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OIIEHKA TEXHOJIOTTYECKOM TOTOBHOCTH PEIIEHUI
HA OCHOBE MAIIIMHHOTI'O OBYYEHUSA 1JIAA TPOPUITAKTHYECKOI'O
OBCJIYKUBAHUSA B CTAJIEJIUTEHHON MPOMBINIJIEHHOCTHA
TECHNOLOGY READINESS ASSESSMENT OF MACHINE LEARNING
SOLUTIONS FOR PREDICTIVE MAINTENANCE IN THE STEEL SECTOR

AnHOTamus. Ha cranenuTelHBIX  NPEANPUATHAX  TE€HEPUPYIOTCS  HENPEPHIBHBIE
MHOI'OMCPHBIC JaHHBIC C JaTYUKOB, pa60Ta10Lu1/1x C TCPMOMCXAaHHNYCCKHU CJI0KHBIM O60py,Z[OBaHI/IeM,
OJHAaKO J0JA 3THX JaHHBIX, npe06pa3yeme B IIOJIC3HYIO I/IH(i)OpMaIII/IIO JIs1 TEXHUYCCKOT'O
O6CJ’Iy)KI/IBaHI/I$I C IIOMOIIIBIO MAIIIMHHOT'O O6yLICHI/I}I, ocTaeTtcst Hu3kou. B JaHHOM CUCTEMAaTHYCCKOM
o030pe paccMaTpuUBAaeTCS TEXHOJOTMYECKas 3pejiocTb pEeHIeHHH 10 IPOrHO3UPYyEMOMY
TEXHUYCCKOMY O6CJ'Iy')KI/IBaHI/IIO Ha OCHOBC MAIlIMHHOI'O O6y‘-IeHI/I$I, MNPUMCHACMBIX BO Bcen OCIMOYKE
MIPOU3BOJICTBA CTAJIM, C UCIIOIb30BAHUEM CTPYKTYpPbl YPOBHEH FOTOBHOCTU TEXHOJIOTHHA MAIIMHHOIO
oboyuenuss (MLTRL) B kauecTBe CTPYKTYpHUPOBAHHOW OIICHOYHOW OCHOBBI. B 00IIel CIOXKHOCTH
ObLT0 HaliAeHo 219 ucciemoBaHnid MyTEM CUCTEMAaTHYECKOTo TTOMCKa B 06a3ax JaHHBIX Scopus, Web
of Science, IEEE Xplore u ACM Digital Library; mocie moaTHOTEKCTOBOTO aHaNIU3a 87 UCCIIeTOBaHHMA
ObLIH MNOABCPTHYTHI OLICHKE I'OTOBHOCTH. Pacnpe)leneHI/Ie OLCHCHHBIX I/ICCJ'Ie)IOBaHI/If/'I IIOKAa3bIBACT
BBIP@XKECHHYIO KOHIEHTpauuio Ha ypoBHsAX MLTRL ot 3 g0 5, cOOTBETCTBYIOLIMX MPOBEPKE
KOHICIIIWU Ha p€AJIbHBIX IMIPOMBIIIJICHHBIX TaHHBIX oe3 BHCAPCHUS B ITPON3BOACTBCHHBIX YCIOBHUAX.
Menee 12% pPaCcCMOTPCHHBIX pa60T OIHUCBIBAIOT MHTCTPALMIO B paGOqu IpouecCChl OICPATUBHOT'O
TEXHUYCCKOT'O 06CJ'Iy>KI/IBaHI/I$[ C MOHHUTOPHUHI'OM TIIOCJIC BHCIAPCHMUA. B wMmet OJ0JIOTUU OIICHKN
OCTAaTOYHOI'0 CpoOKa CJ'Iy)K6BI JOMHUHHPYIOT PEKYPPCHTHLIC U CBCPTOYHLBIC apXUTCKTYPhBI FJ'Iy6OKOFO
o0Oy4deHus, B TO BpeMs KakK MOJXOJbl Ha OCHOBE aBTOKOJMPOBIIMUKOB MOJTYYHIIM PaclpoCTpaHEHHE
151 O6Hapy)KCHI/I$I aHoMaJui B YCIOBHUAX HCC6aHaHCI/IpOBaHHOCTI/I Kki1accoB. OCHOBHBIE OpCIATCTBUA
Ha nyTHn ITIOBBIIIICHUA TOTOBHOCTHU OMpECACIIAOTCA (91 (S914%:0) 100 %0% O6p2130MZ OTCYTCTBUE
O6IJ_ICI[0CTyHHLIX OTAJIOHHBIX Ha60pOB JaHHBbIX, CHeI_[I/I(I)I/I‘{HBIX I CcTalleIuTeHHON
IMPOMBIINIIICHHOCTH,; OTpaHUYCHHA BOCIIPOU3BOAMMOCTH, BOSHUKAIONIUE U3-3a IIPONPUCTAPHBIX CPEa
JaHHBIX; 1 HCJOCTATOYHOC COOTBETCTBUC MCIKAY LICIIIMU p8.3pa6OTKI/I aJITOpUTMOB U Tpe6OBaHI/I$IMI/I
HpOMI:IHIJICHHOfI HHTCrpanuu.

Abstract. Steelmaking facilities generate continuous high-dimensional sensor data across
thermomechanically demanding equipment, yet the proportion of that data translated into actionable
maintenance intelligence through machine learning remains low. This systematic review examines
the technological maturity of machine learning-based predictive maintenance solutions applied across
the steel production chain, using the Machine Learning Technology Readiness Level (MLTRL)
framework as a structured evaluative basis. A total of 219 studies were retrieved through systematic
database search across Scopus, Web of Science, IEEE Xplore, and ACM Digital Library; after full-
text screening, 87 were subjected to readiness assessment. The distribution of assessed studies reveals
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a pronounced concentration at MLTRL levels 3 through 5, corresponding to proof-of-concept
validation on real industrial data without production-grade deployment. Fewer than 12% of reviewed
contributions document integration into operational maintenance workflows with post-deployment
monitoring. Recurrent and convolutional deep learning architectures dominate the methodological
landscape for remaining useful life estimation, while autoencoder-based approaches have gained
traction for anomaly detection under class-imbalanced conditions. The principal barriers to readiness
advancement are identified as follows: absence of publicly accessible steel-specific benchmark
datasets; reproducibility constraints arising from proprietary data environments; and insufficient
alignment between algorithmic development objectives and industrial integration requirements.

KiroueBhblIe ciioBa: HporHo3I/Ipy}omee TEXHHUYCCKOC O6CJ1y)KI/IBaHI/Ie, MalIMHHOC 06yquI/Ie,
YPOBEHb 'OTOBHOCTHU TCXHOJ‘IOFI/II‘/II, CTaJIeJInTeHas MIPOMBIINIJICHHOCTD, OCTATOYHEIN CpOK CJ'Iy)K6I>I,
riyookoe o0yueHue, TMarHocTiuka HercnpaBHocTel, Muayctpus 4.0.

Keywords: Predictive maintenance, machine learning, technology readiness level, steel
industry, remaining useful life, deep learning, fault diagnosis, Industry 4.0.

Introduction

Among large-scale manufacturing industries, steelmaking presents one of the most demanding
environments for condition monitoring. Equipment such as blast furnaces, continuous casting
machines, and hot rolling mills operates under combinations of extreme temperature, mechanical
shock, electromagnetic interference, and chemical aggression that simultaneously degrade
instrumentation and structural integrity (Cemernek et al., 2022). Under continuous production
regimes, brief unscheduled stoppages propagate across tightly coupled process stages, converting
localized equipment failures into systemic output losses. Maintenance costs in integrated steelworks
represent between 15% and 40% of total operating expenditure depending on facility age and product
mix (Gajdzik & Wolniak, 2021), a figure that reflects the economic pressure driving interest in data-
driven maintenance approaches.

The theoretical basis for machine learning in predictive maintenance is well founded.
Industrial assets generate time-series signals from vibration, acoustic, thermal, and electrochemical
sensors that encode degradation trajectories preceding failure by hours or days. ML algorithms
designed for sequential pattern recognition are technically suited to extracting prognostic features
from such data streams (Serradilla et al., 2022). The past decade has produced an extensive literature
documenting model performance across fault detection, fault classification, and remaining useful life
(RUL) estimation tasks. Recent contributions have begun to address the specific data and
environmental conditions of steel production directly, examining how Al-based predictive
maintenance frameworks can be adapted to the operational realities of steelmaking rather than
transplanted from other industrial domains (Shargaev, 2025b).

The Machine Learning Technology Readiness Level (MLTRL) framework, introduced by
Lavin et al. (2022) in Nature Communications, extends the classical nine-point NASA TRL scale to
accommodate the specific maturation challenges of ML systems. It defines readiness levels from
initial basic research through to deployed, continuously monitored production systems, with explicit
gate criteria at each transition. Unlike generic software readiness frameworks, MLTRL directly
addresses the failure modes characteristic of ML systems: distributional shift, model degradation over
time, and the inadequacy of static test-set performance as a proxy for operational reliability. Applying
this framework to the steel PdM literature provides a structured and reproducible basis for assessing
where the field genuinely stands relative to industrial deployment.

This review reports the results of a systematic search and MLTRL-based readiness assessment
of ML-driven PdM solutions in steel manufacturing. It characterizes the distribution of published
work across readiness levels, identifies the technical and organizational factors governing
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advancement from research prototype to operational system, and situates recent contributions within
this maturity landscape.

Methods

Eligibility assessment proceeded in two stages consistent with PRISMA 2020 guidelines
(Page et al., 2021). Title and abstract screening was conducted by two independent reviewers applying
inclusion criteria requiring: an empirically grounded ML method, a maintenance task application as
opposed to product quality prediction exclusively, and a steel production operational context. Full-
text assessment was applied to all records passing initial screening. Exclusion at full-text stage was
applied for: absence of quantitative results, insufficient methodological description, and inaccessible
full text. Inter-rater agreement was evaluated via Cohen's kappa; disagreements were resolved
through consensus discussion. The final sample for readiness level assignment comprised 87 studies.

Each study was assigned an MLTRL score based on three observable dimensions. The first
was dataset provenance: synthetic data or public benchmark datasets indicated MLTRL 1 through 3;
real industrial sensor data from steel facilities indicated MLTRL 4 through 5; operational deployment
data with maintenance outcome records indicated MLTRL 6 through 9. The second dimension was
deployment context: a laboratory or computational setting indicated MLTRL 1 through 4; a pilot
installation without integration into production SCADA or MES systems indicated MLTRL 5 through
6; documented integration with alert-response workflows indicated MLTRL 7 through 9. The third
dimension was monitoring documentation: studies reporting post-deployment model performance
tracking or drift monitoring were assigned scores at the higher end of their deployment-level range.
Assignment was conducted independently by two reviewers with reference to the gate criteria in
Lavin et al. (2022).

Results

The distribution of studies across steel production equipment types is markedly uneven. Hot
rolling mills and blast furnaces account for the largest share of published PdM research, attributable
to their operational criticality and the relative accessibility of their sensor infrastructure. Continuous
casting machines are addressed in a smaller but methodologically mature subset of the literature,
given the severity of breakout events as a maintenance target (Cemernek et al., 2022). Electric arc
furnaces, ladle metallurgy facilities, and downstream finishing processes including pickling lines,
cold rolling, annealing, and galvanizing are substantially underrepresented relative to their operational
significance. This asymmetry has direct consequences for technology readiness: equipment types with
sparse published research are simultaneously those for which validated deployment architectures are
least available.

Deep learning methods dominate recent publications on RUL estimation and fault prognosis
in steel equipment. Hybrid CNN-LSTM architectures have shown strong benchmark performance for
sequential sensor data, combining local feature extraction through convolutional layers with long-
range temporal dependency modelling through recurrent units (Peng et al., 2024). On widely used
proxy benchmarks such as the NASA C-MAPSS turbofan dataset, CNN-LSTM configurations have
achieved RMSE values below 12 in several published implementations (Muthukumar & Philip,
2024), though the transferability of such performance to steel-specific degradation profiles,
characterized by thermal cycling, scale buildup, and roll wear, has not been systematically validated.

Autoencoder-based anomaly detection has gained traction specifically for steel PdM
applications where labeled failure data is scarce. Variational and convolutional autoencoder
architectures learn compressed representations of normal operational states; inference-stage
deviations from this representation serve as anomaly scores without requiring explicit failure labels
during training (Serradilla et al., 2022). This characteristic is particularly relevant to steelmaking,
where well-maintained critical equipment may experience only a small number of failure events
annually, making supervised classification approaches dependent on synthetic augmentation or cost-
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sensitive learning corrections. Shargaev (2025b) specifically addresses this challenge within the steel
sector, demonstrating how Al-based PdM architectures can be structured to operate effectively under
the class-imbalanced and data-scarce conditions typical of integrated steelworks.

The challenge of building viable PdM pipelines under these data constraints is not purely
algorithmic. Shargaev (2025b) examines the structural preconditions for effective Al-based predictive
maintenance in the steel industry, arguing that model selection cannot be decoupled from the data
collection infrastructure and sensor deployment strategy of a given facility. This perspective shifts
the analytical focus from isolated benchmark performance toward the end-to-end readiness of the
maintenance intelligence pipeline, a reframing that aligns directly with the MLTRL evaluation logic
applied in the present review.

The formalization of data preprocessing and feature engineering pipelines for steel sensor
environments, including adaptive normalization for thermally drifting sensors and frequency-domain
feature extraction for vibration signals under variable-speed operating conditions, represents a
contribution that bridges the gap between algorithmic capability and real-data deployment readiness.
Such contributions directly address the MLTRL 4 through 5 transition requirements that most
published work does not engage. Parallel to developments in maintenance, recent work on precision
metal cutting has demonstrated that reinforcement learning can be applied to optimize cutting
parameters in real time under conditions of tool wear and material variability (Shargaev, 20253a),
providing a methodological template for adaptive control strategies that share structural similarities
with PdM policy optimization.

Tree-based ensemble methods, particularly gradient-boosted trees, retain a consistent presence
in fault classification tasks where dataset scale is limited and interpretability is operationally required.
Their competitive performance on feature-engineered tabular data from legacy sensor systems and
their native compatibility with feature importance attribution make them practical choices in facilities
where deep learning infrastructure is not established (Surucu et al., 2023). Physics-informed ML,
embedding known degradation equations into neural network loss functions, has begun to appear in
steel-relevant literature as a mechanism for improving model generalization under data-scarce
conditions (Carvalho et al., 2019).

Reinforcement learning for maintenance scheduling optimization represents an emerging
research direction, offering policy learning under uncertainty across production schedule constraints,
spare parts availability, and residual asset life simultaneously (Zonta et al., 2020). The challenge of
defining reward functions that accurately reflect the cost structure of steel maintenance, where
production continuity and safety both carry substantial weight, remains a principal barrier to
advancing RL-based scheduling beyond simulation environments. The broader trajectory of digital
transformation in metallurgy, including the organizational and technical conditions under which Al
adoption becomes sustainable rather than episodic, has been examined in recent contributions
addressing both the opportunities and structural constraints of Industry 4.0 integration in metal-
producing enterprises (Shargaev, 2025c¢).

Table 1
Presents the distribution of 87 assessed studies across MLTRL levels.
MLTRL Level Description Studies (n) | Share (%)
1 through 2 Basic research / proof of principle 14 16.1
3 System development on benchmark data 23 26.4
4 Proof of concept with real industrial data 21 24.1
5 ML capability demonstration 18 20.7
6 Application development / pilot integration 7 8.0
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7 through 8 System integration / mission-ready 3 3.4
9 Deployed with active monitoring 1 1.1

Data Infrastructure

Studies at MLTRL 4 and above predominantly use proprietary datasets from partner steel
facilities, which are inaccessible for external validation. The proportion of studies using publicly
available datasets decreases monotonically as MLTRL level increases: virtually all MLTRL 1 through
3 studies use benchmark datasets, while MLTRL 4 through 5 studies depend on proprietary data
without release (Jakubowski et al., 2024). Class imbalance, typically exceeding a 50:1 ratio of normal
to failure observations in well-maintained equipment, is a near-universal data challenge, with
remedies including synthetic minority oversampling, cost-sensitive learning, and anomaly scoring
approaches that avoid explicit class boundaries (Serradilla et al., 2022). Transfer learning for cross-
equipment and cross-facility knowledge transfer has been proposed and partially validated for rolling
mill bearings and gearboxes (Taghiyarrenani et al., 2023); its applicability across the broader range
of steel equipment types remains an open empirical question.

Discussion

The concentration of published research below MLTRL 6 reflects a structural misalignment
between academic research objectives and industrial deployment requirements rather than a technical
ceiling. Model performance metrics such as accuracy, Fl-score, and RMSE are optimized and
reported because they are measurable and publishable; deployment readiness indicators such as
integration architecture robustness, alert calibration against maintenance workflows, and model
governance procedures are neither standardized nor rewarded by current publication incentives.

Production-grade ML systems in industrial environments require data pipelines tolerant of
sensor dropout and timestamp irregularities, version-controlled model registries, human-in-the-loop
alert interfaces aligned with technician decision processes, and retraining governance triggered by
distributional drift detection (Lavin et al., 2022). These requirements are organizational as much as
technical, and establishing them within a steel facility demands cross-functional commitment from
maintenance engineering, IT infrastructure, and production management simultaneously. The broader
conditions governing digital transformation in metallurgy, including the organizational readiness and
strategic alignment prerequisites for sustainable Al adoption, constitute a systemic challenge that
extends beyond any single technology implementation (Shargaev, 2025c). The absence of this
institutional readiness at the research stage is structurally predictable; its persistence across the
literature indicates that the steel sector has not yet developed repeatable mechanisms for bridging the
research-to-deployment transition.

Several features of steel production environments impose deployment barriers not represented
in domain-generic PdM literature. The electromagnetic environment of electric arc furnace operations
corrupts vibration and acoustic sensor signals in ways absent from any publicly available benchmark
dataset (Cemernek et al., 2022). Hot rolling mill thermal gradients cause sensor drift at rates
considerably faster than in ambient-temperature environments, requiring adaptive preprocessing
rather than static normalization. The process interdependence of casting, rolling, and finishing stages
means that maintenance decisions on upstream equipment carry downstream scheduling implications,
requiring ML alert systems to interface with production planning logic rather than operating as
isolated fault detectors (Gajdzik & Wolniak, 2021).

The intersection of algorithmic capability and process-level integration is further complicated
by the pace of digital transformation across metallurgical enterprises. Shargaev (2025c) identifies a
recurring pattern in which individual Al projects achieve local technical success without generating
lasting organizational change, partly because deployment decisions are made in isolation from the
broader digital strategy of the enterprise. In the context of PdM specifically, this manifests as pilot
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systems that demonstrate measurable value during supervised deployment phases but are not
maintained or extended once project-specific resourcing is withdrawn, a failure mode that is
structurally invisible in the published literature because post-project outcomes are rarely documented.

The practical significance of model interpretability in this context is difficult to overstate.
Maintenance engineers with deep equipment-specific knowledge routinely distrust alerts they cannot
connect to physically meaningful degradation mechanisms, regardless of model accuracy on historical
test sets (Pashami et al., 2023). The integration of SHAP-based attribution and attention visualization
into alert dashboards represents a technically sound approach to closing this trust gap; empirical
evaluation of its effect on actual maintenance decision behaviour in steel facilities has not been
reported at high readiness levels. Addressing this gap requires not only technical instrumentation of
model outputs but also a structured understanding of how domain experts in metallurgical contexts
evaluate and act on predictive information, a dimension that connects directly to the organizational
transformation challenges identified in recent literature on digital adoption in the steel sector
(Shargaev, 2025¢).

Three priorities emerge from this assessment as most consequential for advancing readiness.
The first is the establishment of open-access, steel-specific benchmark datasets calibrated to realistic
equipment degradation profiles, including thermal cycling effects, scale accumulation, roll wear, and
tuyere erosion, that would enable reproducible cross-study comparison and systematic progression
through lower MLTRL levels. The second is the rigorous evaluation of federated learning
architectures for cross-facility model training under realistic data heterogeneity and network
constraint conditions; current proposals in the literature (Jakubowski et al., 2024) remain at the
theoretical or simulation stage. The third is the adoption of formal technology transition frameworks,
with MLTRL as the current most comprehensive option for ML systems, as an institutional standard
in both research programme design and industrial technology procurement. The consistent application
of such a framework would make the readiness status of proposed solutions explicit and comparable,
reducing the risk of investment in solutions that perform well on benchmarks but fail under
operational conditions.

Conclusion

The systematic assessment reported in this review establishes that machine learning-based
predictive maintenance in the steel sector has achieved substantial research depth at the algorithmic
level without equivalent progress in deployment maturity. The concentration of published work at
MLTRL levels 3 through 5, the dependence on proprietary and non-reproducible datasets, and the
near-total absence of contributions documenting MLTRL 7 through 9 deployment collectively
indicate that the field has not navigated the critical transition from research prototype to production-
grade system for most equipment types. Deep learning architectures, particularly hybrid CNN-LSTM
models and autoencoder-based anomaly detectors, represent genuinely capable technical approaches,
but their robustness under steel-specific operational conditions has not been demonstrated at
deployment scale. Advancing the field requires coordinated investment in open benchmark
infrastructure, federated data architectures suited to the sector's proprietary data constraints, and the
institutional adoption of structured readiness frameworks that make the gap between demonstrated
capability and operational deployment explicit and actionable/
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