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Abstract. Digital Twin research in maintenance has matured around fault detection and
diagnostics, yet the pathway from DT-derived risk estimates to defensible maintenance schedules
remains underdeveloped. This paper proposes a four-stage, reliability-driven DT framework that
specifies a particular method at each stage, rather than presenting the framework only as a concept.
Stage 1 ranks assets through a Delphi-Analytic Hierarchy Process procedure that produces a Risk
Priority Index integrating expert priority vectors with a percentile-based severity-occurrence
rating. Stage 2 characterises system structure with a BowTie model that hybridises Fault Tree
Analysis and Reliability Block Diagrams, yielding minimal cut sets, barrier effectiveness, and an
explicit single-point-of-failure rule. Stage 3 combines a Cox proportional hazards model, with
condition-monitoring covariates, and a cross-fitted residual-learning correction, yielding a hybrid
linear predictor and a calibrated baseline cumulative hazard. Stage 4 converts the hazard outputs
into decision quantities and optimises the preventive-maintenance interval and risk threshold via
parametric simulation subject to an availability constraint. The framework is implemented as an
offline, advisory Digital Twin with unidirectional data flow, calibrated and validated on synthetic
and historical data using the C-index, Brier score, and expected calibration error. The contribution
is a method-locked, decision-oriented architecture that links criticality, reliability structure, hazard
modelling, and scheduling optimisation in a single, auditable workflow. The framework is
conceptual at this stage; full empirical validation is the next step in the research programme.

Keywords: digital twin, maintenance scheduling, condition-based monitoring, Cox proportional
hazards, residual learning, asset criticality, analytic hierarchy process, BowTie analysis,
simulation-based optimisation.

1. Introduction

Industrial assets fail in patterns that are rarely fully captured by either fixed-interval
inspections or single-threshold alarms. Reactive repair is costly; calendar-based preventive
maintenance discards remaining useful life; and threshold-based predictive maintenance can miss
interactions between condition, operational load, and maintenance history. Digital Twin (DT)
technology has been positioned as the route out of this trade-off, yet most published frameworks
stop at fault detection or diagnostics and leave the link to a concrete maintenance schedule implicit
[1]-[3]. This paper addresses that gap by proposing a four-stage, reliability-driven DT framework
that fixes a specific method at each stage and shows how the outputs of one stage feed the next.

Three weaknesses recur across recent DT-for-maintenance literature. The first is a
deterministic-stochastic gap. Twin models often rely on physics-based simulations or point
estimates of remaining useful life, without quantifying uncertainty in the failure prediction itself
[21, [4], [5]- The second is a risk-to-decision gap. Probabilistic risk outputs are produced but rarely
converted into decision quantities such as the probability of failure inside a planning window,
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expected downtime, or cost per scheduling option [6]-[8]. The third is methodological
inconsistency. Different studies pick different ranking schemes, reliability tools, and risk models,
which limit scalability and prevent organisations from adopting a consistent risk-to-decision
workflow [9]-[11].

These weaknesses are reinforced by shifts in research interests. Bibliometric reviews show that
DT research has expanded rapidly under Industry 4.0 and now Industry 5.0, with strong activity in
production planning and supply chain analysis [12]-[ 14]. Maintenance optimisation, by contrast, has
received less structured attention. Predictive maintenance frameworks integrated with smart-
manufacturing twins typically emphasise production schedules and treat preventive interventions as
boundary conditions [15]. Where DT-based prognostics and health management have been
proposed, the contribution is usually positioned at the monitoring layer rather than at the policy layer
[16]-[18]. The result is a body of work that is rich in detection but thin on decision support.

The framework presented here is grounded in two foundational reference architectures.
Grieves's three-dimensional model, physical asset, virtual asset, and the connection between them,
defines what a DT is but stops short of specifying the maintenance logic that should sit atop it
[19], [20]. Tao’s five-dimensional extension adds data and services as explicit components,
thereby sharpening the implementation view while still leaving the maintenance-decision pipeline
open [17]. Condition-based monitoring (CBM) principles in ISO 17359 [21] and
reliability-modelling guidance in IEC 61025 [22] and BS EN 61078 [23] provide the missing
technical grounding for diagnostics and reliability structure modelling. The contribution of this
paper is to integrate these elements with a hazard-based risk model and a scheduling layer, thereby
linking the four stages through explicit data products rather than narrative.

This paper expands on an earlier conceptual model proposed by the authors at International
conference on Physical Asset Management and Data Science (PAMDaS 2025), in which the
framework was outlined in terms of stage names. The present article specifies the method chosen
at each stage, the decision rules that link the stages, and the validation strategy used to assess the
framework against baseline maintenance practice. The contribution is therefore methodological
rather than empirical: this is a concept paper in which the methodology is locked, while empirical
validation is positioned as ongoing work.

Two research questions structure the contribution. (RQ1) Within an industrial DT setting, how
can a systematic asset-ranking and reliability-analysis layer improve the identification of critical
components and failure dependencies relative to single-method approaches? (RQ2) Within the
same DT setting, how can a hazard-based risk model coupled with parametric simulation-based
optimisation be configured to minimise downtime and total cost under realistic logistical
constraints?

Section 2 sets out the proposed framework and the method selected at each stage. Section 3
sets out the variables and dataset requirements, and Section 4 concludes and outlines the validation
roadmap.

2. Framework overview and method selection

The framework is a four-stage analytical workflow embedded inside an offline, advisory DT
(Fig. 1). Stage 1 (Asset Criticality Ranking) selects which assets should be modelled in detail.
Stage 2 (Reliability Structure Modelling) characterises the failure logic of each critical asset,
identifies dependencies, and evaluates the effectiveness of barriers. Stage 3 (Hazard-Based Twin
Risk Model) converts condition-monitoring, operational, and maintenance covariates into a
probabilistic hazard with uncertainty bounds. Stage 4 (Decision and Scheduling Optimisation)
translates the hazard into decision quantities and finds the preventive-maintenance interval and
risk threshold that minimise cost subject to an availability constraint. The DT layer hosts the
analytical roadmap, ingests historical or synthetic data, runs offline calibration and what-if
analyses, and presents recommendations to a maintenance operator.

Three properties bind the stages together. First, data products flow downstream: priority
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vectors from Stage 1 fix the scope of Stage 2; minimal cut sets and barrier diagrams from Stage 2
fix the covariate set for Stage 3; the hazard and survival functions from Stage 3 are the inputs to
the optimisation in Stage 4. Second, every method is selected against a stated criterion of
method-problem fit, not stylistic preference. Third, the DT operates as an operator-in-the-loop
advisor, not as an autonomous controller: the framework produces recommendations; the operator
authorises action.

,-DIGITAL TWIN LAYER — offline - advisory - operator-in-the-loop —oeo coo
Asset criticality ranking
INPUTS DT LAYERS

Method: Delphi (Fleiss's k > 0.50) - AHP (Saaty 1-9, CR < 0.10, geometric-mean aggregation) > percentile-based RPI

Expert > ( ) > Model layer
10-expert Delphi panel - - Hybrid Cox engine
Saaty 1-9 pairwise ratings DATA PRODUCT > Ranked asset list with priority vectors at every hierarchy level + audit trail (kappa, CR) - (1, o) standardisation
Reliability data - 2(+) residual learner
Component A, MTTR i ion layer
1 -Failure logs, BS EN 61078 ¢ 8% 0 grid (1013-1014) H
! - Parallel computing

Condition monitoring

- Vibration RMS, temperature BT Reliability structure modelling Decision layer
Yorqst i debos GerE] Fotaet v on 0
1SO 17359 indicators Method: BowTie hybrid — FTA (causes, MCS, IEC 61025) + RBD (series/parallel, BS EN 61078) + barriers (PFD/PFH). RAW & BIF barrier PM rule on A*
Maintenance & ops ] prioritisation B> - Dual-track display
+ Maint. count, time since ( 5 = 3 2 z e ) isualisation layer
- Event class, observed MTTR { d $ = ) k(t) 2 - Hazard / survival curves
- Load, RPM, ambient T DATA PRODUCT > Dominant threats, barrier matrix, SPOF list > defines covariate set for Stage 3 - Risk score (n, n+yz)
Costs & constraints Cost - downtime - RUL
C_PM, C_CM, downtime $/h ¢ Validation
- Spare lead time, A_target - Synthetic — KL div.
GIXTER Hazard-based twin risk model Temporal — C-index 2 0.70
saceal) Brie FeE <008
Method: Two-layer Cox PH (fleet baseline a-w + monitored CM B-x) with cross-fitted residual-learning corrector y-z(x) Pareto p > 0.90
> ( : ho, s (¢ I
(piagnos : T iduals;OOF leakag ) !
DATA PRODUCT - Per-asset hj(t), S(t), risk multiplier n, = exp(B-x; + y-z)), Breslow-estimated Ho,¢(t)
GIXSTI Decision and scheduling optimisation
Method: Parametric simulation over (8, 8) grid; Pareto front extraction under availability constraint
o (pas) =1 - ¢ C(A) = Ceu (T/8) + C (8) [73) D(4) 1>

(search: a € (30, 365] days - 6 € (70, 95" percentile of fleet hazard 10°-10* candidate ]

DATA PRODUCT - Pareto-optimal (A%, 8*), expected downtime, cost, availability per candidate policy

!

Operator advisory output

Recommended PM schedule (A*, 8%) - expected downtime - cost-of-ownership estimate - auditable risk score
Operator-in-the-loop - unidirectional data flow (asset = DT) - no plant write-back

Final decision authorised by maintenance engineer

Fig. 1. Proposed reliability-driven DT framework with four analytical stages embedded
in an offline, advisory DT, with the data products that link them

2.1. Stage 1 — asset criticality ranking (Delphi-AHP-RPI)

The first stage determines which assets justify deeper modelling. The chosen method is a
three-step procedure that integrates qualitative expert elicitation, a quantitative weighting model,
and a percentile-based risk index. The fit is deliberate: criticality decisions in industrial
maintenance are driven by both expert tacit knowledge and quantitative trade-offs, and no single
method captures both. Fig. 2 summarises the three-step Delphi-AHP-RPI workflow.

Step la uses a Delphi study to elicit and rank candidate criteria. A panel of ten experts is
recruited through purposive and snowball sampling, with each expert holding at least five years
of relevant maintenance or asset management experience, in line with CREDES guidance
recommending panel sizes between 10 and 18 [24]. Experts complete a semi-structured
questionnaire that maps sub-criteria, for instance, Average Annual Failure Rate (AAFR),
Downtime Per Failure (DPF), and Replacement Cost (RC), onto the nine main criteria proposed
by Jasiulewicz-Kaczmarek et al. [25]. The decision rule is that Fleiss’s kappa is at least 0.50 across
criteria, with up to three rounds of feedback before the most frequently selected criteria are
accepted by a majority. A preliminary correlation matrix prunes redundant sub-criteria with
correlations above an 80 % threshold to avoid double-counting.

Step 1b applies the Analytic Hierarchy Process (AHP) to convert expert judgements into
priority vectors [26]. Pairwise comparisons use Saaty’s 1-9 intensity scale across a four-level
hierarchy: goal, main criteria, sub-criteria, and asset alternatives. The number of pairwise
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judgements per matrix is n(n — 1)/2, with n the number of compared elements. For each pairwise
matrix, the priority vector is computed by column normalisation, row summation, and division by
the number of columns; the maximum eigenvalue, A,,,,, is obtained by multiplying the original
matrix by the priority vector and dividing element-wise. Internal consistency is enforced through
the Consistency Index and Consistency Ratio, with CR < 0.10 as the acceptance threshold. The
geometric mean is used to aggregate the 10 experts’ ratings because it preserves the reciprocal
nature of the Saaty scale:

A —-n
max
cl=-mex (1)
Cn -1
1
CR=—. 2)
RI

Stage 1 — Asset Criticality Ranking: Delphi-AHP-RPI Procedure
[ [INGIVA@ Asset inventory - historical failure rates (A, MTTR) - expert knowledge - reliability data (BS EN 61078) ]
STEP 1A — DELPHI EXPERT ELICITATION ¢

PANEL FORMATION CONSENSUS RULE - FLEISS’ S k 2 0.50

10-Expert Delphi Panel Criteria Elicitation & Pruning

Purposive + snowball sampling. Each expert > 5 years Semi-structured questionnaire maps sub-criteria (AAFR,

maintenance / asset management experience. Panel DPF, RC) onto 9 main criteria. Up to 3 feedback rounds.

size: 10-18 (CREDES guidance). Correlation matrix prunes redundant sub-criteria (r > 0.80).
STEP 1B — ANALYTIC HIERARCHY PROCESS (AHP) ¢
(~ SAATY 1-9 PAIRWISE COMPARISONS — 4-LEVEL HIERARCHY: GOAL -> CRITERIA - SUB-CRITERIA - ASSETS '—======——========-~ )

1
i PAIRWISE MATRIX CONSISTENCY CHECK AGGREGATION i
i | Priority Vector Cl&CR<0.10 Geometric Mean E
: Column normalise - row sum -> divide by n. A_max from A-w element-wise. Consistency Aggregates 10 expert ratings. Preserves 1
: Judgements per matrix: n(n-1)/2. Index and Ratio checked per matrix. reciprocal nature of Saaty scale across panel. :
E (W = colum(®) 1/n )| (CI = (ax - n)/(n-1) ) ([B7 = (e ) E
! (cR=cI /RI <0.10 ) :
i i
1 1
1 1
1 1
e e e ;
STEP 1C — RISK PRIORITY INDEX (RPI) VIA FMECA 1
i PERCENTILE-BASED 5-LEVEL RATING SCALES — THRESHOLDS FROM EMPIRICAL ASSET DISTRIBUTION —===================== %
1

i SEVERITY (S) OCCURRENCE (0O) DETECTION (D) {
I | Impact Rating Failure Rate Rating Detectability Rating ;
: Mapped to DPF (hours) and RC Mapped to time-to-failure ranges Set to 1 for monitored assets. :
1 | (monetary units). from historical AAFR. Focuses ranking on S x O. I
: 5-level percentile scale. 5-level percentile scale. (framework applied post-CBM) :
1 1
1 1
1 | RISK PRIORITY NUMBER RISK PRIORITY INDEX (integrates AHP priority vectors)| |
1 |RPN=SxOxD RPI = RPN x Z(PV;) i
: Tied assets separated by highest severity. PV; = priority vector at hierarchy level i. :
L_____________________________________________1 ______________________________________________ J

EXIT GATE — BEFORE STAGE 2

Ranked Asset List Gate

Fleiss’s k 2 0.50 - CR < 0.10 for every pairwise matrix - Full RPI ranking with PV audit trail. Top-ranked asset carried to Stage 2.
[ OUTPUT - STAGE 2 Ranked asset list with priority vectors at every hierarchy level - audit trail (, CR) ]

(Top-ranked critical asset ) (Priority vectors PV, ) (RPI scores (ranked)) (Fleiss’s Kk audit trail ) (CR <0.10 per matrix)

Fig. 2. Stage 1 asset criticality ranking. Delphi-AHP-RPI: expert elicitation

Step 1c integrates AHP weights with Failure Mode, Effects, and Criticality Analysis (FMECA)
into a Risk Priority Index (RPI). Severity (S), Occurrence (O), and Detection (D) are scored on
percentile-based 5-level rating scales drawn from the empirical distribution of each criterion in
the asset population, so that thresholds reflect the data rather than analyst intuition. Occurrence is
mapped to time-to-failure ranges; severity is mapped to criterion values, such as DPF (in hours)
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and RC (in monetary units). Detection is set to 1 when the framework is applied to assets already
being monitored, which focuses the ranking on severity and occurrence. The Risk Priority Number
and Risk Priority Index are:

RPN =SXx0 XD, 3)
n

RPI = PV; X RPN, 4)
i=1

where PV; is the priority vector at hierarchy level i. Tied assets are separated by the highest
severity rating. The output of Stage 1 is a ranked asset list with explicit priority vectors at every
hierarchy level, an audit trail of expert agreement (Fleiss’s kappa), and a CR < 0.10 check for
every pairwise matrix. The asset at the top of the RPI ranking is carried into Stage 2.

2.2. Stage 2 — reliability structure modelling (BowTie hybrid)

Stage 2 explains how the failure logic of each critical asset is modelled using BowTie analysis.
BowTie illustrates how threats lead to a top event (on the fault tree's left side) and how
consequences develop (on the event tree’s right side). Fault Tree Analysis (FTA) determines the
logical combinations of basic events that trigger the top event; BowTie adds preventive and
mitigative barriers on top. Reliability Block Diagram (RBD) concepts organise barriers in series,
parallel, or k-out-of-n arrangements, but BowTie applies a defence-in-depth principle: if any
barrier succeeds, the process halts. This hybrid approach complies with IEC 61025 [22] and
BS EN 61078 [23], offering a decision-focused perspective that connects causes, barriers, and
outcomes. Fig. 3 summarises the three-step BowTie hybrid workflow.

Stage 2 — Reliability Structure Modelling: BowTie Hybrid (FTA + Barriers + RBD)

[ NI V.Y IEW Top-ranked critical asset - identified failure mode - threat failure rates \; ]
STEP 2A — THREAT SIDE: FTA & PREVENTIVE BARRIERS ] [ STEP 2B — CONSEQUENCE SIDE: MITIGATIVE BARRIERS (RBD) ]
DEFINE MODEL — MITIGATIVE BARRIERS
Top Event & Fault Tree Consequence Frequency feons(t)
Identify critical failure mode from Stage 1 as the BowTie top event. Barriers modelled identically to preventive side. Consequence frequency:

Construct FTA from historical threat failure rates A; (IEC 61025).

(Fcons (£) = feop(t) x [k€P: Fi(t) )

MODEL — PREVENTIVE BARRIERS
Barrier Reliability Rj(t) ORGANISE — RBD CONCEPTS
Series / Parallel / k-out-of-n

RBD concepts organise barriers (BS EN 61078).
(Ry(x) = e© L Fs(t) = 1 - Ry(t) ) BowTie applies defence-in-depth: if any barrier succeeds, process halts.

PFD,yg, PFH, HEP, or conditional probability p; - time-dependent reliability:

(Ry(t) = 1 - p; [constant error] )

PRIORITISE — BARRIER IMPORTANCE

COMPUTE — ALL BARRIERS FAIL RAW & BIF Metrics
Threat-Pathway Failure Probability .@. Risk Achievement Worth and Barrier Importance Factor prioritise barriers:

Probability all preventive barriers on threat pathway i fail simultaneously:

[1_ = ] [RAWl(t) :ftop“ failed) ¢y / f[cp'base))ne] (t) ]
(BIEi(E) =[fuop™ (€)= Frop" P (E)] / Fropoo (E) ]

AGGREGATE — TOP EVENT FREQUENCY

frop(t) ACT — BARRIER MANAGEMENT

Sum over all threat pathways i: Reinforce or Remove

(Eecp(E) = T2 A1~ Mea,F3 () ) High-RAW or high-BIF barriers:

reinforce or improve.
Low-impact barriers: consider removal

DECISION RULES — GATE CONDITIONS LINKING STAGE 2 TO STAGE 3

DECISION RULE A - SPOF DECISION RULE B - BARRIER IMPORTANCE

Single-Point-of-Failure Gate RAW / BIF Priority Gate

Flag any basic event whose unmitigated occurrence alone triggers the top High-RAW / high-BIF barriers are reinforced or improved. Low-impact barriers may

event -> apply redundancy OR escalate to Stage 3 for hazard modelling. be removed. Dominant threats and high-impact barriers define the Stage 3
covariate scope.

v

[ frop(t) * feons(t) - SPOF list - RAW/BIF barrier rankings - CM covariate scope ]
Fig. 3. Stage 2 reliability structure modelling workflow using a BowTie hybrid
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Step 2a involves three steps. First, the top event is identified based on the critical failure mode
identified in Stage 1, and a Fault Tree Analysis (FTA) is constructed. Threat failure rates A; are
derived from historical data.

Step 2b lists preventive barriers. Each barrier’s metrics, including probability of failure on
demand (PFDay,), failure per hour (PFH), human-error probability (HEP), or conditional
probability (p;), are transformed into a time-dependent reliability R;(t). For a barrier with a
constant failure rate 4;, this relationship is given by:

R](t) = e_ljt, (5)

giving a failure probability:

FO=1-R(t) =1—e M. (6)
For a constant error or conditional probability (p;), the reliability is written as:

The probability that all preventive barriers on a threat pathway i fail is written as:

H}'ee- P}(t) ®)

Summing over threats yields the top-event frequency:

fr®=) 4| | 5O ©

Step 2¢ models mitigative barriers in the same way. The consequence frequency is expressed
as:

feons® = fip@ x| | Fe(®) (10)

ked;

Two decision rules link Stage 2 to Stage 3. A single-point-of-failure (SPOF) rule flags any
basic event whose unmitigated occurrence triggers the top event; such SPOFs are either reinforced
with redundancy or escalated to Stage 3. A barrier-importance rule uses Risk Achievement Worth
(RAW) and Barrier Importance Factor (BIF) to prioritise barriers, which are written as:

_ Jtop
RAW;(t) = W’ (11
Baseline (p) _ (i perfect) ¢
BIFy(t) = o (steli]:t: - © (12)
frop ()

High-RAW or high-BIF barriers are reinforced or improved; low-impact barriers may be
removed. The output is a list of dominant threats, critical components and high-impact barriers;
these feed the hazard-based twin risk model in Stage 3.

2.3. Stage 3 — hazard-based twin risk model (Cox PH with residual learning)

Stage 3 estimates the probabilistic risk influencing the schedule. It uses a two-layer Cox
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proportional hazards (PH) model with residual-learning correction, structured in three stages: a
fleet baseline, a condition-monitoring (CM) offset, and a cross-fitted machine-learning corrector.
The model fitting is explicit. Cox PH is semi-parametric, manages right-censored lifetimes, and
provides interpretable hazard ratios, which are important for transparency in maintenance
decision-making [27], [28]. The two-layer split preserves industrial context (the full fleet) while
learning from the smaller monitored subset where covariates are recorded. Residual learning
addresses the standard limitation of linear Cox: nonlinear and interaction effects in covariates that
the linear predictor cannot capture [28]. Fig. 4 summarises the three-step Cox PH and residual-
learning workflow.
Step 3b expresses the base hazard for an asset i with covariate vector x; is:

h(t | x;) = ho(t)eP™, (13)
t

Hy(t | x;) =fho (Wdu - eP*i, S(t|x;) = e Hotlxd), (14)
0

where hy(t) is the baseline hazard, and beta is the vector of log-hazard ratios. In the proposed
framework, this is extended into a two-layer formulation. The fleet layer is fitted on N units (e.g.
72 in the authors’ pilot dataset) with fleet-wide covariates w;:

hp(t | Wl') = hO,F . eawi. (15)

The CM layer is fitted on the monitored subset (typically a fraction of N) using hy (t) as a
fixed offset, so that fleet-level information is preserved while the linear predictor learns from the
monitored covariates X;:

hi(t | x;) = hof - €P*i. (16)

A residual corrector z(x;) is then trained out-of-fold (OOF) on the monitored subset in Step 3c.
The OOF protocol partitions the monitored subset into K-folds, fits the CM-layer Cox on K — 1
folds, generates residuals on the held-out fold, and trains a non-linear learner, for example, a
gradient-boosted tree, to predict the residuals on the held-out fold. The final deployment model
refits Cox jointly on beta and gamma, with z(x;) computed from the trained learner:

hi(t | x;,2) = hop(t) - e(Fxirv2e), (17)
S.(t | 2y 2,) = e~ Hor@®eFit7e:0) (18)
The baseline cumulative hazard H (t) is estimated by the Breslow estimator:

d;

Flor(8) = ijst‘- Yo Y (t)e(@ i) (19)

where:

v (t ) _ {1, unit k is still at risk at tj,
k97710, otherwise,

and d; is the number of events at time ( t;) and Yk(tj) is the at-risk indicator. Covariates are
z-standardised before fitting (x, = x —u/0); u and o are stored as part of the deployment
artefact, so that incoming sensor values are scaled consistently inside the DT.

Two assumption checks, in Step 3d, are mandatory before the model is exported. The
proportional-hazards assumption is tested using Schoenfeld residuals [29] over time and by
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assessing the linearity of the log-cumulative hazard. Martingale residuals are inspected for
systematic dependence on covariates [30]. If either check fails on a covariate, either a
stratified-baseline Cox is fitted, or the residual-learning correction is enabled to absorb the
non-linearity. The data leakage rule is firm: the residual target used to train z must always be
out-of-fold, and the final y is refitted on the full monitored subset only after OOF predictions are
in place.

Stage 3 — Hazard-Based Twin Risk Model: Cox PH with Residual Learning

[ (NI V:X{#P Dominant threats - critical components - high-impact barriers - CM covariate scope - SPOF flags ]
STEP 3A — COVARIATE SPECIFICATION (ISO 17359) ¢
CM COVARIATES MAINTENANCE COVARIATES OPERATIONAL COVARIATES
Condition Monitoring Maintenance History Operating Context
Vibration RMS - Temperature - Torque - Oil debris / Maintenance count - Time since last maintenance - Load (%) - Rotational speed - Ambient
particle count. Physics-informed derivations: engine Event class (PM / CM / inspection) - Observed temperature - Operator shift. Z-standardised: x, =
torque, corrected turbocharger speed, inlet-air MTTR. (x = p)/o. p, o stored in deployment artefact.
density.
STEP 3B — TWO-LAYER COX ¢
Dt I . o o e e e T e e e e e e e e -
|r PROPORTIONAL HAZARDS MODEL !
1 1
1 1
1 LAYER 1 - FLEET BASELINE (N UNITS) LAYER 2 - CM OFFSET (MONITORED SUBSET) :
: Fleet-Wide Cox Condition-Monitoring Cox 1
1 1
: Fit on full fleet with fleet-wide covariates w;. Establishes shared baseline Uses ho,F(t) as fixed offset. Learns CM linear predictor B'x; while preserving :
: hazard ho,F(t) via Breslow estimator. fleet context. :
1 1
1 1
1 1
1 1
1 1
1
d i
_.STEP 3C — CROSS-FITTED RESIDUAL-LEARNING ;
g UL 2 AS T AL AU UL UL Do A A oAU LA U A e, g U UL \
I CORRECTION (OUT-OF-FOLD) i
! 1
: 1 PARTITION 2 - FIT & RESIDUALS 3 - TRAIN CORRECTOR 4 - REFIT & DEPLOY :
: K-Fold Split OOF Cox Fit ML Residual Learner Hybrid Linear Predictor i
1| Partition monitored subset intok  —p] Fit CM Cox on k-1 folds. Generate ~ —p| Train non-linear learner z(x) — e.g. —p| Refit joint (B, y) on full monitored subset H
: folds Martingale residuals on held-out fold gradient-boosted tree — on OOF with z(x) as additional term :
1 residuals H
1
i i
: |
e+ I
: [ h; (E1xXi,2i) = ho,F(t) - e™ ™ o [Final deployment model] ]I
I
! |
: [ Si(tlx,,z,) = el TforFlElm - ni = elf'xity [risk multiplier] ]:
1

STEP 3D — MANDATORY ASSUMPTION CHECKS & 1
LEAKAGE CONTROLS

PH ASSUMPTION TEST DATA LEAKAGE RULE — OOF INTEGRITY GATE
Proportional-Hazards Check Strict Out-of-Fold Protocol
Schoenfeld residuals over time + log-cumulative-hazard linearity. Martingale Residual target for z(x;) must always be out-of-fold. Final y refitted on full
residuals inspected for covariate dependence. If PH fails - stratified-baseline monitored subset only after OOF predictions are in place. Non-informative
Cox OR enable residual corrector. right-censoring assumed.
[ OUTPUT - STAGE 4 hi(t) - Si(t) - ni = exp(B'xi + yzi) - Ao,F(t) - Artefact: B, ¥, W, o, z(*) ]

(hit) — per-asset hazard ) ((s(t) — survival function ) (ni—riskmuttiplier ) (Flo(t) — calibrated baseline ) ((Artefact: beta, gamma, mu, sigma, z( )

Fig. 4. Stage 3 hazard-based twin risk model workflow

Variable specification follows ISO 17359 indicators [21]. Condition-monitoring covariates
include vibration RMS, temperature, torque, and oil debris or particle count; physics-informed
derivations (engine torque from power and speed; corrected turbocharger speed using inlet-air
temperature; inlet-air density from absolute pressure and temperature) are available as engineered
covariates when sensor coverage permits. Maintenance covariates include maintenance count,
time since last maintenance, event class (preventive, corrective, inspection), and observed MTTR.
Operational covariates include load, rotational speed, ambient temperature, and operator shift.
Censoring is treated as right-censored and assumed non-informative conditional on covariates; the
lifecycle outcome is binary (failure vs censored), and the post-maintenance state is treated as as-
good-as-new for the bearing-replacement scenario considered in the pilot.

The output of Stage 3 is a per-asset hazard h;(t), survival S;(t), risk multiplier
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n; = ePxi*v20 and a calibrated Hy 5 (t). These are the inputs to Stage 4.
2.4. Stage 4 — decision and scheduling optimisation (parametric simulation)

Stage 4 converts the hazard into decision-ready maintenance quantities, including rolling-
window failure probability, expected downtime, cost, and availability. The first implementation
is a parametric simulation over a two-dimensional decision grid (preventive-interval A and risk-
threshold 6). For each candidate (4, 8), the simulation applies trigger logic, computes cost,
downtime, failure-risk and availability outcomes, and identifies the best feasible policy under an
availability constraint. This paper opts for a grid-based simulation as the first implementation
because the decision space is low-dimensional and directly auditable. A Pareto front is then
extracted to support a decision maker who must trade cost, downtime, and risk. Fig. 5 summarises
the three-step decision and scheduling-optimisation workflow.

Stage 4 — Decision and Scheduling Optimisation: Parametric Simulation over (4, 8) Grid

( (CTCVRISEXEEER hi(t) - Si(t) - ni = exp(B%i + v2i) - FoF(t) - Cou, Cm, Avrger, T )
STEP 4A — DERIVE DECISION QUANTITIES FROM HAZARD OUTPUTS

FAILURE PROBABILITY COST & DOWNTIME AVAILABILITY

Py within Interval Delta C(A) & D(A) over T = 365 days A(A) — constraint A 2 A_target

g:?:_b”i[v asset ifails before scheduled PM at Planning horizon T = 365 days: Fraction of horizon operational:

CenGino =1 - epipr@ ay ) |(E& = Peu@ - ure ) |Ea -1-b@/r )

(C(8) = Cou(T/B) + Cou Prass () ] Must satisfy: A(A, 8) > A_target

STEP 4B — DEFINE DECISION SPACE (A, 6) GRID ¢

A — PREVENTIVE-MAINTENANCE INTERVAL WHY GRID SIMULATION?

[ Bnin = 30 days & search space - Dmax = 365 days ] Method:ProblemFit

Low-dimensional, directly auditable.

© — RISK THRESHOLD (fleet hazard percentile) Threshold-induced discontinuities +
non-convex cost surface.

[ Bmin = 70t percentile & search space > Bmax = 95" percentile ]
Grid: ~10%-10° candidate policies.

v
- STEP 4C — PER-POLICY SIMULATION LOOP (for @ach ===== === m oo oo oo

1 3
I (8, 8) pair) !
| |
: TRIGGER A - RISK-BASED TRIGGER B - CALENDAR CONTINUE :
: Condition-Based Early PM Scheduled Interval PM Continue Monitoring :
1 ] 110 crosses threshold 8 - trigger early preventive OR | ¢ time since last PM reaches & -> trigger scheduled ELSE 1 \o trigger met -> monitor. Stochastic failures drawn from H
| maintenance PM action Si(t) 1
I |
| 1
| 1
I 1
! Objective: min C(A, ©) S.t. A(A, 8) 2 Awager & A 2 Ayn - 6 2 6 ) !
| 1
: Simulation aggregates per policy: total downtime - total cost - availability - expected number of failures 1
)

STEP 4D — PARETO EXTRACTION & SIMULATION
VALIDATION

PARETO EXTRACTION VALIDATION — 3 CHECKS

Non-Dominated Policy Set (A*, 8%) Simulation Engine Verification

Identify non-dominated candidate policies across cost, availability, Monotonicity: increasing A drives P_fail P & Al

and E[failures]. Recommended policy selected by asset manager Extreme values: small A - PM cost spike; large A - downtime spike

based on risk appetite. Analytical consistency: behaviour vs expected patterns

[Ob]ectives: (cost, availability, E[failures]) ]
{ PINCINEINVYAF] Pareto-optimal (A*, 6*) - expected downtime - cost - availability per candidate policy )
( A* — optimal PM interval ) (9* — optimal risk threshold ) (Pareto front) (Recommended schedule) ( D(A*) - C(A*, 6%) - A(A%, 6*])

Fig. 5. Stage 4 decision and scheduling optimisation workflow

In Step 4a, the decision quantities are derived from the hazard and survival functions of
Stage 3. The probability of failure inside an interval A for asset i is:

Prau(A 11) = 1= Ry(4) = 1 — e(Hor®mi), (20)
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Expected downtime, total cost, and availability are:

D(A) = Pfqu(d) - MTTR, (21)
T

C) = Cons - (5) + Com  Pran(®), @)

AD) =1 — @, (23)

where T is the analysis horizon (typically 365 days), Cp), is the cost per preventive action, and
Ccp 1s the cost per corrective action. The optimisation is:

Cmin(4,0) s.t. A(D,0) = Avgrgets D= ADmin, 0 = Oy (24)

The decision space is searched over A in [30, 365] days and 6 between the 70th and 95th
percentile of the fleet hazard distribution in Step 4b. The combined grid yields roughly 10°-10*
candidate policies. For each (4, 8) pair in Step 4c, the simulation engine evaluates the asset over
the analysis horizon: if h;(t) crosses 8, an early preventive intervention is triggered; if the time
since the last preventive action reaches A, a scheduled preventive action is triggered; otherwise,
monitoring continues. Stochastic failure events are drawn from S;(t). The simulation aggregates
total downtime, total cost, and availability per policy.

Pareto extraction, in Step 4d, can be applied after the grid simulation to identify the non-
dominated candidate policies (A, 8) across cost, availability, and expected number of failures. The
recommended policy (A*,68%) is then selected by the asset manager based on risk appetite.
Validation of the simulation engine is enforced through three checks: monotonicity (increasing A
within the tested grid drives P4 and downtime upward and availability downward), extreme
values (very small A must produce a PM cost spike; very large A must produce a downtime spike),
and analytical consistency checks against expected behaviour.

2.5. Stage 5 — DT integration and offline validation

The DT prototype is implemented as a four-layer stack, as outlined in Step S5a, with
unidirectional data flow across the model, simulation, decision, and visualisation layers. The
model layer hosts the hybrid Cox engine and the standardisation parameters. The simulation layer
hosts the parametric optimisation. The decision layer applies the trigger logic and emits the
recommendation. The visualisation layer presents hazard curves, survival curves, base versus
corrected risk scores, and the recommended schedule with cost and downtime estimates. A dual-
track display, based on Cox versus Cox with residual correction, is provided to support
auditability: when the two paths disagree, the magnitude of y - z(x) is reported to expose the
contribution of the corrector. Fig. 6 summarises the three-step DT integration, calibration, and
validation workflow.

The DT operates offline as an advisory tool. Implementing real-time streaming is planned for
future development. Data flows only from the asset to the DT, with no feedback to plant control
systems. This design choice maintains the framework’s auditability and supports operator-in-the-
loop decision-making, while also isolating the analytical workflow from potential control-loop
interactions.

Three validation pathways are used in Step 5b before deployment. Internal validation generates
synthetic asset lifetimes from a known Cox model with controlled covariate perturbations (+1a,
+20); the predicted hazard and survival are scored against the synthetic ground truth using the
Kullback-Leibler divergence [31]. Temporal validation trains the DT on years 1-4 of historical
data and tests on year 5, scoring per-asset Prq;;(A") using Harrell’s C-index, the Brier score, and
the Expected Calibration Error (ECE) [32]-[34]. Sensitivity analysis perturbs the final § by
+1 SE, perturbs final y similarly, and varies Cp); and Cgp by £20 % to test the stability of the
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Pareto front and of the recommended (A, 8*) policy.

Stage 5 — DT Integration and Offline Validation: Four-Layer Stack & Three-Pathway Validation

[ TEUESTXISEES B, v, Ao, F(t), 1, o, z(-), (A*, 8*), Pareto front — all prior-stage analytical outputs ]
STEP 5A — FOUR-LAYER DT ARCHITECTURE (UNIDIRECTIONAL DATA FLOW: ASSET = DT)

- Data flows unidirectionally from asset to DT — DT does not write back to plant control systems

Model Layer — Hybrid Cox Engine
';\/,\IEERE: Hosts hybrid Cox PH + residual-learning model. Applies Z-standardisation to incoming sensor values (mu, sigma).
B~ — log-hazard ratios][‘/" — corrector weight][ﬁg, F(t) — baseline ][}1, o — std params}[ z(.) ML (.orrerror]
Simulation Layer — Parametric Optimisation Engine
LAYER 2 Hosts (Delta, theta) grid search. Re-runs what-if analyses. MATLAB Parallel Computing Toolbox (50-80% runtime reduction).
SIMULATION
[A grid [30-365 days] ] [6 grid [70th-95th pct] ] [cost / downtime / A per policy]
Decision Layer — Trigger Logic & Recommendation Engine
LAYER 3 Applies PM trigger rules. OPERATOR-IN-THE-LOOP — operator authorises; DT advises only.
DECISION
[lr h(t) 2 6 - early PM ] [1:’ t 2 A - scheduled PM ][Else » continue rronitoring]
Visualisation Layer — Dual-Track Auditability Display
LAYER 4 Hazard/survival curves - base vs corrected risk (n, n+yz) - cost - downtime - RUL. y-z(x) reported when paths disagree.
VISUALISATION
(Base cox n(t)] (Cox+ML corrected h(t)] ((v-z(x) magnitude ] (Schedule + cost + downtime)
STEP 5B — THREE VALIDATION PATHWAYS (PRE-
DEPLOYMENT)
7" OFFLINE VALIDATION PROTOCOL === === === == = = = = e o o o o o o o o o o oo oo oo oo oo e \
! 1
: PATHWAY 1 - INTERNAL PATHWAY 2 - TEMPORAL PATHWAY 3 - SENSITIVITY 1
1
I | Synthetic Lifetime Test Train / Test Time Split Pareto Front Stability !
: Generate synthetic lifetimes from known Cox Train on years 1-4 of historical data. Test on Perturb  +1SE - Perturb y +1SE - Vary Coym and Cay by :
: model. Controlled covariate perturbations (10, year 5. Score per-asset P_fail(A*) on three pre- +20%. Confirm Pareto-front rank correlation and (A*, 1
1 +20). Score predicted h(t), S(t) vs ground truth. fixed metrics: 0*) stability. :
1
: [C—lndex 2 0.70 [discrimination] ] :
Synthetic — KL divergence >are o ). 9C !
: [”l/['““‘t“‘ KL divergence J [Brler score [probabilistic acc\;racyj] ["‘*(‘“) p 2 0.90 ] I
1
! (ECE < 0.05 [calibration] )| !
! 1
: FIXED ACCEPTANCE THRESHOLDS (pre-specified before validation) :
: C-INDEX ECE PARETO p i
v 20.70 <0.05 2090 @ e 4

STEP 5C — DEPLOYMENT ARTEFACT (VERSION-
CONTROLLED BUNDLE) \

SINGLE VERSION-CONTROLLED BUNDLE FOR OFFLINE CALIBRATION & WHAT-IF ANALYSIS

B~ — log-hazard ratios Yy~ — corrector weight fig, F(t) — baseline cumulative hazard
u, o — standardisation parameters z(-) — trained residual learner A*, 6* — optimisation outputs

v

[ [TV IV BNV Ao TAI VNS A Validated advisory DT: defensible PM schedule (A*, 8*) with cost, downtime & availability ]

(Val‘\daled hybrid Cox engine )(Recommended (A*, 6%) po\icy)( Dual-track display )(Operator—in—the—loop)(C—index / Brier / ECE report) (Deployment bund\e)

Fig. 6. Stage 5 DT integration and offline validation workflow

3. Variables and dataset requirements

The minimum dataset to operationalise the framework comprises four blocks. Survival fields:
asset identifier, install or last-replacement date, observation end date, time-to-event in days, and
the binary event indicator (1 = failure, 0 = censored). CM covariates aligned to ISO 17359 [21]:
vibration RMS, temperature, torque, and oil debris/particle count. Maintenance covariates:
maintenance count, time since last maintenance, event class, and observed MTTR. Operational
covariates: load (% or power proxy), rotational speed, ambient temperature, and operator shift.
Scheduling-realism variables, spare lead time, crew availability, spare-inventory policy, and
economic variables, Cpy, Ccpy, downtime cost per hour, and availability target are required for
Stage 4. The full set is shown in Table 1.

4. Conclusions

This paper has expanded the four-stage DT-for-maintenance framework introduced at
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PAMDaS 2025 from a concept-level outline into a method-locked architecture. At Stage 1, asset
criticality is fixed through a Delphi-AHP-RPI procedure that combines expert agreement (Fleiss’s
kappa > 0.50, geometric-mean aggregation), a consistency-checked weighting model (CR < 0.10),
and a percentile-based RPI. At Stage 2, the system structure is fixed using a BowTie hybrid that
employs FTA for causes, RBD for system reliability, and explicit barrier modelling on the
consequence side. At Stage 3, the twin risk model is fixed as a two-layer Cox proportional hazards
model with a cross-fitted residual-learning correction, giving a hybrid linear predictor and a
Breslow-estimated baseline cumulative hazard. At Stage 4, the scheduling problem is formulated
as a parametric simulation over preventive interval and risk threshold with a cost objective and an
availability constraint, and the Pareto front is presented to the decision maker.

Table 1. Minimum dataset specification for the proposed framework
Asset ID; install/last replacement date; observation end date; time-to-event
(days); event indicator (1 = failure, 0 = right-censored)
Condition-monitoring Vibration RMS; temperature (Celsius); torque (Nm);
covariates oil debris/particle count (ISO 17359 indicators)
Maintenance count; time since last maintenance (days); event class
(PM/CM/inspection); observed MTTR
Load (%) or power proxy; rotational speed (RPM); ambient temperature
(Celsius); operator shift/team
Scheduling and Spare lead time (days); crew availability; Cpps; Ceprs
economic variables downtime cost per hour; availability target A¢arget

Survival fields

Maintenance covariates

Operational covariates

Three properties distinguish the framework from existing DT-for-maintenance proposals. The
first is method-problem fit at every stage rather than a generic stack of fashionable techniques.
The second is explicit data products linking the stages, so that priority vectors, minimal cut sets,
hazard functions, and optimal policies are propagated rather than re-derived. The third is
auditability: every method exposes a decision rule (CR threshold, SPOF rule, PH-assumption
check, dual-track Cox-vs-Cox-plus-ML display, Pareto front), so that a maintenance team can
challenge any individual recommendation.

The contribution is conceptual at this stage. The framework specifies methods, decision rules,
and validation thresholds, but the empirical case study is ongoing. The framework is offered as a
defensible, decision-oriented starting point rather than as a final word, and it is intended to be
tested against the realities of industrial maintenance rather than only against published
benchmarks.
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