehicle_Grid_Integration_Asseessment_Report_01162025.pdf 

[168] H. Yan, ‘Integration of electric vehicles in smart grids: Challenges and opportunities in achieving carbon neutrality goals’,  Appl. 
Comput. Eng., vol. 93, no. 1, pp. 89–97, 2024, doi: 10.54254/2755-2721/93/20240925. 

[169] Y. Wang, Q. Chen, T. Hong, and C. Kang, ‘Review of Smart Meter Data Analytics: Applications, Methodologies, and Challenges’, 

IEEE Trans. Smart Grid, vol. 10, no. 3, pp. 3125–3148, 2019, doi: 10.1109/TSG.2018.2818167. 
[170] D. S. K. Mathariya, ‘Generative Adversarial Network for Synthetic Data Generation’, Int. J. Environ. Sci., pp. 1086–1096, 2025, doi: 

10.64252/0kbt2y27. 

[171] M. Massaoudi, H. Abu-Rub, S. S. Refaat, I. Chihi, and F. S. Oueslati, ‘Deep Learning in Smart Grid Technology: A Review of Recent 
Advancements and Future Prospects’, IEEE Access, vol. 9, pp. 54558–54578, 2021, doi: 10.1109/ACCESS.2021.3071269. 

[172] Lundberg SM and Lee SI, ‘A unified approach to interpreting model predictions.’, Adv. Neural Inf. Process. Syst., p. 30, 2017. 

[173] S. A. Abdulkareem, S. M. Kallow, I. M. Bako, S. B. Abdullah, S. T.Y. Alfalahi, and M. Batumalay, ‘Federated Learning Architectures 
for Privacy-Preserving Smart Grid Data Processing’, Int. J. Eng. Sci. Inf. Technol., vol. 5, no. 3, pp. 576–587, 2025, doi: 

10.52088/ijesty.v5i3.1423. 
[174] I. Malashin, V. Tynchenko, A. Gantimurov, V. Nelyub, and A. Borodulin, ‘Physics-Informed Neural Networks in Polymers: A 

Review’, Polymers (Basel)., vol. 17, no. 8, 2025, doi: 10.3390/polym17081108. 

[175] S. Dong, W. Yao, Z. Li, H. Zhao, Y. Zhang, and Z. Tan, ‘Physics-Aware Reinforcement Learning for Flexibility Management in PV-
Based Multi-Energy Microgrids Under Integrated Operational Constraints’, Energies, vol. 18, no. 20, 2025, doi: 10.3390/en18205465. 

[176] M. Raissi, P. Perdikaris, and G. E. Karniadakis, ‘Physics-informed neural networks: A deep learning framework for solving forward 

and inverse problems involving nonlinear partial differential equations’, J. Comput. Phys., vol. 378, pp. 686–707, 2019, doi: 
10.1016/j.jcp.2018.10.045. 

[177] D. S, Z. H, F. W, Y. J, D. S, and Z. A. Y, ‘Edge intelligence: The confluence of edge computing and artificial intelligence’, IEEE 

Internet Things J., vol. 7, no. 8, pp. 7457–7469, 2020. 
[178] U. Bibi et al., ‘Advances in Pruning and Quantization for Natural Language Processing’, IEEE Access, vol. 12, pp. 139113–139128, 

2024, doi: 10.1109/ACCESS.2024.3465631. 

[179] R. A. Oduro and P. G. Taylor, ‘Future pathways for energy networks: A review of international experiences in high income countries’, 
Renew. Sustain. Energy Rev., vol. 171, 2023, doi: 10.1016/j.rser.2022.113002. 

[180] J. R. Vázquez-Canteli and Z. Nagy, ‘Reinforcement learning for demand response: A review of algorithms and modeling techniques’, 

Appl. Energy, vol. 235, pp. 1072–1089, 2019, doi: 10.1016/j.apenergy.2018.11.002. 
 


