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Abstract

This systematic review (PRISMA 2020) examines 89 studies—64 peer-reviewed articles and
25 arXiv preprints (2007–2026)—addressing the gap between AI research and operational
predictive maintenance (PdM) deployment in complex manufacturing systems. Analyz-
ing five thematic clusters in non-stationary and stochastic environments, we evaluated
predictive performance and deployment readiness. Deep learning dominates remaining
useful life (RUL) forecasting; however, 65.6% of studies employ weak or unclear validation
protocols (Tier 0–1), lacking real-world robustness testing. Fault diagnosis increasingly
integrates Edge-AI, yet Explainable AI (XAI) adoption remains scarce (15.6%), undermining
industrial trustworthiness. No study reached operational field validation beyond temporal
or cross-domain split, reflecting a systematic disconnection from deployed manufacturing
systems. We introduce a novel Deployment Readiness Score (DRS) framework and identify
critical barriers: data scarcity, environmental non-stationarity, computational constraints,
and black-box model distrust. Recommendations include standardized temporal validation
protocols, multi-site field studies, and architecture-integrated explainability. The 25 arXiv
preprints (2024–2026) exhibit a mean DRS nearly three times that of the peer-reviewed
corpus, signaling nascent convergence toward deployment-mature research. This review
was not pre-registered.

Keywords: Artificial Intelligence; predictive maintenance; complex engineering systems;
validation rigor; Edge-AI; deployment readiness; sensor fusion; smart manufacturing

1. Introduction
1.1. Context: AI in Complex Engineering Systems

The transition from Industry 4.0 to Industry 5.0 has established Artificial Intelligence
(AI) as a cornerstone of modern industrial reliability, particularly within the domain of
predictive maintenance (PdM) [1]. Unlike traditional automated production lines, complex
engineering systems are characterized by non-stationary dynamics, stochastic component
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degradation, and heterogeneous sensor data streams that evolve over time [2–4]. In this
context, data-driven methodologies have demonstrated superior adaptability compared
to classical analytical or rule-based methods. By enabling tasks such as remaining useful
life (RUL) forecasting and real-time fault diagnosis, these AI systems promise to minimize
unplanned downtime, optimize operational processes, and extend the critical infrastruc-
ture lifecycle.

The economic imperative for effective predictive maintenance is substantial: un-
planned equipment failures cost U.S. manufacturers over $50 billion annually. Beyond
direct financial losses, equipment downtime translates to production delays, compromised
product quality, and erosion of customer trust. Traditional time-based or reactive mainte-
nance strategies prove inadequate for complex systems where degradation patterns are
inherently nonlinear and influenced by operational variability, environmental conditions,
and interdependent component interactions [5,6].

Within the framework of the Special Issue “Surveys in Information Systems and Appli-
cations” of Information, this challenge acquires central relevance as an application domain
in which heterogeneous sensor streams, automated decision pipelines, and industrial in-
formation systems converge. Growing demand for accurate prediction of performance
and maintenance metrics in complex engineering systems has driven rapid expansion in
AI application. AI methodologies are routinely deployed across diverse tasks, including
regression-based modeling of critical values, event and anomaly detection in numerical
and image-based datasets, and operational process optimization. In many cases, these
AI-driven approaches have demonstrated superior performance and adaptability when
compared with traditional analytical or rule-based methods.

1.2. State-of-the-Art: The Rise in Deep Learning

Recent literature demonstrates a paradigmatic shift toward high-capacity models capa-
ble of handling high-dimensional data [7,8]. Deep learning (DL) architectures—specifically
Convolutional Neural Networks (CNNs) for image-based fault detection and Recurrent
Neural Networks (RNNs/LSTMs) for time-series forecasting—have become the de facto
standard in the field. These models excel at extracting latent features from raw sensor
inputs—such as vibration signals or acoustic emissions—without requiring extensive man-
ual feature engineering. Consequently, the volume of publications reporting state-of-the-art
accuracy on benchmark datasets (e.g., C-MAPSS, IMS Bearing) has grown exponentially,
suggesting that the technical capacity to predict failures is largely resolved from an algo-
rithmic perspective.

Advanced architectures such as transformers, attention mechanisms [9], and hybrid
CNN-LSTM models represent the current frontier, demonstrating superior performance in
capturing both spatial patterns and temporal dependencies. Machine learning algorithms
ranging from regression for RUL estimation [10,11] to classification for fault-mode predic-
tion [12] have achieved accuracy rates of 85–95% in controlled experimental settings. The
democratization of open-source deep learning frameworks (PyTorch 2.6, TensorFlow) and
the maturation of transfer learning techniques have further accelerated research adoption
across diverse manufacturing domains.

1.3. The Gap: From Algorithmic Precision to Operational Readiness

However, despite exponential growth in algorithmic proposals [13], a critical dis-
connect persists between academic performance metrics and industrial deployment. The
current literature is saturated with models achieving high accuracy on static, standardized
datasets, yet operationalization of these models in real plant conditions remains limited.
This gap is attributed largely to two systemic failures identified in recent surveys:
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The Validation Crisis: Engineering systems are inherently dynamic, subject to concept
drift and variable operational loads. Yet, a significant proportion of cutting-edge studies
validate models using random data splits that do not respect the temporal dependencies of
industrial time-series [14]. Consequently, models appearing robust in laboratory settings
often act as “black boxes” with uncertain reliability when facing noise and unseen condi-
tions in real factories. The reliance on standardized benchmark datasets, while valuable for
algorithmic comparison, introduces selection bias—these carefully curated datasets lack
the stochastic environmental noise, missing values, sensor failures, and operational regime
changes characteristic of real manufacturing environments.

The Deployment Gap: While computational complexity has increased, high-performance
hardware availability on the factory floor is often restricted. Few reviews have system-
atically evaluated whether current AI models are “Edge-Ready”—capable of running
inference on resource-constrained devices—or possess necessary Explainable AI (XAI)
characteristics for human operators to trust them in safety-critical decisions [15]. Real-time
inference requirements in manufacturing demand latencies below 100–200 milliseconds
for actionable interventions, yet many published deep learning models exhibit inference
times incompatible with such constraints. The “black-box” nature of complex neural archi-
tectures presents concrete barriers to adoption in regulated industries where traceability,
interpretability, and certification are required.

1.4. Contribution and Research Questions

To address the disparity between algorithmic theory and industrial practice, this paper
presents a systematic literature review (SLR) following the PRISMA 2020 statement. We
analyzed 89 studies (64 peer-reviewed journal articles plus 25 arXiv preprints as comple-
mentary gray literature) specifically selected for application in complex, non-stationary
engineering environments. Unlike prior surveys focusing primarily on accuracy compari-
son, this study advances beyond performance metrics to introduce a novel framework for
“validation rigor” and “deployment readiness” assessment.

This review is guided by three primary research questions (RQs):
RQ1 (Taxonomy and Dominance): Which AI architectures and predictive mainte-

nance tasks are predominant in complex engineering systems, and how do they address
nonlinear degradation?

RQ2 (Validation Rigor): To what extent are proposed AI models validated against
data drift and the stochastic nature of real systems, and are validation schemes sufficiently
rigorous (e.g., temporal split vs. random shuffling)?

RQ3 (Deployment Readiness): What is the current maturity level of the litera-
ture regarding Edge-AI integration, real-time inference capabilities, and Explainable AI
(XAI) adoption?

For the purposes of this review, we adopt the following operational definitions, which
are applied consistently in the Methods, Results, and Discussion and map one-to-one onto
the three research questions:

Domain (RQ1). The combination of application task (RUL forecasting, fault diagno-
sis, tool condition monitoring, anomaly detection, general condition monitoring, failure
prediction) and primary signal modality (vibration, current/electrical, acoustic, thermal,
vision/image, or multi-modal fusion), treated as the primary axis along which architec-
tural dominance is characterized. A study is classified within a single dominant domain;
incidental mention of adjacent tasks does not reclassify the study.

Rigor (RQ2). The degree to which the reported validation protocol accounts for the
temporal and distributional structure of industrial time-series. Rigor is operationalized
as the four-level Validation Tier defined in Section 2.4 (Tier 0: unclear or unreported;
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Tier 1: random split; Tier 2: k-fold cross-validation; Tier 3: temporal or cross-domain split).
Higher rigor indicates a stronger guarantee that the reported accuracy reflects genuine
generalization rather than data leakage.

Readiness (RQ3). The degree to which a study provides evidence of deployability
beyond laboratory conditions. Readiness is operationalized as the Deployment Readiness
Score (DRS) defined in Section 2.4, which sums three binary indicators—Edge-AI imple-
mentation, real-time inference reporting, and XAI integration—onto a 0–3 scale. Readiness
is explicitly distinct from rigor: a study may exhibit high rigor but low readiness, or
the converse.

This review is submitted to the Special Issue “Surveys in Information Systems and
Applications” of Information and aligns with its aim of providing comprehensive syn-
theses of information system applications in practice. The thematic scope covered by the
review includes: sensor fusion strategies for robust data interpretation; generative models
for data augmentation and simulation; digital twins and AI-enhanced simulation; Edge-
AI implementations for real-time industrial monitoring; Explainable AI in engineering
decision-making; resilient AI systems for fault-tolerant engineering; and applications of
large language models for documentation automation and semantic analysis of mainte-
nance records.

The remainder of this article is organized as follows: Section 2 details the PRISMA
methodology and novel criteria for “Validation Tiers.” Section 3 presents the quantita-
tive results, including bibliometric landscape and algorithmic trends. Section 4 critically
discusses the “validation crisis” and “deployment gap” identified in the literature using
evidence matrices. Finally, Section 5 offers a standardized protocol for future research to
close the gap between academic AI and industrial engineering.

2. Materials and Methods
This systematic literature review was conducted in accordance with the PRISMA 2020

statement (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) [16–18].
The review protocol was designed to identify, screen, and synthesize high-quality research
applying Artificial Intelligence to predictive maintenance within complex engineering
systems—specifically those characterized by non-stationary dynamics, stochastic failures,
or heterogeneous data streams.

2.1. Search Strategy and Information Sources

To ensure comprehensive coverage of the state-of-the-art, we consulted three informa-
tion sources: Scopus, Web of Science (WoS) Core Collection, and arXiv. The latter focused
on capturing recent advances from 2024 to 2026 that were not yet indexed in peer-reviewed
databases. The search strategy employed Boolean logic, combining three semantic blocks:

AI Interventions: (“Artificial Intelligence” OR “AI” OR “Machine Learning” OR “Deep
Learning” OR “Neural Network*” OR “Reinforcement Learning” OR “Explainable AI” OR
“XAI” OR “Generative AI”).

Target Domain: (“Predictive Maintenance” OR “PdM” OR “Prognostics” OR “Condi-
tion Monitoring” OR “Fault Detection” OR “RUL” OR “Remaining Useful Life”).

Contextual Constraints: (“Complex*” OR “Dynamic Environment” OR “Variable Con-
dition*” OR “Non-stationary” OR “Multi-component” OR “Heterogeneous” OR “Stochas-
tic” OR “Uncertainty”).

The search was limited to peer-reviewed articles published between January 2007
and January 2026, capturing nearly two decades of evolution from early machine learning
applications to the current Industry 5.0 transition. The arXiv search was restricted to January
2024–March 2026 to target recent preprints addressing identified gaps in deployment
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readiness and validation rigor. Complete search equations for each database are provided
in Supplementary Material S1.

This review was not pre-registered in PROSPERO or OSF; a formal protocol was not
developed prior to the search, given the exploratory nature of the design. The complete
search protocol is available from C.F.H.V. upon reasonable request.

Search Equation for Scopus:
TITLE-ABS-KEY ((“Artificial Intelligence” OR “AI” OR “Machine Learning” OR “Deep

Learning” OR “Neural Network*” OR “Reinforcement Learning” OR “Explainable AI” OR
“XAI” OR “Generative AI”) AND (“Predictive Maintenance” OR “PdM” OR “Prognostics”
OR “Condition Monitoring” OR “Fault Detection” OR “RUL” OR “Remaining Useful
Life”) AND (“Manufacturing” OR “Industry 4.0” OR “Smart Factory” OR “Production
System*” OR “Industrial Plant” OR “Shop Floor”) AND (“Complex*” OR “Dynamic En-
vironment” OR “Variable Condition*” OR “Non-stationary” OR “Multi-component” OR
“Heterogeneous” OR “Stochastic” OR “Uncertainty”)) AND NOT (“review” OR “survey”
OR “meta-analysis”) AND PUBYEAR > 2019.

Search Equation for Web of Science:
TS=((“Artificial Intelligence” OR “AI” OR “Machine Learning” OR “Deep Learning”

OR “Neural Network*” OR “Reinforcement Learning” OR “Explainable AI” OR “XAI” OR
“Generative AI”) AND (“Predictive Maintenance” OR “PdM” OR “Prognostics” OR “Con-
dition Monitoring” OR “Fault Detection” OR “RUL” OR “Remaining Useful Life”) AND
(“Manufacturing” OR “Industry 4.0” OR “Smart Factory” OR “Production System*” OR
“Industrial Plant” OR “Shop Floor”) AND (“Complex*” OR “Dynamic Environment” OR
“Variable Condition*” OR “Non-stationary” OR “Multi-component” OR “Heterogeneous”
OR “Stochastic” OR “Uncertainty”)) NOT TS=(“review” OR “survey” OR “meta-analysis”).

Search Equation for arXiv:
ti:(“predictive maintenance” OR “fault diagnosis” OR “remaining useful life” OR

“condition monitoring” OR “fault detection” OR “RUL prediction” OR “tool wear”) AND
(ti:(deep learning OR neural network OR machine learning OR “explainable AI” OR
“edge AI” OR “foundation model” OR “diffusion model” OR “knowledge distillation”
OR “transfer learning” OR “sensor fusion”) OR abs:(“edge deployment” OR TinyML OR
XAI OR “temporal validation” OR “concept drift” OR “data augmentation” OR “neuro-
symbolic”)) AND submittedDate:[20240101 TO 20260301].

Temporal filters differed across the three information sources: the Scopus equation
included the operator PUBYEAR > 2019; the Web of Science equation did not apply an
explicit year operator within the query itself, with records retrieved from database inception
and manually restricted to the January 2007–January 2026 window during screening;
and the arXiv equation was restricted to submittedDate:[20240101 TO 20260301]. This
heterogeneity is made explicit in Supplementary Material S1.

The heterogeneity of the temporal filters across Scopus, Web of Science, and arXiv is
methodologically deliberate rather than inconsistent, and is aligned with the complemen-
tary retrieval role assigned to each source. The Scopus restriction PUBYEAR > 2019 was
adopted because the indexed Scopus output on AI for predictive maintenance in complex
manufacturing is concentrated from 2020 onward: exploratory Scopus retrievals without
the year operator returned a markedly lower signal-to-noise ratio, with pre-2020 records
dominated by classical machine learning contributions outside the AI-for-complex-systems
scope of this review. The Web of Science Core Collection equation was intentionally issued
without an explicit year operator and was then manually restricted to January 2007–January
2026 during screening; this design choice preserved foundational early contributions (e.g.,
Liu et al. 2007 [19]) that the more recent heavy Scopus filter would have excluded, and
exploits the stronger historical indexing of manufacturing–engineering journals in Web of
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Science. The arXiv filter submittedDate:[20240101 TO 20260301] reflects the gray literature
role of arXiv in this review, which is to surface the current preprint frontier (foundation
models, Edge-AI/TinyML, neuro-symbolic XAI) rather than to contribute historical cov-
erage. Read jointly, the three heterogeneous windows combine historical depth (Web of
Science), indexed modern breadth (Scopus), and current frontier preprint signal (arXiv).
The union of the three sets yields the declared review window 2007–2026 and is consistent
with PRISMA 2020 guidance that search equations be tailored to source characteristics [11].
The updated Table S1 in Supplementary Material S1 documents each filter together with
the rationale summarized here.

Key aspects of these equations:
Inclusion of XAI and Generative AI: To capture the latest trends in Explainable AI

and data augmentation.
Environmental Complexity: Terms such as “Non-stationary” and “Stochastic” were

crucial for filtering genuinely complex manufacturing systems.
Exclusion Filters: The NOT operator prevents saturation with other published surveys

or meta-analyses.

2.2. Eligibility Criteria

Strict inclusion and exclusion criteria were applied to filter generic machine learning
applications from those addressing genuine engineering complexity. To minimize selection
bias, criteria were established a priori. Studies were included if: (1) they reported an AI/ML
method relevant to predictive maintenance in manufacturing systems; (2) they addressed
complex, non-stationary, or stochastic operational environments; (3) they provided suffi-
cient methodological description to support data extraction and quality assessment; and (4)
they were published as peer-reviewed journal articles in English.

Studies were excluded if: (1) they fell outside the scope relative to the target domain
(e.g., medical diagnostics, financial forecasting); (2) they did not present a relevant AI/ML
contribution (e.g., purely descriptive studies); (3) they were ineligible publication types
(e.g., conference abstracts, editorials, books); or (4) they provided insufficient reporting
for extraction or assessment. The information sources consulted and the search results
obtained are summarized in Table 1, while the inclusion and exclusion criteria applied
during full-text eligibility assessment are detailed in Table 2.

Table 1. Information sources consulted and search results (PRISMA 2020, Methods).

Information Source Records Retrieved Coverage Period Search Date

Scopus 333 January 2007–January 2026 28 January 2026
Web of Science (Core Collection) 456 January 2007–January 2026 28 January 2026

arXiv (cs.AI/cs.LG/eess.SP) 25 January 2024–March 2026 March 2026
Total Before Deduplication 814 — —
Total After Deduplication 755 — —

Table 2. Inclusion and exclusion criteria applied during full-text eligibility assessment (PRISMA
2020, Methods).

Criterion Type Criterion Description

Inclusion Peer-reviewed research reporting an AI/ML method
relevant to the review objectives.

Inclusion Provides sufficient methodological description and
evaluation to support data extraction.

Exclusion Outside scope relative to protocol (topic/domain/task
misalignment) (mapped to E01/E02).
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Table 2. Cont.

Criterion Type Criterion Description

Exclusion Not a relevant AI/ML contribution to the target
intervention/problem (mapped to E03).

Exclusion Ineligible publication type (mapped to E05).

Exclusion Insufficient reporting for extraction or assessment (mapped
to E10).

2.3. Study Selection Process

The initial search across both databases yielded 814 records (Scopus: 333; Web of
Science: 456; arXiv: 25). Following automated deduplication using specialized reference
management software, 755 unique records entered title and abstract screening. Two inde-
pendent reviewers conducted screening based on relevance to complex manufacturing en-
vironments and AI-driven predictive maintenance. Disagreements were resolved through
discussion or consultation with a third reviewer.

Following title and abstract screening, 171 records proceeded to full-text eligibil-
ity assessment (146 from WoS/Scopus plus all 25 arXiv preprints, which were directly
assessed at full-text given the targeted semantic search strategy). Each full-text arti-
cle was examined against complete eligibility criteria. Reasons for exclusion at this
stage—such as methodological ambiguity, insufficient validation data, or absence of com-
plexity characterization—were documented. Ultimately, 64 peer-reviewed studies from
WoS/Scopus met all eligibility criteria and were included in the core qualitative synthe-
sis [19–82]. Additionally, 25 arXiv preprints (2024–2026) satisfied content eligibility criteria
and were incorporated as supplementary gray literature [83–107], consistent with the aca-
demic editor’s recommendation to complement WoS/Scopus with recent preprint evidence.

Exclusion Breakdown (n = 82 Excluded at Full-Text Stage):
E02 (Scope Misalignment): 31 studies—Domain, task, or application context outside

protocol bounds.
E03 (No Relevant AI/ML Contribution): 22 studies—Descriptive or non-algorith-

mic studies.
E05 (Ineligible Publication Type): 5 studies—Conference abstracts, proceedings,

non-peer-reviewed sources. E10 (Insufficient Reporting): 2 studies—Methodology or
validation details inadequately described. E99 (Other Reasons): 22 studies—Availability,
language, or other barriers.

Figure 1 illustrates the PRISMA 2020 flow diagram, detailing record attenuation at each
stage and reasons for exclusion. The 25 arXiv preprints bypassed title/abstract screening
and entered full-text eligibility assessment directly, as noted in Section 2.3; this is reflected
in the eligibility count (146 WoS/Scopus + 25 arXiv = 171).

This transparent reporting facilitates reproducibility and enables readers to assess
potential selection bias.

Data were extracted by one reviewer (C.F.H.V.) using the structured form described in
Section 2.4. A second reviewer (D.A.G.A.) independently verified the data from a random
subsample of 20% of the included studies; no substantial discrepancies were identified.
Minor discrepancies were resolved by consensus.
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Figure 1. PRISMA 2020 flow diagram for identification, screening, and inclusion. * Records are re-
ported individually for each source (Scopus, Web of Science Core Collection, and arXiv) rather than as
a single aggregated total, in line with PRISMA 2020 reporting recommendations. ** Automation tools
(reference management software) were used exclusively for deduplication of the initial 814 records
(59 duplicates removed); all subsequent screening and full-text eligibility decisions were performed
manually by two independent human reviewers, with disagreements resolved by a third reviewer.

2.4. Data Extraction and Quality Assessment

Data were extracted using a structured form capturing: (1) bibliographic details
(authors, year, journal, DOI); (2) study characteristics (application domain, equipment type,
sensor modalities); (3) AI/ML methods (algorithm family, architecture details, training
approach); (4) validation methodology (data-partitioning scheme, evaluation metrics,
dataset characteristics); and (5) deployment considerations (computational requirements,
real-time capabilities, explainability features).

Given the focus on AI in complex systems, a customized quality assessment was
integrated to evaluate validation rigor (addressing RQ2). We classified studies into four
tiers based on how well their validation protocols account for temporal dependencies and
distribution shift:

Tier 3 (High Rigor): Temporal split with strictly chronological test sets, or testing
on completely external datasets from different operational sites or equipment instances,
reflecting real-world generalization challenges.

https://doi.org/10.3390/info17050456

https://doi.org/10.3390/info17050456


Information 2026, 17, 456 9 of 41

Tier 2 (Standard Rigor): Random k-fold cross-validation, standard academic practice
but potentially subject to data leakage in time-series contexts.

Tier 1 (Weak Rigor): Simple random split (e.g., 80/20) without accounting for temporal
dependencies, risking optimistic bias.

Tier 0 (Unclear): Validation method not explicitly reported or ambiguously described,
preventing generalization assessment.

Additionally, a Deployment Readiness Score (addressing RQ3) was calculated for each
study by verifying the presence of three indicators: (1) Edge-AI Implementation—explicit
deployment on edge devices or discussion of computational constraints compatible with
edge deployment; (2) Real-Time Inference—reporting of inference latency, throughput,
or explicit real-time operational validation; and (3) Explainability (XAI)—integration of
interpretability modules, attention visualization, feature importance analysis, or other XAI
techniques. Each indicator contributed one point on a 0–3 scale, providing a quantitative
proxy for operational maturity [108–112].

The Validation-Level classification (Tiers 0–3) and the DRS constitute the quality as-
sessment instruments for this review, adapted to the context of AI in industrial engineering.
Their systematic application to the 89 included studies is detailed in Supplementary File S2,
where each study receives a Validation Level and DRS assigned by CFHV.

Given the high degree of heterogeneity in the performance metrics and application
domains of the 89 studies, a quantitative meta-analysis was not performed. The synthesis
is narrative, organized by thematic cluster and research question, and complemented by
descriptive frequency analysis and pattern visualization (Task × Method heatmaps, PCA
projection of the TF-IDF space).

Sensitivity analyses specific to literature type (peer-reviewed vs. arXiv gray literature)
were conducted and are reported in Section 3.6. In addition, the stability of the cluster
structure was verified by examining the solutions k = 4 and k = 6; the five-cluster structure
(k = 5) showed greater intra-cluster cohesion and interpretability.

To mitigate publication bias, arXiv preprints (n = 25, 2024–2026) were systematically
included as gray literature alongside indexed sources. Funnel analysis was not performed,
as it requires a minimum of approximately 10 homogeneous effect estimates, a condition
not met in a narrative review of AI.

The GRADE certainty assessment is not applicable to this review. The Validation
Levels and DRS frameworks represent domain-specific alternatives that capture directly
relevant dimensions: temporal validity, edge compatibility, and interpretability. Their adop-
tion as reporting standards for future systematic reviews of AI in industrial engineering
is encouraged.

Inter-rater agreement. Study selection, data extraction, and quality assessment were
conducted by one reviewer (C.F.H.V.) and independently verified on a random 20% subsam-
ple by a second reviewer (D.A.G.A.). Simple percent agreement was computed separately
for each decision type: full-text inclusion decisions (96.0%, 1 of 25 discordant cases), the-
matic cluster assignment (92.0%, 2 of 25 discordant cases), Validation Tier classification
(95.0%, 1 of 20 cases requiring re-reading of the validation protocol section), and Deploy-
ment Readiness Score indicator extraction (95.8%, 2 of 48 individual indicator assignments).
All discordant cases were resolved through joint re-extraction and consensus discussion; in
the single case where consensus could not be reached, a third reviewer (A.V.-A.) adjudi-
cated. Cohen’s κ was not computed because the verification workflow recorded consensus
outcomes rather than the full sequence of independent initial decisions, which precludes
retrospective coefficient calculation; simple percent agreement is therefore reported instead,
an approach accepted in systematic reviews when the original verification protocol does
not preserve the independent decisions needed for κ calibration. The reliability of the
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classifications is further supported by the narrative, non-inferential nature of the synthe-
sis: classifications feed descriptive aggregation rather than pooled effect estimates, so the
impact of residual classification uncertainty on the review’s conclusions is bounded by
subsample disagreement rates reported above.

3. Results
3.1. Bibliometric Trends and Temporal Evolution

The systematic screening process yielded a final corpus of 89 studies (64 peer-reviewed
from WoS/Scopus [19–82] and 25 arXiv preprints [83–107]) spanning 2007 to early 2026.
The temporal distribution reveals a distinct exponential growth trajectory, particularly
pronounced after 2019. The early phase (2007–2018) is characterized by sparse publication
activity (n = 10, 15.6% of corpus) and reliance on classical machine learning methods
such as Support Vector Machines (SVMs) and Random Forests. Liu et al.’s foundational
2007 study [19] exemplifies this era, proposing coincidence matrices for performance
evaluation—an effective method for linear degradation but limited in high-dimensional
feature spaces.

A paradigm shift becomes evident beginning in 2020. Over 42% of included studies
(n = 27) were published solely in 2020–2021, coinciding with maturation of Industry 4.0
concepts and widespread adoption of open-source deep learning frameworks. This surge
correlates with three enabling factors: (1) availability of large-scale public benchmark
datasets (C-MAPSS, IMS Bearing, PRONOSTIA); (2) democratization of GPU computing
and cloud-based training infrastructure; (3) proliferation of IoT sensor networks providing
rich time-series data [20,113,114].

The most recent literature (2023–2026, n = 17, 26.6%) reflects the current frontier:
integration of signal processing with end-to-end learning, multi-modal sensor fusion, and
early exploration of Edge-AI deployment. A 2026 study on rotating machinery exemplifies
this trend, combining stochastic resonance feedback with Principal Component Analysis
(PCA) and enhanced Gini coefficients for early fault detection [20]. This evolution suggests
the engineering community has transitioned from viewing AI as an auxiliary tool to
recognizing it as central to infrastructure reliability analysis in complex systems.

Figure 2 presents the temporal distribution of included publications, clearly illustrating
acceleration in research activity. Concentration of publications in recent years indicates
both growing industrial interest and academic recognition of predictive maintenance as a
critical AI application domain.

Figure 2. Temporal distribution of included publications (2007–2026).
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Table 3 provides a comprehensive overview of the temporal and structural charac-
teristics of the analyzed corpus. The 64 peer-reviewed studies span nearly two decades,
from 2007 to 2026, reflecting the sustained and evolving interest in predictive maintenance
research. The presence of 45 distinct publication venues indicates a high degree of dis-
persion, suggesting that the field is interdisciplinary and not confined to a limited set of
journals. Notably, all studies include a DOI, ensuring traceability and reproducibility of
the review process. The distribution of publications peaks in 2020 and 2021, with 14 and
13 studies respectively, highlighting a period of intensified research activity, likely driven
by the consolidation of Industry 4.0 and AI-based maintenance approaches.

Table 3. (a) Descriptive profile of peer-reviewed corpus (n = 64). (b) Descriptive profile of arXiv
preprint cohort (n = 25).

(a)

Metric Value

Included Studies 64

Publication Years (min–max) 2007–2026

Distinct Venues (normalized) 45

DOI Present (%) 100.0

Peak Years (top 2) 2020 (14), 2021 (13)

(b)

Metric Value

Included Preprints 25 (refs. [83–107])

Publication Period January 2024–March 2026

Dominant Themes (top 5)
XAI (5, 20.0%); RUL Forecasting (4, 16.0%);

Foundation Models, Sensor Fusion,
Edge-AI/TinyML (3 each, 12.0%)

RQ1 High Relevance (architecture) 14 (56.0%)

RQ2 High Relevance (validation rigor) 8 (32.0%)

RQ3 High Relevance (deployment/XAI) 8 (32.0%)

Mean Deployment Readiness Score (0–3) 1.72

Preprints with DRS = 3 (all three
deployment indicators) 4 (16.0%)

Preprints with DRS = 0 (no
deployment indicators) 1 (4.0%)

To complement the peer-reviewed corpus profile (Table 3), Table 3b presents a de-
scriptive overview of the 25 arXiv preprints incorporated as supplementary gray litera-
ture [83–107]. In contrast to the peer-reviewed corpus, which spans nearly two decades
(2007–2026), the preprint cohort is concentrated within a 26-month window (January 2024
to March 2026), providing a focused cross-section of the current research frontier. Thematic
coverage reflects emerging priorities absent from the peer-reviewed corpus: Explainable
AI constitutes the largest single theme (n = 5, 20.0%), followed by RUL forecasting (n = 4,
16.0%) and three co-equal themes at n = 3 each—foundation models, sensor fusion, and
Edge-AI/TinyML. This distribution contrasts notably with the peer-reviewed corpus, in
which RUL forecasting and fault detection/diagnosis dominate, and dedicated XAI or
foundation model papers are sparsely represented.
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The most structurally significant divergence between the two corpora lies in deploy-
ment orientation. The arXiv cohort achieves a mean Deployment Readiness Score (DRS)
of 1.72—compared with an estimated mean of approximately 0.63 for the peer-reviewed
corpus—a nearly three-fold difference. Furthermore, only 4.0% of preprints score DRS = 0,
compared with 60.9% of peer-reviewed studies. Conversely, 16.0% of preprints simul-
taneously address all three deployment dimensions (Edge-AI implementation, real-time
inference, and XAI integration), achieving DRS = 3—a proportion that is more than triple
the 4.7% reported for the peer-reviewed corpus and achieved within a dramatically shorter
two-year timeframe. These patterns indicate that, within the 2024–2026 publication win-
dow, the research community has begun to address the deployment gap identified in the
earlier peer-reviewed literature, with preprints serving as an early signal of a structural
shift in research priorities that has not yet propagated into the indexed database record.

Table 4 identifies the most representative publication outlets within the corpus, reveal-
ing both concentration and diversity in dissemination channels. The International Journal of
Advanced Manufacturing Technology leads with six studies, followed by The Journal of Intelli-
gent Manufacturing with four contributions, positioning these journals as central platforms
for predictive maintenance research. Several venues, including Journal of Manufacturing
Systems, Engineering Applications of Artificial Intelligence, and IEEE Transactions on Industrial
Informatics, contribute two studies each, reflecting their relevance in bridging manufactur-
ing and AI domains. The presence of journals such as Scientific Reports and EURASIP Journal
on Audio, Speech, and Music Processing illustrates the methodological breadth of the field,
encompassing applications of signal processing and interdisciplinary analytical approaches.

Table 4. Top 10 venues in peer-reviewed corpus (n = 64).

Venue Number of Studies

International Journal of Advanced Manufacturing Technology 6
Journal of Intelligent Manufacturing 4
Journal of Manufacturing Systems 2

International Journal of Prognostics and Health Management 2
Measurement 2

Engineering Applications of Artificial Intelligence 2
IEEE Transactions on Industrial Informatics 2

Scientific Reports 1
Complex & Intelligent Systems 1

EURASIP Journal on Audio, Speech, and Music Processing 1

The accuracy statistics reported individually by each study (e.g., RMSE, F1-score,
precision) are not quantitatively synthesized in this review, as the heterogeneity of perfor-
mance metrics, reference datasets, and assessment conditions precludes meaningful direct
comparisons. Instead, the distribution patterns by thematic cluster and maintenance task
are presented in the subsequent tables of this section.

3.2. Taxonomy of Predictive Maintenance Tasks (RQ1)

Through unsupervised thematic clustering using TF-IDF features and k-means (k = 5),
we identified five distinct research frontiers within the corpus. Each cluster represents a
coherent body of work addressing specific predictive maintenance challenges:

Cluster 0: General PdM and industrial AI (n = 18, 28.1%) encompasses broad machine
learning applications across diverse industrial contexts. This cluster exhibits the highest
heterogeneity, including studies on multiple equipment types and mixed methodological
approaches. Representative terms include “data,” “learning,” “industrial,” “predictive
maintenance,” and “Industry 4.0.” This cluster serves as a bridge between specialized
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domains, often proposing generalizable frameworks applicable across manufacturing
sectors [21–38].

Cluster 1: RUL and degradation forecasting (n = 12, 18.8%) forms the most cohesive
thematic group, exclusively focused on remaining useful life estimation. The 12 stud-
ies in this cluster address RUL prediction for components such as lithium-ion batteries,
aero-engines, and bearings. The distinctive challenge is modeling nonlinear degrada-
tion trajectories where capacity or performance degrades gradually until critical failure.
High-weight terms—”RUL,” “prediction,” “remaining,” “useful life,” “uncertainty,” and
“degradation”—reflect emphasis on probabilistic forecasting and uncertainty quantifica-
tion [10,39–49,115,116]. The prevalence of LSTM and GRU architectures in this cluster
confirms the need for long-term temporal memory in degradation modeling.

Cluster 2: Tool wear and machining tool condition monitoring (n = 16, 25.0%) con-
centrates on subtractive manufacturing processes, particularly CNC machining, milling,
and drilling. Tool condition monitoring (TCM) in this context addresses rapid stochastic
wear where cutting-edge degradation directly impacts surface quality and dimensional
accuracy. Research prioritizes low-latency detection to prevent catastrophic tool breakage
during operations. Vibration signatures, cutting-force signals, and acoustic emissions serve
as primary data modalities [50–65]. Industrial stakes are high: premature tool replace-
ment increases costs, while delayed replacement results in scrapped parts and potential
machine damage.

Cluster 3: Sensors/measurements and niche applications (n = 4, 6.3%) represents spe-
cialized applications including acoustic virtual sensors, building energy management, and
dimension-based monitoring. Despite the small size, this cluster demonstrates methodolog-
ical diversity, applying techniques such as Non-negative Matrix Factorization (NMF) for
acoustic pattern separation [21]. This cluster’s presence highlights emerging opportunities
for AI-driven predictive maintenance beyond traditional rotating machinery.

Cluster 4: Fault detection/diagnosis and time-series (n = 14, 21.9%) represents the
single largest application area, focusing on discrete fault classification tasks. Studies
distinguish between specific failure modes (e.g., inner-race vs. outer-race bearing failure)
and fault severity levels. Recent approaches pursue fine-grained diagnostics, identifying
not merely fault presence but characterizing fault progression under variable operating
speeds. CNN architectures dominate this cluster, leveraging convolutional operators
to extract spatial features from time–frequency representations (spectrograms, wavelet
transforms) [20,66–78].

Table 5 summarizes cluster characteristics, demonstrating clear specialization within
the predictive maintenance research landscape. This taxonomy reveals that while founda-
tional tasks (fault detection, RUL prediction) attract sustained attention, emerging areas
such as multi-modal fusion and edge deployment remain underexplored.

Figure 3 presents the two-dimensional PCA projection of the TF-IDF feature space,
offering a visual validation of the k-means clustering structure (k = 5) and the thematic
differentiation described previously. The spatial distribution of points reveals a clear sepa-
ration between several clusters, particularly Cluster 1 (RUL and degradation forecasting),
which appears as a compact and well-defined group in the upper-left region, confirming its
high thematic cohesion. Cluster 2 (machining tool wear and TCM) is distinctly located on
the right-hand side of the plot, indicating a specialized vocabulary and strong semantic
consistency associated with manufacturing processes. In contrast, Cluster 0 (general PdM
and industrial AI) is more dispersed around the central region, reflecting its heterogeneous
nature and its role as a bridging domain across multiple applications. Clusters 3 and 4
occupy intermediate and partially overlapping positions near the center, suggesting some
shared terminology related to sensors, measurements, and fault diagnostics, although still
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maintaining identifiable groupings. This overall configuration supports the robustness of
the clustering approach, while also highlighting varying degrees of thematic cohesion and
overlap across predictive maintenance research streams.

Table 5. Thematic clusters (k = 5): size, dominant tasks, and cluster centroid representative terms.

Cluster Thematic Label n Dominant Tasks Top TF-IDF Terms

Cluster 0 General PdM and
Industrial AI 18 RUL (5); Predictive

Maintenance (4)

data, learning, industrial,
maintenance, predictive,

machine, industry, model

Cluster 1
RUL and

Degradation
Forecasting

12 RUL (12)
rul, prediction, remaining, life,

useful life,
uncertainty, degradation

Cluster 2 Machining Tool Wear
and TCM 16 Condition

Monitoring (13)
tool, wear, monitoring, process,
cutting, condition, machining

Cluster 3 Sensors/Measurements
and Niche 4

Condition
Monitoring (1); Fault

Detection (1)

measurements, energy, alarms,
building, acoustic,
sensors, activation

Cluster 4 Fault
Detection/Diagnosis 14 Fault Detection (4);

Fault Diagnosis (3)

fault, data, detection, time,
model, states, welding,

based, analysis

 
Figure 3. Thematic clustering of included studies (TF-IDF + K-means, k = 5), shown in 2D
PCA projection.

3.3. Input Data Modalities and Sensor Fusion

Analysis of sensor modalities reveals that vibration signals remain the dominant input
type, utilized in over 60% of reviewed studies. This prevalence derives from rich spec-
tral information that vibration data carries regarding rotating machinery health—bearing
condition, gear patterns, shaft misalignment, and imbalance all manifest as characteris-
tic frequency signatures. Vibration sensors (accelerometers, velocity transducers) offer
non-invasive installation and mature signal-processing pipelines (FFT, envelope analysis,
wavelet decomposition).

However, a significant trend toward multi-modal sensor fusion emerges in the recent
literature (2024–2026). Researchers increasingly combine distinct data streams to enhance
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robustness against environmental noise and operational variability. Examples include:
(1) Motor Current Signature Analysis (MCSA) combined with vibration for separating
electrical and mechanical faults; (2) acoustic emissions (AEs) fused with thermal imaging
for early crack detection in high-temperature environments; (3) force, vibration, and
cutting-tool images integrated for comprehensive tool condition assessment [20–23].

This fusion approach proves particularly valuable in complex manufacturing systems
where single-sensor configurations suffer from ambiguity. For example, elevated vibration
may indicate bearing wear, imbalance, or merely operational regime change. Supple-
menting vibration with current signatures enables isolation of electrical faults (winding
degradation, rotor-bar damage) from mechanical issues, providing a more complete picture
of asset health [108,113,114].

3.4. Algorithmic Dominance in Non-Stationary Environments (RQ1)

Cross-tabulation of maintenance tasks against AI method families reveals decisive
dominance of deep learning, displacing traditional machine learning in complex applica-
tions. Three architectural families emerge as dominant:

Convolutional Neural Networks (CNNs) constitute the standard for fault diagnosis
tasks. By transforming raw 1D sensor signals into 2D time–frequency images (via Short-
Time Fourier Transform, Continuous Wavelet Transform, or Mel-spectrograms), CNNs
extract spatial features invariant to speed fluctuations and load variations. This architectural
choice proves particularly effective in Cluster 4 applications, where identifying visual
patterns in spectrograms yields superior accuracy compared to hand-crafted statistical
features (kurtosis, RMS, spectral kurtosis) [20,66–78].

Recurrent Neural Networks (RNNs/LSTMs) dominate RUL forecasting (Cluster 1).
Their ability to retain long-term memory enables modeling of degradation trajectories
exhibiting path-dependent aging. For lithium-ion batteries, capacity fade depends on
historical charge–discharge patterns, temperature exposure, and discharge depth—complex
interactions that LSTM hidden states capture effectively. The 2025 adaptive dual-distillation
framework exemplifies current sophistication, transferring knowledge from large LSTM
teacher models to lightweight GRU student models for edge deployment [10,39–49,115,116].

Hybrid architectures (CNN-LSTM) represent the emergent frontier in the 2025–2026
literature. These architectures resolve the “feature-temporal” dilemma: CNNs excel at
extracting spatial features from multi-channel sensor data, while LSTMs model temporal
evolution of these features. Hybrid models apply CNN layers for automatic feature
engineering, followed by LSTM layers for sequence modeling. This end-to-end learning
paradigm eliminates manual feature engineering while maintaining interpretability of
intermediate CNN activations [20–28].

The 2024–2026 literature extends this taxonomy with three architectural categories
absent from earlier reviews. Foundation models pre-trained on large heterogeneous cor-
pora are entering the field: UniFault [83] achieves few-shot fault diagnosis across unseen
datasets after pre-training on over nine billion vibration samples, and BearLLM [84] applies
a multi-modal language model backbone to nine bearing health benchmarks within a single
unified framework. Selective State Space Models (SSMs), specifically the Mamba variant,
process sequences in linear rather than quadratic time, a property that directly benefits
resource-constrained edge deployment; MambaLithium [85] reports superior battery RUL,
SOH, and SOC estimation relative to LSTM and transformer baselines at lower compu-
tational cost. Graph Neural Networks (GNNs) model inter-sensor spatial dependencies
that sequential architectures ignore; a recent survey [86] provides a reproducible bench-
mark confirming consistent accuracy gains on multi-component RUL tasks. Cross-domain
adaptation with fewer than 1% of target-domain labels has been demonstrated through
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parameter-efficient fine-tuning strategies [87], partially addressing the data-scarcity barrier
identified throughout this review.

Traditional machine learning (SVM, Random Forest, k-NN) persists primarily in stud-
ies addressing computational constraints or interpretability requirements. These methods
offer faster training, lower inference latency, and inherent explainability—advantages
remaining relevant for edge deployment scenarios with limited resources [108,109,113,114].

Figure 4 presents the evidence matrix (Task × Method Family), with cell intensity in-
dicating study frequency. The heatmap confirms DL saturation in RUL and fault diagnosis,
while exposing underexplored combinations (e.g., generative models for synthetic fault
data augmentation, Reinforcement Learning for adaptive maintenance scheduling).

Figure 4. Evidence matrix (counts): Task × Method Family.

Table 6 synthesizes the distribution of predictive maintenance tasks across the corpus,
highlighting clear imbalances in research focus, methodological preferences, and validation
rigor. RUL forecasting dominates the landscape with 42.2% of studies consistently relying
on temporal signals such as vibration and electrical data, and leveraging sequential deep
learning models like LSTM and hybrid architectures, typically validated through temporal
splits or cross-validation. Tool condition monitoring also represents a substantial share
(25.0%), characterized by real-time evaluation settings and multi-sensor inputs. In contrast,
tasks such as anomaly detection and failure prediction remain underrepresented, despite
their practical relevance. A critical pattern emerges in validation strategies, where the
predominance of k-fold cross-validation and limited use of realistic deployment scenarios
suggests a potential gap between experimental performance and real-world applicability,
motivating the need for more rigorous and standardized evaluation frameworks.
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Table 6. Summary by predictive maintenance task: frequency, dominant modalities, model families,
and validation strategies (n = 64 peer-reviewed).

PdM Task
Type n % Top Signal

Modalities
Top Model

Families
Top Validation

Strategies
Representative

Studies

RUL
Forecasting
(Estimation)

27 42.2
Vibration,
Electrical,
Thermal

LSTM/GRU,
CNN-LSTM,

Hybrid

Temporal Split,
Cross-Validation [10,39–49,115,116]

Fault
Classification
(Diagnosis)

9 14.1 Vision/Image,
Vibration

CNN, SVM,
Autoencoders

k-fold
Cross-Validation [20,66–73]

Tool
Condition

Monitoring
16 25.0

Vibration,
Acoustic,

Force

CNN,
Random

Forest, SVM

Online/Streaming
Evaluation [50–65]

General
Condition

Monitoring
5 7.8

Vibration,
Current,
Thermal

LSTM, CNN k-fold
Cross-Validation [21–23,74,75]

Failure
Prediction 4 6.2

Thermal,
Vision,

Multi-modal

Gray Models,
CNN Temporal Split [76–79]

Anomaly
Detection 3 4.7 Acoustic,

Thermal
Clustering,
CNN, SVM

Online/Streaming
Evaluation [80–82]

3.5. The Validation Crisis: Rigor Analysis (RQ2)

Addressing RQ2, Figure 5 presents validation scheme evaluation, exposing a critical
methodological gap. Ideally, models destined for non-stationary environments should
employ Tier 3 protocols: temporal splits respecting chronological order, or cross-domain
validation on completely external datasets reflecting distribution shift. However, our analy-
sis reveals that 34.4% of studies (n = 22) fall into Tier 0 (unclear)—validation methodology
not explicitly reported or ambiguously described in manuscript text.

Figure 5. Evidence matrix (counts): Task × Validation Tier.
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Among studies with specified validation, Tier 1 (simple random split) represents 31.2%
(n = 20), Tier 2 (k-fold cross-validation) 23.4% (n = 15), and only 10.9% (n = 7) achieve
Tier 3 rigor. This distribution indicates systematic underreporting and methodological
weakness. Random data splitting—regardless of k-fold repetition—introduces temporal
leakage in time-series contexts. Models trained on randomly sampled points from the
same operational cycle inevitably learn cycle-specific background noise, sensor biases, and
equipment signatures rather than generalizable fault patterns [14,113,114,117].

The arXiv preprint cohort provides direct empirical amplification of the validation
concerns documented above. Of the 25 preprints, eight (32.0%) were classified as exhibiting
high relevance to RQ2 (temporal validation rigor), with an additional 13 (52.0%) demon-
strating medium relevance—a combined 84.0% of the gray literature corpus engaging
substantively with validation methodology. This concentration stands in marked contrast
to the peer-reviewed corpus, where only 10.9% (n = 7) achieve Tier 3 rigor and 34.4% remain
in the Tier 0 (unclear) category. Four thematic categories within the preprint cohort are di-
rectly responsive to the validation weaknesses identified in this review: studies quantifying
the magnitude of data leakage in temporal prediction tasks [88]; comparative evaluation of
walk-forward and sliding-window temporal cross-validation schemes [89]; model-agnostic
concept drift-detection approaches requiring substantially fewer labels than prior meth-
ods [90]; and online continual learning frameworks for non-stationary time-series [91].
Taken together, these preprints signal that the research community has recognized the
validation crisis and is actively developing targeted methodological solutions—responses
that have not yet permeated the peer-reviewed corpus as of the January 2026 search cutoff.

Quantitative evidence published in 2024–2025 directly corroborates the validation
weaknesses identified in this corpus. Albelali and Ahmed [88] measure how data leakage
inflates LSTM performance across partitioning strategies, finding RMSE degradation of
up to 20.5% in 10-fold CV when lag windows span the split boundary, while two-way and
three-way chronological splits hold bias below 5%. Hespeler et al. [89] at Oak Ridge Na-
tional Laboratory compare walk-forward and sliding-window temporal CV on multivariate
anomaly detection tasks, observing that sliding-window schemes produce higher median
AUC-PR and lower inter-fold variance across deep learning architectures. Both studies
provide the empirical grounding that the Tier 0/Tier 1 distribution (65.6% of this corpus)
has so far lacked. For deployment in non-stationary environments, static train/test splits
are insufficient by design; CDSeer [90] addresses this by detecting when a model’s operat-
ing distribution has shifted enough to require retraining, doing so with 99% fewer labels
than prior drift-detection methods. NatSR [91] takes a complementary approach, framing
time-series forecasting as an online continual learning problem where model parameters
update as new operational data arrive.

Consequences manifest as optimistic performance bias. Many DL models report > 99%
accuracy on test sets drawn from the same equipment instance and operational pe-
riod as training data. When deployed on different equipment or under altered condi-
tions, these models exhibit catastrophic performance degradation—the “lab-to-factory
gap” [108,109,113,114]. For example, a bearing fault classifier trained and tested on NASA’s
IMS dataset may achieve 98% accuracy but fail completely on industrial bearings operating
under different speeds, loads, or lubrication regimes.

Heavy reliance on synthetic or laboratory benchmark datasets (C-MAPSS, IMS Bear-
ing, PRONOSTIA) compounds validation weaknesses. While valuable for algorithmic
comparison and baseline establishment, these benchmarks lack: (1) stochastic environmen-
tal noise (electromagnetic interference, temperature fluctuations); (2) sensor failures and
missing values; (3) operational regime changes (speed variations, load transients); (4) si-
multaneous multiple faults; (5) long-term sensor calibration drift [14,108,109,113,114,117].
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Only a minority of studies explicitly employ Leave-One-Group-Out (LOGO) cross-
validation—training on N-1 equipment instances and testing on the withheld instance—or
validate on completely external industrial datasets. These approaches, while methodologi-
cally rigorous, demand larger data collection efforts and longer experimental campaigns,
creating practical barriers to academic publication [108,109,113,114].

Figure 5 (heatmap of Task × Validation Tier) highlights polarization between high-
rigor evidence and Tier 0 reporting opacity across all task categories. This finding motivates
our call for standardized validation-reporting requirements and tier-based evidence syn-
thesis in future reviews.

Formal sensitivity analyses were not performed, as this was a narrative synthesis
without underlying meta-analysis. The robustness of the Validation-Level distribution was
qualitatively verified by independent reclassification of a random sample of 10% of the
studies by D.A.G.A., obtaining complete agreement with the original assignments.

A clear imbalance emerges in the use of benchmark datasets across predictive mainte-
nance tasks, reflecting differing levels of standardization and methodological maturity. RUL
forecasting and fault diagnosis rely heavily on a limited set of widely adopted datasets, such
as C-MAPSS, IMS Bearing, and CWRU, with usage rates exceeding 70%, which facilitates
comparability but may restrict generalizability. In contrast, tool monitoring and condition
monitoring exhibit greater diversity by combining public benchmarks with proprietary
industrial datasets, indicating a closer alignment with real-world applications. Failure
prediction remains the least standardized, as it depends entirely on custom and synthetic
datasets, limiting reproducibility. These patterns are systematically summarized in Table 7,
highlighting a structural trade-off between consistency and applicability in the field.

Table 7. Benchmark datasets most utilized by predictive maintenance task (n = 64 peer-reviewed).

Maintenance
Task

n
Studies

Dominant
Dataset

Usage
Frequency

% of
Studies Concentration Representative

Studies

RUL
Forecasting 27

C-MAPSS, IMS
Bearing,

PRONOSTIA
19 70.4% High [10,39–49,115,116]

Fault
Diagnosis 9

IMS Bearing,
CWRU,

Paderborn
7 77.8% High [20,66–73]

Tool
Monitoring 16 PHM2010,

Custom datasets 8 50.0% Moderate [50–65]

Condition
Monitoring 5

Proprietary
Industrial
Datasets

3 60.0% Moderate [19,21,22,74,75]

Failure
Prediction 4 Custom +

Synthetics 4 100% Low [76–79]

3.6. Deployment Readiness Edge-AI, Real-Time Inference, and Explainability (RQ3)

Deployment readiness assessment reveals substantial maturity gaps between algorith-
mic development and industrial operationalization. Applying our three-indicator scoring
framework (Edge-AI implementation, real-time inference reporting, XAI integration), 60.9%
of studies (n = 39) score 0—providing no deployment consideration evidence. Only 4.7%
(n = 3) achieve the maximum score of three, demonstrating simultaneous attention to edge
constraints, latency requirements, and explainability.

Edge-AI Adoption: Merely 18.8% of studies (n = 12) explicitly report edge device
deployment or discuss computational optimization for resource-constrained environ-
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ments. These studies employ techniques such as model compression (pruning, quan-
tization), knowledge distillation, or lightweight architecture design (MobileNet variants,
SqueezeNet) [10,20,21,108,109,113–116]. The 2025 adaptive dual-distillation framework
exemplifies best practices, achieving 5.34× compression (83% parameter reduction) while
maintaining predictive accuracy [10]. Edge deployment enables local processing, reduces
cloud dependency, minimizes bandwidth consumption, and achieves sub-100 ms latency
critical for real-time interventions [108,109,113,114,118–120].

However, most of the literature proposes architectures incompatible with edge hard-
ware constraints. Deep models with millions of parameters requiring GPU acceleration
and substantial memory cannot run on typical industrial edge devices (ARM Cortex micro-
controllers, FPGAs, entry-level AI accelerators such as NVIDIA Jetson or Google Coral).
This disconnect reflects academic focus on maximizing accuracy rather than optimizing the
precision–efficiency Pareto frontier [17,108,111,112,119,120].

Aggregate analysis of the arXiv preprint cohort reveals a markedly accelerated de-
ployment orientation relative to the peer-reviewed corpus. The 25 preprints achieve a
mean Deployment Readiness Score of 1.72, compared with an estimated mean of approxi-
mately 0.63 for the 64 peer-reviewed studies—a difference of 1.09 DRS points representing
36.5% of the full scale. The proportion of studies with DRS = 0 (no deployment-relevant
content) collapses from 60.9% in the peer-reviewed corpus to 4.0% among preprints; con-
versely, the proportion achieving DRS = 3 increases from 4.7% to 16.0%. Three thematic
clusters concentrate this deployment maturity: (1) Edge-AI/TinyML preprints (n = 3, all
DRS = 3) reporting end-to-end hardware validation on microcontrollers and FPGAs [92–94];
(2) XAI preprints (n = 5), of which four achieve DRS ≥ 2, including neuro-symbolic de-
ployments validated on live transit infrastructure [97–99]; and (3) sensor fusion preprints
(n = 3) addressing multi-modal integration under real-world industrial conditions [106].
These findings indicate that the deployment gap documented in the peer-reviewed corpus
is actively narrowing in current research output, with the gray literature providing an
early—and systematically more deployment-mature—view of the field’s current trajectory.

Concrete hardware deployments published in 2025 bound the feasible operating
region for edge-compatible PdM models. Langer et al. [92] report end-to-end validation
of an 8 bit quantized CNN on an ARM Cortex-M4F microcontroller: 100% diagnostic
accuracy on a milling dataset, 15.4 ms per inference, and 1.462 mJ per decision, with a total
parameter footprint of 12.59 kiB. BearingPGA-Net [93] demonstrates FPGA deployment
of a knowledge-distilled bearing fault classifier, reporting more than 200× throughput
improvement over CPU execution with less than 0.4% accuracy loss relative to the full
teacher model. A systematic survey of quantization methods for microcontrollers [94]
covers ARM Cortex-M, RISC-V, and dedicated neural accelerator platforms, cataloging the
trade-offs between bit-width reduction and task accuracy across manufacturing-relevant
benchmarks. Taken together, these results define reference thresholds—sub-16 ms latency,
sub-2 mJ per inference, sub-13 kiB storage—that can be used as minimum acceptance
criteria within the Deployment Readiness Score proposed in Section 2.4.

Real-Time Inference Capability: Only 26.6% of studies (n = 17) report inference la-
tency, throughput, or demonstrate explicit real-time operational validation. Manufacturing
process control operates on millisecond timescales. CNC tool wear progression occurs in sec-
onds; bearing failures develop over minutes to hours; intervention windows may span mere
seconds between anomaly detection and catastrophic failure [17,108,111,112,119,120]. Mod-
els exhibiting inference latency exceeding these windows—regardless of accuracy—provide
no actionable value. Yet, inference time remains underreported, with only 26.6% of studies
characterizing computational performance.
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Real-time systems demand worst-case latency predictability, not merely average
performance. Runtime variability—caused by OS scheduling, garbage collection, or
thermal throttling—may render models unusable even if average latency meets re-
quirements [17,111,112,119,120]. Edge deployment mitigates some latency-variability
sources (eliminating network communication delays, cloud service queues) while in-
troducing others (concurrent-process resource contention, processor thermal accelera-
tion) [108,109,113,114,118–120].

Explainable AI (XAI) Integration: Most concerning, only 15.6% of studies (n = 10)
integrate explainability mechanisms. The remaining 84.4% treat models as black boxes,
providing predictions without interpretable justification. This opacity presents insur-
mountable barriers in regulated industries (aerospace AS9100, automotive IATF 16949,
pharmaceutical cGMP) where certification authorities demand decision-making trans-
parency [16,109–112,118].

XAI techniques applicable to predictive maintenance include: (1) attention visualiza-
tion revealing which temporal windows or sensor channels drive predictions; (2) SHAP
(SHapley Additive exPlanations) attributing prediction contributions to individual fea-
tures; (3) LIMEs (Local Interpretable Model-agnostic Explanations) approximating local
decision boundaries; (4) concept activation vectors identifying human-comprehensible
concepts learned by networks; (5) rule extraction from trained models generating IF-THEN
logic comprehensible to operators [16,109–112,114,118].

Siemens’ technical report on industrial XAI emphasizes that explainability is essential
across the AI lifecycle—from business-case development to model monitoring and main-
tenance [110]. Explainability facilitates: (1) confidence calibration enabling operators to
develop appropriate reliance on AI recommendations; (2) fault diagnosis enabling identi-
fication of model weaknesses or data-quality issues; (3) regulatory compliance meeting
transparency and human oversight mandates; (4) continuous improvement through col-
laborative human–AI refinement; (5) knowledge transfer from AI systems back to human
domain experts [16,109–112,118].

The XAI literature for predictive maintenance has diversified substantially since 2024,
moving beyond SHAP and LIME toward approaches that generate operator-actionable
output. A PRISMA review of XAI methods in PdM [95] documents that attribution-
based techniques currently dominate but highlights the absence of any consensus metric
for explanation quality—a gap that limits objective comparison of XAI methods in the
same way that inconsistent validation schemes limit comparison of predictive models.
Counterfactual methods [96] reframe the explanation task from attribution to intervention:
rather than identifying which features drove a prediction, they identify the minimum
operational change that would have altered the outcome, a formulation directly useful
for maintenance scheduling. Gama et al. [97] demonstrate a neuro-symbolic architecture
on the Metro do Porto transit system in which an autoencoder detects anomalies while a
companion rule-learner generates IF-THEN logic that operators can inspect and audit. A
2026 survey of neuro-symbolic approaches to PdM [98] and independent work from ETH
Zurich and EPFL on unsupervised XAI-guided diagnosis [99] show that symbolic reasoning
components are being integrated into deep models at an increasing rate. The 15.6% XAI
adoption figure reported for the 2007–2024 corpus therefore represents a historical baseline,
not the current trajectory.

Table 8 summarizes deployment readiness assessment, revealing substantial gaps
between laboratory demonstrations and plant-floor applicability. This finding underscores
urgent need for deployment-oriented research beyond mere algorithmic novelty.
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Table 8. Readiness index/score and deployment cue rates by task.

Task n Mean DRI Edge Rate Real-Time Rate Cloud Rate Embedded Rate

RUL Forecasting 27 1.815 0.852 0.444 0.296 0.222
Uncoded 9 2.222 0.778 0.667 0.556 0.222

Fault Classification
(Diagnosis) 9 1.556 0.778 0.444 0.333 0.000

Tool Wear Prediction 5 2.200 0.800 0.800 0.400 0.200
Condition

Monitoring 5 2.000 1.000 0.600 0.200 0.200

Failure Prediction 4 2.250 1.000 0.750 0.250 0.250
Anomaly Detection 3 1.667 1.000 0.667 0.000 0.000

Fault Detection 2 1.000 0.500 0.500 0.000 0.000

A strong pattern of metric homogenization is evident across predictive maintenance
tasks, suggesting a limited diversity in evaluation practices. Accuracy overwhelmingly
dominates as the primary performance metric in all task categories, with shares rang-
ing from 72.7% in condition monitoring to 90.9% in failure prediction, indicating a near-
universal reliance on a single indicator. Additionally, each task reports only one unique
metric, reinforcing the lack of methodological variation in performance assessment. While
this uniformity simplifies comparison across studies, it also raises concerns about the
adequacy of accuracy for capturing task-specific complexities, particularly in imbalanced
or time-dependent scenarios. These findings, detailed in Table 9, point to a critical need for
more nuanced and task-appropriate evaluation frameworks.

Table 9. Metric concentration by task: most-used metric, mentions, share, number of unique metrics,
and concentration label.

Normalized Task n
Articles Top Metric Top Metric

Mentions
Top Metric

Share
n Unique
Metrics

Metric Con-
centration

Condition
Monitoring 11 Accuracy 8 0.727 1 High

Fault Classification
(Diagnosis) 11 Accuracy 9 0.818 1 High

Failure Prediction 11 Accuracy 10 0.909 1 High
RUL Forecasting 26 Accuracy 20 0.769 1 High

Tool Wear Prediction 5 Accuracy 4 0.800 1 High

Sensitivity analysis by literature type (RQ3 robustness). Because the conclusions of
this review integrate a peer-reviewed corpus (n = 64) with an arXiv preprint cohort (n = 25)
whose quality has not been externally certified, a sensitivity analysis by literature type was
conducted to determine whether the principal findings depend on the inclusion of gray
literature evidence.

Scenario A—Peer-reviewed corpus only (n = 64). Re-computing the validation rigor
and deployment readiness distributions using only the peer-reviewed studies yields the
same concentrations reported in Sections 3.5 and 3.6: 65.6% at Tier 0–1, 10.9% at Tier 3,
60.9% at DRS = 0, 4.7% at DRS = 3, and 15.6% XAI adoption. The validation crisis and
deployment gap findings are therefore independent of the preprint cohort and rest entirely
on certified peer-reviewed evidence.

Scenario B—arXiv preprint cohort only (n = 25). The 25 preprints, treated as an
independent non-peer-reviewed cohort, yield a mean DRS of 1.72, a DRS = 0 share of 4.0%,
and a DRS = 3 share of 16.0%, together with 100% XAI coverage in the preprints selected
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through the semantic search. These figures describe the gray literature cohort on its own
terms and are not aggregated with the peer-reviewed numbers.

Scenario C—Claim stability under preprint exclusion. The central comparative claim
of this review—that the preprint cohort exhibits substantially higher deployment readiness
than the peer-reviewed corpus—is tested by re-expressing it under a stricter rule. Excluding
the five preprints with the highest methodological variability (those reporting bespoke non-
standardized hardware benchmarks without third-party replication, n = 5), the mean DRS
of the remaining 20 preprints drops from 1.72 to approximately 1.40, which is still about
2.2× the peer-reviewed mean (0.63) and preserves the direction and order of magnitude of
the original claim. Excluding every preprint reporting DRS = 3 (n = 4), the conservative
residual mean DRS is approximately 1.48, still more than 2.3× the peer-reviewed mean. The
direction of the finding is therefore robust to preprint-quality adjustment; what a stricter
reading modifies is the precise magnitude, not the sign, of the difference.

Interpretation. The preprints are interpreted in this review as signals of the current
research frontier rather than as validated evidence of deployed practice, and the strength
of the arXiv-vs-peer-reviewed difference reported in Section 3.6 is conditional on the
preprints being subsequently ratified through peer review. Until that ratification occurs,
the precise magnitudes attached to the preprint cohort should be read as upper bounds on
the publishable state-of-the-art, not as settled population parameters. The central claims
of this review are restated here explicitly under this constraint: (i) the validation crisis
and deployment gap in the peer-reviewed corpus are documented with peer-reviewed
evidence only and do not depend on the preprint cohort; (ii) the preprint cohort provides
independent, though non-peer-reviewed, corroboration that the research community is
actively addressing the gap; and (iii) the three-fold difference in mean DRS between cohorts,
though stable in direction under sensitivity analysis, should be monitored as preprints
migrate into indexed peer-reviewed publications over the next 12–24 months.

4. Discussion
4.1. The Validation Crisis: Methodological Implications

Assessment of validation rigor (Section 3.5) exposes a systemic crisis threatening cred-
ibility and industrial relevance of predictive maintenance AI research. Dominance of Tier 0
(unclear, 34.4%) and Tier 1 (random split, 31.2%) validation schemes indicates that nearly
two thirds of the corpus employs methodologies inadequate for assessing generalization in
non-stationary manufacturing. This finding aligns with broader concerns in machine learn-
ing research regarding reproducibility and evaluation best practices [14,16,17,113,114,117].

The root cause lies in misalignment between academic incentives and industrial
requirements. Academic publication rewards algorithmic novelty and benchmark-
performance improvements, incentivizing researchers to maximize reported accuracy
through aggressive hyperparameter tuning on static datasets. Industrial deployment,
conversely, demands robust generalization across diverse operational regimes, graceful
degradation under distribution shift, and uncertainty quantification in predictions. A model
achieving 99% accuracy on a randomly split test set provides no guarantee of 90%—or
even 50%—accuracy when facing new equipment, altered environmental conditions, or
evolving failure modes [108,109,113,114].

Temporal leakage—infiltration of future information into training data—constitutes
the primary technical failure. In predictive maintenance time-series, samples close in time
exhibit high autocorrelation. Random splitting places temporally adjacent samples in
both training and test sets, allowing models to exploit short-term correlations rather than
learning genuine fault signatures. Proper temporal validation requires strict chronological
partitioning: training on early operational periods, validation on intermediate periods, and
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testing on final periods [14,16,17,117]. This mimics deployment reality where models must
predict future failures based solely on historical data.

Cross-domain validation—training on one equipment population and testing on
another—represents the gold standard for generalization assessment. This approach re-
veals whether learned features capture physics-based failure mechanisms (valid across
equipment instances) or merely memorize idiosyncrasies of specific training assets (invalid
for deployment). Scarcity of cross-domain studies (10.9% of corpus) reflects data collection
challenges: acquiring labeled failure data from multiple industrial sites with sufficient
failure examples demands multi-year experimental campaigns and industrial partnerships
rarely feasible within academic timelines [108,109,113,114].

Benchmark dataset limitations compound validation interpretation. The widely used
C-MAPSS turbofan degradation dataset, while valuable, exhibits atypical real manufac-
turing characteristics: (1) simulated rather than physical data; (2) perfectly synchronized
sensor channels without missing values; (3) monotonic degradation without recovery
or maintenance interventions; (4) absence of confounding factors (environmental noise,
operator variability). Models optimized for C-MAPSS performance may not transfer to
industrial turbofans experiencing intermittent failures, inconsistent operational profiles,
and sensor faults [14,16,17,113,114,117].

A sharper contrast emerges when studies are stratified by the provenance of their
evaluation data. Applying the taxonomy of Table 7, the peer-reviewed corpus can be
partitioned into three strata: benchmark-dominant studies (RUL forecasting and fault
diagnosis, n = 36, of which 70.4–77.8% rely on C-MAPSS, IMS Bearing, PRONOSTIA,
CWRU, or Paderborn), mixed studies (tool condition monitoring, n = 16, combining PHM
2010 with custom sets), and industrial-data-dominant studies (general condition monitoring
and failure prediction, n = 9, relying on proprietary or custom datasets).

The three strata differ substantively in the claims their validation protocols can support.
Benchmark-dominant studies enable algorithmic comparison under homogeneous condi-
tions but inherit the structural limitations of those benchmarks: simulated degradation
(C-MAPSS), controlled run-to-failure laboratory bearings (IMS, PRONOSTIA, Paderborn),
and absence of stochastic environmental noise, sensor drift, and operating-regime changes.
Models whose reported accuracy is grounded exclusively in these datasets cannot, by
construction, support claims about performance under real industrial non-stationarity; the
quantitative evidence from Albelali and Ahmed [88], showing up to 20.5% RMSE inflation
when lag windows cross the split boundary, demonstrates that a non-trivial share of the
accuracy reported on benchmark splits is attributable to protocol artifacts rather than to
genuine generalization. Mixed studies occupy an intermediate position: they inherit the
reproducibility benefits of PHM 2010 while partially compensating with custom industrial
acquisitions. Industrial-data-dominant studies, though a minority of the corpus, are the
only stratum that can in principle support deployment claims—precisely because their
evaluation data reflect the operational variability that benchmark datasets lack. The in-
verse relationship, however, is that industrial-data-dominant studies typically report lower
headline accuracy than benchmark-dominant studies on comparable tasks, a gap that is
consistent with—but, critically, not evidence against—the generalization hypothesis.

The deployment-claim consequences follow directly. When a benchmark-dominant
study reports 98% accuracy on a random split of C-MAPSS, that figure quantifies per-
formance on the benchmark and not performance on an industrial turbofan. When an
industrial-data-dominant study reports 85% accuracy on chronological data from a single
facility, that figure is a closer proxy to deployment-time behavior but does not general-
ize to other sites without cross-domain validation. This review therefore recommends
that benchmark-dominant studies (a) report performance on at least one industrial or
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cross-equipment dataset or explicitly declare this limitation, and (b) refrain from fram-
ing benchmark accuracy as evidence of deployability. The PdM-AI Reporting Checklist
introduced in Section 4.4 (items C1 and C5) codifies this expectation.

4.2. The Deployment Gap: From Laboratory to Factory Floor

Deployment readiness assessment (Section 3.6) reveals that fewer than 5% of peer-
reviewed studies (4.7%, n = 3) simultaneously address edge constraints, real-time require-
ments, and explainability—the essential triad for industrial adoption [108–114]. This gap
manifests across three dimensions:

Computational Realism: The median deep learning model in our corpus contains
1–10 million parameters, requiring GPU acceleration and substantial memory bandwidth.
Typical industrial edge devices—ARM Cortex-M7 microcontrollers with 512 KB RAM,
FPGAs with limited logic elements, or entry-level AI accelerators—cannot accommodate
such architectures. The latency–accuracy–complexity trade-off receives insufficient atten-
tion, with most studies pursuing accuracy maximization without considering deployment
constraints [17,108,111,112,119,120].

Successful edge deployment demands model-compression techniques (pruning elimi-
nates redundant parameters, quantization reduces numerical precision, knowledge distilla-
tion transfers knowledge from large teacher to small student models) and hardware-aware
neural architecture search [10,108,109,113–116,118–120]. The adaptive dual-distillation
framework achieving 83% parameter reduction while maintaining accuracy exemplifies
the required approach [10]. Yet, deployment-oriented research constitutes a minority of
published work.

Temporal Constraints: Manufacturing process control operates on millisecond
timescales. CNC tool wear progression occurs in seconds; bearing failures develop over
minutes to hours; early-intervention windows may span mere seconds between anomaly
detection and catastrophic failure [17,108,111,112,119,120]. Models exhibiting inference
latency exceeding these windows—regardless of accuracy—provide no actionable value.
Yet, inference time remains underreported, with only 26.6% of studies characterizing
computational performance.

Real-time systems demand worst-case latency predictability, not merely average
performance. Runtime variability—caused by operating-system scheduling, garbage
collection, or thermal throttling—may render models unusable even if average latency
meets requirements [17,111,112,119,120]. Edge deployment mitigates some variability
sources (eliminating network communication delays, cloud service queues) while in-
troducing others (concurrent-process resource contention, processor thermal accelera-
tion) [108,109,113,114,118–120].

Human–AI Collaboration Barriers: Deep learning models’ black-box nature cre-
ates adoption friction in manufacturing environments where operators possess decades
of domain expertise. When an AI system recommends immediate production-line
shutdown—potentially costing thousands of dollars per hour—operators demand inter-
pretable justification, not merely confidence scores [16,109–112,118]. Explainability facili-
tates confidence calibration: operators learn when to trust AI recommendations (within
training distribution), when to apply caution (near distribution boundaries), and when to
override (outside training domain).

Regulatory authorities in certified industries (aerospace AS9100, automotive IATF
16949, pharmaceutical cGMP) increasingly mandate AI transparency [110–112]. The Eu-
ropean AI Act requires “high-risk AI systems” to provide information enabling human
oversight and understanding of decision logic [110]. Predictive maintenance systems influ-
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encing safety-critical or quality-control decisions fall under these regulations, creating legal
imperatives for XAI integration beyond mere technical desirability.

XAI implementation scarcity (15.6% of studies) reflects both technical challenges and
misaligned incentives. Explainability research frequently trades predictive performance for
interpretability, creating tension with precision-focused publication standards. Additionally,
XAI quality evaluation lacks consensus metrics—while predictive accuracy admits objective
measurement, explanation quality depends on subjective human judgment and domain
expertise [16,109–112,114,118].

4.3. Alignment with the Target Special Issue and Information System Scope

This review is submitted to the Special Issue “Surveys in Information Systems and
Applications” of Information and aligns with its aim of delivering systematic syntheses of
how information system technologies are applied in practice. Predictive maintenance in
complex manufacturing systems constitutes an application domain in which information
system infrastructure—sensor networks, data-processing pipelines, edge and cloud analyt-
ics, human–machine decision interfaces, and audit-ready reporting—directly conditions
the viability of AI methods. The subsections below map the principal thematic findings
of this review onto the research and reporting practices that these information system
dependencies require.

Sensor Fusion Strategies: Our analysis (Section 3.3) documents the transition from
mono-modal vibration signals to multi-modal fusion (vibration + current + acoustic + ther-
mal + vision). As an information system design concern, sensor fusion governs the integrity
of upstream data acquisition and therefore the admissibility of downstream analytics. The
most mature studies in our corpus demonstrate that sensor fusion not only improves accu-
racy but provides resilience against individual sensor failures and environmental condition
variability—critical characteristics for complex engineering systems [20–25].

Generative Models for Data Augmentation: Although underreported in the current
corpus (<5% of studies), generative models represent a promising frontier for addressing
fault data scarcity—a perennial predictive maintenance challenge where failure events
are rare by design. Future research should explore GANs, VAEs, and diffusion mod-
els for synthesizing realistic fault data, enabling robust model training without risking
production assets.

Digital Twins and AI-Enhanced Simulation: Digital twins provide information
system architectures that directly address validation limitations identified in Section 4.1.
Digital twins can provide safe testing grounds for predictive maintenance algorithms,
generating synthetic data under diverse operational conditions without real equipment
risk. The integration of digital twins with sim-to-real techniques could close validation
gaps by enabling model evaluation under failure scenarios that would be unethical or
impossible to induce in production systems.

Edge-AI Implementations: Our deployment readiness findings (Section 3.6) un-
derscore an urgent need for Edge-AI research focused on real-time industrial monitor-
ing, a canonical information system deployment pattern for distributed data acquisi-
tion and inference. Only 18.8% of studies address edge constraints, despite edge de-
ployment offering critical advantages: reduced latency, enhanced data privacy, reliable
operation under network disconnection, and scalability across distributed equipment
fleets [108,109,113,114,118–120].

Explainable AI in Engineering Decision-Making: With only 15.6% of studies integrat-
ing XAI, a massive gap exists in the coverage of Explainable AI for engineering decision-
making. As discussed in Section 4.2, explainability is not merely desirable but essential for
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industrial adoption in regulated contexts. Future research must prioritize explainability-by-
design rather than post hoc interpretation of black-box models [16,109–112,114,118].

Resilient AI Systems: Fault-tolerant engineering of AI systems connects directly
to our validation crisis findings. Complex engineering systems require AI models that
degrade gracefully under unseen conditions, quantify prediction uncertainty, and detect
when they operate outside the training domain. Techniques such as conformal learning,
Bayesian uncertainty quantification, and out-of-distribution anomaly detection should be
integrated into standard model development practices.

4.4. Implications for Research and Practice

These findings carry substantial implications for multiple stakeholder communities:
For Researchers: Future work should prioritize validation rigor, explicitly reporting

data-partitioning schemes and assessing temporal generalization. Cross-domain valida-
tion across multiple equipment instances should become standard practice, not excep-
tional achievement. Overreliance on benchmark datasets requires correction through
industrial data partnerships and emphasis on transfer learning scenarios. Deployment
considerations—edge compatibility, inference latency, explainability—should factor into
algorithm design from inception, not as afterthoughts.

For Practitioners: Industrial adoption decisions should scrutinize validation methodol-
ogy, not merely reported accuracy. Models validated via random splitting merit skepticism;
those demonstrating cross-domain generalization warrant serious consideration. Pilot
deployments should include extended temporal validation periods capturing seasonal
variations, operational regime changes, and equipment aging. Investment in explainability
infrastructure—visualization tools, operator training in AI interaction—is as critical as
model development itself [16,109–112,118].

For Journal Editors and Reviewers: Applying validation-reporting standards consti-
tutes high-leverage intervention. Requiring authors to explicitly declare data-partitioning
schemes, justify validation choices for time-series contexts, and report temporal general-
ization performance would substantially improve literature quality. Encouraging supple-
mentary materials containing implementation details, hyperparameter configurations, and
negative results enhances reproducibility [16,17].

For Funding Agencies: Research programs should incentivize industry–academia
collaboration enabling access to industrial-scale data. Multi-site, multi-equipment datasets
capturing equipment diversity, operational variability, and fault-mode heterogeneity en-
able validation rigor impossible with laboratory benchmarks. Funding deployment-
oriented research—addressing edge optimization, real-time system integration, human
factors—complements algorithmic innovation [108,109,113,114,118–120].

Translating the diagnostic findings of Sections 3.5, 3.6 and 4.1–4.3, into a concrete
instrument for research practice, we propose the PdM-AI Reporting Checklist below. The
checklist is intended as a minimum reporting standard for AI-for-predictive maintenance
submissions in complex manufacturing contexts and is organized along six dimensions
that correspond directly to the deficiencies documented in this review: validation protocol,
edge deployment, real-time inference, explainability, data provenance and diversity, and
negative or inconclusive results. Each item is stated as an assertion that the manuscript
should either satisfy or explicitly declare as non-applicable with justification.

C1. Validation protocol. State whether the validation scheme is Tier 0 (un-
clear/unreported), Tier 1 (random split), Tier 2 (k-fold cross-validation), or Tier 3 (temporal
or cross-domain split) per Section 2.4. For Tier 2–3, report fold structure or split boundaries,
the handling of temporal autocorrelation (e.g., purging, embargo), and any leakage au-
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dits performed. Declare explicitly whether the protocol prevents information from future
operating periods entering training.

C2. Edge deployment. Report target hardware class (MCU, FPGA, edge GPU, or
server-only) and the memory and compute envelope in which the model was evaluated.
For any Edge-AI claim, report peak parameters, peak memory, and per-inference energy
under the declared hardware; for compressed variants, report the accuracy delta relative
to the full model. Studies that do not address edge deployment should state so explicitly
rather than leave it unreported.

C3. Real-time inference. Report inference latency statistics (mean, p95, and worst-
case) on the declared hardware, together with the measurement methodology (cold-start
vs. steady-state, timing harness, concurrency assumptions). Relate the reported latency to
the task-level time constant of the target manufacturing application (sub-second, second,
or minute scale).

C4. Explainability. State whether the model integrates explainability by design
(architecture-native, e.g., attention, prototype, neuro-symbolic) or through post hoc meth-
ods (SHAP, LIME, counterfactuals). Identify the intended audience of the explanation
(operator, maintenance engineer, certification authority) and the quality metric used, if any.
Absence of XAI should be declared explicitly.

C5. Data provenance and diversity. Identify the data source(s) used (public bench-
mark, proprietary industrial, simulated, synthetic from generative models) and, for each,
the number of equipment instances, operating regimes, failure modes, and the presence or
absence of realistic imperfections (missing values, sensor drift, operator variability). When
a single benchmark is used, justify why transfer to industrial conditions is plausible.

C6. Negative and inconclusive results. Report configurations that were tried and
did not work at a level of detail sufficient for another group to avoid repeating them:
architectures tested and abandoned, hyperparameter regions that degraded performance,
datasets on which the model failed to generalize, and deployment attempts that did not
meet operational criteria. This item directly addresses the publication bias asymmetry
discussed in Section 4.5 and the unsuccessful path taxonomy introduced in Section 4.7.

Collectively, the six items address every single weakness identified in the quantitative
analysis: C1 targets the 65.6% Tier 0–1 concentration; C2–C4 target the DRS = 0 peer-
reviewed share of 60.9%; C5 targets the benchmark monopoly pattern documented in
Section 4.1 and Table 7; and C6 targets the reporting asymmetry analyzed in Section 4.5. The
checklist is deliberately format-agnostic: it can be adopted as a pre-submission self-report by
authors, as a reviewer aid, or as part of journal submission guidelines for AI-for-predictive
maintenance work.

4.5. Limitations of This Review

This systematic review presents several limitations that merit acknowledgment.
First, the restriction to English-language, peer-reviewed journal articles may have

excluded relevant research published in conference proceedings, technical reports, or
non-English sources. Nevertheless, this decision ensures the inclusion of archived, peer-
reviewed studies that guarantee methodological rigor and replicability.

Second, data extraction was based on titles, abstracts, and methodology sections.
Complete reproduction of each study was infeasible given the size of the corpus. Conse-
quently, some works classified as Tier 0 (unclear validation) may, in fact, employ rigorous
validation schemes that are insufficiently described in the manuscript text. This limitation
underscores the importance of clear methodological reporting as a standard requirement
for future publications.
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Third, the Deployment Readiness Score (DRS) framework, though systematic, relies on
binary indicators (present/absent) that may oversimplify nuanced implementation aspects.
For example, a study reporting inference time but achieving 500 ms latency—insufficient
for real-time control—receives the same score as one achieving 50 ms latency, which is
acceptable for most applications. Future reviews could incorporate finer-grained quanti-
tative indicators such as latency percentiles, compression ratios, or Explainable AI (XAI)
evaluation metrics.

Fourth, thematic clustering was conducted through unsupervised methods (TF-IDF
combined with k-means) applied to titles and abstracts. This approach may overlook subtle
semantic distinctions or impose artificial boundaries between closely related research
domains. Although expert-driven manual clustering could produce alternative taxonomies,
our chosen method favors reproducibility and minimizes subjective bias.

Fifth, given the rapidly evolving nature of AI research, the findings captured here
reflect the state of the literature up to January 2026. Emerging paradigms—such as foun-
dation models for time-series forecasting, multi-modal transformers, and neuro-symbolic
integration—are likely to reshape the field in the near future. Therefore, periodic updates
of this review will be necessary to monitor ongoing developments.

Sixth, a potential publication bias toward studies reporting positive accuracy results
may inflate the proportion of papers with high DRS or Validation Level within the corpus.
Although the inclusion of arXiv preprints partially mitigates this bias, negative or null
results in AI-based predictive maintenance remain systematically underreported in both
peer-reviewed literature and preprint repositories.

Finally, the assessment of evidence certainty using the GRADE framework was deemed
inapplicable to this review, as GRADE requires a body of evidence with quantifiable effect
estimates from comparative or randomized studies. Instead, the Validation Levels and
DRS frameworks developed in this review offer domain-adapted alternatives tailored to AI
applications in industrial engineering. The authors (C.F.H.V., D.A.G.A., L.F.G.G., R.A.M.R.,
A.V.-A. and J.A.V.O.) encourage their adoption as potential reporting standards for future
systematic reviews in this field.

Reporting and publication bias. Three sources of reporting bias are acknowledged
explicitly and constitute a limitation of this review distinct from the methodological limita-
tions discussed above.

Publication bias toward positive results. As in most fields of applied machine learn-
ing research, the published AI-for-predictive maintenance literature is asymmetrically
populated by studies reporting positive or state-of-the-art results. Configurations that
failed to converge, architectures that did not transfer, and pilot deployments that missed
operational criteria are systematically underrepresented in the peer-reviewed record. This
asymmetry means that the validation rigor distribution reported in Section 3.5 (65.6% of the
peer-reviewed corpus at Tier 0–1) and the deployment readiness distribution reported in
Section 3.6 (60.9% at DRS = 0, 4.7% at DRS = 3) should be read as plausibly optimistic esti-
mates of field practice rather than neutral snapshots; studies in which model development
was discontinued are, by construction, absent from the sample.

Near-absence of published failure reports. Beyond generic publication bias, the
PdM-AI literature exhibits a domain-specific pattern: the explicit reporting of failed models,
abandoned architectures, or deployments that were decommissioned is almost entirely
absent from the peer-reviewed corpus. Section 4.7 (unsuccessful paths) reconstructs four
recurring failure patterns inferentially—from the structural evidence of benchmark hyper-
optimization, overparameterization, opacity, and data monopoly—but the direct testimony
of individual failures is missing. This absence is itself a limitation of the available evidence
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base, because cautionary information is known only through indirect signals rather than
primary reports.

Indexing and language bias. The review sources (Scopus, Web of Science, arXiv)
systematically privilege English-language, indexed journal publications and preprints
from institutions with strong publication infrastructure. Relevant industrial case studies
published as technical reports, internal whitepapers, or in non-indexed conference proceed-
ings are not retrieved, and non-English contributions are excluded by eligibility criterion.
No formal quantitative bias assessment (funnel plot, Egger test) was possible because
the narrative nature of the synthesis and the heterogeneity of reported metrics preclude
pooled effect estimation. Future reviews of this field should systematically incorporate
gray industrial literature and regional non-English databases where available, and should
explicitly solicit failure reports—a reporting expectation that item C6 of the checklist in
Section 4.4 formalizes.

Taken together, these three sources of bias do not invalidate the principal findings
of this review—the Tier 0–1 concentration, the DRS = 0 share, and the XAI scarcity are
internally consistent across peer-reviewed and gray literature cohorts and are unlikely to
reverse under a less biased sampling frame. They do, however, caution against treating the
reported percentages as precise population parameters; the true level of deployment-ready,
rigorously validated, explainable PdM-AI practice in the industrial world is bounded above
by the numbers reported in this review.

4.6. Convergence and Divergence Between Peer-Reviewed and Preprint Evidence

Integrating the arXiv preprint cohort (n = 25, refs. [83–107]) alongside the peer-
reviewed corpus reveals both convergence on foundational findings and meaningful
divergence in the current research trajectory—a duality that provides simultaneous
internal validation of this review’s conclusions and forward projection of the field’s
near-term evolution.

Convergence. The preprint literature independently corroborates the two central find-
ings of this systematic review. First, deep learning architectures—specifically transformer-
based, hybrid CNN-LSTM, and emerging State Space Model variants—continue to dom-
inate RUL forecasting and fault diagnosis tasks in preprint submissions, confirming the
algorithmic dominance documented in Section 3.4 and demonstrating that this pattern
has not been disrupted by the arrival of foundation models. Second, validation inad-
equacy persists even in the most recent output: the majority of preprints still rely on
benchmark datasets (C-MAPSS, NASA Battery, CALCE) and do not employ cross-site
or cross-equipment validation protocols. This convergence strengthens confidence that
the validation crisis identified in the peer-reviewed corpus reflects a genuine structural
limitation of the field, not an artifact of publication lag or indexing coverage.

Divergence—Architectural frontier. The preprint cohort introduces three architectural
families absent from or marginally represented in the peer-reviewed corpus: (1) foundation
models pre-trained on massive heterogeneous sensor corpora [83,84,100], achieving few-shot
fault diagnosis across unseen equipment types via parameter-efficient fine-tuning—directly
addressing the data-scarcity barrier identified throughout this review; (2) Selective State
Space Models (specifically, the Mamba variant) [85], offering linear-time sequence processing
with measurable computational advantages for edge deployment relative to quadratic-
complexity transformers; and (3) neuro-symbolic hybrids [97,98] that couple deep anomaly
detection with companion rule-learners generating IF-THEN logic auditable by domain
operators, providing architecture-native rather than post hoc explainability. These in-
novations are not yet captured in the quantitative analysis of the peer-reviewed corpus
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(Section 3.4), but represent the current architectural frontier that future reviews will need to
systematically incorporate.

Divergence—Deployment readiness trajectory. The most consequential divergence
is quantitative. The arXiv cohort’s mean DRS of 1.72 is approximately three times that of
the peer-reviewed corpus (~0.63), and the proportion of studies achieving DRS = 0 declines
from 60.9% to 4.0%. This trajectory indicates that the deployment gap, while severe in the
historical peer-reviewed record through 2024, is actively narrowing in current research
output. Edge-AI hardware validation has transitioned from aspirational to demonstrated:
three preprints report end-to-end benchmarks on ARM Cortex-M, FPGA, and microcon-
troller platforms with sub-16 ms inference latency and sub-2 mJ energy consumption per
decision [92–94]—providing concrete reference thresholds for the Deployment Readiness
Score framework proposed in Section 2.4 and operationalizing what edge-compatible means
in quantitative terms.

Implications for interpretation. These patterns warrant a nuanced reading of this re-
view’s central findings. The validation crisis (Section 4.1) and deployment gap (Section 4.2)
are accurately characterized as systemic conditions of the published, peer-reviewed record
through January 2026. However, the preprint evidence suggests that the field’s response
is already underway, concentrated in gray literature that has not yet cleared peer review
but represents the current state of practice in leading research groups. For practitioners
evaluating technology readiness, this distinction matters: models reported in 2024–2026
preprints are likely to exhibit substantially higher deployment maturity than the 0.63
mean DRS of the peer-reviewed corpus would suggest. For the research community, it
underscores the importance of accelerating peer review of deployment-oriented work and
of incorporating gray literature systematically in future reviews. Tracking the migration
rate of these preprint contributions into the indexed peer-reviewed corpus represents a
high-value indicator of the research-to-practice gap’s closure in coming years.

4.7. Unsuccessful Paths in AI-PdM Research

Beyond the well-documented successes of AI for predictive maintenance, the corpus
also contains evidence of research trajectories that did not deliver on the expectations set
by their initial laboratory results. Making these trajectories visible is consistent with the
aims of the target Special Issue, which explicitly welcomes the reporting of unsuccessful
paths as cautionary evidence for the community. Four recurring patterns emerge from the
present synthesis.

Benchmark hyperoptimization without transfer. The concentration of RUL and fault
diagnosis studies on a small set of public datasets—C-MAPSS, IMS Bearing, PRONOSTIA,
CWRU, and Paderborn (Tables 6 and 7, Section 3.5)—has produced a long tail of models
reporting accuracies above 98% that did not transfer to equipment operating under un-
seen speeds, loads, or lubrication regimes. The trajectory is quantified by Albelali and
Ahmed [88], who measure up to 20.5% RMSE inflation in 10-fold cross-validation when lag
windows span the split boundary, with two-way and three-way chronological splits holding
bias below 5%. Models whose apparent state-of-the-art depended on such leakage did not
sustain their claims under chronological or cross-domain evaluation; their performance was
an artifact of the evaluation protocol rather than of the model itself. This pattern explains a
substantial fraction of the Tier 0–1 concentration documented in Section 3.5 (65.6% of the
peer-reviewed corpus).

Overparameterized architectures incompatible with target hardware. A second recur-
rent pattern is the publication of deep architectures with 1–10 million parameters, requiring
GPU acceleration and memory bandwidths unavailable on typical industrial edge devices
(ARM Cortex microcontrollers, FPGAs, and entry-level AI accelerators such as NVIDIA
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Jetson or Google Coral). Section 4.2 documents that edge-compatible re-implementation of
such models typically requires post hoc compression (pruning, quantization, knowledge
distillation), during which a non-trivial fraction of the original accuracy is lost. In several
documented cases, the accuracy gap after compression rendered the model indistinguish-
able from substantially simpler baselines, effectively neutralizing the original contribution.
The 2025 adaptive dual-distillation framework [10] and BearingPGA-Net [93] illustrate the
opposite trajectory—designs in which deployability was built in from the outset—and are
notable precisely because they remain exceptions rather than the rule.

Opacity as a barrier to certification. A third trajectory concerns black-box models
that achieved strong laboratory results but could not be advanced into safety-critical
deployment contexts. The peer-reviewed corpus shows 84.4% of studies without any
XAI integration, and the regulated industries identified in Section 4.2 (aerospace AS9100,
automotive IATF 16949, pharmaceutical cGMP) routinely require decision traceability
as a condition of certification [110–112]. Models whose decisions cannot be explained
to a certification authority—regardless of their validation accuracy—remain confined to
research pilots and do not progress into operational deployment. The 2024–2026 preprint
shift toward neuro-symbolic and attention-integrated architectures [97–99] is in part a
corrective response to this structural dead-end.

Unreported negative results. Finally, the field exhibits a systemic absence of published
negative results. Models that failed to generalize, architectures that were abandoned, and
pilot deployments that did not meet operational criteria rarely reach the indexed literature,
and when they do the failure is typically reframed as a design choice rather than a negative
finding. This reporting asymmetry operates at two levels: individual authors have limited
incentives to document configurations that underperformed, and peer-review venues rarely
solicit failure reports as primary contributions. The consequence is that the community
cannot efficiently avoid unsuccessful paths that are not made visible in the literature; each
research group re-discovers the same failure modes independently, at a cost that is difficult
to quantify but structurally embedded in the current publication model.

5. Conclusions
This systematic review of 89 studies (64 peer-reviewed + 25 arXiv preprints) spanning

two decades (2007–2026) reveals a paradoxical state of AI-for-predictive maintenance
research: notable algorithmic sophistication coupled with concerning validation practices
and deployment readiness gaps. Deep learning architectures—particularly CNNs for
fault diagnosis and LSTMs for RUL forecasting—have achieved dominance based on
superior performance in controlled experimental settings. Hybrid architectures combining
convolutional feature extraction with recurrent temporal modeling represent the current
frontier, demonstrating state-of-the-art accuracy on benchmark datasets.

However, critical examination of validation methodologies exposes systemic weak-
nesses threatening industrial relevance. More than two-thirds of studies employ validation
schemes (Tier 0: unclear, Tier 1: random split) inadequate for assessing generalization in
non-stationary manufacturing. Random-split data leakage produces optimistic accuracy
estimates failing to materialize in deployment. Only 10.9% of studies achieve Tier 3 rigor
through temporal splitting or cross-domain validation, representing best practices for
complex engineering systems.

Deployment readiness assessment reveals even more pronounced gaps. Fewer than
19% of studies address edge computational constraints; only 27% characterize real-time
inference performance; and merely 15.6% integrate explainability mechanisms. These
dimensions—edge compatibility, temporal constraints, human–AI collaboration—are pre-
requisites for industrial adoption, yet receive minimal attention in the academic literature.
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The disconnect reflects misaligned incentives: academic publication rewards algorith-
mic novelty and benchmark precision, while industrial deployment demands robustness,
efficiency, and interpretability.

Our novel Readiness Score framework (combining Edge-AI, real-time, and XAI in-
dicators) provides a systematic tool for assessing operational maturity. Only 4.7% of
peer-reviewed studies achieve the maximum score, addressing all three deployment dimen-
sions simultaneously. This finding quantifies the frequently lamented but rarely measured
“lab-to-factory gap” in practitioner communities. Notably, the 25 arXiv preprints from
2024 to 2026 demonstrate a mean DRS of 1.72—nearly three times the peer-reviewed
average—indicating that the gap is actively narrowing in the current research frontier, a
trajectory analyzed systematically in Section 4.6.

5.1. Contributions and Practical Implications

This review advances the field through three primary contributions:
Evidence-Based Taxonomy: The five-cluster thematic structure (General PdM, RUL

forecasting, tool wear, Sensor/Niche, fault detection) provides an organizing framework
for heterogeneous predictive maintenance literature. Clear identification of dominant
AI architectures for each task (CNNs for fault diagnosis, LSTMs for RUL, hybrids for
multi-modal fusion) offers practitioners evidence-based algorithm-selection guidance.

Validation Rigor Framework: The four-tier classification (0: unclear, 1: random split,
2: k-fold, 3: temporal/cross-domain) establishes a reproducible standard for assessing
methodological quality in time-series predictive maintenance research. This framework
can inform journal review practices, guide researcher validation choices, and enable future
meta-analyses controlling for validation rigor as a moderating variable.

Deployment Readiness Score: Three-indicator assessment (Edge-AI, real-time, XAI)
quantifies operational maturity, enabling systematic comparison across studies and identi-
fication of deployment-oriented research gaps. This metric can guide funding priorities,
industry–academia partnership design, and translation of academic innovations to indus-
trial practice.

5.2. Research Agenda for Closing the Gap

Based on the identified deficiencies, we propose a research agenda addressing the
validation crisis and deployment readiness gap:

Standardized Validation Protocols: The community should adopt temporal validation
as default for time-series predictive maintenance. Mandatory reporting elements should
include: (1) explicit data-partitioning scheme with temporal visualization; (2) performance
metrics on strictly separated test sets; (3) sensitivity analysis examining performance
degradation under distribution shift; (4) confidence intervals or uncertainty quantification
for predictions [14,16,17,117].

Cross-Domain Benchmark Datasets: Development of multi-site, multi-equipment
benchmark datasets capturing operational diversity would enable standardized cross-
domain generalization evaluation. Such datasets should include: (1) data from at least
3–5 distinct equipment instances; (2) variable operational regimes (speeds, loads, environ-
mental conditions); (3) multiple failure modes with imbalanced class distributions; (4) real-
istic imperfections (missing data, sensor failures, calibration drift) [14,16,17,113,114,117].

Native Edge Algorithm Design: Research should shift from post hoc compression
of overparameterized models toward designing lightweight architectures from inception.
Hardware-aware neural architecture search, binary neural networks, and efficient atten-
tion mechanisms represent promising directions. Benchmarking should report precision–
latency–memory Pareto frontiers, not merely peak accuracy [10,108,109,113–116,118–120].
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Real-Time System Integration: Studies proposing real-time predictive maintenance
should characterize worst-case execution time, not merely average inference latency. Inte-
gration with real-time operating systems (RTOS), deterministic scheduling, and resource-
reservation mechanisms requires deeper treatment. Field validation demonstrating closed-
loop control integration would substantiate deployment claims [17,108,111,112,119,120].

Explainability by Design: XAI should transition from post hoc interpretation of
black-box models to inherently interpretable architectures. Attention mechanisms, pro-
totype learning, and hybrid neuro-symbolic approaches offer paths toward intrinsi-
cally explainable models. Human factors research evaluating operator trust, calibra-
tion, and decision-making when interacting with XAI systems remains critically underex-
plored [16,109–112,114,118].

Transfer Learning Frameworks: Given the scarcity of labeled data for many industrial
failure modes, transfer learning from data-rich domains (e.g., pre-training on bearing faults,
fine-tuning for gearbox faults) merits systematic investigation. Meta-learning approaches
enabling rapid adaptation to new equipment instances with minimal labeled data represent
a promising frontier [10,108,109,113–116].

Foundation and Large Models for PHM: The emergence of large pre-trained mod-
els for Prognostics and Health Management—UniFault [83], BearLLM [84], and PHM-
LM [100]—raises a practical question that this corpus cannot yet answer: whether few-shot
transfer from a pre-trained PHM backbone generalizes across industries, equipment types,
and failure modes in a way that satisfies the cross-domain validation criteria defined
in Section 2.4. Studies are needed that systematically measure adaptation cost (labeled
samples required, fine-tuning compute), residual performance gap relative to equipment-
specific models, and the tractability of certification under standards such as AS9100 and
IATF 16949 when the base model was trained on data from unrelated domains.

Diffusion Models for Fault Data Synthesis: Diffusion models represent a method-
ologically mature alternative to GANs and VAEs for synthesizing fault time-series in
low-data regimes. FaultDiffusion [101] generates realistic fault signatures from fewer than
ten observed examples by conditioning a diffusion process on the contrast between normal
and anomalous behavior, without requiring explicit fault labels during pre-training. A
broader survey of deep generative models in condition monitoring [102] documents ap-
plications across structural health monitoring, bearing diagnosis, and rotating machinery
prognostics. A research gap that remains open is the absence of a standardized protocol for
assessing the fidelity and diversity of generated fault data and their downstream effect on
classifier generalization; without such a protocol, synthetic augmentation results are not
directly comparable across studies.

Online Continual Learning for Operational Environments: Tier 4 operational vali-
dation, in which a model is continuously evaluated against live production data, requires
infrastructure that static training regimes do not provide. Three components appear neces-
sary: a mechanism to detect when the data distribution has shifted enough to invalidate
the current model (CDSeer [90] satisfies this with minimal labeling overhead), a proce-
dure for updating model parameters without full retraining (NatSR [91] frames this as
online score-driven parameter filtering), and a physics-informed regularizer to prevent the
updated model from violating known degradation dynamics (MKDPINN [103] embeds
partial differential equation constraints learned from sensor data). No published study has
integrated all three components in a single operational pipeline; this integration constitutes
a concrete and tractable research objective for the community.
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5.3. Call to Action

Translating AI performance into plant-floor value requires coordinated effort from
researchers, practitioners, industrial partners, and funding agencies. The algorithmic
capabilities demonstrated in the reviewed literature are sufficient; the remaining bar-
riers are methodological, institutional, and incentive-based. By prioritizing validation
rigor, deployment realism, and human-centered design alongside algorithmic innova-
tion, the community can close the gap between laboratory demonstrations and plant-floor
value creation.

The $50 billion annual cost of unplanned manufacturing downtime represents both
challenge and opportunity. AI for predictive maintenance—properly validated and respon-
sibly deployed—can substantially reduce this burden while improving safety, sustainability,
and competitiveness. This review provides both critical assessment of current limitations
and a constructive roadmap toward trustworthy, industrial-grade predictive maintenance
AI systems worthy of widespread adoption.

In alignment with the Special Issue “Surveys in Information Systems and Applica-
tions” of Information, we anticipate this review will drive interdisciplinary collaboration,
familiarize engineering researchers with emerging AI paradigms, and accelerate transition
from academic research to industrial impact. Modern manufacturing systems’ complexity
demands equally sophisticated AI approaches—but sophistication without validation rigor
and deployment realism remains merely academic. The path forward requires shared
commitment to methodological excellence, transparency, and accountability among all
stakeholders in the manufacturing AI ecosystem.
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RTOS Real-Time Operating System
MCSA Motor Current Signature Analysis

References
1. Carvalho, T.P.; Soares, F.A.; Vita, R.; Francisco, R.D.P.; Basto, J.P.; Alcalá, S.G. A systematic literature review of machine learning

methods applied to predictive maintenance. Comput. Ind. Eng. 2019, 137, 106024. [CrossRef]
2. Baptista, M.; Sankararaman, S.; de Medeiros, I.P.; Nascimento, C.; Prendinger, H.; Henriques, E.M. Forecasting fault events for

predictive maintenance using data-driven techniques and ARMA modeling. Comput. Ind. Eng. 2018, 115, 41–53. [CrossRef]
3. Lei, Y.; Li, N.; Guo, L.; Li, N.; Yan, T.; Lin, J. Machinery health prognostics: A systematic review from data acquisition to RUL

prediction. Mech. Syst. Signal Process. 2018, 104, 799–834. [CrossRef]
4. Zhang, W.; Yang, D.; Wang, H. Data-driven methods for predictive maintenance of industrial equipment: A survey. IEEE Syst. J.

2019, 13, 2213–2227. [CrossRef]
5. Dalzochio, J.; Kunst, R.; Pignaton, E.; Binotto, A.; Sanyal, S.; Favilla, J.; Barbosa, J. Machine learning and reasoning for predictive

maintenance in Industry 4.0: Current status and challenges. Comput. Ind. 2020, 123, 103298. [CrossRef]
6. Jiménez-Cortadi, A.; Irigoien, I.; Boto, F.; Sierra, B.; Rodríguez, G. Predictive maintenance on the machining process and machine

tool. Appl. Sci. 2020, 10, 224. [CrossRef]
7. Goodfellow, I.; Bengio, Y.; Courville, A. Deep Learning; MIT Press: Cambridge, MA, USA, 2016.
8. LeCun, Y.; Bengio, Y.; Hinton, G. Deep learning. Nature 2015, 521, 436–444. [CrossRef]

https://doi.org/10.3390/info17050456

https://doi.org/10.1016/j.cie.2019.106024
https://doi.org/10.1016/j.cie.2017.10.033
https://doi.org/10.1016/j.ymssp.2017.11.016
https://doi.org/10.1109/JSYST.2019.2905565
https://doi.org/10.1016/j.compind.2020.103298
https://doi.org/10.3390/app10010224
https://doi.org/10.1038/nature14539
https://doi.org/10.3390/info17050456


Information 2026, 17, 456 37 of 41

9. Vaswani, A.; Shazeer, N.; Parmar, N.; Uszkoreit, J.; Jones, L.; Gomez, A.N.; Kaiser, Ł.; Polosukhin, I. Attention is all you need. Adv.
Neural Inf. Process. Syst. 2017, 30, 5998–6008. [CrossRef]

10. Cheng, X.; Chaw, J.K.; Sahrani, S.; Ang, M.C.; Gunasekaran, S.S.; Ting, C.Y. An adaptive dual distillation framework for remaining
useful life prediction. Complex Intell. Syst. 2025, 11, 253. [CrossRef]

11. Li, X.; Zhang, W.; Ding, Q. Deep learning-based remaining useful life estimation of bearings using multi-scale feature extraction.
Reliab. Eng. Syst. Saf. 2019, 182, 208–218. [CrossRef]

12. Qin, Y.; Wang, X.; Zou, J. The optimized deep belief networks with improved logistic sigmoid units and their application in fault
diagnosis. IEEE Trans. Ind. Electron. 2019, 66, 3373–3381. [CrossRef]

13. Zonta, T.; da Costa, C.A.; da Rosa Righi, R.; de Lima, M.J.; da Trindade, E.S.; Li, G.P. Predictive maintenance in the Industry 4.0: A
systematic literature review. Comput. Ind. Eng. 2020, 150, 106889. [CrossRef]

14. Roberts, D.R.; Bahn, V.; Ciuti, S.; Boyce, M.S.; Elith, J.; Guillera-Arroita, G.; Hauenstein, S.; Lahoz-Monfort, J.J.; Schröder, B.;
Thuiller, W.; et al. Cross-validation strategies for data with temporal, spatial, hierarchical, or phylogenetic structure. Ecography
2017, 40, 913–929. [CrossRef]

15. Bousdekis, A.; Magoutas, B.; Apostolou, D.; Mentzas, G. Review, analysis and synthesis of prognostic-based decision support
methods for condition based maintenance. J. Intell. Manuf. 2018, 29, 1303–1316. [CrossRef]

16. Page, M.J.; McKenzie, J.E.; Bossuyt, P.M.; Boutron, I.; Hoffmann, T.C.; Mulrow, C.D.; Shamseer, L.; Tetzlaff, J.M.; Akl, E.A.;
Brennan, S.E. The PRISMA 2020 statement: An updated guideline for reporting systematic reviews. Br. Med. J. 2021, 372, n71.
[CrossRef]

17. Page, M.J.; Moher, D.; Bossuyt, P.M.; Boutron, I.; Hoffmann, T.C.; Mulrow, C.D.; Shamseer, L.; Tetzlaff, J.M.; Akl, E.A.; Brennan,
S.E.; et al. PRISMA 2020 explanation and elaboration: Updated guidance and exemplars for reporting systematic reviews. Br. Med.
J. 2021, 372, n160. [CrossRef] [PubMed]

18. Moher, D.; Liberati, A.; Tetzlaff, J.; Altman, D.G.; PRISMA Group. Preferred reporting items for systematic reviews and
meta-analyses: The PRISMA statement. PLoS Med. 2009, 6, e1000097. [CrossRef]

19. Jogdeo, A.A.; Patange, A.D.; Atnurkar, A.M.; Sonar, P.R. Robustification of the Random Forest: A Multitude of Decision Trees for
Fault Diagnosis of Face Milling Cutter Through Measurement of Spindle Vibrations. J. Vib. Eng. Technol. 2024, 12, 4521–4539.
[CrossRef]

20. Hirsch, V.; Reimann, P.; Mitschang, B. Data-driven fault diagnosis in end-of-line testing of complex products. In Proceedings of the
2019 IEEE International Conference on Data Science and Advanced Analytics (DSAA 2019); IEEE: New York, NY, USA, 2019. [CrossRef]

21. Cheng, Q.; Cao, Y.; Zhang, T.; Sun, L.; Xu, L.; Liu, Z.; Cheng, C. An improved self-organizing mapping neural network and its
application in fault diagnosis of CNC machine tool servo drive system. Proc. Inst. Mech. Eng. Part B J. Eng. Manuf. 2025, 239,
1299–1313. [CrossRef]

22. Calabrese, F.; Regattieri, A.; Botti, L.; Galizia, F.G. Prognostic health management of production systems. New proposed approach
and experimental evidences. Procedia Manuf. 2019, 39, 260–269. [CrossRef]

23. Martínez-Arellano, G.; Ratchev, S. Towards an active learning approach to tool condition monitoring with bayesian deep learning.
In Proceedings of the European Council for Modelling and Simulation (ECMS), Caserta, Italy, 11–14 June 2019. [CrossRef]

24. Langone, R.; Alzate, C.; De Ketelaere, B.; Vlasselaer, J.; Meert, W.; Suykens, J.A. LS-SVM based spectral clustering and regression
for predicting maintenance of industrial machines. Eng. Appl. Artif. Intell. 2015, 37, 268–278. [CrossRef]

25. Liu, J.; An, Y.; Dou, R.; Ji, H. Dynamic deep learning algorithm based on incremental compensation for fault diagnosis model.
Int. J. Comput. Intell. Syst. 2018, 11, 846–860. [CrossRef]

26. Lu, Y.; Yang, S. Construction and research of a data-driven model for early fault detection in rotating machinery. J. Eng. Appl. Sci.
2026, 73, 21. [CrossRef]

27. Shi, C.; Luo, B.; He, S.; Li, K.; Liu, H.; Li, B. Tool Wear Prediction via Multidimensional Stacked Sparse Autoencoders with Feature
Fusion. IEEE Trans. Ind. Inform. 2020, 16, 5150–5159. [CrossRef]

28. Hassan, M.; Sadek, A.; Attia, M.H. A Generalized Multisensor Real-Time Tool Condition-Monitoring Approach Using Deep
Recurrent Neural Network. Smart Sustain. Manuf. Syst. 2019, 3, 41–52. [CrossRef]

29. He, D.; Li, R.; Bechhoefer, E. Stochastic modeling of damage physics for mechanical component prognostics using condition
indicators. J. Intell. Manuf. 2012, 23, 221–226. [CrossRef]

30. Windmann, S.; Westerhold, T. Fault detection in automated production systems based on a long short-term memory autoencoder.
At-Automatisierungstechnik 2024, 72, 47–58. [CrossRef]
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