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Abstract 
This study develops a conceptual model for evaluating AI-driven predictive maintenance (PdM) in SCADA-
integrated smart grid systems through a systematic review and meta-analysis conducted in accordance with the 
Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) 2020 guidelines. A 
structured search across six major databases, IEEE Xplore, Scopus, Web of Science, ScienceDirect, ACM Digital 
Library, and Google Scholar,  covering the period from January 2013 to December 2024 yielded 4,847 initial 
records, of which 63 studies met the full inclusion criteria following rigorous dual-reviewer screening, quality 
appraisal using the Newcastle-Ottawa Scale, and risk-of-bias assessment; pooled effect sizes were subsequently 
computed using a random-effects model (DerSimonian-Laird estimator) to account for inter-study heterogeneity 
(I² = 78.4%), with subgroup analyses stratified by AI algorithm type, grid segment, and SCADA integration 
depth. Meta-analytic findings revealed a weighted mean fault detection accuracy of 94.3% (95% CI: 92.1%–
96.5%), with deep learning architectures — particularly LSTM and hybrid CNN-LSTM models — 
significantly outperforming traditional machine learning approaches (SMD = 0.67; 95% CI: 0.48–0.86, p < 
0.001), and real-time SCADA-integrated configurations demonstrating markedly greater reductions in 
unplanned outage rates (SMD = 0.81; 95% CI: 0.59–1.03) relative to offline processing alternatives, with no 
significant publication bias detected via Egger's test (p = 0.16). Grounded in this synthesized evidence, the 
study proposes the SCADA-AI Predictive Maintenance Evaluation Framework (SAPMEF), a five-dimensional 
conceptual model encompassing data acquisition and sensor integration, AI model architecture selection, real-
time SCADA communication fidelity, maintenance decision optimization, and grid resilience metrics, offering 
researchers, grid operators, and policymakers a structured, evidence-based instrument for benchmarking and 
deploying intelligent PdM solutions, while identifying cybersecurity resilience, model interpretability, and 
cross-grid transferability as critical priorities for future research.. 
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INTRODUCTION 
The concept of predictive maintenance (PdM) represents a transformative paradigm in industrial asset 
management, defined as a condition-based maintenance strategy that employs continuous monitoring, 
data analytics, and prognostic algorithms to forecast equipment failures before they materialize, 
thereby enabling timely and cost-effective maintenance interventions (Ji et al., 2022). Unlike preventive 
maintenance, which operates on fixed schedules regardless of actual equipment condition, or reactive 
maintenance, which responds to failures after they occur, predictive maintenance is fundamentally 
anchored in the real-time acquisition and interpretation of operational data to determine the precise 
moment at which maintenance action is warranted (Shang et al., 2019). The foundational premise of 
PdM is grounded in the recognition that most mechanical and electrical failures are preceded by 
detectable degradation signals, including anomalous vibration patterns, thermal irregularities, voltage 
fluctuations, and acoustic emissions, all of which can be captured through sensor networks and 
analyzed through statistical and computational models (Wang et al., 2020). The evolution of PdM from 
rudimentary threshold-based monitoring to sophisticated artificial intelligence (AI)-driven prognostic 
frameworks has been one of the most consequential technological developments in modern 
engineering and operations management, attracting significant attention from both the academic 
community and industrial practitioners across diverse sectors including energy, manufacturing, 
transportation, and telecommunications (Illias & Liang, 2018). The definitional scope of PdM has 
expanded considerably in recent decades to encompass not only mechanical prognostics but also cyber-
physical system diagnostics, encompassing the full lifecycle of complex integrated infrastructure 
systems such as smart grids (Asghar & Zeadally, 2019). 
Smart grid systems constitute a technologically advanced evolution of conventional electrical power 
infrastructure, integrating digital communication technologies, advanced metering infrastructure, 
distributed energy resources, and automated control mechanisms into a coherent, bidirectional energy 
management ecosystem (Tchakoua et al., 2014). The International Energy Agency (IEA) defines a smart 
grid as an electricity network that uses digital and other advanced technologies to monitor and manage 
the transport of electricity from all generation sources to meet the varying electricity demands of end 
users (Xiang et al., 2022). At the international level, smart grid development has emerged as a central 
pillar of national energy policy frameworks across major economies, including the United States, 
European Union member states, China, Japan, South Korea, and Australia, driven by the imperative to 
modernize aging power infrastructure, accommodate the large-scale integration of renewable energy 
sources, and achieve ambitious decarbonization targets (Yang et al., 2014). The complexity of smart 
grid architecture is defined by the convergence of physical power systems with information and 
communication technology (ICT) layers, creating a highly interdependent infrastructure in which 
operational reliability is critically dependent on the seamless exchange of data between sensors, 
actuators, control centers, and field devices. The sheer scale and heterogeneity of smart grid assets, 
ranging from high-voltage transmission lines and substation transformers to distributed solar inverters 
and smart meters, create an enormous and multifaceted maintenance challenge that conventional 
maintenance strategies are demonstrably ill-equipped to address (Lei et al., 2018). 
Supervisory Control and Data Acquisition (SCADA) systems serve as the central nervous system of 
modern smart grid operations, providing real-time monitoring, supervisory control, and data 
acquisition capabilities across geographically distributed power infrastructure (Wolff et al., 2019). 
SCADA systems are formally defined as networked computer systems that collect, process, and display 
real-time data from remote sensors and control equipment in industrial processes, enabling operators 
to supervise and manage complex infrastructure from centralized control environments. Within the 
smart grid context, SCADA platforms integrate data streams from substations, generation plants, 
transmission lines, and distribution networks, consolidating operational intelligence into a unified 
supervisory framework that supports both routine operational management and emergency response 
functions (Lee et al., 2014). The international significance of SCADA systems in critical infrastructure 
protection has been underscored by numerous governmental and intergovernmental bodies, including 
the United States Department of Homeland Security, the European Union Agency for Cybersecurity 
(ENISA), and the International Electrotechnical Commission (IEC), all of which have recognized 
SCADA as a foundational technology for national energy security and grid reliability. The integration 
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of SCADA systems with smart grid infrastructure generates unprecedented volumes of high-
frequency, multivariate operational data, creating both the opportunity and the necessity for advanced 
AI-driven analytical frameworks capable of transforming raw telemetry into actionable maintenance 
intelligence (Su et al., 2022). 
 
Figure 1: Hierarchical Framework of Maintenance Strategies from Reactive to AI-Driven Predictive 

Maintenance in Smart Grids 
 
 

 
 
Artificial intelligence has emerged as the most powerful and versatile analytical paradigm for 
addressing the prognostic and diagnostic challenges inherent in SCADA-integrated smart grid 
maintenance, offering a spectrum of methodologies that collectively encompass machine learning, deep 
learning, natural language processing, and expert systems (Mosheur & Rebeka, 2021; Vickers & Elkin, 
2006). Machine learning algorithms, including support vector machines (SVM), random forests, 
gradient boosting ensembles, and k-nearest neighbor classifiers, have been extensively applied to smart 
grid fault detection and equipment condition assessment, demonstrating superior classification 
accuracy and generalization capability relative to traditional rule-based diagnostic systems. Deep 
learning architectures, in particular Convolutional Neural Networks (CNNs), Long Short-Term 
Memory (LSTM) networks, and their hybrid derivatives, have demonstrated remarkable proficiency in 
learning hierarchical representations of complex, nonlinear degradation patterns from raw sensor time-
series data without the requirement for extensive manual feature engineering (Faysal & Shamsunnahar, 
2022; Calster et al., 2019). The application of AI to predictive maintenance in power systems has been 
documented across a wide array of asset classes, including power transformers, wind turbines, circuit 
breakers, rotating machinery, and underground cable networks, with numerous studies reporting fault 
detection accuracies in excess of 90% across diverse operating conditions and grid topologies (Faysal & 
Shamsunnahar, 2022; Habibullah & Zaheda, 2022). The international research community has 
increasingly recognized the strategic importance of AI-driven PdM not merely as a technical 
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optimization tool but as a systemic enabler of grid resilience, energy security, and operational 
sustainability, positioning it at the intersection of engineering science, data science, and critical 
infrastructure governance (Siddique & Amin, 2022; Md & Islam, 2022; Zonta et al., 2020). 
The convergence of AI-driven predictive maintenance with SCADA-integrated smart grid systems 
represents a research domain of substantial and growing international importance, characterized by a 
rich body of empirical literature spanning multiple disciplines including electrical engineering, 
computer science, industrial informatics, and operations research (Collins et al., 2015; Mosheur & 
Rebeka, 2022; Mostafa & Tohidul, 2022). Quantitative studies conducted across diverse national grid 
contexts have consistently demonstrated that AI-enhanced predictive maintenance programs yield 
measurable reductions in unplanned equipment outages, maintenance labor costs, and system-wide 
energy losses relative to both reactive and preventive maintenance baselines (Efat Ara, 2023; Jinnat & 
Rakib, 2023). Research conducted within the European Union's Horizon 2020 research framework has 
documented AI-PdM deployments across transmission and distribution networks in Germany, Spain, 
Italy, and the Netherlands, collectively reporting average reductions in unplanned downtime of 
between 25% and 40% following the implementation of SCADA-integrated machine learning 
monitoring platforms (Carvalho et al., 2019b; Khaled & Mosheur, 2023; Shahab & Aditya, 2023).  
In the Asia-Pacific region, large-scale smart grid deployments in China, Japan, and South Korea have 
similarly demonstrated the efficacy of AI-driven maintenance frameworks in reducing asset failure 
rates and improving grid availability, with the Chinese National Energy Administration reporting 
significant improvements in substation reliability indices following the national rollout of AI-
augmented SCADA monitoring systems (Hasan Or et al., 2023; Mehedi & Nahar, 2023). In the North 
American context, utilities operating under the reliability standards of the North American Electric 
Reliability Corporation (NERC) have increasingly adopted AI-driven predictive maintenance as a core 
component of their asset management programs, with documented improvements in system average 
interruption duration index (SAIDI) and system average interruption frequency index (SAIFI) metrics 
across multiple regional transmission organizations (Sultan & Anick, 2023; Mostafa, 2023; 
Schlechtingen et al., 2013). 
The development of conceptual models for evaluating the performance and effectiveness of AI-driven 
predictive maintenance systems within SCADA-integrated smart grid environments constitutes a 
methodologically rigorous and practically necessary area of scholarly inquiry, providing the theoretical 
scaffolding required to systematically assess, compare, and benchmark diverse PdM approaches across 
heterogeneous grid contexts (Meyer, 2021b; Ratul & Aditya, 2023; Zaheda & Farabe, 2023). A conceptual 
model, in the research methodology literature, is formally understood as a structured representation of 
the key variables, constructs, and relationships relevant to a defined research domain, providing a 
logically coherent framework that guides empirical investigation and theoretical synthesis (Efat Ara, 
2024a, 2024b). In the context of smart grid PdM evaluation, a robust conceptual model must account 
for the multidimensional nature of maintenance performance, integrating technical constructs such as 
fault detection accuracy, false alarm rate, and residual useful life estimation with operational constructs 
including maintenance cost efficiency, grid availability indices, and workforce optimization parameters 
(Maldonado-Correa et al., 2020; Moher et al., 2009). Existing literature reveals a notable absence of 
integrated, evidence-based conceptual models that simultaneously address the technological, 
operational, and systemic dimensions of AI-driven PdM within the specific context of SCADA-
integrated smart grids, representing a significant gap in the scholarly literature that has practical 
consequences for grid operators and asset managers seeking rigorous evaluative frameworks (Meyer, 
2021a; Schlechtingen & Santos, 2014). The formulation of such a model requires a systematic and 
methodologically transparent synthesis of the extant empirical evidence base, necessitating the 
application of structured review methodologies capable of integrating findings across a diverse and 
heterogeneous body of literature. 
The present study addresses this scholarly gap by developing a conceptual model grounded in a 
PRISMA-guided systematic review and meta-analysis of the existing empirical literature on AI-driven 
predictive maintenance in SCADA-integrated smart grid systems. The PRISMA (Preferred Reporting 
Items for Systematic Reviews and Meta-Analyses) framework provides an internationally recognized 
methodological standard for conducting and reporting systematic reviews, ensuring transparency, 
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reproducibility, and comprehensiveness in the synthesis of evidence across diverse study designs and 
geographic contexts (Lundberg et al., 2020). Meta-analysis, as a quantitative extension of systematic 
review methodology, enables the statistical pooling of effect sizes across independent studies, yielding 
more precise and generalizable estimates of intervention effectiveness than any individual study is 
capable of providing in isolation (Meyer, 2022). The application of PRISMA and meta-analytic methods 
to the domain of AI-driven PdM evaluation is particularly well-suited to the heterogeneous and rapidly 
expanding empirical literature in this field, providing a principled mechanism for reconciling divergent 
findings, quantifying sources of inter-study variability, and identifying the boundary conditions under 
which specific AI methodologies and SCADA integration configurations yield optimal maintenance 
performance outcomes. By grounding the proposed conceptual model in this rigorous evidence 
synthesis, the present study contributes a theoretically coherent and empirically validated evaluative 
framework that advances both the scientific understanding and the practical governance of AI-driven 
predictive maintenance within the global smart grid infrastructure landscape. 
LITERATURE REVIEW 
The literature review presented in this study constitutes a systematically organized and thematically 
structured synthesis of the existing body of scholarly knowledge pertaining to AI-driven predictive 
maintenance within SCADA-integrated smart grid systems, drawing upon peer-reviewed empirical 
studies, technical reports, and theoretical frameworks published across the domains of electrical 
engineering, computer science, industrial informatics, and operations research. The organization of this 
review follows a logically progressive architecture, commencing with the foundational theoretical and 
definitional underpinnings of predictive maintenance and smart grid infrastructure, advancing 
through the technical landscape of SCADA systems and their operational integration with modern 
power networks, and culminating in a comprehensive examination of the artificial intelligence 
methodologies, evaluation frameworks, and performance metrics that collectively define the current 
state of knowledge in this field. Each thematic section is constructed to illuminate not only the 
established consensus within the literature but also the specific empirical contributions, methodological 
approaches, and contextual findings that inform the conceptual model developed in this study, 
ensuring that the proposed evaluative framework is rigorously grounded in the accumulated evidence 
base rather than in theoretical abstraction alone. The review is further structured to reveal the precise 
contours of existing knowledge gaps, methodological limitations, and unresolved scholarly debates 
that justify the present investigation, situating this study within the broader intellectual trajectory of 
the field and establishing the scholarly warrant for a PRISMA-guided meta-analytic approach to 
conceptual model development in this domain. 
Predictive Maintenance 
Predictive maintenance (PdM) is formally defined as a condition-based maintenance strategy that 
employs continuous monitoring of equipment operational parameters, advanced data analytics, and 
prognostic algorithms to anticipate asset failures before their occurrence, thereby enabling maintenance 
interventions to be executed at the most operationally and economically optimal point in the asset 
degradation lifecycle (Bacha et al., 2012). The taxonomic classification of maintenance strategies in the 
engineering literature distinguishes four primary paradigms: corrective maintenance, which responds 
to failures after they have occurred; preventive maintenance, which applies scheduled interventions 
based on elapsed time or usage cycles irrespective of actual asset condition; condition-based 
maintenance (CBM), which triggers interventions in response to monitored condition indicators 
crossing predefined thresholds; and predictive maintenance, which extends the CBM paradigm 
through the application of prognostic models capable of forecasting future failure states and estimating 
residual useful life with quantifiable confidence (Farhangi, 2010; Iftekhar & Tohidul, 2024; Jinnat & 
Binte, 2024). This hierarchical classification is formally recognized within international standards 
frameworks, including ISO 13381-1, which establishes the foundational vocabulary and methodology 
for machinery prognostics, and IEC 60300-3-11, which provides normative guidance on reliability-
centered maintenance practices across asset-intensive industrial sectors (Gungor et al., 2011; Towhidul 
& Uddin, 2024; Mushfequr & Aditya, 2024). The economic rationale underpinning PdM adoption is 
well-documented across multiple industrial sectors, with comparative analyses consistently 
demonstrating that PdM programs reduce maintenance-related operational costs by 25% to 30% 
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relative to preventive maintenance baselines and by as much as 70% to 75% relative to purely reactive 
corrective maintenance strategies, while simultaneously delivering measurable improvements in asset 
availability, production throughput, and workplace safety outcomes. The formalization of predictive 
maintenance as a distinct engineering discipline has been further reinforced by the ISO 55000 series on 
asset management, which establishes a governance framework within which condition monitoring and 
prognostic maintenance strategies are recognized as core components of lifecycle asset management 
practice in organizations operating complex, high-value physical infrastructure (Gungor et al., 2013; 
Sazzadul & Rebeka, 2024; Tasnim & Anick, 2024). 
The historical development of predictive maintenance as an engineering discipline traces a trajectory 
of progressive technological sophistication spanning more than seven decades, beginning with the 
introduction of rudimentary vibration monitoring instruments in mid-twentieth century heavy 
industry and culminating in the contemporary deployment of AI-augmented, multi-sensor prognostic 
platforms capable of simultaneously monitoring hundreds of asset parameters in real time across 
geographically distributed infrastructure networks (Zaheda & Hamidur, 2024). The earliest condition 
monitoring technologies, including portable vibration analyzers, infrared thermographic cameras, and 
lubricant oil particle counters, were deployed primarily in rotating machinery applications within 
manufacturing and petrochemical industries, where the economic consequences of unexpected 
mechanical failures were particularly severe and the physical manifestations of asset degradation were 
sufficiently well-understood to support threshold-based diagnostic rules (Si et al., 2011).  
 

Figure 2: Evolution Of Maintenance Strategies Toward Predictive Maintenance 
 

 
 
The transition from periodic, manual condition sampling to continuous, automated real-time 
monitoring was enabled by the widespread deployment of digital transducers, programmable logic 
controllers (PLCs), and industrial data acquisition systems during the 1980s and 1990s, fundamentally 
transforming the temporal resolution and volumetric scale of condition monitoring data available for 
diagnostic analysis. The subsequent integration of statistical signal processing techniques, including 
Fast Fourier Transform (FFT) analysis, wavelet decomposition, and principal component analysis 
(PCA), provided the analytical foundation for extracting meaningful diagnostic features from high-
frequency sensor data streams, establishing the methodological bridge between raw operational 
telemetry and actionable maintenance intelligence (Wang, Pei, et al., 2022). The emergence of machine 
learning as a practical industrial tool in the early twenty-first century marked the most consequential 
methodological discontinuity in the history of predictive maintenance, enabling the automated 
discovery of complex, nonlinear relationships between operational parameters and failure modes that 
had previously eluded detection by human analysts and rule-based expert systems, and catalyzing a 
global expansion of PdM adoption across energy, transportation, manufacturing, and 
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telecommunications sectors. The theoretical architecture of predictive maintenance is grounded in a set 
of interlocking analytical frameworks drawn from reliability engineering, statistical inference, and 
signal processing, collectively providing the mathematical and conceptual foundations upon which 
modern AI-driven prognostic systems are constructed. Reliability theory, rooted in the probabilistic 
characterization of failure time distributions including the exponential, Weibull, and log-normal 
models, provides the foundational statistical framework for quantifying asset failure rates, survival 
probabilities, and optimal maintenance intervention timings as functions of accumulated operational 
stress and environmental exposure (Fang et al., 2012). Stochastic degradation modeling represents a 
significant theoretical advancement over simple failure time statistics, employing stochastic processes 
such as the Wiener process, Gamma process, and inverse Gaussian process to represent the continuous, 
monotonic deterioration of asset health indicators as a function of operating time and load conditions, 
enabling probabilistic forecasts of the time at which a degradation trajectory will cross a critical failure 
threshold (Si et al., 2011). The Proportional Hazard Model (PHM), originally developed in the 
biostatistical literature and subsequently adapted for engineering prognostics, provides a regression-
based framework for modeling the instantaneous failure rate of an asset as a multiplicative function of 
a baseline hazard function and a set of time-varying covariate condition indicators, establishing a direct 
analytical link between monitored operational parameters and failure probability that has been 
extensively validated across mechanical, electrical, and electromechanical asset classes (Gungor et al., 
2011). Remaining Useful Life (RUL) estimation has emerged as the central prognostic objective within 
the predictive maintenance literature, providing maintenance planners with a quantitative forecast of 
the time remaining before an asset reaches an end-of-life failure state under current and projected 
operating conditions, with estimation approaches spanning physics-based degradation models, data-
driven statistical regression frameworks, and hybrid model architectures that integrate domain 
knowledge with empirical operational data to achieve superior prognostic accuracy and 
generalizability. 
Maintenance Strategies in Engineering Systems 
Maintenance strategy in engineering systems is formally defined within the reliability and operations 
management literature as the systematic set of policies, procedures, and decision rules governing the 
timing, scope, and execution of maintenance activities applied to physical assets throughout their 
operational lifecycle, with the overarching objective of sustaining asset functionality, ensuring 
operational safety, and optimizing the total cost of ownership across the full spectrum of asset classes 
encountered in complex industrial environments (Wang et al., 2023). The foundational taxonomic 
classification of maintenance strategies, as codified within the international engineering literature and 
formally standardized through frameworks including EN 13306:2017 and ISO 14224, distinguishes 
three primary maintenance paradigms that have historically dominated industrial asset management 
practice: corrective maintenance, preventive maintenance, and condition-based maintenance, each 
representing a distinct philosophical and operational approach to the management of asset health and 
failure risk across heterogeneous engineering systems (Jardine et al., 2006). Corrective maintenance, the 
most historically prevalent and operationally straightforward of the three paradigms, is defined as 
maintenance carried out after fault recognition and intended to restore an asset to a state in which it 
can perform its required function, operating on the fundamental assumption that the cost of allowing 
a failure to occur is lower than the cost of the monitoring or preventive interventions necessary to 
forestall it, an assumption that holds with decreasing validity as asset complexity, interdependency, 
and the economic consequences of unplanned downtime increase (Chesterman et al., 2023). Preventive 
maintenance, by contrast, is formally characterized as maintenance carried out at predetermined 
intervals or according to prescribed criteria, with the aim of reducing the probability of failure or the 
degradation of the functioning of an asset, and encompasses both time-based maintenance, in which 
interventions are triggered by elapsed calendar time or accumulated operational cycles, and usage-
based maintenance, in which interventions are triggered by measurable indicators of cumulative asset 
utilization such as operating hours, production output, or load cycles (Patel & Sanyal, 2008). The 
condition-based maintenance paradigm, representing the most technically sophisticated tier of the 
classical taxonomy, is defined as preventive maintenance based on performance and parameter 
monitoring and the subsequent actions, in which maintenance is initiated only when specific indicators 
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signal a deteriorating condition or impending failure, thereby aligning maintenance resource 
deployment with actual asset condition rather than elapsed time or administrative schedules and 
delivering demonstrably superior economic and operational outcomes relative to both corrective and 
time-based preventive approaches across a wide range of industrial applications (Wang, Qian, et al., 
2022). 

Figure 3: Comparative Maintenance Strategy Paradigms in Engineering Systems 

 
The comparative economic and operational performance profiles of the primary maintenance strategy 
paradigms have been extensively documented across a diverse body of empirical and analytical 
literature spanning the manufacturing, energy, transportation, aerospace, and process industries, 
collectively establishing a well-evidenced hierarchy of maintenance effectiveness in which condition-
based and predictive maintenance approaches consistently outperform time-based preventive and 
corrective maintenance strategies across the most economically significant performance dimensions, 
including total maintenance cost, asset availability, mean time between failures, and unplanned 
downtime incidence (Zhang et al., 2022). Quantitative analyses of maintenance cost structures in 
capital-intensive industrial operations have consistently demonstrated that reactive corrective 
maintenance strategies impose the highest total lifecycle maintenance costs, with estimates from 
multiple independent studies indicating that unplanned failure-driven maintenance activities incur 
costs two to five times greater than equivalent planned preventive maintenance interventions when the 
full economic impact of production losses, secondary damage, emergency labor premiums, and spare 
parts expediting costs are accounted for in the total cost of ownership calculation (Igure et al., 2006). 
Preventive maintenance strategies, while delivering demonstrable improvements in asset availability 
and failure rate reduction relative to purely reactive approaches, are subject to a well-documented 
structural inefficiency arising from the fundamental mismatch between fixed maintenance schedules 
and the inherently stochastic and condition-dependent nature of physical asset degradation, resulting 
in systematic patterns of both over-maintenance, in which technically unnecessary interventions are 
performed on assets whose condition remains well within acceptable operational limits, and under-
maintenance, in which assets experiencing accelerated degradation due to abnormal operating 
conditions are not serviced until the next scheduled maintenance interval regardless of their actual 
condition (Amin & Wollenberg, 2005). The economic quantification of this structural inefficiency has 
been the subject of numerous optimization studies employing stochastic dynamic programming, 
Markov decision process models, and simulation-based approaches, which collectively confirm that 
the adoption of condition-based monitoring and predictive maintenance strategies can reduce total 
maintenance expenditure by 10% to 40% relative to time-based preventive maintenance baselines while 
simultaneously achieving improvements in asset availability of 10% to 25%, figures that translate into 
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substantial economic value in high-capital-intensity sectors such as electric power generation and 
transmission (Patel & Sanyal, 2008). The empirical validation of these economic performance 
advantages has been documented across a comprehensive range of asset classes, including rotating 
machinery, power transformers, hydraulic systems, bearing assemblies, and electrical switchgear, 
establishing condition-based and predictive maintenance strategies as the economically dominant 
approach to asset lifecycle management in any operational context where the costs of monitoring and 
data analytics are outweighed by the avoided costs of unplanned failures and their associated 
operational consequences. 
Smart Grid Architecture and Infrastructure 
The smart grid is formally defined within the engineering and energy systems literature as an advanced 
electrical power network that integrates digital communication technologies, intelligent sensing 
systems, automated control mechanisms, and bidirectional energy flow capabilities into a coherent, 
self-monitoring, and self-healing power delivery ecosystem that fundamentally transforms the 
operational architecture of conventional electrical infrastructure from a passive, unidirectional supply 
system into an active, responsive, and highly instrumented energy management platform (Carvalho et 
al., 2019a). The International Energy Agency formally characterizes the smart grid as an electricity 
network that uses digital and other advanced technologies to monitor and manage the transport of 
electricity from all generation sources to meet the varying electricity demands of end users, a definition 
that encompasses the full technological spectrum of smart grid enabling systems including Advanced 
Metering Infrastructure (AMI), Wide Area Monitoring Systems (WAMS), Phasor Measurement Units 
(PMUs), Distributed Energy Resources (DERs), and demand response management platforms that 
collectively constitute the operational intelligence layer of the modern power system (Peng et al., 2010; 
Y. Wang et al., 2022).  
The architectural organization of smart grid systems is conventionally represented as a layered 
structure comprising three primary functional strata: the physical power layer, encompassing 
generation, transmission, and distribution assets; the communication and information layer, 
encompassing the data acquisition, transmission, and processing infrastructure that enables real-time 
operational awareness; and the application and control layer, encompassing the analytical platforms, 
decision support systems, and automated control algorithms that translate operational data into 
management actions across the full spectrum of grid operating conditions (Al-Janabi et al., 2023). The 
physical power layer of a smart grid system encompasses an extraordinarily diverse and 
geographically distributed portfolio of assets spanning high-voltage transmission substations, 
underground and overhead transmission lines, distribution transformers, switching stations, power 
factor correction equipment, and the growing array of distributed generation and storage assets 
associated with renewable energy integration, each category presenting distinct monitoring 
requirements, failure mode characteristics, and maintenance management challenges that must be 
addressed within a unified asset management framework (Kari et al., 2023). The communication and 
information layer, which constitutes the defining architectural distinction between smart grid and 
conventional power infrastructure, integrates a heterogeneous ensemble of communication 
technologies including fiber optic networks, power line communication, cellular wireless networks, 
WiMAX, ZigBee, and dedicated short-range communication systems to provide the high-bandwidth, 
low-latency, and highly reliable data transport infrastructure required to support real-time supervisory 
control, automated protection functions, and advanced analytics applications across the geographically 
extensive and topologically complex domain of a modern power system (Ahmad & Kamaruddin, 2012). 
The global deployment landscape for smart grid infrastructure reflects a pattern of substantial and 
accelerating investment across all major economies, driven by the convergence of aging conventional 
power infrastructure requiring capital-intensive replacement, the rapid expansion of variable 
renewable energy generation necessitating enhanced grid flexibility and observability, and the 
recognition by governments and regulatory authorities worldwide that smart grid modernization 
represents an essential prerequisite for achieving national decarbonization, energy security, and 
economic competitiveness objectives within the constraints of increasingly carbon-constrained energy 
policy frameworks. In the United States, the American Recovery and Reinvestment Act of 2009 
catalyzed a landmark federal investment of approximately 4.5 billion dollars in smart grid technology 
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deployment through the Smart Grid Investment Grant (SGIG) program, funding more than 200 utility-
led smart grid projects across 49 states and demonstrating measurable improvements in grid reliability, 
operational efficiency, and customer engagement outcomes that have been extensively documented in 
the evaluative literature produced by the Department of Energy and independent research 
organizations. Within the European Union, smart grid development has been advanced through a 
succession of research and infrastructure investment frameworks including the Seventh Framework 
Programme, Horizon 2020, and the more recent Horizon Europe initiative, collectively funding 
hundreds of smart grid pilot projects and demonstration programs across member states with the dual 
objectives of validating emerging smart grid technologies under real-world operating conditions and 
establishing the technical and regulatory foundations for large-scale commercial deployment across 
European transmission and distribution networks (Wu et al., 2023).  
 

Figure 4: Three-Layer Architecture of Smart Grid Systems 
 

 
 
China's State Grid Corporation, operating the world's largest electricity transmission and distribution 
network serving more than one billion customers across a geographically vast and climatically diverse 
service territory, has pursued one of the most ambitious and comprehensively documented national 
smart grid modernization programs globally, investing hundreds of billions of yuan in ultra-high-
voltage transmission infrastructure, smart substation automation systems, and large-scale renewable 
energy integration projects that have collectively transformed the operational capabilities and 
monitoring architecture of Chinese power infrastructure over the preceding decade (Wu et al., 2023; 
Zhang et al., 2020). In the Asia-Pacific region more broadly, governments and utilities in Japan, South 
Korea, Australia, and Singapore have similarly pursued substantial smart grid investment programs, 
with the Japanese government's response to the 2011 Fukushima nuclear disaster providing a particular 
impetus for accelerated smart grid deployment as a means of enhancing energy security, enabling 
distributed generation integration, and improving the resilience of power infrastructure against 
extreme natural events. 
Smart Grid Systems in Contemporary Power Engineering 
The smart grid system represents a fundamentally reconceptualized approach to electrical power 
infrastructure design and operation, distinguished from its conventional predecessor by the systematic 
integration of advanced digital communication technologies, real-time sensing and measurement 
systems, automated control algorithms, and bidirectional energy flow capabilities into a unified, self-
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aware, and dynamically responsive power delivery architecture that simultaneously optimizes 
generation dispatch, transmission efficiency, distribution reliability, and end-user energy management 
across the full operational spectrum of a modern electricity supply system (Onanena et al., 2018).  
 

Figure 5: Structural Model of Smart Grid Operational Domains 
 

 
 
The definitional boundaries of the smart grid concept have been the subject of considerable scholarly 
and institutional deliberation, with multiple authoritative bodies offering complementary 
characterizations that collectively illuminate the multidimensional nature of smart grid systems as 
simultaneously a physical infrastructure upgrade, a communication network deployment, an 
information management transformation, and an organizational and regulatory modernization of the 
electricity supply industry (Li et al., 2019; Zhao et al., 2017). The United States National Institute of 
Standards and Technology (NIST) defines the smart grid as a modernized electrical grid that uses 
information and communications technology to gather and act on information in an automated fashion 
to improve the efficiency, reliability, economics, and sustainability of the production and distribution 
of electricity, a characterization that explicitly recognizes the centrality of information and 
communication technology integration to the smart grid value proposition and distinguishes it from 
incremental upgrades to individual grid components that do not achieve the systemic integration of 
digital intelligence across the full operational architecture of the power system (Carvalho et al., 2018; 
Ding et al., 2021). The European Commission's Smart Grids Task Force similarly defines a smart grid 
as an electricity network that can intelligently integrate the actions of all users connected to it, including 
generators, consumers, and those that do both, in order to efficiently deliver sustainable, economic, and 
secure electricity supplies, emphasizing the bidirectional and interactive nature of smart grid 
operations as a defining architectural characteristic that distinguishes smart grid systems from passive, 
unidirectional conventional power networks in which information flows were largely confined to the 
operational control domain and did not extend to customer premises or distributed generation facilities 
(Abdelhafid et al., 2022; Page et al., 2021). The scholarly literature has further elaborated the smart grid 
concept through a variety of functional and architectural decomposition frameworks, with the most 
widely cited taxonomies identifying seven key smart grid functional domains as defined in the NIST 
Smart Grid Conceptual Model: bulk generation, transmission, distribution, customers, markets, service 
providers, and operations, each representing a distinct functional area within the smart grid ecosystem 
with specific information exchange requirements, security considerations, and technology deployment 
priorities that must be addressed within a comprehensive smart grid architecture (Meyer & Brodbeck, 
2020; Pandey et al., 2023). 
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SCADA Systems in Smart Grid Environments 
Supervisory Control and Data Acquisition (SCADA) systems constitute the operational nerve center of 
modern smart grid infrastructure, providing the real-time monitoring, supervisory control, data 
acquisition, and event management capabilities that enable grid operators to maintain continuous 
situational awareness and execute timely control actions across geographically distributed power 
system assets spanning transmission substations, generation facilities, distribution switching stations, 
and interconnection points with neighboring utility systems (Carvalho et al., 2020). 
 

Figure 6: Hierarchical Structure of SCADA Systems for Smart Grid Monitoring and Control 
 

 
 
SCADA systems are formally defined in the industrial automation literature as networked computer-
based systems that collect real-time data from remote field devices, transmit that data to centralized 
control facilities for processing and display, and enable operators to issue supervisory control 
commands to field equipment through the same communication infrastructure, creating a closed-loop 
supervisory management capability that fundamentally distinguishes instrumented smart grid 
operations from the manually supervised conventional power system management paradigm it has 
progressively displaced across the global power industry over the preceding four decades (Khan et al., 
2018). The hierarchical architectural organization of SCADA systems in smart grid applications 
comprises five primary functional layers that collectively implement the data acquisition, 
communication, processing, display, and control functions of the supervisory management system: the 
field device layer, encompassing the physical sensors, transducers, actuators, and protective relays that 
interface directly with power system equipment; the Remote Terminal Unit (RTU) and Intelligent 
Electronic Device (IED) layer, which aggregates, preprocesses, and communicates measurement data 
from field devices to higher-level systems while implementing local control and protection logic; the 
communication network layer, which provides the data transport infrastructure connecting field 
devices and RTUs to centralized control facilities through a variety of wired and wireless 
communication technologies; the Master Terminal Unit (MTU) and server layer, which receives, 
processes, stores, and distributes operational data from all connected field devices and provides the 
computational platform for advanced application functions; and the Human-Machine Interface (HMI) 
layer, which presents processed operational data to control room operators through graphical displays, 
trend charts, alarm annunciation systems, and event logs that support informed operational decision-
making and supervisory control action execution (Lei et al., 2020). 
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AI into Predictive Maintenance in Power Systems 
The integration of artificial intelligence into predictive maintenance frameworks for power systems 
represents one of the most consequential methodological developments in the history of electrical 
engineering asset management, fundamentally transforming the analytical capabilities available to grid 
operators and asset managers by enabling the automated extraction of complex, nonlinear diagnostic 
and prognostic intelligence from the massive, high-dimensional operational datasets generated by 
modern smart grid sensor networks and SCADA monitoring infrastructure at a scale, speed, and 
accuracy that is wholly unachievable through conventional statistical analysis or human expert 
interpretation alone (Susto et al., 2015).  
 

Figure 7: AI-Based Predictive Maintenance Approaches in Power System Monitoring 
 

 
 
The foundational contribution of classical machine learning algorithms to power system predictive 
maintenance has been extensively documented across a substantial body of empirical literature 
spanning more than two decades of research and industrial application, with supervised learning 
approaches including Support Vector Machines (SVM), Random Forest classifiers, gradient boosting 
ensembles, and k-Nearest Neighbor algorithms demonstrating robust and well-validated performance 
across a diverse range of power system fault detection, condition classification, and failure prediction 
tasks that collectively establish the evidential baseline against which more recently developed deep 
learning methodologies must be benchmarked. Support Vector Machines, grounded in the statistical 
learning theory framework of Vapnik and characterized by their ability to construct optimal separating 
hyperplanes in high-dimensional feature spaces through the application of kernel transformation 
techniques, have been particularly extensively applied to power transformer fault classification tasks 
using dissolved gas analysis data, insulation condition assessment from partial discharge 
measurements, and rotating machine bearing fault detection from vibration signal features, with 
numerous independent studies reporting classification accuracies in the range of 85% to 97% across 
these application domains under controlled experimental conditions. Random Forest classifiers, 
representing an ensemble learning approach that constructs and aggregates the predictions of multiple 
independently trained decision trees over bootstrap samples of the training dataset, have demonstrated 
particular effectiveness in power system predictive maintenance applications characterized by high-
dimensional feature spaces, class imbalance between normal operating and fault condition 
observations, and the requirement for feature importance rankings that provide interpretable insights 
into the operational parameters most strongly associated with equipment degradation and failure risk 
(Lundberg et al., 2020; Meyer, 2022). 
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Fault Detection in SCADA-Integrated Smart Grid Assets 
Fault detection within SCADA-integrated smart grid assets constitutes a domain of foundational 
operational importance whose technical complexity, economic consequences, and safety implications 
collectively justify the substantial and growing research investment directed toward the development 
and validation of AI-driven diagnostic methodologies capable of identifying incipient equipment 
failures with sufficient accuracy, sensitivity, and specificity to enable timely and cost-effective 
maintenance interventions before developing faults progress to catastrophic failure states that threaten 
grid reliability and impose severe operational and financial penalties on electricity utilities and their 
customers (Zhang et al., 2019). The power transformer represents arguably the most intensively studied 
asset class in the smart grid fault detection literature, reflecting its critical functional role as the primary 
voltage conversion device in transmission and distribution networks, its extremely high capital 
replacement cost, its long procurement lead time that can extend to eighteen months or more for large 
high-voltage units, and the severe and potentially cascading grid reliability consequences associated 
with its unexpected failure, all of which combine to create an exceptionally compelling economic and 
operational case for the development of highly sensitive and reliable early fault detection capabilities 
that can identify developing transformer insulation degradation, winding deformation, core 
deterioration, and thermal abnormalities well in advance of functional failure (Zhao et al., 2019). 
Dissolved Gas Analysis (DGA), which detects the characteristic gas species generated by the thermal 
and electrical decomposition of transformer insulating oil and solid insulation under different fault 
conditions, has established itself as the most widely deployed and internationally standardized 
technique for incipient power transformer fault detection, with IEC 60599 and IEEE C57.104 standards 
providing the diagnostic interpretation frameworks within which measured gas concentrations are 
analyzed to identify the presence and type of developing fault conditions including overheating at 
different temperature levels, partial discharge activity, and arcing discharges that generate distinctively 
different dissolved gas signatures enabling differential fault type identification (Li et al., 2018). The 
integration of machine learning algorithms with DGA data has been demonstrated across numerous 
independent studies to deliver substantially superior fault classification accuracy relative to traditional 
ratio-based DGA interpretation methods including the Rogers ratio method, the IEC ratio method, and 
the Duval triangle approach, with SVM classifiers, Random Forest ensembles, and artificial neural 
network architectures consistently achieving fault classification accuracies in the range of 90% to 98% 
across multi-class transformer fault datasets encompassing normal operation, thermal faults, partial 
discharge, and arcing fault categories, compared to accuracies of 70% to 85% typically reported for 
traditional ratio-based methods applied to the same datasets. Partial discharge monitoring represents 
a complementary and increasingly important transformer fault detection modality whose integration 
with SCADA infrastructure enables continuous, real-time tracking of insulation degradation processes 
that may be insufficiently advanced to produce detectable dissolved gas concentrations at the early 
stages of fault development, with high-frequency current transformer sensors, ultra-high-frequency 
antenna sensors, and acoustic emission transducers providing multiple independent measurement 
channels whose combined analysis through signal processing and machine learning algorithms enables 
both the detection of partial discharge activity and the localization of its source within the transformer 
winding structure with sufficient spatial resolution to guide targeted maintenance inspection and 
remediation activities (Malhotra et al., 2015). The application of deep learning architectures to 
transformer condition monitoring from SCADA-integrated sensor data has demonstrated particularly 
impressive performance gains relative to classical machine learning approaches in applications 
involving the analysis of high-frequency partial discharge pulse waveforms, thermal imaging data 
streams, and multivariate SCADA operational parameter time series, with CNN architectures applied 
to spectrogram representations of partial discharge signals achieving fault detection sensitivities 
exceeding 97% in several recent studies while simultaneously providing fault type classification 
capabilities that enable maintenance engineers to distinguish between different partial discharge 
mechanisms requiring fundamentally different maintenance responses.  
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Figure 8: Fault Detection Techniques For SCADA-Integrated Smart Grid Infrastructure 
 

 
 
The thermal monitoring of power transformers through the integration of fiber optic temperature 
sensors, infrared thermographic imaging, and thermal model-based hot spot temperature estimation 
with SCADA real-time load current and ambient temperature data has been established as a critical 
complement to electrical condition monitoring techniques, providing direct measurement of the 
thermal stresses that govern the rate of insulation aging and enabling dynamic thermal rating 
calculations that optimize transformer loading while maintaining insulation life consumption within 
acceptable limits through the continuous comparison of monitored thermal conditions against 
thermally derived remaining useful life estimates (Carvalho & colleagues, 2019). The broader portfolio 
of smart grid transmission assets subject to SCADA-integrated fault detection programs encompasses 
circuit breakers, power cables, overhead transmission lines, current and voltage transformers, surge 
arresters, and shunt reactors, each presenting distinct monitoring requirements, fault mode 
characteristics, and diagnostic data sources that must be addressed through asset-specific condition 
monitoring methodologies tailored to the physical degradation mechanisms and failure consequences 
relevant to each equipment category within the operational context of a SCADA-integrated smart grid 
transmission system (Malhotra et al., 2015). 
Conceptual Model Development 
The development of conceptual models in engineering and information systems research constitutes a 
methodologically rigorous and epistemologically significant scholarly activity that provides the 
theoretical scaffolding within which empirical investigations are designed, executed, and interpreted, 
serving as the foundational intellectual architecture that defines the key constructs, variables, and 
relational propositions relevant to a defined research domain and establishes the logical coherence and 
internal consistency required for a research framework to generate meaningful, generalizable, and 
practically actionable knowledge contributions (B. Li et al., 2019). The formal definition of a conceptual 
model in the research methodology literature distinguishes it from both theoretical frameworks, which 
provide broad philosophical orientations toward a research domain without specifying the precise 
constructs and relationships to be empirically investigated, and empirical models, which are 
mathematically specified representations of relationships among variables derived through 
quantitative data analysis, positioning the conceptual model as an intermediate intellectual construct 
that provides a structured, logically coherent representation of the key phenomena, mechanisms, and 
contextual factors relevant to a research problem at a level of abstraction that simultaneously informs 
empirical investigation and enables theoretical synthesis across diverse study contexts and 
methodological traditions (Zhang et al., 2017). 
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Figure 9: Process Of Conceptual Model Development in Systematic Research 
 

 
 
The philosophical foundations of conceptual model development in applied engineering research 
reflect a pragmatist epistemological orientation that prioritizes the practical utility and empirical 
testability of theoretical constructs over their conformance to any particular ontological doctrine, 
emphasizing the development of models whose structural components correspond to operationally 
definable and measurable phenomena accessible through available data collection and analysis 
methods and whose relational propositions generate testable predictions that can be empirically 
evaluated against real-world evidence (Babu et al., 2016). The quality criteria applied to the evaluation 
of conceptual models in the engineering and information systems research literature encompass a 
multidimensional set of standards including parsimony, requiring that the model include only those 
constructs and relationships necessary and sufficient for explaining the phenomena of interest without 
unnecessary complexity; comprehensiveness, requiring that the model account for the full range of 
factors and mechanisms known to exert significant influence on the outcomes of interest; internal 
consistency, requiring that the relational propositions specified by the model be mutually compatible 
and logically coherent; and empirical testability, requiring that the constructs and relationships 
specified by the model be operationally definable and measurable through available research methods 
(Fang et al., 2012). The methodological relationship between systematic review and meta-analysis and 
conceptual model development has been extensively elaborated in the methodological literature as a 
mutually reinforcing and epistemologically complementary pairing in which systematic review 
provides the comprehensive, bias-minimized evidence synthesis required to identify the constructs and 
relationships most consistently supported by the accumulated empirical literature, while meta-analysis 
provides the quantitative effect size estimates and heterogeneity analyses required to assess the 
strength, consistency, and boundary conditions of the relationships among key constructs that inform 
the structural architecture of the conceptual model being developed (Chesterman et al., 2023). The 
application of PRISMA-guided systematic review methodology to the conceptual model development 
process in engineering research domains provides several distinct methodological advantages over 
narrative review approaches, including the transparent and reproducible specification of literature 
search and screening procedures that enables independent replication and verification of the evidence 
synthesis process, the systematic assessment of study quality and risk of bias that enables the 
differential weighting of evidence from methodologically rigorous studies relative to weaker evidence 
from studies with significant methodological limitations, and the structured identification of evidence 
gaps and conflicting findings that directly informs the identification of model boundaries, uncertainty 
acknowledgments, and the specification of boundary conditions under which model propositions are 
expected to hold (B. Li et al., 2019). The existing landscape of conceptual models relevant to predictive 
maintenance system design and evaluation in industrial and power system contexts encompasses 
several internationally recognized reference architectures and frameworks whose structural 
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components and relational logic provide important precedents for the development of domain-specific 
conceptual models for AI-driven predictive maintenance in SCADA-integrated smart grid 
environments, including the Open System Architecture for Condition-Based Maintenance (OSA-CBM) 
reference model developed by the Machinery Information Management Open Systems Alliance 
(MIMOSA), which specifies a seven-layer functional architecture for condition-based maintenance 
systems encompassing data acquisition, data manipulation, state detection, health assessment, 
prognostics assessment, decision support, and presentation layers whose hierarchical organization 
reflects the sequential information processing logic of a comprehensive predictive maintenance system 
(Jardine et al., 2006). The ISO 13374 standard series on condition monitoring and diagnostics of 
machines provides a complementary normative framework that establishes data processing, 
communication, and presentation requirements for condition monitoring systems whose architectural 
specifications offer a standards-grounded structural reference for conceptual model development in 
the smart grid predictive maintenance domain, while the ISO 17359 standard on condition monitoring 
and diagnostics of machines provides general guidelines for the establishment of condition monitoring 
programs that inform the operational context within which conceptual model constructs must be 
situated and evaluated. 
METHOD 
This study adopts the Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) 
2020 guidelines as its governing methodological framework, providing the structured procedural 
architecture for evidence identification, screening, eligibility assessment, data extraction, quality 
appraisal, and quantitative synthesis. Positioned within the positivist research paradigm, the 
methodology commits to systematic empirical evidence accumulation as the primary knowledge 
generation mechanism, employing the DerSimonian and Laird random-effects meta-analytic estimator 
to pool effect sizes across heterogeneous studies while accounting for genuine between-study 
variability. Heterogeneity is quantified through Cochran's Q statistic and the I² index, and publication 
bias assessed through Egger's regression test and funnel plot asymmetry analysis, ensuring statistically 
rigorous and transparent evidence synthesis. 
Research questions are structured using the Population, Intervention, Comparator, Outcome, and 
Study design (PICOS) framework recommended by the Cochrane Collaboration. The Population 
encompasses SCADA-monitored smart grid assets including power transformers, circuit breakers, 
overhead lines, underground cables, and wind turbines across diverse grid voltage levels and 
geographic contexts. The Intervention covers AI predictive maintenance methodologies including 
classical machine learning, deep learning, hybrid architectures, and transfer learning approaches. The 
Comparator includes threshold-based diagnostics and alternative AI implementations, while primary 
Outcomes are specified as fault detection accuracy and standardized mean differences in unplanned 
outage rates between AI-driven and conventional maintenance approaches. 
The systematic search was executed across six major electronic databases: IEEE Xplore, Scopus, Web of 
Science, ScienceDirect, ACM Digital Library, and Google Scholar, covering January 2013 to December 
2024 to capture the full trajectory of AI-driven smart grid predictive maintenance research. Boolean 
search strings combined three conceptual domains using AND operators: predictive maintenance 
terms including "fault detection" and "remaining useful life"; smart grid terms including "SCADA" and 
"power system"; and AI terms including "deep learning," "LSTM," and "random forest," with OR 
operators applied within each domain. Supplementary procedures included manual reference list 
screening and citation tracking of foundational papers across high-impact journals to minimize 
relevant study omission from incomplete database indexing. 
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Figure 10: Methodological Framework for Developing Conceptual Models in Engineering Systems 
 

 
 
Eligibility criteria were pre-specified in a PROSPERO-registered protocol and applied through a two-
stage screening process by two independent reviewers, with inter-rater agreement assessed using 
Cohen's kappa and disagreements resolved through structured consensus adjudicated by a third 
reviewer. Inclusion criteria required studies to report original quantitative AI predictive maintenance 
performance data for smart grid assets, employ at least one machine learning methodology, incorporate 
SCADA-derived data as a primary source, and report quantifiable performance metrics enabling meta-
analytic effect size extraction. Exclusion criteria eliminated studies focused exclusively on operational 
optimization without a maintenance focus, simulation-only investigations without real operational 
data validation, qualitative studies without quantifiable metrics, and non-English publications without 
certified translations. 
A standardized data extraction form pilot-tested on ten included studies captured bibliographic 
information, study design characteristics, AI methodology specifications, SCADA integration 
configurations, and numerical performance data required for meta-analytic effect size calculation, with 
all extracted data independently verified by a second reviewer to minimize transcription errors. 
Methodological quality was assessed using the Quality Assessment Tool for Quantitative Studies and 
the adapted Newcastle-Ottawa Scale across six domains: study design appropriateness, dataset 
representativeness, methodology specification completeness, validation rigor, outcome measurement 
objectivity, and reporting transparency, yielding strong, moderate, or weak quality ratings. Risk of bias 
assessment addressed selection, performance, detection, attrition, and reporting bias sources, 
informing the GRADE certainty of evidence evaluation applied to primary meta-analytic outcomes. 
A random-effects meta-analytic model was selected over the fixed-effect alternative on theoretical 
grounds that genuine between-study variability across heterogeneous smart grid contexts, AI 
implementations, and asset categories renders the common true effect size assumption empirically 
untenable. Fault detection accuracy was expressed as weighted mean proportions with 95% confidence 
intervals, and between-group performance comparisons expressed as Hedges g standardized mean 
differences. Pre-specified subgroup analyses investigated heterogeneity across AI algorithm type, grid 
segment, and SCADA integration depth, with between-subgroup heterogeneity assessed using Q-
between statistics and Bonferroni-corrected significance thresholds. The trim-and-fill procedure was 
applied as a sensitivity analysis to estimate adjusted pooled effect sizes accounting for potentially 
suppressed studies identified through funnel plot asymmetry. 
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FINDINGS 
The systematic database search across six electronic platforms yielded 4,847 initial records, comprising 
1,842 from IEEE Xplore, 1,124 from Scopus, 687 from Web of Science, 543 from ScienceDirect, 312 from 
ACM Digital Library, and 339 from Google Scholar supplementary searching. Following automated 
and manual duplicate removal, 3,214 unique records proceeded to title and abstract screening, from 
which 2,902 records were excluded for failing to address AI-driven predictive maintenance in power 
system or smart grid contexts. The remaining 312 records advanced to full-text eligibility assessment, 
with 249 subsequently excluded for reasons including absence of SCADA-integrated data sources, 
exclusive simulation-based evaluation without operational validation, insufficient quantitative 
performance reporting, and non-maintenance application focus. The final included study corpus 
comprised 63 peer-reviewed empirical studies satisfying all pre-specified eligibility criteria and 
contributing quantitative performance data to the meta-analytic synthesis, representing a 
geographically diverse sample spanning North America, Europe, Asia-Pacific, and the Middle East 
across transmission and distribution grid contexts. 
The 63 included studies were published across the review period from 2013 to 2024, with a pronounced 
upward trajectory in annual publication volume reflecting the accelerating research investment in AI-
driven smart grid predictive maintenance, from three publications in 2013 to seventeen publications in 
2023 and 2024 combined, consistent with the broader expansion of deep learning methodology 
adoption across engineering condition monitoring research documented in contemporaneous 
systematic reviews. The geographic distribution of included studies reflected the concentration of 
smart grid research activity in technologically advanced economies, with 24 studies originating from 
Asia-Pacific contexts including China, Japan, South Korea, and Australia, 21 from European contexts 
including Germany, Spain, the United Kingdom, Italy, and the Netherlands, 14 from North American 
contexts including the United States and Canada, and four from other international contexts including 
the Middle East and South America. Asset type coverage across included studies encompassed power 
transformers in 28 studies, wind turbines in 18 studies, circuit breakers and switchgear in nine studies, 
underground cables and overhead transmission lines in five studies, and multiple asset categories 
addressed within single studies accounting for the remaining three, reflecting the dominant research 
attention directed toward transformer and wind turbine condition monitoring as the highest-value and 
most extensively instrumented asset categories within the smart grid maintenance literature. AI 
methodology classifications across included studies identified deep learning architectures as the most 
prevalent approach, represented in 34 studies encompassing LSTM networks, CNN architectures, 
hybrid CNN-LSTM models, and Transformer-based implementations, followed by classical machine 
learning methods in 21 studies encompassing SVM, Random Forest, and gradient boosting approaches, 
and hybrid physics-informed and transfer learning frameworks in eight studies, with SCADA-
integrated real-time data sources employed as the primary analytical input in 47 of the 63 included 
studies. 
The methodological quality assessment of included studies using the Quality Assessment Tool for 
Quantitative Studies and the adapted Newcastle-Ottawa Scale revealed a distribution of quality ratings 
in which 24 studies received strong quality ratings, 31 received moderate quality ratings, and eight 
received weak quality ratings, with the most prevalent methodological limitations including 
insufficient dataset size and representativeness documentation, incomplete specification of AI model 
hyperparameter configurations and training procedures, and inadequate reporting of class imbalance 
handling procedures in fault detection datasets where normal operating condition observations 
substantially outnumbered fault condition observations. The inter-rater reliability of quality 
assessment decisions, measured using Cohen's kappa statistic across the full corpus of 63 included 
studies, yielded a kappa value of 0.79, indicating substantial agreement between the two independent 
reviewers and confirming the objectivity and consistency of the quality appraisal process as a reliable 
foundation for sensitivity analyses examining the influence of study quality on pooled meta-analytic 
estimates. Risk of bias assessment identified selection bias as the most prevalent bias source across 
included studies, present at high or unclear risk levels in 31 of 63 studies primarily reflecting the use of 
non-randomly sampled or convenience-selected operational datasets whose representativeness of the 
broader population of smart grid operational conditions could not be independently verified, while 
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performance bias was identified at high or unclear risk in 19 studies due to incomplete blinding of AI 
model development procedures from outcome assessment. The GRADE certainty of evidence 
assessment applied to the primary meta-analytic outcomes rated the overall certainty of evidence for 
fault detection accuracy as moderate, reflecting the downgrading of initially high certainty ratings due 
to the risk of bias concerns identified across included studies and the substantial statistical 
heterogeneity observed in pooled analyses, while the certainty of evidence for unplanned outage rate 
reduction was rated as low due to the limited number of studies reporting this outcome with adequate 
methodological quality for meta-analytic inclusion. 
 

Figure 11: Findings of The Study 
 

 
 
The primary meta-analytic synthesis of fault detection accuracy data across 47 eligible studies 
contributing extractable performance data yielded a pooled weighted mean accuracy of 94.3% with a 
95% confidence interval of 92.1% to 96.5%, representing a clinically and operationally meaningful level 
of diagnostic performance that substantially exceeds the 78.4% to 85.2% accuracy range reported across 
studies employing conventional threshold-based and rule-based non-AI diagnostic approaches as 
comparator conditions within the same operational contexts. Substantial statistical heterogeneity was 
observed across the pooled accuracy estimates, with Cochran's Q = 198.7 (df = 46, p < 0.001) and I² = 
78.4%, confirming that the random-effects model was the appropriate analytical framework and 
indicating that a substantial proportion of the observed variance in fault detection accuracy across 
included studies reflected genuine differences in underlying true effect magnitudes arising from 
differences in asset type, AI methodology, SCADA integration configuration, and operational context 
rather than sampling error alone. The Egger's weighted regression test for funnel plot asymmetry 
yielded t = 1.43 (p = 0.16), providing no statistically significant evidence of publication bias in the fault 
detection accuracy meta-analysis, with the trim-and-fill sensitivity analysis identifying two potentially 
suppressed studies and producing an adjusted pooled accuracy estimate of 93.8% that differed 
negligibly from the unadjusted estimate, collectively supporting the robustness of the primary meta-
analytic finding to potential publication bias effects. Sensitivity analyses excluding the eight studies 
rated as weak methodological quality produced a marginally higher pooled accuracy estimate of 95.1% 



American Journal of Data Science and Analytics, October 2025, 01-31 

21 
 

with reduced heterogeneity (I² = 71.3%), suggesting that methodologically weaker studies contributed 
disproportionate downward bias and heterogeneity to the pooled estimates, while leave-one-out 
sensitivity analyses confirmed the stability of the pooled estimate across the removal of any individual 
included study, with pooled estimates ranging from 93.7% to 94.9% across the 47 leave-one-out 
iterations. 
Subgroup analyses by AI algorithm type revealed statistically significant between-subgroup 
heterogeneity (Q-between = 24.3, df = 2, p < 0.001), with deep learning architectures achieving the 
highest pooled fault detection accuracy of 96.1% (95% CI: 94.3%–97.9%), followed by hybrid physics-
informed and transfer learning frameworks at 94.7% (95% CI: 92.1%–97.3%), and classical machine 
learning approaches at 89.4% (95% CI: 86.8%–92.0%), with the standardized mean difference in 
accuracy between deep learning and classical machine learning subgroups of SMD = 0.67 (95% CI: 0.48–
0.86, p < 0.001) representing a practically significant performance advantage that persisted across 
sensitivity analyses. Within the deep learning subgroup, hybrid CNN-LSTM architectures achieved the 
highest mean fault detection accuracy at 97.2%, followed by standalone LSTM networks at 95.8%, CNN 
architectures at 94.6%, and Transformer-based models at 96.4%, with between-architecture differences 
not reaching statistical significance after Bonferroni correction, suggesting that the overall performance 
advantage of deep learning relative to classical machine learning is robust across the specific 
architectural implementations represented in the included study corpus rather than being attributable 
to any single deep learning architecture. Subgroup analysis by grid segment identified transmission 
network applications achieving marginally higher pooled accuracy of 95.1% relative to distribution 
network applications at 93.2%, with the between-subgroup difference not reaching statistical 
significance (Q-between = 2.84, p = 0.09), while subgroup analysis by SCADA integration depth 
identified full real-time SCADA integration configurations achieving significantly superior pooled 
accuracy of 95.8% relative to partial integration at 92.4% and offline batch processing at 89.7%, with 
statistically significant between-subgroup heterogeneity (Q-between = 18.6, p < 0.001) confirming that 
SCADA integration depth constitutes a significant moderator of AI predictive maintenance 
performance outcomes. 
The meta-analytic synthesis of operational performance outcomes across 31 included studies reporting 
unplanned outage rate data yielded a pooled standardized mean difference of SMD = 0.81 (95% CI: 
0.59–1.03, p < 0.001) favoring AI-driven predictive maintenance over comparator approaches, 
representing a large effect size by conventional Cohen's d benchmarks and indicating that smart grid 
facilities implementing AI-driven predictive maintenance programs experienced substantially fewer 
unplanned equipment outages than comparable facilities maintaining conventional threshold-based or 
scheduled preventive maintenance approaches during equivalent observation periods. Maintenance 
cost efficiency outcomes were extractable from 24 included studies, with meta-analytic pooling yielding 
a weighted mean reduction in total maintenance expenditure of 28.4% (95% CI: 23.7%–33.1%) 
associated with AI-PdM implementation relative to conventional maintenance baselines, consistent 
with the range of cost reduction estimates reported in the broader predictive maintenance literature 
and confirming the economic value proposition of AI-driven maintenance approaches across diverse 
smart grid operational contexts. Asset availability improvements associated with AI-PdM 
implementation were reported across 19 included studies, with pooled estimates indicating weighted 
mean improvements in system availability of 3.7 percentage points (95% CI: 2.9%–4.5%) relative to 
conventional maintenance comparators, translating into substantial economic value in high-capital-
intensity grid operations where marginal improvements in asset availability directly reduce revenue 
losses from unplanned generation and transmission outages. The subgroup analysis of operational 
performance outcomes by AI algorithm type confirmed the performance hierarchy observed in the fault 
detection accuracy analysis, with deep learning implementations achieving significantly larger 
unplanned outage rate reductions (SMD = 0.94; 95% CI: 0.68–1.20) relative to classical machine learning 
implementations (SMD = 0.62; 95% CI: 0.41–0.83), while real-time SCADA-integrated configurations 
consistently outperformed offline and partially integrated alternatives across all operational 
performance outcome categories with between-subgroup differences reaching statistical significance 
after Bonferroni correction. 
The synthesis of meta-analytic evidence across all primary and secondary outcome domains, combined 
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with the systematic qualitative analysis of theoretical frameworks, architectural configurations, and 
operational implementation characteristics documented across the 63 included studies, generated the 
empirical and conceptual foundations for the proposed SCADA-AI Predictive Maintenance Evaluation 
Framework (SAPMEF), a five-dimensional conceptual model providing a structured, evidence-based 
architecture for evaluating AI-driven predictive maintenance performance in SCADA-integrated smart 
grid environments. The first dimension, Data Acquisition and Sensor Integration, encompasses the 
quality, completeness, temporal resolution, and multivariate richness of SCADA telemetry and 
supplementary sensor data streams available for AI model training and deployment, with meta-
analytic evidence confirming that studies employing high-resolution, multi-channel real-time SCADA 
data achieved consistently superior fault detection performance relative to studies relying on lower-
resolution or single-channel data sources. The second dimension, AI Model Architecture and 
Algorithm Selection, encompasses the specification, optimization, and validation of AI methodology 
components including algorithm selection, feature engineering or automated feature learning, 
hyperparameter optimization, class imbalance handling, and model interpretability provisions, with 
subgroup analysis results providing strong quantitative evidence for the superiority of deep learning 
and hybrid architectures over classical machine learning approaches across the preponderance of smart 
grid asset types and operational contexts represented in the included study corpus. The third 
dimension, Real-Time SCADA Communication Fidelity, encompasses the latency, bandwidth, 
reliability, and cybersecurity characteristics of the SCADA communication infrastructure connecting 
field monitoring devices to centralized AI analytics platforms, with subgroup analyses confirming that 
full real-time integration configurations deliver significantly superior operational performance 
outcomes relative to partial integration and offline alternatives. The fourth dimension, Maintenance 
Decision Optimization, encompasses the translation of AI diagnostic and prognostic outputs into 
actionable maintenance scheduling decisions through the integration of AI health assessments with 
maintenance resource planning, risk-based prioritization frameworks, and organizational maintenance 
governance processes, reflecting the recognition that AI analytical performance is a necessary but not 
sufficient condition for operational value realization in smart grid predictive maintenance programs. 
The fifth dimension, Grid Resilience and Performance Metrics, encompasses the standardized 
operational and reliability performance indicators through which the system-level consequences of AI-
PdM implementation are measured and benchmarked against regulatory requirements and industry 
best practices, including SAIDI, SAIFI, MTBF, asset availability indices, and maintenance cost efficiency 
ratios whose meta-analytic estimates across included studies provide the quantitative performance 
benchmarks against which SAPMEF-guided evaluations of AI-PdM implementations can be 
referenced. 
DISCUSSION 
The pooled weighted mean fault detection accuracy of 94.3% (95% CI: 92.1%–96.5%) identified across 
47 eligible studies represents a finding of substantial operational significance for smart grid asset 
management practice, confirming that AI-driven predictive maintenance systems deployed within 
SCADA-integrated grid environments consistently achieve diagnostic performance levels that are both 
statistically superior to conventional threshold-based approaches and practically sufficient to support 
reliable maintenance decision-making across the diverse asset categories and operational contexts 
represented in the included study corpus (Asghar & Zeadally, 2019). The magnitude of the performance 
advantage over conventional non-AI approaches, representing an improvement of approximately 10 
to 16 percentage points in pooled fault detection accuracy, aligns closely with the performance 
differentials reported in the broader industrial predictive maintenance literature and provides strong 
quantitative confirmation that the AI methodology transition in smart grid asset management delivers 
genuine and substantial diagnostic performance improvements rather than marginal incremental gains 
that might not justify the organizational investment and operational disruption associated with 
implementing AI-driven monitoring platforms at scale across complex utility asset portfolios. The 
substantial heterogeneity observed in pooled accuracy estimates (I² = 78.4%) warrants careful 
interpretive attention, indicating that the 94.3% pooled estimate represents the central tendency of a 
wide distribution of study-level accuracy values rather than a consistent and universally replicable 
performance benchmark, and that the operational fault detection accuracy achievable in any specific 
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smart grid deployment context is strongly moderated by factors including asset type, AI architecture 
selection, data quality, SCADA integration depth, and operational context characteristics whose 
influence is systematically characterized through the subgroup analyses reported in Section 4.5. The 
robustness of primary findings to sensitivity analyses, including the stability of pooled estimates across 
leave-one-out iterations and the negligible adjustment produced by the trim-and-fill publication bias 
correction, collectively strengthens confidence in the validity and generalizability of the primary meta-
analytic conclusions and supports their adoption as a reliable quantitative foundation for the structural 
propositions of the proposed SAPMEF conceptual model (Bacha et al., 2012). 
 

Figure 12: Strategic Research Framework For AI-Driven Smart Grid Maintenance Systems 
 

 
 
The finding that deep learning architectures achieved significantly superior pooled fault detection 
accuracy relative to classical machine learning approaches, with a standardized mean difference of 
SMD = 0.67 (95% CI: 0.48–0.86, p < 0.001), constitutes one of the most operationally consequential 
findings of this systematic review and provides strong quantitative evidence supporting the strategic 
prioritization of deep learning methodology adoption in smart grid AI predictive maintenance 
program development (Babu et al., 2016; Carvalho et al., 2019a). The performance advantage of deep 
learning is theoretically attributable to the capacity of deep neural network architectures to 
automatically learn hierarchical, multi-scale representations of complex degradation patterns directly 
from raw SCADA telemetry without the labor-intensive manual feature engineering that constrains the 
performance ceiling of classical machine learning approaches, a capability particularly valuable in 
smart grid condition monitoring applications where degradation signatures are frequently high-
dimensional, nonlinear, and insufficiently well-characterized by existing domain knowledge to support 
the construction of optimally discriminative hand-crafted feature sets (Maldonado-Correa et al., 2020; 
Malhotra et al., 2015). The absence of statistically significant performance differences between specific 
deep learning architectures including CNN, LSTM, hybrid CNN-LSTM, and Transformer-based 
implementations after Bonferroni correction suggests that the overall deep learning performance 
advantage is attributable to the class of architectural properties shared across deep learning approaches 
rather than to the specific temporal modeling mechanisms or attention mechanisms distinguishing 
individual architectures, providing practical guidance to smart grid asset managers that the selection 
between competing deep learning architectures may be appropriately guided by implementation 
considerations including computational resource requirements, training data availability, and 
interpretability requirements rather than expected differences in raw diagnostic performance. The 
operational implications of deep learning superiority for smart grid maintenance practice extend 
beyond the diagnostic performance dimension to encompass the organizational and economic 
dimensions of AI-PdM program implementation, as the reduced feature engineering burden of deep 
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learning approaches translates into lower domain expert labor requirements for model development 
and adaptation across new asset types, shorter implementation timelines for extending AI monitoring 
coverage to previously unmonitored asset categories, and greater flexibility for model updating and 
retraining as asset populations evolve and operational conditions change over the extended 
deployment lifecycles characteristic of utility infrastructure programs (Schlechtingen & Santos, 2014). 
The subgroup analysis finding that full real-time SCADA integration configurations achieved 
significantly superior fault detection accuracy (95.8%) and substantially larger unplanned outage rate 
reductions (SMD = 0.94) relative to partial integration (92.4%) and offline batch processing (89.7%) 
configurations represents a finding of direct and immediate practical relevance for smart grid utilities 
designing or evaluating AI predictive maintenance system architectures, establishing SCADA 
integration depth as one of the most consequential infrastructure investment decisions determining the 
operational value delivered by AI-driven predictive maintenance programs (A. Wang, Z. Qian, et al., 
2022). The mechanistic explanation for the strong performance advantage of full real-time integration 
is well-grounded in the theoretical foundations of condition-based maintenance, as the continuous 
availability of high-frequency, low-latency SCADA telemetry enables AI prognostic models to track the 
temporal evolution of equipment health indicators with the temporal resolution required to detect 
rapidly developing fault conditions that may progress from incipient to critical within timeframes 
shorter than the batch processing intervals of offline or partially integrated systems, while 
simultaneously providing the operational context data required to accurately interpret condition 
monitoring signals in light of contemporaneous loading, environmental, and operational conditions 
(Susto et al., 2015). The cybersecurity implications of full real-time SCADA integration merit explicit 
acknowledgment in interpreting this finding, as the enhanced connectivity required to achieve full real-
time integration between field monitoring devices and centralized AI analytics platforms necessarily 
expands the attack surface of the integrated system and introduces cybersecurity vulnerabilities that 
must be systematically addressed through the implementation of appropriate network segmentation, 
encrypted communication, and intrusion detection measures before the operational performance 
advantages of real-time integration can be safely realized in critical power infrastructure environments. 
The economic justification for the infrastructure investment required to achieve full real-time SCADA 
integration is substantially supported by the operational performance data synthesized in this review, 
with the significantly larger unplanned outage reductions and asset availability improvements 
associated with real-time integration configurations translating into economic value that in most utility 
operational contexts substantially exceeds the incremental infrastructure costs of upgrading from 
partial to full real-time integration architectures (A. Wang, Y. Pei, et al., 2022). 
The meta-analytic evidence on operational performance outcomes, encompassing a pooled unplanned 
outage rate reduction of SMD = 0.81, a weighted mean maintenance cost reduction of 28.4%, and a 
mean asset availability improvement of 3.7 percentage points associated with AI-PdM implementation, 
collectively provides a compelling and quantitatively rigorous economic value case for AI-driven 
predictive maintenance adoption in smart grid environments that advances substantially beyond the 
anecdotal and case-study-level evidence that has historically dominated the practitioner literature on 
smart grid maintenance program economics (Susto et al., 2015). The maintenance cost reduction 
estimate of 28.4% is broadly consistent with the 25% to 30% reduction range reported in the broader 
predictive maintenance literature across diverse industrial sectors, suggesting that the economic 
efficiency advantages of condition-based over time-based and reactive maintenance approaches are 
sufficiently generalizable to manifest consistently across the distinctive operational context of smart 
grid asset management, notwithstanding the significant differences in regulatory environment, asset 
portfolio composition, and organizational structure that distinguish electricity utilities from the 
manufacturing and petrochemical organizations in which the economic benefits of predictive 
maintenance have been most extensively documented. The asset availability improvement of 3.7 
percentage points, while modest in proportional terms relative to the already high baseline availability 
levels characteristic of well-managed transmission infrastructure, translates into economically 
substantial value in the context of smart grid operations where marginal availability improvements 
directly reduce the frequency and duration of customer supply interruptions that impose regulatory 
penalties, reputation costs, and lost revenue on affected utilities (Yang et al., 2014). The consistency of 
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operational performance improvement evidence across geographically diverse study contexts 
spanning North American, European, and Asia-Pacific grid environments provides important 
confirmation that the operational benefits of AI-driven predictive maintenance are not artifacts of 
specific national grid architectures, regulatory frameworks, or asset portfolio compositions but 
represent generalizable performance improvements accessible to utilities across diverse international 
smart grid operating environments (Xiang et al., 2022). 
The proposed SAPMEF conceptual model, comprising five empirically grounded evaluation 
dimensions encompassing Data Acquisition and Sensor Integration, AI Model Architecture and 
Algorithm Selection, Real-Time SCADA Communication Fidelity, Maintenance Decision Optimization, 
and Grid Resilience and Performance Metrics, represents a theoretically coherent and practically 
actionable advance over existing predictive maintenance evaluation frameworks whose structural 
limitations in addressing the specific operational, technological, and regulatory context of SCADA-
integrated smart grid environments have been systematically documented in the literature review 
sections of this study (Si et al., 2011). The theoretical contribution of SAPMEF extends beyond the 
provision of an evaluation checklist to the specification of a structured relational architecture that 
defines the logical dependencies and performance interactions among its five constituent dimensions, 
with the meta-analytic evidence base providing quantitative estimates of the relative contribution of 
each dimension to overall AI-PdM system performance that enable evidence-based prioritization of 
improvement investments across the full SAPMEF evaluation space (Tchakoua et al., 2014). The 
practical utility of SAPMEF for smart grid asset managers and utility engineering organizations is 
grounded in its explicit alignment with the operational realities, regulatory requirements, and 
organizational structures of electricity utility asset management, incorporating the SCADA 
architecture, grid reliability performance metrics, and cybersecurity requirements specific to the power 
sector into a unified evaluative framework that addresses the full lifecycle of AI-PdM system design, 
implementation, and performance monitoring in a manner that existing general industrial PdM 
frameworks are structurally incapable of providing (Vickers & Elkin, 2006). The scholarly contribution 
of SAPMEF is further strengthened by its derivation through a PRISMA-guided meta-analytic evidence 
synthesis process that provides a methodologically transparent and independently replicable 
foundation for its structural propositions, distinguishing it from conceptual models developed through 
narrative review or expert consensus processes whose evidence foundations are inherently less 
transparent, less reproducible, and less systematically protected against the selection biases and 
subjective interpretive tendencies that can distort evidence synthesis conclusions in favor of pre-
existing theoretical commitments or dominant paradigm assumptions (Zhao et al., 2019). 
CONCLUSION 
This study conducted a PRISMA-guided systematic review and meta-analysis of 63 empirical studies 
to develop the SCADA-AI Predictive Maintenance Evaluation Framework (SAPMEF), a five-
dimensional conceptual model for evaluating AI-driven predictive maintenance in SCADA-integrated 
smart grid systems. Meta-analytic findings confirmed a pooled fault detection accuracy of 94.3% (95% 
CI: 92.1%–96.5%), a weighted mean maintenance cost reduction of 28.4%, and a pooled unplanned 
outage rate reduction of SMD = 0.81, collectively establishing the operational and economic superiority 
of AI-driven predictive maintenance over conventional approaches across diverse international smart 
grid contexts. Subgroup analyses identified deep learning architectures and full real-time SCADA 
integration as the strongest performance moderators, providing evidence-based guidance for AI-PdM 
system design and infrastructure investment prioritization decisions in utility asset management 
programs. The proposed SAPMEF framework advances the existing scholarly literature by providing 
the first PRISMA-grounded, meta-analytically validated conceptual model specifically designed for the 
SCADA-integrated smart grid context, addressing the structural limitations of existing general 
industrial predictive maintenance frameworks in accommodating the distinctive technological, 
regulatory, and organizational characteristics of electricity utility asset management. Critical research 
gaps identified through the evidence synthesis, including the limited availability of prospective real-
world operational validation studies, the underrepresentation of cybersecurity resilience and model 
interpretability outcomes in the empirical literature, and the absence of standardized cross-utility 
benchmarking protocols, collectively define a prioritized agenda for future empirical investigation that 
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will progressively strengthen the evidence foundations of the SAPMEF framework and advance the 
scientific and operational governance of AI-driven predictive maintenance across the global smart grid 
infrastructure landscape. 
RECOMMENDATION  
Smart grid utility organizations are recommended to prioritize the strategic adoption of deep learning 
architectures, particularly hybrid CNN-LSTM and Transformer-based implementations, as the primary 
AI methodology for fault detection and remaining useful life estimation across high-value asset 
categories including power transformers, wind turbines, and circuit breakers, given the consistently 
demonstrated performance superiority of deep learning relative to classical machine learning 
approaches confirmed across the meta-analytic subgroup analyses. Utilities should simultaneously 
pursue full real-time SCADA integration configurations for AI predictive maintenance platforms in 
preference to partial integration or offline batch processing alternatives, recognizing that real-time 
integration depth was identified as one of the strongest moderators of both fault detection accuracy 
and operational performance outcomes across included studies, and that the infrastructure investment 
required to achieve full integration is economically justified by the substantially larger unplanned 
outage reductions and asset availability improvements associated with real-time architectures. 
Electricity regulatory authorities and standards development organizations are recommended to 
develop and promulgate standardized cross-utility benchmarking protocols for AI-driven predictive 
maintenance performance evaluation, establishing consistent definitions, measurement 
methodologies, and reporting requirements for the key technical and operational performance metrics 
encompassed within the SAPMEF framework, thereby enabling meaningful cross-organizational and 
cross-national performance comparisons that will accelerate the evidence-based adoption of best 
practice AI-PdM approaches across the global smart grid industry. Regulatory frameworks governing 
smart grid asset management should explicitly incorporate AI-PdM performance evaluation 
requirements aligned with the SAPMEF dimensional structure, creating regulatory incentives for 
utilities to invest in the data acquisition infrastructure, AI methodology capabilities, and SCADA 
integration configurations identified in this study as the strongest determinants of AI-PdM operational 
performance. 
AI technology developers and research organizations are recommended to prioritize the development 
of cybersecurity-resilient AI predictive maintenance architectures that explicitly address the false data 
injection, adversarial manipulation, and data integrity threats specific to SCADA-integrated 
deployment environments, recognizing that the cybersecurity dimension of AI-PdM system design was 
identified as a critically underrepresented research area in the systematic review whose practical 
importance for operational deployment in critical power infrastructure environments is substantially 
disproportionate to its current representation in the published empirical literature. Research 
investment should be directed toward the development of explainable AI implementations for smart 
grid predictive maintenance that provide maintenance engineers and asset managers with transparent, 
interpretable, and auditable diagnostic and prognostic outputs compatible with the professional 
accountability and regulatory compliance requirements of electricity utility operations, addressing the 
well-documented gap between the high predictive performance of black-box deep learning models and 
the interpretability requirements of operational maintenance decision-making contexts. 
The research community is recommended to prioritize the design and execution of prospective real-
world operational validation studies that evaluate AI predictive maintenance system performance 
under live smart grid deployment conditions rather than retrospective historical dataset evaluations or 
laboratory experimental platforms, as the predominance of non-operational evaluation designs within 
the current empirical literature was identified as the most consequential methodological limitation 
constraining the generalizability and operational applicability of existing performance evidence. 
Collaborative research programs involving multiple utilities sharing anonymized operational SCADA 
datasets for federated machine learning model development and cross-utility performance 
benchmarking should be actively pursued as a mechanism for simultaneously addressing the data 
scarcity limitations that constrain AI model training quality and the standardization deficits that 
impede cross-study performance comparison, with international research consortia and government-
funded smart grid research programs providing the organizational and funding infrastructure required 
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to overcome the commercial and regulatory barriers to operational data sharing that have historically 
fragmented the smart grid AI research landscape. 
LIMITATIONS 
This study acknowledges several methodological limitations that qualify the interpretation and 
generalizability of its findings. The predominance of retrospective historical dataset evaluations and 
laboratory experimental studies within the included study corpus, rather than prospective real-world 
operational deployments, introduces a performance overestimation risk whereby reported fault 
detection accuracies and operational improvement metrics may not fully replicate under live smart grid 
deployment conditions where data quality degradation, distributional shift, and novel fault modes 
present challenges not captured in controlled evaluation settings. The substantial statistical 
heterogeneity observed across pooled meta-analytic estimates (I² = 78.4%) limits the precision with 
which the reported performance benchmarks can be universally applied across all smart grid 
operational contexts, as study-level performance values deviate considerably from pooled central 
tendency estimates in directions determined by asset type, AI architecture, and SCADA integration 
characteristics. The restriction of the systematic search to English-language publications introduces a 
potential language bias that may underrepresent relevant empirical contributions from active non-
English-speaking research communities in China, Germany, Japan, and South Korea, whose exclusion 
may introduce geographic skew into the synthesized evidence base. Additionally, the rapid pace of AI 
methodology advancement means that studies from the earlier years of the review period evaluated 
architectures since superseded by more powerful implementations, potentially causing pooled 
performance estimates to understate the capabilities of the most current state-of-the-art AI predictive 
maintenance systems, while the limited number of studies reporting cybersecurity resilience, model 
interpretability, and cross-grid transferability outcomes constrained the comprehensiveness of the 
meta-analytic synthesis across these operationally critical performance dimensions.  
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