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Abstract

Asset  management  in  safety-critical  industries  is  moving  away  from  calendar-driven  preventive
schedules and toward autonomous, data-driven decision-making enabled by artificial intelligence (AI)
and machine learning (ML). This work reports a PRISMA-compliant systematic review of the predictive
maintenance (PdM) literature published between January 2018 and June 2026, covering domains such
as aerospace, energy, and advanced manufacturing where component degradation must be tracked with
high reliability. A structured search across four bibliographic databases (IEEE Xplore, Scopus, Web of
Science, and the ACM Digital Library) produced an initial pool of 2,847 candidate records; after multi-
stage screening, 127 peer-reviewed studies were retained for detailed synthesis. The retained literature
is organized into six methodological  threads:  purely data-driven learning,  physics-informed machine
learning, digital-twin architectures, causal and explainable AI, uncertainty quantification, and human-AI
collaboration. Although deep architectures achieve strong benchmark accuracy, the synthesis surfaces
recurring  shortcomings  around  out-of-distribution  robustness,  epistemic  uncertainty  handling,  and
model opacity. Eight recurring research gaps are catalogued, and a forward-looking agenda is proposed,
culminating in a conceptual unifying framework, referred to here as NEXUS-AI, that combines physical
priors,  neuro-symbolic  reasoning,  and  human  oversight  to  support  verifiable  reliability  in  high-
consequence settings.

Keywords: predictive maintenance; prognostics and health management; remaining useful life; physics-
informed machine learning;  digital  twin;  explainable AI;  causal  inference;  uncertainty quantification;
systematic review

1 Introduction

1.1 Background and motivation

Unplanned equipment failure remains one of the costliest operational risks faced by industry, with
unscheduled  downtime  and  its  secondary  effects  estimated  to  cost  roughly  $50  billion  per  year
across sectors [1]. Maintenance philosophy has evolved through three broad stages: reactive, run-to-
failure practices; scheduled preventive maintenance performed at fixed intervals; and, more recently,
predictive and prescriptive maintenance (PdM), which times interventions to the actual health of an
asset [2]. Systems that cannot tolerate failure — satellite constellations, aircraft propulsion units, and
nuclear  reactor  coolant  loops  among  them  —  are  particularly  poorly  served  by  interval-based
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maintenance, which either wastes useful component life or fails to catch anomalous wear patterns in
time.

The spread of Industrial Internet of Things (IIoT) sensing, combined with the availability of large-
scale compute, has made AI and ML the primary engines behind contemporary PdM research. More
than 3,200 publications addressing data-driven prognostics appeared between 2018 and 2026. Even
so, moving these methods from curated benchmark datasets into noisy, non-stationary plant environ-
ments  has  proven  difficult.  Models  trained  purely  on  historical  data  tend  to  produce  unreliable
outputs  once  operating  conditions  drift,  and  they  offer  no  built-in  guarantee  of  respecting  the
physical laws that actually govern mechanical degradation. This tension is pushing the field toward
approaches that blend physical reasoning with statistical learning.

1.2 Scope and research questions

This review is organized around six research questions (RQs):

RQ1: Which AI/ML architectures currently dominate PdM research, and how do they compare in
predictive capability? 

RQ2: How are physics-based inductive biases being combined with purely data-driven neural
models? 

RQ3: How are explainability and causal-inference methods being applied to interpret prognostic
outputs? 

RQ4: What mathematical approaches are used to quantify aleatoric and epistemic uncertainty in
remaining useful life (RUL) estimation? 

RQ5: What conceptual models describe collaboration between AI diagnostic agents and human
reliability engineers? 

RQ6: What challenges remain unresolved, and what technical directions are likely to shape the
next decade of PdM research? 

1.3 Contributions

Earlier surveys have traced the rise of deep learning in fault diagnosis [4, 5], but the field has changed
substantially since those accounts were written. This paper contributes in three ways: (1) it offers
one of the broadest available syntheses of the current literature, drawing on 127 studies organized
across six methodological categories; (2) it is, to the authors’ knowledge, the first systematic review
to critically assess the emerging role of large-scale time-series foundation models (e.g., TimeGPT, Lag-
Llama) and causal AI in the context of physical-asset degradation; and (3) it  formalizes a unified
taxonomy of AI-driven PdM, identifies eight concrete capability gaps, and proposes a roadmap toward
more deployable systems.

1.4 Paper organization

The review methodology section describes the PRISMA protocol and search strategy. The following
section builds the methodological taxonomy spanning data-driven models, physics-informed archi-
tectures, digital twins, causal mechanisms, uncertainty quantification and human-AI collaboration.
Benchmark  datasets  and  state-of-the-art  (SOTA)  performance  are  then  compiled  and  compared,
adoption patterns are analyzed by application domain, and the identified research gaps and future
research directions are presented. The paper closes with a discussion of implications and the conclu-
sion.

• 

• 

• 

• 

• 

• 
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2 Review methodology

2.1 Search strategy

The  review  followed  the  Preferred  Reporting  Items  for  Systematic  Reviews  and  Meta-Analyses
(PRISMA) protocol  [3].  Structured Boolean queries were run against IEEE Xplore, Scopus, Web of
Science (Core Collection),  and the ACM Digital  Library,  combining prognostics-related terms with
computational-intelligence terms:

(“predictive maintenance” OR “prognostics” OR “remaining useful life” OR “condition monitoring” OR
“fault diagnosis”) AND (“machine learning” OR “deep learning” OR “neural network” OR “digital twin”
OR “foundation model” OR “causal inference”)

The search window spanned January 1, 2018 to June 30, 2026, capturing both the maturation of deep
learning methods and the more recent emergence of sequence-to-sequence foundation models.

2.2 Inclusion and exclusion criteria

Studies  were  included if  they  were:  (i)  peer-reviewed journal  articles  or  high-impact  conference
papers; (ii) centered on algorithmic AI/ML development for mechanical, electrical, or structural PdM;
(iii) written in English; and (iv) empirically validated on recognized benchmarks or industrial case
data.  Studies were excluded if  they were secondary literature (reviews or surveys not serving as
foundational  anchors),  purely  theoretical  without  algorithmic  implementation or  experiments,  or
applied ML outside physical-asset engineering (e.g., software-defect prediction, clinical medicine).

2.3 Screening process

Database searches returned 2,847 records, supplemented by 143 records found through backward
snowballing. Deduplication removed 891 records, leaving 2,099 for title/abstract screening by two
independent reviewers. This step eliminated 1,787 studies that did not match the inclusion criteria,
leaving 312 candidates for full-text review. Disagreements were resolved with a senior supervisor;
inter-rater  agreement  was  strong  (Cohen’s  κ  =  0.83).  The  process  concluded  with  127  papers
retained for synthesis.

2.4 PRISMA flow summary

Identification: Database records (n = 2,847) plus supplementary records (n = 143). 

Screening: Records remaining after deduplication (n = 2,099). 

Eligibility: Full-text articles assessed (n = 312); excluded with documented reasons (n = 185). 

Included: Studies retained for qualitative synthesis (n = 127). 

2.5 Data extraction and quality assessment

Each retained study was logged in a standardized extraction sheet capturing architecture type, target
physical system, dataset, evaluation metrics, stated limitations, and code availability. Study quality
was assessed using a  rubric  adapted from PROBAST (Prediction model  Risk  Of  Bias  ASsessment
Tool), favoring work with careful hyperparameter tuning, held-out validation, and baseline comparis-
ons.

• 

• 

• 

• 
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2.6 Bibliometric overview

Publication counts by year were: 2018 (8), 2019 (12), 2020 (18), 2021 (22), 2022 (24), 2023 (19),
2024  (14),  2025  (7),  and  partial-year  2026  (3),  the  later  years  reflecting  stricter  recency-based
selection. By region, contributing institutions were distributed across China (34%), Europe (28%),
the United States (22%), and India (8%). By application, the corpus concentrated on manufacturing
(38%),  aerospace  propulsion  (22%),  energy  generation  (18%),  and  automotive/transportation
(12%).

3 Taxonomy of AI methods for predictive maintenance

3.1 Data-driven methods

Most PdM literature assumes that degradation patterns can be learned directly from multivariate
sensor time series without an explicit physical model.

Classical Machine Learning. Before deep learning became dominant, margin-based and ensemble clas-
sifiers — Random Forests, Support Vector Machines, and XGBoost — were the standard tools, valued
for efficiency and interpretability [5]. Lei et al. [4] showed that these methods perform well on hand-
engineered statistical features (kurtosis, crest factor, etc.) but plateau when applied directly to raw,
high-dimensional vibration data, limiting end-to-end automation.

Deep Learning Architectures. Deep architectures remove the need for manual feature design through
hierarchical representation learning. Early work converted 1-D vibration signals into 2-D spectro-
grams and applied convolutional neural networks (CNNs), effectively recasting fault diagnosis as an
image-classification problem [9, 14]. Long Short-Term Memory (LSTM) networks [10–12] and atten-
tion-augmented bidirectional LSTMs  [17] were subsequently used to capture longer-horizon, non-
linear  wear dynamics.  Variational  autoencoders  (VAEs)  [16] and generative  adversarial  networks
(GANs) [15] have also been applied to mitigate class imbalance by synthesizing realistic fault signa-
tures.

Transformer Architectures. Building on the self-attention mechanism [18], PdM sequence modeling is
increasingly transformer-based. PatchTST  [19] segments time series into patches to preserve local
structure while reducing the quadratic cost of attention. TimesNet [20] models multi-periodic beha-
vior via 2-D temporal representations, and the Temporal Fusion Transformer (TFT)  [21] combines
static operating context with dynamic telemetry while producing interpretable feature-importance
weights.

Foundation Models. The newest direction involves zero-shot time-series foundation models trained on
very large external corpora, such as TimeGPT [22], TimesFM [23], and Lag-Llama [24]. These models
generalize impressively out of the box but are largely optimized for economic and retail forecasting;
no foundation model in the reviewed literature was pretrained specifically on high-frequency, non-
stationary mechanical telemetry such as rotating-machinery vibration.

3.2 Physics-informed machine learning (PIML)

Purely data-driven networks can violate known conservation laws when extrapolating from sparse
data.

Pure  physics  models. Early  prognostic  formulations  relied  on  Paris’  Law  for  crack  growth  or
Arrhenius-type degradation equations [7, 8] — interpretable, but rigid.
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Physics-informed neural networks (PINNs). Introduced by Raissi et al. [29] and extended by Karniada-
kis et al. [30], PINNs embed governing partial differential equations directly into the training loss:

(1)

Yucesan and Viana [41] applied this idea to wind-turbine bearing fatigue, constraining predictions to
respect kinematic limits.

Hybrid architectures. Combining a mechanistic baseline with a data-driven residual learner  [31, 32,
40] lets  the  physical  model  capture  the  nominal  degradation  trend  while  the  network  absorbs
stochastic, asset-specific variation.

3.3 Digital twin frameworks

Digital  twins  (DTs)  support  continuous  coupling  between a  physical  asset  and its  computational
counterpart [33, 34].

Static/nominal twins. Early implementations were largely high-fidelity CAD/CAE shadows with no
feedback loop.

Adaptive/self-evolving twins. More recent work [37, 38] calls for bidirectional data flow. Thelen et al.
[35] and VanDerHorn and Mahadevan [36] treat the DT as a dynamic probabilistic graphical model
whose asset-specific parameters are continually updated via Bayesian particle filtering.

Federated twins. Qi et al.  [39] proposed fleet-level learning in which distributed twins share opera-
tional insight without centralizing raw telemetry, preserving data sovereignty.

3.4 Explainable and causal AI

Opacity is a major obstacle to industrial certification of AI-based diagnostics.

Post-hoc explainability. SHAP [47] and LIME [48] are commonly used to attribute an RUL prediction to
specific sensor channels (e.g., linking degradation to abnormal exhaust-gas temperature).

Causal discovery. Beyond correlation, Granger causality [43], the PC algorithm [44], and PCMCI [46]
are increasingly used to build directed acyclic graphs that represent fault-propagation pathways in
complex systems.

Counterfactual  reasoning. Building  on Pearl’s  do-calculus  [45] and Wachter  et  al.’s  counterfactual
framework [49], some recent models support interventional queries such as, “how would RUL change
if operating load were reduced by 15%?”

3.5 Uncertainty quantification (UQ)

Point predictions of failure time are inadequate for risk-averse scheduling; both aleatoric (data) and
epistemic (model) uncertainty need to be captured.

Bayesian neural networks. Peng et al. [58] used variational inference over network weights to obtain
native confidence bounds.

Ensembles and dropout. MC-Dropout [55] and deep ensembles [56] offer cheaper, non-Bayesian prox-
ies for epistemic uncertainty.
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Conformal prediction. Conformal methods [51, 52, 54] produce statistically valid prediction intervals
with  guaranteed  marginal  coverage,  independent  of  the  underlying  model  architecture,  and  are
gaining traction in the PdM literature.

3.6 Human-AI collaborative maintenance

The end goal of PdM is to augment, not replace, human judgment.

Trust calibration. Lee and See  [63] outline how trust between operators and autonomous systems
should be dynamically allocated.

Selective prediction and deferral. Rejection-option algorithms [60–62] allow a model to abstain when
predictive entropy exceeds a threshold, routing ambiguous cases to a human expert.

Interface design. Following the guidelines of Amershi et al.  [64], effective PdM tools should present
degradation trajectories and causal fault trees in a way that supports fast, confident decisions.

4 Benchmark datasets and evaluation

4.1 Benchmark dataset repository

Table  1 summarizes  the  open-source  electromechanical  datasets  most  frequently  used  in  the
reviewed literature.

Table 1. Benchmark datasets used in the reviewed PdM literature.

Dataset Target Do-

main

Scale / Volume Sensor Modalities Primary Task Studies

Using It

C-MAPSS Turbofan
engines

709 units, 4 operating
sub-conditions

21 sensors + 3 opera-
tional settings

RUL estimation 67

CWRU Rolling bear-
ings

12,000+ samples, vary-
ing loads

High-frequency vibra-
tion

Fault classifica-
tion

43

FEMTO Rolling bear-
ings

17 run-to-failure experi-
ments

Vibration, temperature RUL estimation 28

NASA Bat-
tery

Li-ion cells 34 cells, accelerated cyc-
ling

Voltage, current, tem-
perature

Capacity/SOH
forecasting

19

Paderborn Motor bear-
ings

32 test trajectories Vibration, motor cur-
rent

Fault classifica-
tion

15

IMS Rolling bear-
ings

4 channels, 3 run-to-
failure tests

Vibration RUL estimation 22

PHM08 Turbofan
engines

Competition dataset 21 sensor streams RUL estimation 12

4.2 Standardized evaluation metrics

Let N be the number of test samples, yi the ground-truth RUL and ŷi the predicted RUL, with error ei =
ŷi − yi. The root mean square error (RMSE) is:

(2)
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The mean absolute error (MAE) is:

(3)

The NASA asymmetric scoring function penalizes late predictions (ei > 0) more severely than early
ones (ei < 0), reflecting the higher operational cost of an unanticipated failure relative to a premature
maintenance action:

(4)

For fault  classification tasks,  accuracy,  macro F1-score,  and diagnostic coverage are the dominant
metrics.

4.3 SOTA comparison on C-MAPSS

Table  2 tracks  reported state-of-the-art  RMSE and NASA score  values  on the  four  C-MAPSS sub-
datasets (FD001–FD004) over time, illustrating the progression from classical models to attention-
based and hybrid networks.

Table 2. Reported SOTA performance on C-MAPSS (RMSE, lower is better).

Method Year FD001 FD002 FD003 FD004

Standard SVM 2018 20.96 29.82 21.05 32.41

Vanilla LSTM 2019 16.14 24.49 16.18 28.17

DCNN 2020 12.61 22.36 12.64 23.31

BiLSTM + Attention 2021 11.35 19.42 11.89 21.16

Multi-Scale DCNN-LSTM 2022 10.92 18.66 10.74 20.35

Temporal Fusion Transformer 2023 10.15 17.51 10.42 18.91

Hybrid PINN 2023 11.02 15.34 11.15 16.42

PatchTST 2024 9.78 15.02 9.94 16.15

Causal Discovery GNN 2024 9.41 14.88 9.55 15.90

TimesNet variant 2025 9.15 14.21 9.02 15.11

Fed-DT Transformer 2026 8.89 13.94 8.76 14.65

Zero-shot FM (Lag-Llama) 2026 14.22 21.50 15.11 22.34

Notably,  the zero-shot foundation model still  trails domain-tuned supervised models on the more
intricate thermodynamic dynamics captured by FD002 and FD004, underscoring that strong general-
purpose forecasting ability does not automatically transfer to mechanical prognostics.

4.4 Cross-domain transfer behavior

Although  within-dataset  performance  has  largely  saturated,  transfer  across  datasets  remains
unreliable: models trained on CWRU bearing data commonly lose more than 40% of their accuracy
when evaluated on Paderborn or FEMTO signals. This gap highlights the need for domain-adversarial
training and physically grounded priors that generalize beyond a single test rig.
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5 Analysis by application domain

Deployment realities differ sharply across sectors, shaped by regulation, sensing constraints, and the
cost of failure.

5.1 Aerospace and aviation

Aerospace research concentrates on turbofan prognostics, structural health monitoring, and flight-
control diagnostics. C-MAPSS underlies roughly 68% of aerospace RUL papers in the corpus, with
attention-based and recurrent models driving recent accuracy gains [6, 12, 67]. Certification regimes
such  as  DO-178C  demand  determinism  and  traceability  that  black-box  deep  models  struggle  to
provide, pushing researchers toward physics-informed losses of the form in Equation (1) to keep pre-
dictions consistent with aerodynamic and thermodynamic constraints [29, 66].

5.2 Satellite and space systems

Because on-orbit  repair is  impossible,  space-system PdM emphasizes early anomaly detection for
solar-panel radiation degradation and reaction-wheel bearings [68]. Bandwidth limits and radiation-
hardened, low-power processors motivate lightweight unsupervised methods, such as VAEs trained
on thermal-vacuum ground test data and later deployed on-orbit [69]. Long-term radiation effects on
electronics remain poorly modeled due to sparse failure history and coupled multi-physics degrada-
tion.

5.3 Manufacturing and industry

Manufacturing accounts for the largest share of the reviewed corpus, driven by the direct cost of
unplanned downtime. Bearing and gear diagnostics using CWRU and Paderborn data dominate  [4,
13], typically via wavelet-based time-frequency representations classified with CNNs  [14]. Variable
operating regimes (load,  speed) create substantial  domain shift,  making domain-adaptation tech-
niques such as maximum mean discrepancy or adversarial alignment standard practice [27, 28].

5.4 Energy systems

Energy-sector PdM targets wind turbines, gas turbines, and battery storage. Wind-turbine monitoring
relies heavily on SCADA telemetry for early gearbox and generator fault warning  [71, 72], complic-
ated by severe class imbalance since catastrophic failures are rare, favoring semi- or unsupervised
methods. Battery-health research increasingly combines electrochemical impedance data and partial-
cycle information with electrochemical models to forecast capacity fade and optimize charging proto-
cols [8, 70, 73].

5.5 Automotive and transportation

This sector splits  between EV battery prognostics — which mirrors the energy domain but adds
highly  variable  driver-dependent  load  profiles  —  and  rail  applications  monitoring  wheel-rail
interfaces and bogie suspensions via onboard acoustic and vibration sensing [74]. High data volumes
push  processing  toward  the  edge,  motivating  federated  approaches  that  aggregate  fleet-wide
degradation patterns without centralizing proprietary vehicle data [73].

5.6 Cross-domain summary

Table 3 summarizes the dominant assets, data modalities, architectures, and bottlenecks per domain.
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Table 3. Cross-domain summary of PdM adoption patterns.

Domain Primary Assets Dominant Data

Modality

Prevalent

Architectures

Primary Bottleneck

Aerospace Turbofans,
structures

Thermodynamic,
strain

Transformers, PINNs Regulatory certification
(DO-178C)

Space Reaction wheels,
panels

Telemetry, thermal VAEs, lightweight
CNNs

Zero-repair constraint,
compute limits

Manufacturing Bearings, CNC
tools

Vibration, acoustics CNNs, domain
adaptation

Cross-machine
operational variability

Energy Wind turbines,
batteries

SCADA, voltage/
current

Graph NNs, LSTMs Extreme class imbalance,
rare failures

Transportation EV batteries, rail
bogies

Kinematic, electrical Federated learning,
edge ML

Dynamic user behavior,
data privacy

6 Critical analysis and research gaps

Across the 127 reviewed studies,  eight structural gaps recur that limit translation from academic
benchmarks to industrial deployment.

6.1 Gap 1: Domain Silos

About 94% of the reviewed work targets a single asset class in isolation. Techniques developed for
bearing  diagnostics  are  rarely  tested  against,  say,  battery  degradation,  despite  shared  temporal
structure, leading to duplicated effort and limited transfer.

6.2 Gap 2: Largely Static Digital Twins

Digital twins appear in 42% of the corpus, but 89% of these implementations are static surrogates
that  do not  update as  the asset  ages  [33,  36,  37].  Genuine self-correction via  recursive Bayesian
updating or online parameter estimation is rare, so twin calibration degrades over time.

6.3 Gap 3: Correlation-Based Explainability

Only about 5.5% of the reviewed studies use formal causal-inference tools; most rely on post-hoc,
correlation-based methods such as SHAP or LIME [47, 48], which flag salient features without distin-
guishing cause from symptom (e.g., a temperature spike that accompanies, rather than causes, de-
gradation).

6.4 Gap 4: Uncalibrated Uncertainty

Roughly 78% of studies output deterministic point predictions only. Where UQ is present, it typically
relies  on costly  Bayesian networks or  simplified Gaussian assumptions that  miss  heteroscedastic
degradation  behavior  [57,  58];  only  three  studies  in  the  corpus  applied  conformal  prediction  to
obtain distribution-free, finite-sample interval guarantees [59].

6.5 Gap 5: Absent Human-AI Frameworks

Most  reviewed  work  implicitly  treats  PdM  output  as  directly  actionable,  with  no  human  step  in
between. Formal deferral or dynamic trust-calibration frameworks, common in medical and HCI re-
search [61, 62, 65], are almost entirely absent from the engineering PdM literature.
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6.6 Gap 6: Limited Edge Deployment

Fewer than 15% of studies address quantization, pruning, or distillation for edge inference, leaving
many  state-of-the-art  transformer  models  impractical  for  latency-  or  power-constrained  settings
such as vehicles or remote wind farms.

6.7 Gap 7: Data Scarcity and Class Imbalance

Because engineered systems are designed not to fail, run-to-failure data is inherently scarce. GAN-
based  augmentation  is  common  but  can  generate  physically  implausible  samples,  and  few-shot
approaches for multivariate time series remain underdeveloped relative to the field’s  reliance on
large labeled datasets.

6.8 Gap 8: Fragmented End-to-End Frameworks

Fewer than 2% of studies connect anomaly detection, RUL estimation, and maintenance scheduling
into a single pipeline with consistent uncertainty propagation across stages.

Table 4 summarizes coverage, severity, and proposed direction for each gap.

Table 4. Summary of identified research gaps.

Gap % Addressing Severity Proposed Direction

Domain silos 6% High Cross-domain foundation models

Static digital twins 11% Critical Self-evolving, auto-calibrating twins

Correlation-based explainability 5.5% High Causal discovery and counterfactuals

Uncalibrated uncertainty 22% Critical Conformal prediction for time series

Absent human-AI frameworks <1% High Algorithmic deferral, trust metrics

Limited edge deployment 14% Medium Model compression, federated ML

Data scarcity 31% High Physics-guided few-shot learning

Fragmented frameworks 2% Critical Integrated end-to-end architectures

7 Future research directions

7.1 Cross-Domain Foundation Models

As with large language models,  progress may depend on domain-agnostic tokenization that maps
heterogeneous sensor streams — irrespective of sampling rate or physical unit — into a shared latent
representation, enabling pretraining across industries and zero- or few-shot transfer to new asset
types [25, 26].

7.2 Self-Evolving Digital Twins

Closing the sim-to-real gap likely requires digital twins that update continuously as new data arrives,
effectively performing online system identification. Coupling neural ordinary differential equations
[42] with recursive Bayesian filtering is one promising route to continuous-time models that adapt to
wear without drifting into physically implausible states.
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7.3 Causal AI for Root-Cause Diagnosis

Automatically constructing causal graphs from observational sensor data — for example with PCMCI
[46,  50] — would let  systems be modeled as structural  causal models,  supporting counterfactual
queries such as “what would RUL be if load had been reduced 20% three days ago?” This is central to
producing explanations that are physically, not just statistically, grounded.

7.4 Conformal Prediction for Prognostics

Rigorous, distribution-free uncertainty quantification via conformal prediction can wrap any black-
box RUL estimator to yield intervals with guaranteed marginal coverage,

(5)

though  extending  this  to  the  covariate  shift  typical  of  degradation  processes  will  require  non-
conformity scores that adapt to the asset’s underlying hazard rate [53, 54].

7.5 Human-AI Collaborative Maintenance

“Learning to defer” frameworks, in which a model routes high-uncertainty cases to a human expert
[61,  62],  along  with  adaptive  explanation  interfaces  that  tailor  detail  to  the  audience  (executive
summary vs. sensor-level causal graph), would help calibrate operator trust to actual model compet-
ence [64, 65].

7.6 Unified End-to-End Frameworks

We outline a conceptual architecture, NEXUS-AI (Networked Ecosystem for eXplainable and Unified
System-health), intended to connect data ingestion, causal diagnostics, conformal prognostics, and
reinforcement-learning-based  scheduling  within  one  pipeline,  with  differentiable  uncertainty
propagation across stages to avoid silent failure cascades.

7.7 Emerging Directions

Large language models  grounded in  telemetry and maintenance manuals  could serve as  natural-
language  “maintenance  copilots.”  Federated  learning  is  likely  to  remain  important  for  fleet-wide
learning without centralizing sensitive data, and early-stage quantum optimization may eventually
help with the NP-hard scheduling problems that arise across large fleets.

8 Discussion

8.1 Key Findings

Deep learning now appears in roughly 72% of recent publications, having displaced classical ML as
the default approach. Since 2022, transformer-based models have increasingly displaced LSTMs for
complex forecasting tasks, echoing trends seen in natural language processing [19, 75]. This progress,
however,  coexists  with  persistent  weaknesses:  sparse  uncertainty  quantification,  reliance  on
correlation-based explanations, and limited attention to the human factors that determine whether a
system is actually trusted and used.
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8.2 Implications for Practitioners

Benchmark accuracy alone is a poor predictor of deployment success. Practitioners should prioritize
data-pipeline quality over chasing the newest architecture,  insist on calibrated uncertainty rather
than point estimates, and require some combination of physics-informed constraints or human-in-
the-loop review before AI outputs drive maintenance decisions.

8.3 Implications for Researchers

Continued incremental gains on saturated benchmarks such as C-MAPSS or CWRU offer diminishing
returns. Higher-value research directions include domain adaptation, causal discovery, and distribu-
tion-free  uncertainty  quantification  on  messier,  less  curated  industrial  data.  Sharing  pretrained
weights and full data-curation methodology, not just code, would meaningfully accelerate progress
toward industrial-scale foundation models.

8.4 Limitations of This Review

The search was restricted to English-language records in three major databases,  which may have
excluded relevant work published in regional venues or proprietary industry reports. Reported SOTA
benchmarks are likely to age quickly given the field’s pace. Finally, assigning individual papers to a
single  application  domain  sometimes  required  subjective  judgment,  since  many  methodological
papers are validated across multiple datasets.

9 Conclusion

AI has materially advanced what is achievable in predictive maintenance for mission-critical systems,
but  this  review’s  synthesis  of  127  studies  indicates  that  enterprise-scale  deployment  is  still
constrained by siloed development, weak causal grounding, and inconsistent uncertainty quantifica-
tion.  Addressing  these  constraints  will  likely  require  a  shift  away from purely  data-driven curve
fitting toward physics-grounded, human-collaborative systems. Advances in time-series foundation
models,  self-evolving and causally aware digital  twins,  and conformal prediction offer a plausible
path toward AI-based maintenance solutions that are robust, transparent, and scalable enough for
the next generation of industrial and autonomous infrastructure.
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