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Abstract 

Electrical equipment is essential to industrial production, energy 

distribution, transportation, and infrastructure services. Unexpected 

failures of motors, transformers, generators, and other electrical assets 

can result in operational disruptions, repair costs, and safety risks. 

Predictive maintenance offers an alternative to maintenance based 

solely on fixed schedules by using equipment condition data to identify 

developing problems and support timely intervention. Machine learning 

can analyze measurements such as vibration, temperature, current, 

voltage, and acoustic signals to detect anomalies, classify faults, and 

estimate remaining useful life. This review discusses the principal 

machine learning approaches used in predictive maintenance, including 

supervised learning, unsupervised learning, and deep learning. It 

examines data collection, signal processing, model evaluation, and 

practical deployment for electrical equipment. Particular attention is 

given to limited fault data, changing operating conditions, model 

interpretability, and the distinction between identifying a current fault 

and forecasting a future failure. The review concludes that machine 

learning can strengthen maintenance decisions when models are 

evaluated on representative equipment data and combined with 

engineering knowledge, appropriate safeguards, and human oversight. 
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INTRODUCTION 

Electrical equipment plays a central role in power generation, manufacturing, transportation, and 

commercial infrastructure. Equipment such as electric motors, transformers, generators, circuit 

breakers, and power converters is often required to operate continuously under varying loads and 

environmental conditions. Over time, mechanical wear, insulation deterioration, overheating, and 

other stresses can reduce reliability. Maintenance has traditionally followed either a corrective or 
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a preventive approach. Corrective maintenance takes place after a failure, while preventive 

maintenance is performed at predetermined intervals. Although scheduled inspections are 

valuable, they may not always reflect the actual condition of an individual asset. Equipment may 

deteriorate sooner than expected, or components may be replaced while they still have useful 

life. Predictive maintenance uses information about equipment condition to support decisions 

about when inspection or repair may be needed. Machine learning contributes by identifying 

relationships in historical and real-time data that may be difficult to describe with fixed rules. 

Depending on the available data and objective, a model may detect unusual behavior, classify a 

fault, estimate failure risk, or forecast remaining useful life. These tasks are related but require 

different evidence and evaluation methods [1–3]. This article presents a narrative review of 

machine learning approaches for predictive maintenance of electrical equipment. It discusses key 

methods and their practical limitations, with particular attention to the connection between model 

outputs and maintenance decisions. 

Predictive Maintenance and Equipment Reliability: 

Predictive maintenance aims to identify signs of equipment deterioration early enough for an 

organization to plan an appropriate response. It commonly combines condition monitoring, data 

analysis, equipment history, and maintenance planning. Measurements are interpreted alongside 

operating conditions and engineering knowledge to determine whether an asset requires further 

inspection. The approach differs from fixed-interval maintenance because decisions can reflect 

the observed condition of a particular asset. For example, two motors with the same installation 

date may experience different loads, temperatures, and operating hours. As a result, their 

maintenance needs may differ. The usefulness of a predictive maintenance system depends on 

more than the choice of algorithm. Sensors must capture meaningful signals, maintenance 

records must describe relevant events, and predicted problems must be presented early enough 

for action. An alert that arrives only moments before failure may have limited planning value, 

even if it is technically correct. Reviews of maintenance in the power industry emphasize that 

condition monitoring must be integrated into a broader maintenance strategy [4]. 

Common Failure Modes in Electrical Equipment: 

Electrical equipment can experience both electrical and mechanical faults. In motors, frequently 

monitored problems include bearing deterioration, rotor defects, winding faults, shaft 

misalignment, and cooling problems. These conditions may appear in vibration, current, 

temperature, or acoustic measurements, although their signatures can overlap [5, 6]. 

Transformers require attention to insulation condition, temperature, moisture, and other 

indicators of degradation. Depending on the equipment and monitoring system, relevant 

measurements may include dissolved gas analysis, partial discharge activity, and thermal data. 

Circuit breakers and switchgear can experience problems associated with contact wear, 

insulation deterioration, or operating mechanisms. Understanding failure mechanisms helps 

determine what data to collect and how to interpret model outputs. A change in vibration, for 

instance, may indicate a bearing issue, but it may also result from a change in load or a loose 

sensor. Therefore, a model’s output should be considered together with operating context and 

inspection evidence. 

Data Collection and Condition Monitoring: 

Predictive maintenance begins with the collection of reliable data. Vibration sensors can capture 

mechanical behavior in rotating equipment, while current and voltage measurements provide 

information about electrical performance. Temperature sensors and thermal cameras may reveal 

abnormal heating. Acoustic sensors can capture sound associated with mechanical or electrical 

activity, and equipment controllers can provide operating hours, load, speed, and alarm records. 
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For rotating machines, vibration and motor current signature analysis are widely studied 

monitoring approaches. Combining multiple data sources can improve the information available 

for diagnosis, but it also introduces challenges involving sensor synchronization, storage, and 

interpretation [5–7]. Maintenance logs are equally important. They can provide information 

about inspections, repairs, component replacements, and confirmed faults. However, records may 

be incomplete or inconsistent. Before model development, organizations should define what 

constitutes a fault, record when it was confirmed, and distinguish the first visible symptoms from 

the date of repair. 

Data Preparation and Feature Extraction: 

Raw equipment data usually require preparation before they can be used for machine learning. 

Common steps include checking sensor quality, aligning timestamps, handling missing values, 

removing duplicate records, and dividing continuous signals into meaningful time windows. 

Data should also be associated with relevant operating conditions, such as speed, load, and 

ambient temperature.  Feature extraction converts raw signals into measurements that describe 

their behavior. For vibration signals, examples include root mean square amplitude, peak values, 

and frequency components. Current measurements may be analyzed for spectral patterns 

associated with electrical or mechanical problems. Temperature trends, rates of change, and 

differences between components can also be useful. Feature selection should be guided by 

engineering knowledge as well as statistical analysis. A feature that appears strongly related to a 

fault in one dataset may instead reflect a particular operating condition or a recording artifact. It 

is also important to prevent data leakage: information from the future or from the test set must 

not influence model training. For example, overlapping windows from the same equipment run 

should not be split carelessly between training and testing. 

Supervised Machine Learning Approaches: 

Supervised learning uses examples with known labels or outcomes. For fault classification, a 

dataset might contain measurements labeled as normal operation, bearing fault, or winding fault. 

Common algorithms include decision trees, random forests, support vector machines, and 

artificial neural networks. Decision trees provide understandable decision rules, while random 

forests combine many trees to model more complex relationships. Support vector machines can 

be useful when appropriate features are available and the dataset is relatively small. Neural 

networks can learn nonlinear relationships, though their performance depends on the quantity 

and quality of training data. The main limitation of supervised learning is its dependence on 

representative labeled examples. Serious equipment failures may be rare, and labels recorded in 

maintenance systems may not precisely match the time when a fault began. A classifier trained 

on one motor or operating environment may also perform poorly on another. Therefore, reported 

accuracy should be interpreted alongside the data collection and testing procedures [3, 8]. 

Unsupervised Learning and Anomaly Detection: 

Unsupervised learning can be useful when examples of confirmed failures are limited. Instead of 

learning from many labeled fault classes, an anomaly detection system learns patterns associated 

with normal operation and flags observations that differ from them. Methods include clustering, 

isolation forests, and autoencoders. An autoencoder, for example, can be trained to reconstruct 

normal measurements. A large reconstruction error may suggest that new data differ from the 

patterns encountered during training. However, an anomaly does not automatically indicate a 

developing fault. A new operating mode, a sensor fault, or a temporary change in load can also 

trigger an alert. Anomaly detection is therefore best treated as an inspection aid. Thresholds 

should be selected using representative operating data, and alerts should be reviewed against 

maintenance records and engineering observations. Monitoring performance over time is 

necessary because normal behavior can change as equipment ages or operating practices evolve. 
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Deep Learning and Time-Series Analysis: 

Deep learning methods can learn patterns directly from complex signals or from representations 

such as frequency spectra. Convolutional neural networks are widely studied for fault diagnosis 

because they can identify local patterns in vibration signals or other measurements. Recurrent 

neural networks and long short-term memory networks can model sequences, making them 

relevant to trends that develop over time [8, 9]. For example, a deep learning system may process 

successive vibration windows to identify changes associated with bearing degradation. 

Alternatively, a model may analyze temperature, load, and current together to estimate whether 

equipment behavior is becoming unusual. Deep learning is not automatically the best choice for 

every application. Complex models may require substantial data, computational resources, and 

careful tuning. A simpler model based on well-understood features may be easier to deploy and 

maintain when data are limited. Comparisons should use the same test conditions and should 

include practical concerns such as inference time, sensor availability, and explainability. 

Remaining Useful Life Estimation and Maintenance Planning: 

Remaining useful life, or RUL, is the estimated time until an asset reaches a defined end-of-life 

condition. Unlike fault diagnosis, which identifies a current or existing condition, RUL 

estimation attempts to forecast how much useful operating time remains. The end-of-life 

condition must be defined clearly, such as a functional failure or a specified maintenance 

threshold. RUL models can use degradation trends, historical failure data, or a combination of 

data-driven and engineering models. Their estimates are uncertain because future loading, 

operating conditions, and failure mechanisms may not be known. For that reason, an interval or 

range can be more informative than a single predicted date. Model performance can be evaluated 

using measures such as mean absolute error and root mean square error, but these should be 

supplemented by measures that consider timing and uncertainty. An estimate that is too late may 

create a different operational risk from one that is too early. NASA’s prognostics repository 

provides datasets, including bearing experiments, that can support research; however, results 

from a public dataset should not be assumed to transfer directly to a particular industrial site [10, 

11]. 

Model Evaluation, Deployment, and Future Directions: 

A predictive maintenance model should be tested on data that reflect its intended use. Where 

possible, evaluation should separate equipment units, operating periods, or sites so that the test 

data represent conditions the model has not already seen. Randomly dividing highly similar 

signal windows can produce an overly optimistic estimate of performance. For fault detection, 

useful measures include precision, recall, false-alarm frequency, and the time between an alert 

and a confirmed fault. Overall accuracy alone can be misleading when failures are rare. For RUL 

estimation, evaluation should consider prediction error, uncertainty, and whether the forecast 

provides enough time to plan maintenance [11]. Deployment also requires a process for 

responding to alerts. Maintenance personnel need information about the affected asset, the reason 

for the alert, and the recommended next inspection step. Models should be monitored for 

changes in data quality and performance, especially after equipment replacement, sensor 

changes, or shifts in operating conditions. Future work includes combining physical models with 

machine learning, improving the transfer of models between equipment, and developing methods 

that use fewer labeled failures. Explainable models and uncertainty estimates can also help 

engineers assess whether a prediction is credible. The most useful systems will connect model 

outputs to practical maintenance decisions rather than treating prediction accuracy as the only 

objective [2, 12]. 
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Summary 

Machine learning offers a range of tools for monitoring electrical equipment and supporting 

predictive maintenance. Supervised models can classify known faults when reliable labels are 

available, while anomaly detection can identify unusual behavior when failure examples are 

scarce. Deep learning can analyze complex signals and time series, and prognostic models can 

estimate remaining useful life where appropriate data and failure definitions exist. 

Successful implementation depends on reliable sensors, meaningful maintenance records, careful 

testing, and engineering interpretation. A model should be assessed under realistic operating 

conditions and monitored after deployment. Machine learning is most valuable when its 

predictions provide sufficient time and evidence for maintenance teams to make informed 

decisions. 
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