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Abstract. Predictive Maintenance (PdM), a paradigm enabled by the integration of Artificial Intelligence (AI), the 

Industrial Internet of Things (IIoT),and advanced data analytics, is presently navigating a crucial shift in the industrial 

landscape from reactive to preventative maintenance tactics. This change makes it easier to switch from fail-and-fix 

approaches to predict-and-prevent tactics, which maximizes asset avail-ability, lowers operatingcosts, and improves 

safety. With a thorough technical examination of deep learning architectures such as Convolutional Neural Networks 

(CNNs), Long Short-Term Memory (LSTM) networks, Autoencoders, and the new Transformer models, this paper 

investigates the state-of-the-art in AI-enabled PdM. With particular focus on energy systems, thermal power generation, 

and rotating machinery—areas where thermodynamic efficiency and energy analysis are crucial—it critically 

investigates the implementation of these models across important sectors. Additionally, the study addresses ongoing 

issues with data scarcity, model interpretability, and cybersecurity in safety-critical situations by identify-ing and 

discussing emerging research horizons including Explainable AI (XAI), Digital Twins, and Phys-ics-Informed Machine 

Learning (PIML). 

 

Keywords:PredictiveMaintenance,ArtificialIntelligence,DeepLearning,IndustrialIoT,Condition Monitoring. 

(Article history: Selected papers from NIELIT's International Conference on Communication, 

Electronics and Digital Technologies (NICE-DT'26), 29-30Jan, 2026, Gorakhpur, India) 

 

1 Introduction 

Economic sustainability and operational safety are fundamentally determined by the dependability and efficiency of 

contemporary industrial systems, from intricate thermal power plants to highly precise automated production lines. 

Throughout history, the management of these tangible assets has changed across several generations, each characterized 

by the technological advancements of its time. 

 

The foundation of the first generation, Reactive Maintenance (sometimes called Run-to-Failure), is theidea that assets 

should only be repaired in the event of a functional failure. Although this approach reduces initial planning and condition 

monitoring expenses, it always results in catastrophic unplanned downtime, possible secondarydamage to linked systems, 

and serious worker safetyrisks. This method's volatility makes it inappropriate for vital infrastructure [1]. 

Regardless of the machine's actual condition, the second generation, Preventive Maintenance (Time-Based), aims to 

reduce these risks by planning repairs and replacements at certain intervals. This method is intrinsically wasteful even 

though it increases reliability when compared to reactive solutions. It often leads to the early removal of parts with 

substantial Remaining Useful Life (RUL), which drives up maintenance expenses and resource usage. According to 

studies, conservative scheduling rather than real asset degradation may be the cause of up to 30% of needless preventive 

maintenance procedures [2]. 

 

The third and most sophisticated generation, Predictive Maintenance (PdM), allows for a Just-in-Time maintenance 

approach. PdM uses real-time condition monitoring to forecast an asset's future state and only plans actions when 

empirical data points to an imminent failure. The P-F curve, which shows the time gap between the identification of a 

potential failure (P) and the functional failure (F), serves as the theoretical foundation for this approach. AI-driven PdM's 

main goal is to maximize this P-F interval by identifying minute irregularities long before they become audible noise, 

vibration, or thermal runaway, such as micro-structural fatigue in bearings or entropy generation spikes in heat exchangers 

[3]. 

 

High-dimensional, high-frequency time-series data streams have been made possible by the widespread deployment of 

sensing technology made possible by Industry 4.0. These streams usually comprise mass flow rates, temperatures, 

pressures, vibration signatures, and sound emissions for mechanical and energy systems. However, conventional statistical 

analysis is inadequate due to the sheer amount, velocity, and variety of this data. The computational engine required to 

process this raw data, learn intricate non-linear representations of degradation, and produce useful prognostics is provided 
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by artificial intelligence (AI), and in particular, deep learning (DL) [4], [5]. 

 

Although numerous studies have reviewed AI-based predictive maintenance, most existing works focus primarily on 

algorithmic performance or generic rotating machinery applications, with limited consideration of the underlying physical 

degradation mechanisms. This review distinguishes itself by presenting a physics-aware perspective on AI-enabled 

predictive maintenance, with particular emphasis on energy systems, ther-mal power plants, and large-scale industrial 

assets, where thermodynamic efficiency and exergy destruction are critical indicators of system health. 

 

1.1 Review Methodology 

This review is based on a structured survey of peer-reviewed literature obtained from IEEE Xplore, Scopus, 

ScienceDirect, and SpringerLink, primarily covering publications from 2010 to 2025. Keywords related toAI-enabled 

predictive maintenance, deep learning, industrial IoT, and condition monitoring were used. The selected studies were 

screened for industrial relevance, technical rigor, and applicability to energy systemsand rotating machinery, and 

subsequently organized according to sensing technologies, AI architectures, ap-plication domains, and emerging research 

trends. 

 

2 The Predictive Maintenance Data Pipeline 

A strong cyber-physical architecture that can connect the digital abstraction of cloud computing with the physical reality 

of the plant floor is necessary for implementing AI for PdM; it is not only a software exercise. Any PdM system's 

foundation is the data pipeline, which includes data collection, transport, processing, and analysis. 

 

2.1 SensorTechnologyandData Acquisition 

The fidelity of any predictive model is intrinsically limited by the physics of the sensing layer. 

 

Vibration Sensors (Accelerometers): These are the industry standard for keeping an eye on machinery that rotates. 

Piezoelectric accelerometers record high-frequency oscillations (often up to 20 kHz), which are a sign of unbalance, shaft 

misalignment, gear meshed problems, and bearing issues [6]. 

 

Thermal Imaging and Thermography: Temperature is a leading indicator of efficiency loss but a trailing indicator of 

failure. Thermal anomalies in electrical transformers are a sign of insulation failure. Accurate temperature measurements 

are essential for determining heat transfercoefficientsanddetectingheatexchang-erfoulinginthermodynamicsystems.Non-

invasivemonitoringofthesetemperatureprofilesismadepossible by infrared thermography [7].  

 

Acoustic Emission (AE): High-frequency stress waves, such as those caused by friction or crack propagation, are 

detected by AE sensors when strain energy is released. In slow-rotating bearings with little vibration energy, AE is very 

useful for identifying early-stage problems [8]. 

 

Process Parameters: SCADA systems gather information on flow rates, pressures, voltage, and current inthe production 

of energy. Calculating system-level metrics like thermal efficiency and exergy destructionrates need these factors. 

 

2.2 SignalProcessingandFeature Engineering 

 
Due to signal noise, variable sampling rates, and large dimensionality, raw sensor data is rarely appropriatefor direct 

consumption byAI models. Significant features that are associated with machine healthare extract-ed using signal 

processing techniques. 

 

Time-Domain Analysis: Calculations are made for statistical parameters such Crest Factor, Kurtosis, Skew-ness, and 

Root Mean Square (RMS). For example, even when the total energy (RMS) stays constant, kurtosis is extremely sensitive 

to impulsive errors (such as a ball bearing hitting a pit during a race). 

 

Frequency-Domain Analysis: Time-series signals are transformed into the frequency domain using the Fast Fourier 

Transform(FFT).This makes itpossibleto identify particular fault frequenciesconnected to different mechanical 

components, such as gear mesh frequency and ball pass frequency [9]. 

 

Time-Frequency Analysis: Techniques like the Short-Time Fourier Transform (STFT) and Wavelet Trans-form (WT) 

are crucial for non-stationary signals, which are common in variable speed machinery like wind turbines. The model can 

examine frequency components as they change over time using the Wavelet Trans-form, giving a multi-resolution picture 

of the signal [10]. 
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3 AIModelsand Architectures 

For smaller, structured datasets, conventional Machine Learning (ML) techniques like Random Forest (RF), Support 

Vector Machines (SVM), and k-Nearest Neighbors (k-NN) are still useful, but human feature engineering requires a high 

level of domain expertise. Deep Learning(DL) has emerged as the optimumapproach for high-frequency, complicated 

industrial data because it automates feature extraction, learning hierarchical representations directly from raw signals [11]. 

 

3.1 ConvolutionalNeuralNetworks(CNN) 

Originallydesignedforcomputervision,CNNshavebeenadaptedwithgreatsuccessforvibrationanalysis. 

 

Architecture & Mechanism: Convolutional kernels in a 1D-CNN are used to extract local characteristicslike peaks and 

impulses by sliding across the raw time-series signal. The 1D signal is first transformed into a visual representation (such 

as a spectrogram or continuous wavelet transform) in a 2D-CNN method. Next,the network identifies spatial patterns in 

these pictures that match fault signatures. 

Applications: CNNsareparticularlygoodat faultdiagnosis, whichinvolvesidentifyingtheparticular kindof problem (e.g., 

differentiating between an outer race defect and an inner race bearing flaw). They can learn to discard unimportant signal 

components and are resilient to background noise [12]. 

 

3.2 RecurrentNeuralNetworks(RNN)andLSTM 

Conventional feedforward networks make the assumption that inputs are unrelated to each other. For time-series data, 

where a machine's present state is highly dependent on its past states, this assumption is false. 

 

Architecture & Mechanism: RNNs have a memory loop to deal with this. Nevertheless, the vanishing gra-dient problem 

hinders typical RNNs' capacity to learn long-term dependencies. This is addressed with Long Short-Term Memory 

(LSTM) networks, which use an advanced gating system (input, forget, and outputgates) to control information flow and 

preserve pertinent historical data over lengthy sequences. 

 

Applications: Whenit comes to prognostics, particularlywhenevaluatingthe Remaining Useful Life (RUL), LSTMs are 

the gold standard. LSTMs may monitor the progressive deterioration route of a component (such as battery capacity fade, 

turbine blade erosion, or filter clogging) across hundreds of operational cycles by examining lengthy sequences of 

operational data [13]. Recent developments include hybrid architectures that achieve better outcomes incomplicated 

situations bycombining CNNs for feature extraction with LSTMs for temporal reasoning [14]. 

 

3.3 AutoencodersforAnomalyDetection 

Failure data is rare or nonexistent in many industrial contexts, whereas normal operation data is plentiful. Supervised 

learning is challenging because of this imbalance. 

Architecture & Mechanism: An unsupervised neural network that has been trained to compress (encode) input data into 

a lower-dimensional latent space and then reconstruct (decode) it back to the original input is known as an autoencoder. 

Only healthy data are used to train the model. 

Applications: The model will not correctlyrecreate the input during the deployment phase if it comes across aberrant 

data, such as a machine vibrating in a way it has never seen before. An anomaly score is a high re-construction mistake. 

This method is perfect for finding new, undiscovered failure modes without the needfor labeled fault data [15]. 

 

3.4 TransformersandAttentionMechanisms 

The Transformer architecture, which has revolutionized Natural Language Processing(NLP), is rapidly entering the PdM 

domain. Table 1 shows the comparison of AI architectures for predictive maintenance. 

Architecture & Mechanism: Transformers use Self-Attention methods to simultaneously evaluate the relative value of 

several time steps, in contrast to RNNs that process data sequentially. This makes it possible to process data in parallel 

and identify incredibly long-range connections in complicated datasets. 

 

Applications: When it comes to predicting complex system behaviors, like grid load prediction or multi-variate process 

control in chemical plants, where the interaction between variables (like the lag between a temperature spike at the inlet 

and a pressure drop at the outlet) is dynamic and complex, transformers are proving to be superior [16]. 

 Table1:ComparativeAnalysisofAIArchitecturesforPdM  
 

ModelArchitec

-ture 

LearningPar-

adigm 
KeyStrengths Limitations Optimal Use Case 
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RandomForest Supervised 
(Ensemble) 

Highlyinterpretable 

(feature im-

portance), handles tabular 

data robustly. 

Performs poorly on raw 

signals; requires manual 

feature extraction. 

Root cause analysis using 

structured SCADA logs. 

CNN Supervised 

 (Deep) 

Powerfulautomated feature 

extraction from raw signals 

or spectrograms. 

Ignores temporal order; 

requires large, balanced 

datasets. 

Bearing and gear 

faultdiagnosisvia 

vibrationanalysis. 

LSTM/GRU Supervised 

(Recurrent) 

Captures long-term 

temporal trends and 

degradation paths. 

Computationally 

expensive to train; 

sequential processing 

limits speed. 

RUL estimation of 

batteries, turbines, and en-

gines. 

Autoencoders Unsupervised Effective anomaly 

detection without labeled 

fault data. 

Defining the error 

threshold is com-plex; 

does not classifyfaulttype. 

Monitoring stable processes 

for unseenanomalies. 

Transformers Self-Attention Handles very long 

sequences; global context 

awareness; parallelizable. 

Extremely data-hungry; 

high memory footprint 

during inference. 

Complex, multi-variable 

forecast-ing (e.g., power 

grid load). 

 

4 Industrial Applications 

The application of AI-enabled PdM varies significantly across industries, dictated by the criticality of assets and the 

physics of the failure modes. A typical workflow of AI-driven predictive maintenance is shown inFig. 1, whereas the 

mind map of the processes involved in the predictive maintenance is shown in Fig. 2. 

 

4.1 EnergySystemsandPowerGeneration 

In the energy sector, reliability is of greatest concern. Unplanned downtime not only results in revenue loss but can also 

destabilize the grid. 

 

Wind Turbines: These days, wind turbines are intricate electromechanical devices with hundreds of sensors. To forecast 

breakdowns in crucial parts like the gearbox, main bearing, and generator, artificial intelligence algorithms examine 

SCADA data (wind speed, pitch angle, rotor speed, power output). In order to eliminate false positives brought on by 

wind gusts, ensemble learning techniques are frequently utilized to connect exterior weather conditions with interior 

mechanical stress [17]. 

 

Power Transformers: Grid stability depends on the condition of power transformers. The main diagnostic technique is 

Dissolved Gas Analysis (DGA). The ratios of dissolved gases (hydrogen, methane, ethylene, and acetylene) in the 

insulating oil are analyzed by AI models, especially Hybrid CNN-LSTM architectures, to predict faults like arcing, 

overheating, and partial discharge with much higher accuracy than conventional ratio methods (e.g., Rogers ratio or IEC 

ratios) [18]. 

 

Thermal Power Plants & Exergy Analysis:AI is progressing beyond basic mechanical vibration monitor-ing in thermal 

power generation. AImodels are used to track the Exergy Destruction Rate in parts like boil-ers, condensers, and feed 

water heaters by incorporating thermodynamic concepts. The baseline energy effi-ciency profile of a heat exchanger under 

different load scenarios can be learned by an LSTM model. Long before gross thermal performance declines noticeably, 

deviations from this established baseline may be an indication of fouling, tube leakage, or incorrect combustion tuning. 

This innovative method of improvingplant efficiency combines Deep Learning with Second Law thermodynamics [19], 

[20]. 

 

4.2 ManufacturingandRotatingMachinery 

CNC Machining: One traditional PdM use is tool wear prediction. The spindle current and acoustice mission 

characteristic gradually alter as a cutting tool dulls. These inputs are used by AI models to forecast when a tool should be 

changed (just-in-time replacement), saving workpiece damage and reducing scrap rates [21]. 

 

Pump sand Motors: Pumps are essential tools in water treatment and chemical processing. In order to identify certain 

flaws like cavitation, misalignment, and bearing wear, edge-deployed AI models analyze vibration data locally. By 

lowering the latency and bandwidth cost of sending high-frequency vibration data to the cloud, Edge AI allows for real-

time protection [22]. 
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Fig.1.AI-EnabledPredictiveMaintenanceWorkflow 

 
Fig.2.Mindmapofthepredictive maintenance 
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5 ResearchFrontiersandEmerging Trends 

As the field matures, research is shifting from applying standard algorithms to ad-dressing the unique 

challenges of industrial environments. 

 

5.1 DigitalTwins(DT)andPhysics-Informed ML 

The integration of AI with Digital Twins represents the zenith of PdM. A DigitalTwinisadynamic,physics-

basedsimulationsynchronizedwiththereal assetviareal-time data [23]. 

 

Physics-Informed Machine Learning (PIML): When extrapolating outside their training data, pure data-

driven models frequently break physics rules (such as the conservation of mass or energy). In order to solve 

this, digital twins create artificial data using physical laws (such as computational fluid dynamics or finite 

element analysis). AI models are trained on failure scenarios that have seldom or never happened in the 

actual world using this synthetic data. Engineers can forecast factors like the core temperature of a turbine 

blade that cannot be directly detected thanks to this virtual sensing capacity [24], [25]. 

 

5.2 ExplainableAI(XAI) 

The black-boxaspect of neural networks is a major obstacle to Deep Learning's adoption in safety-critical 

industries (like nuclear power or aircraft). Before approving expensive downtime, engineers and operators 

must comprehend why a model anticipates a failure [26]. 

Techniques: Local interpretabilityisoffered byXAI techniqueslike LIME and SHAP (SHapley Additive 

exPlanations). Grad-CAM (Gradient-weighted Class Activation Mapping), for instance, canpinpoint the 

precise area ofthe vibrationspectrogramthat a CNN used to anticipate a bearing defect. This promotes a 

person-in-the-loop strate-gybyfosteringtrustbetweentheAIsystemandthehumanexpert[27]. 

 

5.3 GenerativeAIforDataAugmentation 

Industrial datasets are infamously unbalanced; failure data is incredibly rare because equipment operate 

normally 99% of the time. Poor sensitivity is usually the result of training a classifier on such skewed data. 

 

Generative Adversarial Networks (GANs): GANs are being used by researchers to produce realistic fake 

defect data. A discriminator network tries to separate the artificial fault signatures produced by a generator 

network from actual data. High-fidelity synthetic data is produced by this adversarial process, which may 

be used to balancedatasets and train more resilient PdM models without waiting for real failures to hap-pen 

[28], [29]. 

 

6 ChallengesandBarrierstoImplementation 

Despite the proven capabilities of AI in controlled environments, scaling Predictive Maintenance solutions 

in diverse industrial settings presents significant hurdles. 

 

6.1 DataQualityandTheDirtyDataProblem 

The most common problem in industrial AI is data-centric rather than computational. Industrial settings are 

noisy by nature; sensor readings can be distorted by electro-magnetic interference; and human logs, such as 

maintenance records, are sometimes inaccurate or lacking. Additionally, class imbalance is a serious 

problem. Catastrophic failures are uncommon in well-maintained plants, but models need examples of 

failures to learn properly. Due to this paucity, costlydata augmentation methods or unsupervised anomaly 

detection which has a high false-positive rate are required [30]. 

 

6.2 TheDomainShiftandGeneralizationGap 

When applied to an identical pump (Pump B) running under slightly different environmental circumstances 

or load profiles, a model trained on a particular pump (e.g., Pump A) frequentlyfails.Thecopy-paste 
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scalabilityof AI systems is hindered bythis phenomenon, called Domain Shift. Although effective solutions 

for highly non-linear mechanical systems are still elusive, strategies like Transfer Learning and Domain 

Adaptation are current research fields that try to enable models to generalize across diverse assets without 

requiring retraining from scratch [31]. 

 

6.3 6.3IT-OTConvergenceandInteroperability 

Information technology (IT) and operational technology (OT) must converge in order to implement PdM. 

Different, proprietary protocols (such as Modbus, Profibus, and CAN bus) that were not intended for high-

bandwidth data transfer to the cloud are frequently used by legacy industrial assets to interact. It takes a lot 

of money to retro-fit these brownfield sites with contemporary IIoT gateways that support MQTT or OPC-

UA. Furthermore, feature engineering and model validation depend on bridging the technical and cultural 

divide betweenreliabilityengineers (OT) and data scientists (IT) [22]. 

 

6.4 ComputationalCostandEdgeConstraints 

Transformers and deep LSTMs in particular are computationally costly deep learning models. Due to 

bandwidth and storage costs, sending terabytes of unprocessed vibra-

tiondatatothecloudforprocessingisfrequentlytooexpensive.Althoughedgecomputing provides a solution by 

processing data locally, the processing power and memory of edge devices, such as industrial gateways 

based on Raspberry Pis, are constrained. A crucial technical difficulty is optimizing sophisticated neural 

networks to operate on limited hardware (via quantization or pruning) without compromising accuracy. 

 

6.5 CybersecurityRisks 

The attack surface for cyber threats is increased when vital physical infrastructure, such chemical reactors 

or power plant turbines, is connected to networked PdM sys-tems. Physical harm or safety problems could 

result from using a compromised PdM system to conceal real alarms or cause false shutdowns. Just as 

important as guaran-teeing the prediction accuracy of AI-driven maintenance systems is assuring their 

cybersecurity [32]. 

 

7 Conclusion 

In the era of Industry 4.0, AI-driven predictive maintenance has evolved from a theoretical possibility to a 

competitive requirement. The transformation from reactive firefighting to proactive asset management is 

made possible by the confluence of domain-specific knowledge (Thermodynamics, Vibration Analysis) 

withDeep Learning architectures (CNN, LSTM, Transformers). 

The future of PdM is in Hybrid Systems, even though Deep Learning outperforms conventional techniques 

in feature extraction and pattern recognition. These technologies will integrate the physical interpretability 

of digital twins and thermodynamic models with thedata-driven power of artificial intelligence. 

Bylimitingpredictions to physical rules, this method not only increases accuracy but also builds trust 

through Explainable AI. 

It will take interdisciplinary cooperation between mechanical engineers, data scientists, and plant operators 

to address the remaining issues, including data quality, interoperability, and the IT-OT gap. AI-enabled 

PdM will be the foundation of robust, energy-efficient, and autonomous industrial systems if these 

obstacles are removed. 
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