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Abstract: 
            The efficiency and reliability of the modern power grid can generally be attributed to this 

importance to the infrastructure and economy of countries. Conventional maintenance strategies of either 

reactive or scheduled type cannot stop the unexpected failure of equipment easily, hence they result in 

expensive downtime and service outages. In this paper, the authors discuss the importance of using AI-

driven predictive maintenance models to implement power grid operations to solve these issues. The 

proposed framework implements the latest machine learning models (Random Forest, LSTM, CNNs) to 

 Process real-time and historical data to identify anomalies and predict possible failures prior to their 

happening. As shown in the case study, the predictive system leads to better accuracy of fault detection, 

reduced maintenance costs, and grid resiliency in general. Also, a deployment architecture is suggested to 

implement the solution in the edge and cloud context. Not only does it introduce a scaleable AI 

architecture, but the study also provides practical implications to grid operators to streamline maintenance 

plans and improve operational continuity.   

 

Keywords — Predictive Maintenance, Artificial Intelligence in Power Systems, Smart Grid Optimization, Power Grid 

Reliability, Machine Learning Model 
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I. Introduction 

a. Background and Motivation 

Current electrical power systems have evolved 

into extremely complex cyber-physical systems, 

which are defined by the smooth interconnection 

of digital infrastructure, improved sensors, 

communication systems, and automated control 

systems. This digital transformation makes it 

possible to monitor in real-time, make decisions 

based on data, and be much more flexible in its 

operations. Yet, increasing interconnectedness 

and complexity of these smart grids also increases 

their susceptibility to systemic failures, cyber 

vulnerabilities, and equipment malfunctions. It is 

harder to guarantee grid reliability in such an 

environment, where a failure at one point will 

spread to the rest of the system. Downtime 

associated with equipment is especially important 

- not only does it result in tremendous financial 

losses to utility providers, but also widely 

inconveniences consumers, disruptions to 

necessary services, and, in the worst case, may 

lead to safety risks to the population. 

Traditionally, maintenance has been based on 

reactive (run-to-fail) techniques, whereby 

equipment is only repaired when it has broken 

down, or on preventive (time-based) programs 

that assume even distributions of wear-and-tear 

across systems. These methods have been applied 

to some degree or other by the traditional grids, 
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but they cannot operate in the present dynamic 

and high demand environment. These traditional 

approaches are not predictive and usually lead to 

either untimely disposal of assets or sudden 

collapse that could have been prevented by earlier 

action.  

 

b. The Role of Predictive Maintenance 

One major development in the maintenance of 

modern electrical power systems is Predictive 

Maintenance (PdM). In contrast to traditional 

maintenance approaches based on scheduled 

maintenance or after a failure has taken place, 

PdM leverages real-time monitoring, sensor 

information, and advanced analytics to predict 

equipment failures before they happen. PdM 

helps utilities to make smart decisions regarding 

when and where to perform maintenance by 

continuously monitoring the operating condition 

of key components, including transformers, 

circuit breakers, generators, and switchgear. This 

discipline approach will not only decrease 

irrelevant servicing and associated costs but will 

significantly reduce the likelihood of unexpected 

equipment failure, improve the overall grid 

stability, and prolong the lifetime of equipment in 

use. The latest advances of Artificial Intelligence 

(AI) and Machine Learning (ML) have further 

transformed the efficiency of predictive 

maintenance. These smart systems can process 

large volumes of time-series data, identify subtle 

anomalies, and identify complex patterns of 

degradation that would be unobservable with 

manual data inspection or standard statistical tools. 

Indicatively, AI-enhanced PdM tools may be able 

to combine sensor outputs, environmental 

parameters, operating history, and context 

information to create very precise predictions of 

failures. They can be used to improve fault 

identification and fault diagnosis, adaptive 

maintenance planning to help efficiently allocate 

resources, and reduce downtime. With the 

evolution of smart-grids, predictive maintenance 

with AI involvement is emerging as a core 

component of resilient, affordable and sustainable 

power infrastructure. 

 

 

c. Problem Statement and Research 

Objectives 

The practical use of AI-based predictive 

maintenance approaches on a functioning power 

grid is largely unexplored in real-world settings. 

This study tries to fill that gap by seeking to 

achieve three main objectives. First, it is oriented 

at the development of a powerful AI-based 

predictive maintenance model to be used 

specifically to monitor and control critical 

equipment in the grid. Second, it implies a 

comparative effort to analyze several machine 

learning models and evaluate their performance in 

predicting equipment failures and optimal 

maintenance plans. Third, the paper analyzes the 

framework suggested by the study through step-

by-step case study of a real time monitoring 

system that could be employed to evaluate the 

practical feasibility of the framework, its accuracy 

and sensitivity to actual grid conditions.  

d. Paper Contributions 

This paper contributes to the area of AI-based 

predictive maintenance (PdM) of power grids in 

several ways. First, it conducts a general 

comparative study of different models of artificial 

intelligence to single out the most appropriate 

models that can help explain the accurate 

prediction of equipment failures and degradation 

patterns in grid infrastructures. Second, it outlines 

a realistic deployment roadmap that describes 

how predictive maintenance systems can be 

implemented successfully in edge and cloud 

computing environments, which can provide 

scalable, low-latency sensor data processing. 

Lastly, the study also demonstrates that the 

deployment of predictive models can significantly 

increase the trustworthiness of the grid, 

simultaneously reducing the cost of operations 

and maintenance (O&M) through the ability to 

intervene in time to prevent a critical failure and 

extend the lifespan of assets. 

 

II. Literature Review 

a. Traditional Maintenance Models in Power 

Systems 

Traditionally, the models of maintenance 

employed in the operations of a grid were 

founded on two strategies: periodic maintenance 
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and a response to failures. Time-based 

maintenance or periodic maintenance requires 

that equipment is serviced at regular intervals 

regardless of its condition. This is the method that 

was created to minimize the chance of 

unanticipated system failures through periodic 

maintenance of the system parts. However, 

despite the possibility to provide a small amount 

of mitigation against risks, it has a grave 

drawback: it is not responsive to the current state 

of equipment. This often translates into 

unnecessary maintenance on healthy equipment, 

and a waste of time and money. Conversely, 

reactive maintenance or the run to failure model is 

when equipment is repaired or replaced only 

when they fail. This scheme appears to be cost-

effective in the short run, but it is highly 

unreliable in the power grid setting. Unexpected 

outages can potentially disrupt power supply, 

generate cascading outages, and result in a high 

cost of downtime, particularly on important 

infrastructure networks. Preventive maintenance 

is an effort by trying to balance all these two 

extremes, yet it lacks foresight. It lacks real-time 

information about operation and degradation 

trends and, therefore, frequently fails to identify 

minor anomalies or areas of equipment erosion. 

Therefore, grid operators might not have a chance 

to act before a small problem turns into a large 

fault. With the ongoing increase in complexity 

and interconnectivity of modern smart grids, the 

shortcomings of traditional maintenance 

approaches become even more evident--forming 

an urgent need to explore increasingly intelligent 

and data-driven methods of maintenance such as 

predictive maintenance.  

 b. AI Applications in Energy Systems 

Artificial Intelligence (AI) has been largely 

successful in other power system applications, 

such as load forecasting, anomaly detection, 

demand-side management, and energy trading. 

The subfields of AI have improved in terms of 

processing power, identifying patterns, and useful 

prediction of dynamic and multidimensional 

environments. AI-driven load forecasting models 

are currently providing very accurate short-term 

and long-term demand predictions. Machine 

learning detects anomaly behaviors in the grid in 

real-time by the anomaly detection system to 

improve reliability and security. Similarly, the 

demand management of artificial intelligence 

helps to match the supply and demand, and the 

energy-trading algorithms help to match them 

with the market trends and predictions. 

Notwithstanding the developments, there is still a 

relative lack of literature on the adoption of AI in 

predictive maintenance (PdM) practices within 

operational grid settings. Although promising 

studies have been conducted, there is no real-

world implementation of AI-based PdM systems. 

A significant portion of grid operators continue to 

use conventional time-based or reactive 

maintenance practices, in part because of 

institutional inertia, issues in integration of data, 

or because of the absence of scalable and 

interpretable AI models specifically focused on 

maintenance processes. Consequently, the full 

potential of AI to revolutionize equipment 

maintenance in the real time monitoring of its 

condition, prediction of failures, and scheduling 

of interventions has not been fully achieved in the 

operation of the live power grid. Sealing this gap 

would go a long way in improving system 

reliability, lowering the cost of operations, and 

increasing the life expectancy of the key elements 

of the infrastructure. 

 c. Predictive Maintenance with AI 

Predictive Maintenance (PdM) AI systems are 

based on supervised and unsupervised machine 

learning to actively predict information about 

equipment degradation and probable failure. 

These are systems that examine vast amounts of 

sensor-designed data (vibration, temperature, 

voltage, and current measurements) obtained in 

real time on the essential elements of the grid, 

including transformers, circuit breakers, and 

generators. Another important step in the process 

is the extraction of features, in which the relevant 

statistical and domain-specific indicators are 

obtained using raw high-frequency time-series 

data. These features may be trends, spikes, or 

subtle anomalies not easily seen by manual 

inspection. After the extraction of features, 

supervised learning algorithms (e.g. Support 

Vector Machines, Random Forests or Neural 

Networks) are trained using past failure data to 
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classify the health state of equipment and forecast 

future failures. Where there is a small amount of 

labeled failure data available or not, the 

unsupervised approach (K-Means clustering or 

Autoencoders) is used to identify abnormal 

operating behavior. Such methods enable PdM 

systems to detect warning signals early and 

differentiate between normal variability in 

operations and alarming anomalies. By 

introducing such intelligent systems to the grid 

maintenance workflows, data-driven decisions 

can be made, timely interventions implemented, 

and the unplanned downtimes, as well as the 

maintenance costs, reduced by a large margin.  
  Table 1: Comparison of Maintenance Strategies 

Maintenanc

e Type 

Approac

h 

Pros Cons 

Reactive 

Maintenance 

Fix after 

failure 

Low 

upfront 

cost 

High 

downtime

, 

emergenc

y repairs 

Preventive 

Maintenance 

Schedule

d 

intervals 

Reduces 

some 

unplanne

d outages 

May 

over-

maintain 

or miss 

hidden 

faults 

Predictive 

Maintenance 

(AI-Driven) 

Based on 

data 

trends 

Reduces 

cost, 

downtime

, 

improves 

reliability 

Requires 

data, 

model 

training 

III. Methodology 

a. Data Acquisition and Preprocessing 

This research work gathered data on high-voltage 

transformers and circuit breakers in active power 

grid conditions. Each of the three types of sensors, 

namely thermal imaging, vibration, and electrical 

current/voltage sensors, were integrated together 

to record multimodal condition-monitoring data. 

The data covers a period of five years and 

consists of comprehensive maintenance records, a 

table of planned and unplanned maintenance, as 

well as the records of documented failure events. 

Such historical data gives us both time context 

and failure signatures that can be used to train 

predictive models. Prior to the development of the 

model, the dataset was put through a set of 

preprocessing procedures to ensure quality and 

consistency. Statistical thresholds were used to 

detect outliers (extreme sensor values due to noise 

or bad readings) and filter them out. To ensure 

that most machine learning algorithms are 

sensitive to the continuous variables, all of them 

were normalized to a common scale. Moreover, 

time-alignment methods were implemented so 

that sensor data streams were synchronized, and 

all readings were of the same operational 

windows. Good pattern extraction and high 

efficiency in model training could not have been 

made possible without these preprocessing 

functions. 

 b. AI Models for Predictive Maintenance 

Three models were implemented: 

• Random Forest (RF) for its robustness to 

noise and interpretability 

• Long Short-Term Memory (LSTM) 

networks for capturing sequential patterns 

• Convolutional Neural Networks (CNNs) 

for pattern detection in spectrogram-

transformed time-series 

 
Figure 1: Architecture of the AI-Powered 

Predictive Maintenance Framework 
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c. Feature Engineering 

The indicators of equipment health used in the 

selected features to predictive maintenance 

modeling included the current harmonics of 

equipment, temperature deviation, frequency 

deviation, and acoustic signatures. These 

parameters have been selected based on known 

correlation with degradation of electrical 

components and failure modes. These can include 

things like abnormal harmonics in the current 

which can be a sign of insulation failures. 

Imbalance, temperature difference may be a sign 

of overheating or cooling system issues. Similarly, 

alterations in the frequency and characteristic 

acoustic waveform can give the initial indication 

of mechanical fatigue or electrical pathology. To 

improve the efficiency of the models as well as to 

minimize the computational complexity, Principal 

Component Analysis (PCA) was used to perform 

dimensionality reduction. PCA was used to 

remove differences between correlated variables 

by reducing an original high dimensional set of 

features to a smaller set of uncorrelated variables 

which still captured most of the variability in data. 

This not only reduced the time it took to train a 

model, but also improved generalization by 

reducing noise and overfitting, making the 

predictive maintenance system more robust and 

scalable in practice. 

  

d. Model Evaluation Metrics 

To assess performance, the following metrics 

were used: 

• Accuracy 

• Precision 

• Recall 

• F1-score 

Additionally, the Area Under the Curve 

(AUC) and confusion matrices were 

generated. 

 
 Table 2: Performance of Predicti ance Models ve 

Mainten 

Model Accuracy Precision Recall F1-

Score 

Random 

Forest 

89.5% 88.7% 85.2% 86.9% 

LSTM 91.3% 90.2% 87.6% 88.9% 

CNN 93.1% 92.8% 90.4% 91.6% 

 

IV. Case Study or Experimental Results 

a. Test Environment 

An experimental location in this study was an 

experimental medium-voltage distribution 

substation located in a semi-urban distribution 

grid sector. It consists of an extensive ensemble 

of main elements including several transformers, 

switchgear groups and circuit breakers, all of 

which have condition monitoring sensors 

operating in real-time. These sensors are 

continually scanning these aspects of operation, 

such as temperature, current, vibration and 

electrical signatures, to provide an even more 

detailed and finer picture of the health of the 

assets in operation. Along with the physical 

construction, a digital copy of the substation was 

created to mimic equipment behavior, model 

different failure modes, and test the predictive 

maintenance system in a risk-free, virtualized 

environment. The predictive maintenance 

framework is based on AI and deployed and 

operationalized within six months of observation. 

It was also associated directly with the 

Supervisory Control and Data Acquisition 

(SCADA) technology that is directly linked to the 

substation via an edge computing interface to 

provide low-latency data processing and real-time 

analytics. The edge integration allowed 

identifying faults in real-time and minimized the 

use of cloud infrastructure when making decisions. 

The deployment continuously gathered 

operational data, which were then utilized 

throughout the deployment to retrain the machine 

learning models to achieve increasingly high 

predictive accuracy. It was an ongoing lifetime 

learning process in which the system would 

discover how to react to the different dynamic 

conditions of the equipment and in the process 

improve reliability and minimize unforeseen 

failures. 

 

 

b. Performance Evaluation of AI Models 

All AI models built on the predictive maintenance 

framework were trained on a stratified 70:30 split 
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of the entire dataset, with 70% of the sample 

serving as the model training data and 30% 

serving as separate testing and validation data. 

This methodology allowed both the models to be 

trained on a large enough number of samples and 

had the benefit of maintaining an unbiased 

evaluation condition. To improve generalizability 

and ensure that the training process was free of 

overfitting, 10-fold cross-validation was also 

employed. Convolutional Neural Networks 

(CNNs) were found to perform better than the 

other assessed models, especially with high-

dimensional sensor data, processing, and 

interpretation. They were particularly good at 

identifying the anomalies hidden in thermal 

images, acoustic signatures, and waveform 

representations due to their architecture, which is 

excellent at extracting spatial hierarchies and 

local patterns. CNNs could extract important 

failure indicators that can be easily missed by 

more basic algorithms. The output of the Long 

Short-Term Memory (LSTM) networks also 

posted good scores, particularly in time series 

modeling. With their gated memory cells, they 

successfully stored and learned long-term 

dependencies in time-series data. These 

predisposed LSTM models to be very sensitive to 

early-life degradation trends, including slow 

temperature variations, inconsistent vibration, or 

small waveform perturbations that are precursors 

of mechanical or electrical faults. Their ability to 

learn with temporal fluctuation became very 

important in predicting faults that occur slowly 

over time. Random Forest models were found to 

be quite powerful in classification, with the added 

advantage to provide explicit information 

regarding feature importance. Their ensemble 

character enabled them to be generalized over a 

wide range of operating circumstances. They 

were weak on time-dependent trends, though, 

because of their tree-like nature. This 

compromised their ability to respond to patterns 

of sequential failure that demanded temporal 

insight, including degradation caused by cyclic 

loading or progressive thermal stress. In a general 

sense, comparison analysis above has revealed 

that though the less advanced models i.e. the 

Random Forest has been found to be a reliable 

and explainable predictive maintenance model in 

predictive maintenance, the deep learning models 

i.e. the CNN and LSTM-based models are more 

realistic in dynamic and dense sensor-based grid-

based situations. 

 

 
 Table 3: Comparative Evaluation of Models Over 

Deployment Period 

Mode

l 

Downti

me 

Reducti

on 

Maintena

nce Cost 

Savings 

Early 

Fault 

Detecti

on 

Rate 

False 

Positiv

es 

Rando

m 

Forest 

26.3% 19.8% 82.7% 8.3% 

LSTM 34.6% 26.4% 89.1% 6.9% 

CNN 42.8% 31.2% 94.5% 4.7% 

 

c. Maintenance Scheduling Improvements 

Using AI-driven insights, the grid operator 

was able to: 

Detect transformer insulation degradation 18 

days before failure 

Reschedule maintenance proactively with 

minimal disruption 

Cut emergency repair interventions by over 

40% 

 

 

 Figure 2: Impact of Predictive Maintenance on 

Equipment Downtime Over 6 Months 
 

V. Discussion 

a. Interpretation of Results 

Experimental findings are very convincing that 

AI-based predictive maintenance systems promise 

to improve the overall reliability and operational 

resilience of electrical power grids. Overall, AI 

models were found to be much more efficient at 
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identifying signs of equipment failure at an early 

stage than conventional maintenance approaches. 

Of particular interest was the high sensitivity of 

Convolutional Neural Networks (CNNs) as early 

indicators of faults, including localized thermal 

anomalies, distorted waveforms, and small 

acoustic deviations, that frequently prelude larger 

scale equipment failures. They were also best 

suited to fault detection in real-time in devices 

such as transformers and circuit breakers due to 

their capability of analyzing complex spatial 

features using multidimensional sensor inputs. 

Meanwhile, Long Short-Term Memory networks 

were better as far as time-dependent and long-

range trends modeling is concerned. They worked 

well at picking up small, cumulative changes over 

extended periods, such as the slow degradation of 

insulation or mechanical wear that produce no 

outliers but reflect a worsening of equipment's 

health over time. The time-dependence of LSTM 

models was particularly relevant to predicting the 

paths of maintenance and time. The relative 

performance of these models highlights a crucial 

point, which is that the model that is used in 

predictive maintenance must be sensitive to what 

kind of faults will occur in a particular system, 

and how often. CNNs can work better when 

detecting high-resolution anomalies in sensor-rich, 

noisy environments. LSTMs offer better 

capabilities when used in those applications that 

need to be aware of degradation or historical trend 

modeling over time. This paper thus points to the 

necessity of context-dependent AI 

implementation, in which the advantages of the 

various architectures are used based on the 

priority of work and the behavior of equipment. 

 

b. Benefits to Grid Operators 

The introduction of predictive maintenance 

systems based on AI provides a range of essential 

operational benefits to contemporary power grid 

infrastructures. First, these systems allow 

reducing significantly the threat of unplanned 

failures since potential equipment failures are 

revealed in good time. This solution is proactive 

and sustaining, not to mention it decreases costly 

disruption. Also, predictive insights provide better 

use of maintenance resources by letting 

technicians work on high-risk parts instead of 

operating inflexible, time-dependent timetables. 

Moreover, timely identification of threats like 

thermal overloads or insulation damage will be 

more effective in improving safety at the 

workplace by avoiding disastrous failures. Finally, 

increased stability and transparency of grid 

operation will give stakeholders and investors the 

feeling of trust that will enable long-term 

infrastructure planning and investment with a 

reduced risk profile. 

c. Limitations 

There are several limitations that exist which may 

impede the wide scale application of AI-based 

predictive maintenance, although the outcomes 

have shown promise. The first one is that high-

quality, labeled datasets are required to 

successfully train supervised learning models. In 

most operational environments, these data can be 

sparse or incomplete or inconsistently 

documented, restricting predictive system 

accuracy and generalizability. Also, there are 

some computational limitations to deploying 

complex AI models on edge devices. Many 

substations and monitoring units are built around 

hardware with a small amount of processing 

capacity, which would limit the application of 

very resource-intensive models like deep neural 

networks. Finally, due to the black-box nature of 

most deep learning algorithms, it can be 

challenging to interpret or justify their outputs, 

which is a regulatory and operational challenge, 

especially in highly regulated energy industries, 

where transparency and explainability are 

essential to decision-making and compliance.  

 

 

VI. Integration into Smart Grid 

Infrastructure 

a. Edge vs. Cloud Deployment 

Predictive maintenance of AI models may be 

deployed either on the edge, or on a cloud-based 

system depending on the operational conditions 

and limitations at the power grid environment. 

Edge computing allows real-time decision-

making at the device or substation level, which is 

why it is best suited to time-sensitive reactions 

like the impending equipment failure. The local 
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processing eliminates the dependency on the 

network connection and offers fast execution of 

maintenance processes. Conversely, cloud 

computing provides almost unlimited computing 

resources, which are very useful in training 

complex AI models, running deep analytics, and 

providing long-term trend predictions. With 

cloud-based systems, data collected by multiple 

substations can be aggregated, making it possible 

to analyze the data centrally and optimize 

maintenance strategies globally. A compromise 

between real-time responsiveness and full model 

development and continuous learning may lie in 

an intermediate solution of utilizing both edge 

and cloud. 

 

 Figure 3: Edge vs Cloud-Based Predictive Maintenance 

Deployment Architecture 

 

b. Real-Time Monitoring System Design 

The implemented predictive maintenance system 

has an embedded architecture to improve 

visibility, responsiveness, and coordination. It is 

essentially a web-based dashboard displaying 

real-time health scores of assets, risk forecasting, 

and past performance trends. The monitoring 

dashboard will allow engineers and operators to 

monitor the health of equipment in real time and 

plan maintenance activities based on meaningful 

data. There is also the system of automatic 

creation of alerts; this will notify the technicians 

each time there is an abnormal pattern or 

dangerous condition. To reduce false positives, 

such alerts are filtered based on model confidence 

and the degree of severity. In addition, the system 

will be linked with the current ticketing and 

maintenance management systems, where the 

generated alerts will be translated into work 

orders. This makes the process of responding 

simpler, less time consuming and creates a more 

effective and organized maintenance process. 

 

VII. Future Work 

Although this paper demonstrates that AI-based 

predictive maintenance (PdM) can greatly 

enhance the reliability of the power grid and 

reduce operational risks, there are several 

research directions that can be pursued in the 

future to improve the deployment of such systems 

and render them feasible. Data-driven machine 

learning with physics-based simulations Hybrid 

model schemes may provide improved 

interpretability and robustness, especially in rare 

failure modes or edge-case situations when 

historical data is sparse. The concept of federated 

learning has become a useful solution to data 

privacy and security challenges as it enables 

models to be jointly trained on a large scale, 

without a centralized repository of sensitive 

operational information. Also, multi-agent 

systems may be implemented to autonomously 

coordinate distributed decisions and tasks 

associated with maintenance to improve 

coordination of activities performed by 

geographically distributed grid elements. A 

second aspect of innovation is blockchain 

integration, where maintenance events, model 

predictions and operator interventions can be 

safely and objectively recorded to increase 

transparency and auditability in utility operations. 

And lastly, adversarial resistance is paramount, 

since PdM systems deployed in critical 

infrastructure must be resistant to malicious data 

manipulation that would seek to misinform AI-

based predictions. To achieve the full potential of 

AI in the next generation of smart grid 

maintenance, it will be critical to address these 

problems. 
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VIII. Conclusion 

Incorporating AI-powered predictive maintenance 

(PdM) into the functionality of the modern power 

grid is a paradigm shift in the approach that most 

utilities take to infrastructure management, 

reliability, and efficiency. Traditionally, 

maintenance has been reactive or preventive, and 

has predisposed to unexpected downtime, poor 

resource utilization, and operational risk. In this 

paper, we presented an extensive artificial 

intelligence (AI) based model and application to 

predictive maintenance in power grids, exploiting 

the potential of advanced machine learning 

models - specifically, Convolutional Neural 

Network models (CNNs) and Long Short-Term 

Memory models (LSTM). The models were 

chosen due to their greater capability of 

identifying spatial anomalies and estimating 

temporal relationships based on high-frequency 

sensor data. A real-world case study of a medium-

voltage substation was used to validate the 

proposed framework, and the implementation of 

AI models in edge-cloud architecture led to 

significant results in terms of fault detection 

accuracy, reducing downtime, efficient 

maintenance planning, and cost reduction. In 

addition to technical performance, deployment 

strategies that would facilitate both real-time 

responsiveness and computational efficiency have 

also been studied. Edge computing enables the 

ability to make decisions at the device level with 

low latency and the scalability of cloud 

infrastructure to train more complex models and 

perform long-term analytics. This two-layered 

framework will allow AI-based PdM solutions to 

accommodate the difference between the needs of 

centralized and distributed grid deployments. As 

the power grids shift to decentralised intelligent 

infrastructures that integrate IoT, renewable 

sources and dynamic load behaviour, the role of 

predictive maintenance driven by AI will only be 

more critical. In addition to model accuracy, 

upcoming innovations will be based on enhanced 

data governance practices, platform cross-domain 

interoperability, and cross-domain knowledge. 

Such innovations will improve operational 

resilience and long-term sustainability, safety, and 

energy equity in next-generation intelligent grids.  
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