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ABSTRACT

Maintenance-economic studies often convert condition indicators into apparent costs without verifying whether
the resulting targets are independent of the model inputs. This can produce exceptionally high but operationally
misleading accuracy. We formulate component-level estimation for a COmbined Diesel-eLectric And Gas (CODLAG)
propulsion plant as a leakage-resistant digital-shadow problem. The primary dataset is the public UCI naval
propulsion dataset: 11,934 steady-state observations generated by a calibrated numerical frigate simulator across
nine speed settings, 51 compressor-health states, and 26 turbine-health states. Because it contains neither monetary
maintenance records nor live vessel telemetry, the outputs are explicitly defined as dimensionless compressor and
turbine cost-risk indices rather than currency costs. Health coefficients and every target-derived quantity are excluded
from predictors. Models are tuned by three-fold grouped inner validation and assessed by five-fold outer validation
in which all observations sharing a degradation pair remain in the same fold. Extra Trees achieved an aggregate
cost-risk RMSE of 0.0222 (95% CI half-width 0.0049) and R? of 0.9886 (95% CI half-width 0.0049) under nominal
interpolation. However, combined noise, missingness, calibration bias, and channel loss reduced R2 to 0.6335
even after corruption-augmented training, while leave-one-speed-regime-out testing produced mean R> = —0.379.
Scenario-matched 90% split-conformal intervals retained 89.5-90.4% empirical coverage by widening from 0.032
nominally to 0.406 under severe corruption. An external NASA C-MAPSS FD001 benchmark yielded RMSE
16.97 cycles and R?> = 0.821 for remaining-useful-life prediction on 100 unseen engines. The study therefore
supports robust condition-risk ranking within the simulated envelope, not direct monetary forecasting or autonomous
maintenance scheduling. The principal contribution is a transparent validation protocol that exposes target leakage,
simulator determinism, sensor-quality sensitivity, and the boundary between a digital shadow and a deployable
digital twin.

Keywords: Naval propulsion = Digital shadow = Condition monitoring = Cost-risk index = Target leakage - Nested
grouped validation = Conformal prediction = Sensor degradation

1. INTRODUCTION a fixed calendar. In maritime propulsion, the potential value
is substantial because propulsion failures can combine repair
expense, loss of availability, safety exposure, and mission dis-
ruption [1, 2, 3]. Yet prediction and maintenance are different

Condition-based maintenance (CBM) seeks to align inspec-
tion and intervention with observed asset condition rather than
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tasks. A prediction model estimates an unobserved condition
or future outcome; a maintenance policy additionally selects
an action, time, and resource plan under economic and reli-
ability constraints. Recent offshore-wind studies make this
distinction explicit by coupling condition assessment with
opportunistic scheduling, environmental accessibility, subsys-
tem dependence, and revenue or cost objectives [4, 5, 6].

Digital-twin terminology introduces a second distinction. A
digital model has no automated data link; a digital shadow
receives one-way updates from a physical or simulated source;
and a full digital twin has an operational synchronization
and feedback mechanism [7, 8, 9, 10]. The public naval
propulsion data used in this work were generated offline by a
numerical simulator. They can support the design and testing
of an analytical digital shadow, but they cannot demonstrate
live synchronization, closed-loop updating, or intervention
feedback. Calling the experiment a validated real-time twin
would therefore overstate the evidence.

A third distinction concerns the target itself. A naive formula-
tion may treat products such as compressor decay coefficient
x fuel flow as maintenance costs. These products are neither
independently observed expenditures nor expressed in cur-
rency, and their factors may also be available to the predictors.
A model can consequently reconstruct the formula instead of
learning a transportable relationship between measured condi-
tion and economic burden. This target-construction problem,
compounded by a deterministic simulator grid, explains why
R? values near 0.9999 do not establish operational validity.

The study asks a narrow and defensible question: can mea-
sured propulsion signals estimate normalized component
severity, and hence a transparent cost-risk ranking, when
target leakage is blocked and sensor defects are introduced?
The output is a dimensionless index for prioritization; con-
version to monetary cost is deferred until work orders, labor
rates, parts, downtime, and failure consequences are avail-
able. This framing preserves the useful cost-oriented decision
perspective while removing claims unsupported by the data.

1.1 Research Questions and Contributions

The study is organized around four research questions: (RQ1)
how much of the apparent near-perfect performance is at-
tributable to target construction and validation design; (RQ2)
how accurately can independently withheld compressor and
turbine severity be inferred from measured signals; (RQ3)
how sensitive is that inference to realistic sensor defects; and
(RQ4) does the same leakage-control and validation discipline
remain useful on an external engine-degradation benchmark?

The principal contributions are:

* A provenance and target audit that corrects the dataset
description, removes currency claims, and formalizes a
leakage firewall between measured predictors, latent health
coefficients, and derived decision indices.

* A two-stage estimator in which measured signals predict
component severity and a transparent post-model mapping
converts severity to a cost-risk index. This prevents the
model from learning a cost formula whose factors are al-
ready present in the input.

* A nested, degradation-state-grouped validation protocol
with training-only preprocessing, explicit hyperparameter
search, fold-level uncertainty, a random-row diagnostic,

and an unseen-speed-regime stress test.

* A realistic data-integrity analysis spanning Gaussian sensor
noise, missing values, calibration drift, channel dropout,
corruption-augmented training, and scenario-matched split-
conformal intervals.

* An external NASA C-MAPSS benchmark and a standards-
aligned deployment architecture that clearly separates what
is experimentally implemented from the additional func-
tions required for a full digital twin.

These contributions moderate rather than amplify the perfor-
mance claim. Strong interpolation within the simulator grid is
reported together with the failure modes that preclude direct
onboard deployment.

2. RELATED WORK AND RESEARCH POSITIONING

2.1 Maritime Condition Monitoring and Digital Representa-
tions

Machine-learning research on the same CODLAG simula-
tor has primarily estimated compressor and turbine decay
coefficients from steady-state signals. Coraddu et al. eval-
uated supervised approaches for low-intrusive CBM, and
Cipollini et al. studied analysis with limited expert feed-
back [11, 12]. These studies established the dataset as a
condition-estimation benchmark, not a repository of main-
tenance invoices. More recent maritime research has in-
vestigated vessel-machinery prediction [2], component-level
predictive-maintenance challenges [13], marine-engine learn-
ing pipelines [14], and digital-twin-based comparisons for
diesel engines [15]. Their common emphasis is condition,
fault, or remaining-life estimation; economic outputs usually
require a separate decision model or lifecycle-cost layer.

Digital-twin maintenance reviews stress that synchronization,
model updating, and decision feedback are defining opera-
tional capabilities [7, 8]. Maritime examples include lifecy-
cle services for the research vessel Gunnerus [16] and fault-
diagnosis architectures for autonomous ships [17]. ISO 23247
provides a digital-twin framework, ISO 13374 organizes
condition-monitoring data processing, and ISO 55000 links
asset information to lifecycle decision making [18, 19, 20].
These standards motivate the proposed architecture, but stan-
dards alignment alone does not prove that all twin functions
were implemented.

2.2 Prediction versus Maintenance Optimization

Maintenance decisions require more than an accurate point
prediction. Cai et al. connected data-driven condition in-
formation to CBM optimization [21]. Three recent studies
illustrate the same separation in offshore wind: Ye et al.
developed a failure-warning model using ARIMA-LASSO
and operating-condition-specific EWMA thresholds [4]; Luo
et al. proposed an integrated condition-based opportunistic
framework balancing component condition and operation-
and-maintenance cost [5]; and Ying et al. optimized oppor-
tunistic maintenance across dependent subsystems using fault
chains [6]. These studies are not direct numerical baselines
for a CODLAG simulator, but they provide an important con-
ceptual benchmark: a condition estimator becomes a mainte-
nance method only after actions, constraints, dependencies,
and economic consequences are modeled.
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2.3 Research Gap

The literature does not justify the broad claim that no Al-
enabled cost-aware maritime maintenance research exists.
The narrower gap addressed here is methodological: pub-
lic simulator studies rarely quantify how target provenance,
grouped validation, realistic sensor corruption, uncertainty
intervals, and digital-twin scope jointly affect a cost-oriented
condition index. Table | positions this contribution without
claiming primacy over all maritime predictive-maintenance
research.

Note. CRI = cost-risk index; RUL = remaining useful life.

3. MATERIALS AND METHODS

3.1 System Scope: An Implemented Digital Shadow

Figure 1 separates the validated offline pipeline from func-
tions proposed for future deployment. The implemented
system ingests simulator records, applies data-quality and
leakage checks, estimates component severity, and returns a
CRI with an uncertainty interval and quality flag. Itis a digital
shadow because information flows from a simulated physical
model to an analytical representation. Live vessel synchro-
nization, dynamic state-space filtering, intervention feedback,
and economic calibration are shown as future functions and

are not counted among the experimental contributions.

3.2 Primary and External Datasets

The primary dataset is the UCI Condition Based
Maintenance of Naval Propulsion Plants dataset (DOI
10.24432/C5K31K) [22]. Its 11,934 rows were generated
by a numerical frigate simulator representing a CODLAG
propulsion plant. The simulator blocks—propeller, hull, gas
turbine, gearbox, and controller—were tuned using knowl-
edge of similar propulsion plants, but the released observa-
tions are synthetic steady states rather than measurements
collected aboard Royal Canadian Navy vessels. The design
is a complete grid of nine speeds (3—27 knots in 3-knot in-
crements), 51 compressor coefficients k. € [0.950,1.000],
and 26 turbine coefficients ky; € [0.975,1.000]. There are no
missing values and no timestamps, vessel identifiers, work
orders, failures, or monetary costs.

Sixteen variables are released: lever position, ship speed,
gas-turbine shaft torque and rate of revolution, gas-generator
speed, starboard and port propeller torque, high-pressure
turbine exit temperature, compressor inlet and outlet tem-
peratures, turbine exit pressure, compressor inlet and outlet
pressures, exhaust gas pressure, turbine injection control, and
fuel flow. Lever position is an exact encoding of speed and

Table 1. Critical positioning against representative related work.

Asset/data

Distinctive contribution

Endpoint

Boundary

Coraddu et al. [11]
Cipollini et al. [12]
Jimenez et al. [2]

CODLAG simulator
CODLAG simulator
Vessel machinery

Condition indicators
Predictive-maintenance
outputs

Fault-warning signal

Ye et al. [4] Offshore wind

Luo et al. [5] Offshore wind farm

plan

Ying et al. [6] Wind subsystems Maintenance schedule

This study CODLAG + C-MAPSS Severity, CRI, and RUL

Compressor/turbine decay

Condition + maintenance

Supervised condition estimation
Minimal-feedback CBM analysis
Maritime PdM framework

No cost labels; simulator grid
No monetary validation
Different assets and endpoints

ARIMA-LASSO indicators  and
operating-condition-specific EWMA
thresholds

Health-based windows, component pri-

Warning rather than cost esti-
mation

No CODLAG sensor bench-

orities, and cost-aware grouping mark
Fault-chain dependence and optimiza- Different  degradation/cost
tion structure

Leakage firewall, grouped nested CV, No field costs or live twin

corruption and conformal uncertainty

Implemented digital-shadow pipeline and deployment boundary

CODLAG simulator Data-quality gate

Steady-state signals
16 measured channels
Known health coefficients

Range checks
Leakage blacklist
Median imputation

=1

State estimator

Nested grouped tuning
Extra-Trees ensemble
Component severity

Decision output Operator layer

Cost-risk index
90% conformal interval
Quality flag

Rank inspection
Review uncertainty
Do not auto-act

Future full digital-twin functions (not experimentally claimed here)

Live vessel synchronization « state-space filtering « intervention feedback « economic calibration

e
-
future feedbat/k
e
s

e
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Scope statement: experiments validate an offline, one-way digital shadow using simulator data; they do not validate a synchronized onboard digital twin.

Figure 1. Implemented digital-shadow pipeline and the explicit boundary of a future full digital twin.
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Table 2. Dataset provenance and analytical role.

Dataset Size Origin

Inputs

Endpoint Use limitation

UCI naval propul- 11,934
sion states

NASA C-MAPSS 20,631 train cy-

Numerical CODLAG
frigate simulator

C-MAPSS turbofan simu-

steady

15 measured predic-
tors money

17 nonconstant pre-

kyte, kyr — CRI No field telemetry, time, or

Capped RUL Aircraft domain; ancillary trans-

FDOO1 cles; 100 test en- lator dictors fer test
gines
Uniform simulator health-state grid Marginal sensor-health correlations
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Figure 2. Uniform health-state grid and marginal relationships between measured signals and excluded health targets.

was removed; the remaining 15 measured signals form the
predictor vector. Both health coefficients are targets only and
never enter the model input.

The external benchmark is NASA C-MAPSS FDO0O01 [23, 24].
It contains 20,631 training-cycle rows from 100 engines and
an official test set of 100 unseen engines operating under
one condition with one high-pressure-compressor degrada-
tion mode. Seventeen nonconstant operating/sensor variables
were retained. Remaining useful life was capped at 125 cy-
cles during training, a common stabilization for early healthy
cycles, and evaluated at the final observed cycle of each test
engine using the official labels. This benchmark does not vali-
date maritime cost; it tests whether the same leakage and hold-
out discipline transfers to a distinct propulsion-degradation
problem.

Dataset provenance, inputs, endpoints, and interpretation lim-
its are summarized in Table 2; Figure 2 illustrates the COD-
LAG health-state grid and signal relationships.

3.3 Target Definition: From Unsupported Cost to Cost-Risk

Let ky. and kyy; denote the simulator’s compressor and tur-
bine health coefficients, where 1 indicates the nominal state
and lower values indicate stronger degradation. Component
severity is normalized to [0, 1]:

_ l_kMt
T 1-0975

1 —kne

T 120950 M

Zc 3t
A transparent aggregate cost-risk index is then calculated

after prediction:

CRI = w¢z. +w; 2,

)
we =0.55,  w, = 0.45,

we+w, = 1.

The weights illustrate a slightly higher prioritization of com-
pressor degradation; component results are reported sepa-
rately so users can substitute validated fleet-specific weights.
CRI is dimensionless and monotonic in severity. It is not a
price, expected invoice, or lifecycle cost. If fleet records later
provide inspection cost ¢, component intervention costs a;,
and downtime cost d, a monetary model could be calibrated
as:

E[C|x]=co+ ) a;Pr(zj > 7j | x) + dE[Tgown | x].  (3)
J

but none of cg, a;, T;, d, or downtime outcomes is available in
the public dataset. Equation 3 is therefore a future calibration
pathway, not an estimated result in this paper.

3.4 Observation and Learning Formulation

For observation i, let s; = [Zc,i,Zt,i]T denote latent component
severity, u; the operating regime (principally ship speed), and
x; € R'> the measured signal vector. The simulator can be
represented conceptually as:

X; :h(s,-,u,-)+£,-, 4)

where  is the unknown nonlinear mapping and €; represents
measurement error. The learning task estimates severity from
signals:

1
0*:argngnn—ZHSi*fe(Xi)”%' ®)

U jctr

§i :fe(xi),

Predicted CRI is computed only after §; is obtained. This
two-stage form makes the target construction auditable and
prevents a regressor from receiving the coefficients used to
calculate its response.

The model-specific search spaces are summarized in Table 3.
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Table 3. Hyperparameter optimization protocol.

Model Tuned parameters

Search space

Search method

Ridge a
Random Forest max_depth;
min_samples_leaf;
max_features

Extra Trees max_depth;
min_samples_leaf;

max_features

{0.01,0.1,1,10,100}
{10,16,None}; {1,2,4}; {0.6,0.8,1.0}

{10,16,None}; {1,2,4}; {0.6,0.8,1.0}

Exhaustive grid
8 random combinations; 240 trees

8 random combinations; 240 trees

3.5 Leakage Firewall and Preprocessing

The leakage firewall applies four rules. First, kpsc, kast, 2c» 25
CRI, and every algebraic descendant of these quantities are
prohibited from the predictor matrix. Second, lever position
is removed because it deterministically duplicates ship speed.
Third, imputation, scaling, augmentation, and model tuning
are fitted inside each training partition only. Fourth, all nine
observations sharing the same (kp, k) health pair form one
group; a group is never split between training and test. In set
notation, if A(Y') denotes the algebraic closure of the response
variables, the admissible inputs satisfy:

Xum NA(Y) = 2, G; = G; = fold(i) = fold(j). (6)
The nominal UCI data contain no missing values. Median
imputation is nevertheless included in the pipeline because
missingness is introduced during deployment stress tests. Ro-
bust scaling is used for Ridge regression; tree ensembles
operate on the imputed native scale. No outlier is deleted
merely because it is statistically extreme. Values are removed
only if they are nonfinite or outside a physically specified
range; neither condition occurred in the source file.

3.6 Sensor-Corruption Model and Robust Training

To avoid treating clean simulator data as operationally repre-
sentative, test signals are transformed by a corruption opera-
tor:
X =MO® (x+b+n)+(1-M)©ONA,
nj~ A (0,p%7).

where M is a Bernoulli availability mask, b is a calibration
offset, p controls noise relative to the training standard devia-
tion, and ® denotes elementwise multiplication. Eight scenar-
ios are evaluated: nominal; 1% and 3% Gaussian noise; 5%
and 15% missing completely at random (MCAR); 2% range-
based bias applied to T48, T2, and P2; complete dropout of
T48 and P2; and a combined severe scenario with 3% noise,
15% MCAR, and 2% bias. These are controlled sensitivity
scenarios, not estimates of naval sensor failure rates.

(N

For corruption-augmented training, each clean training row
is paired with one independently corrupted copy using 2%
noise, 10% MCAR, and 1% bias in the same three channels.
Targets are unchanged. Augmentation is performed after the
outer split, so no test information is injected.

3.7 Candidate Models and Hyperparameter Optimization

Three models were selected to cover interpretable linear reg-
ularization and nonlinear ensembles: Ridge regression [25],
Random Forest [26], and Extremely Randomized Trees
(Extra Trees) [27]. Every implemented candidate is re-

ported, and no untested method is included in the work-
flow. Hyperparameters are optimized in a three-fold in-
ner GroupKFold using negative root-mean-square error av-
eraged across the two normalized severity outputs. Ridge
uses exhaustive grid search. Each tree ensemble uses
eight draws from a prespecified 27-combination grid. The
modal winning Extra-Trees configuration across outer folds
used 240 trees, max_features=0.8, unrestricted depth,
min_samples_leaf=1, and random_state=20260903.

The nested assessment and transfer workflow is shown in
Figure 3.

3.8 Validation, Uncertainty, and Metrics

Primary performance is estimated by five outer folds grouped
by the 1,326 unique degradation pairs. Hyperparameter selec-
tion uses three grouped folds nested inside each outer training
set. The reported 95% confidence intervals are ¢ intervals
over the five outer-fold scores; they quantify fold-to-fold vari-
ability, not all sources of epistemic uncertainty. A random
80/20 row split is retained only as an inflation diagnostic. A
leave-one-speed-regime-out analysis trains on eight speeds
and tests on the ninth to measure operating-envelope transfer.
For each outer fold, 20% of training groups are reserved

for split-conformal calibration [28]. Absolute CRI residuals
define the finite-sample quantile:

do.90 = Quantile (, 110001 /n., {‘CRL _CRij|:ie cal} ,
®)
10,9()()6) = [max (O,CRI(X) — 6?0.9()) s
)

min (I,G\RI()C) th?o.go)} .

Because corruption changes the residual distribution, calibra-
tion and test data receive the same named corruption when
scenario-matched coverage is assessed. This is a sensitivity
calculation; exchangeability may fail under real temporal
drift.

Point metrics are mean absolute error (MAE), root-mean-
square error (RMSE), and the coefficient of determination
R?:

MAE =n""}" [vi i,

RMSE — \/m (10)

Algorithm 1: Leakage-resistant grouped estimation. /In-
puts: Measured signals X; health targets S; health-pair groups
G; candidate models M.
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Leakage-resistant validation protocol

1. Provenance audit 2. Outer assessment

Simulator—not field data
Targets separated
Exact duplicates removed

5 folds by health pair
No pair crosses folds
Mean + 95% CI

3. Inner tuning 4. Locked test

3 grouped folds
Ridge, RF, Extra-Trees
Training-only transforms

Nominal accuracy
Sensor corruptions
Conformal coverage

Stress-test branch

1-3% Gaussian noise * 5-15% MCAR
2% calibration bias ¢ channel dropout
combined severe corruption

External benchmark branch

NASA C-MAPSS FD0OO1
Official train/test separation
100 unseen engine units

All preprocessing, augmentation, model selection, and calibration are fitted without access to the outer test fold.

Figure 3. Nested grouped assessment, sensor-corruption branch, and external benchmark protocol.

1. Create severity targets from kys. and kyy; construct CRI
only for evaluation and decision output.

2. Delete kysc, kas:, every target-derived field, and determin-
istic duplicate lever position from X.

3. For each of five outer grouped folds, reserve one set of
health pairs as the untouched test fold.

4. Within the remaining groups, optimize each candidate by
three-fold grouped validation; fit imputation and scaling
inside each inner training fold.

5. Refit the selected configuration on the outer training data;
predict component severity and CRI on the untouched
health pairs.

6. Aggregate fold metrics and compute ¢-based 95% confi-
dence intervals.

Output: Fold-level predictions, metrics, tuned parameters,
and leakage audit.

Algorithm 2: Corruption-robust prediction and con-
formal intervals. [nputs: Outer training/calibration/test
groups; fitted estimator; corruption scenario g.

1. Generate a corrupted copy of outer training signals using
2% noise, 10% MCAR, and 1% bias; append it to clean
training data.

2. Fit the robust estimator without accessing calibration or
test targets.

3. Apply the same named deployment scenario g separately
to calibration and test signals.

4. Compute calibration absolute residuals and the finite-
sample 0.90 conformal quantile.

5. Return clipped CRI point estimates, 90% intervals, and a
sensor-quality scenario flag.

Output: Scenario-specific RMSE, R2, empirical coverage,
and interval width.

3.9 Experimental Platform and Reproducibility

Analyses were executed on an x86-64 Linux environment us-
ing Python 3.12.13, NumPy 2.3.5, pandas 2.2.3, SciPy 1.17.0,
scikit-learn 1.8.0, Matplotlib 3.10.8, and seaborn 0.13.2. Par-

allel tree fitting used all available logical cores. The UCI data
were produced by the original authors’ numerical CODLAG
simulator; this study did not rerun or modify that proprietary
simulation software. The NASA benchmark was generated
with NASA’s Commercial Modular Aero-Propulsion System
Simulation (C-MAPSS). Fixed seed 20260903 controls split-
ting, hyperparameter sampling, corruption, and ensemble
randomness.

4. RESULTS

4.1 Provenance and Leakage Audit

The audit established three constraints. First, the primary
observations are simulator outputs, not real-time ship sensor
records. Second, products of decay coefficients and fuel flow
are nonmonetary algebraic proxies. Third, their factors and
close deterministic correlates make near-perfect reconstruc-
tion unsurprising. Reproducing the algebraic target while
supplying its components yielded mean R*> = 0.9999988 and
RMSE = 0.000540. Even after removing the health coeffi-
cients but retaining simulator signals, the same product target
remained near perfect (R> = 0.9999980), demonstrating that
the deterministic grid and target formula—not merely model
quality—drive the result.

Under the corrected formulation, a random row split yielded
CRI R? = 0.9946 and RMSE = 0.0155. When entire degra-
dation pairs were withheld, performance decreased to R?> =
0.9886 and RMSE = 0.0222. The difference is not catas-
trophic, but it confirms that row-wise splitting is optimistic
because the same health pair appears at multiple speeds across
training and test.

The contrast between algebraic-proxy reconstruction and
leakage-free grouped estimation is illustrated in Figure 4.

4.2 Nested Grouped Model Comparison

Extra Trees achieved the lowest grouped error for the aggre-
gate CRI and the two component severities (Table 4). The
95% intervals are deliberately retained rather than presenting
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Leakage-free model comparison

Near-perfect scores diagnose formulation risk
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Figure 4. Leakage-free grouped model comparison and diagnostic contrast with algebraic proxy reconstruction.
Table 4. Five-fold nested health-state-grouped performance.
Model CRIMAE (+95% Cl)  CRI RMSE (95% Cl) CRI R? (+95% ClI) Compressor R Turbine R?
Extra Trees 0.00819 4 0.00170 0.02225 £ 0.00486 0.98858 + 0.00487 0.99616 0.98981
Random Forest 0.00973 4+ 0.00172 0.02780 £ 0.00535 0.98226 + 0.00618 0.99414 0.98446
Ridge 0.04936 + 0.00032 0.06301 £ 0.00073 0.91064 + 0.00191 0.79163 0.91074

a single favorable split. Ridge performed materially worse, in-
dicating that orthogonalization or linear regularization alone
does not capture the nonlinear simulator response. Random
Forest was competitive but less accurate than Extra Trees.
These results support Extra Trees as the point estimator for
the subsequent robustness analysis; they do not imply superi-
ority on unobserved vessels.

Fold-level scores underlying these summaries are provided in
Appendix Table A1.

Note. Confidence intervals are ¢ intervals across five outer
folds. Lower MAE/RMSE and higher R? are better.

4.3 Sensitivity to Sensor-Data Defects

The clean simulator result is not robust to realistic data defects
(Table 5 and Figure 5). With clean-only training, 15% MCAR
reduced R? to 0.702, two-channel dropout to 0.673, and com-
bined severe corruption to 0.286. Corruption-augmented
training slightly increased nominal RMSE from 0.0222 to
0.0239 but reduced severe-case RMSE by 28.3%, from 0.1781
to 0.1276. The improvement is meaningful, yet an RMSE of
0.1276 on a [0, 1] index is too large for autonomous decisions.
Robust augmentation should therefore be viewed as damage
limitation, not a substitute for sensor-quality controls.

Note. Improvement is relative RMSE reduction from clean-
only to corruption-augmented training; negative means worse.

Sensitivity to realistic sensor-data defects

e“‘
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« oﬁ““
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Figure 5. CRI error under realistic sensor-noise, missingness, bias,

and dropout scenarios.

4.4 Prediction Uncertainty

Scenario-matched split-conformal intervals attained mean
empirical coverage close to the nominal 90% target: 89.8%
under nominal data, 90.3% under 3% noise, 89.5% under
15% MCAR, and 90.4% under combined severe corruption.
Coverage alone is not evidence of usefulness. Mean inter-
val width increased from 0.032 nominally to 0.338 under
3% noise, 0.263 under 15% MCAR, and 0.406 under the
severe combination. The widening is an appropriate warning
that a point estimate becomes less actionable as data quality
deteriorates.

Table 5. Sensor-corruption sensitivity of the selected Extra-Trees estimator.

Clean-train R’

Test condition Clean-train RMSE

Nominal 0.0222 0.9888
Noise 1% 0.0657 0.9029
Noise 3% 0.1121 0.7172
MCAR 5% 0.0697 0.8906
MCAR 15% 0.1151 0.7016
Bias 2% 0.1265 0.6396
Two-sensor dropout 0.1205 0.6731
Combined severe 0.1781 0.2865

Augmented RMSE Augmented R> RMSE improvement
0.0239 0.9871 —7.7%
0.0612 0.9158 +6.9%
0.1061 0.7468 +5.4%
0.0507 0.9422 +27.3%
0.0842 0.8403 +26.8%
0.1108 0.7239 +12.5%
0.0904 0.8156 +25.0%
0.1276 0.6335 +28.3%

56



American Journal of Business and Operations Research (AJBOR)

Vol. 15, No. 01 - 2027

Table 6. Scenario-matched 90% split-conformal interval performance.

Mean interval width

Scenario Empirical coverage (mean + SD)
Nominal 0.898 £ 0.010
Noise 3% 0.903 £+ 0.008
MCAR 15% 0.895 £ 0.018
Combined severe 0.904 £+ 0.008
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0.406

Held-out degradation states
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Figure 6. Held-out degradation-state predictions and scenario-matched conformal coverage.

Coverage and interval-width results are reported in Table 6,
with observed-versus-predicted agreement shown in Figure 6.

4.5 Unseen Operating-Regime Transfer

The leave-one-speed-regime-out test is the strongest warn-
ing against overgeneralization. Across the nine held-out
speeds, mean MAE was 0.200, mean RMSE was 0.242,
and mean R? = —0.379. At 27 knots, RMSE reached 0.381
and R> = —2.268. The estimator therefore interpolates well
among withheld health states when familiar speed regimes
remain in training, but it does not extrapolate reliably to a
completely unseen speed. A deployed system must either
cover the intended operating envelope during calibration or
use an explicit physics-informed adaptation mechanism.

Speed-specific errors are detailed in Table 7.

Table 7. Leave-one-speed-regime-out generalization.

Held-out speed (knots) CRI MAE CRI CRI R2
RMSE

3 0.166 0.205 0.055

6 0.166 0.201 0.092

9 0.215 0.265 —0.578
12 0.183 0.223 —0.120
15 0.179 0.218 —0.070
18 0.180 0.220 —0.085
21 0.193 0.236 —0.250
24 0.188 0.230 —0.191
27 0.327 0.381 —2.268

4.6 External C-MAPSS Benchmark

On 100 official C-MAPSS FDO0O01 test engines, Extra Trees
achieved MAE 12.01 cycles, RMSE 16.97 cycles, and R? =
0.821; Random Forest achieved RMSE 17.28 and R = 0.814;
Ridge achieved RMSE 20.60 and R? = 0.736. The external
result is intentionally less spectacular than the CODLAG
interpolation score and is more consistent with a difficult fleet
holdout. It supports the portability of the validation workflow,
not the portability of a maritime cost function.

Model-level external benchmark metrics are summarized in
Table 8.

Table 8. External validation on NASA C-MAPSS FD001 (100
unseen engines).

>

Model MAE RMSE R~
(cycles) (cycles)
Extra Trees 12.01 16.97 0.821
Random Forest 12.24 17.28 0.814
Ridge 16.37 20.60 0.736
5. DISCUSSION

5.1 What High Nominal Accuracy Does—and Does Not
Show

The nominal R? remains high because the primary benchmark
is a dense, deterministic simulator grid. The grouped protocol
prevents identical health pairs from crossing folds, but adja-
cent grid states remain highly regular and the sensors encode
them strongly. The result demonstrates interpolation across
unseen health pairs within represented operating regimes. It
does not demonstrate performance under ship-to-ship vari-
ability, sea state, sensor aging, maintenance history, controller

57



American Journal of Business and Operations Research (AJBOR)

Vol. 15, No. 01 - 2027

changes, or adversarial conditions.

The leakage audit also shows why accuracy should not be
the paper’s principal contribution. Algebraic proxies can be
reconstructed almost exactly even when they have no eco-
nomic semantics. The stronger contribution is the method for
detecting and preventing that error: an explicit target lineage,
predictor blacklist, grouped split, stress tests, and uncertainty-
aware output. A value near R> = 0.9999 is therefore treated
as a diagnostic warning rather than a headline result.

5.2 Relation to Maintenance Decision Making

CRI can rank observations for inspection or analyst re-
view, but it does not choose a maintenance action. The
offshore-wind literature demonstrates the missing decision
layer: condition-based maintenance windows, cost and re-
source constraints, component dependencies, and fault chains
alter the optimal schedule [5, 6]. A naval implementation
would likewise require mission availability, redundancy, dock
capacity, spare-parts lead times, labor, safety constraints, and
the consequence of delayed intervention. Equation 3 sketches
how field costs could enter, but optimizing those decisions is
beyond the present evidence.

A practical operator interface should therefore display com-
ponent severity, aggregate CRI, conformal interval, sensor-
quality indicators, and an out-of-distribution warning. Auto-
matic work-order generation should be disabled when inter-
vals are wide, channels are missing, or the operating regime
lies outside training support. Human review is not merely a
deployment preference; it follows directly from the severe-
corruption and unseen-speed results.

5.3 Digital-Shadow Fidelity and the Path to a Full Twin

The implemented pipeline satisfies only the analytical por-
tion of a digital-twin architecture. A full twin would require
identity-resolved physical assets, timestamped bidirectional
data exchange, an online state estimator, model-version gov-
ernance, synchronized configuration, and feedback from in-
spections and interventions. Fidelity should be evaluated
with state-estimation residuals, synchronization latency, drift
statistics, and decision outcomes. None can be measured in
the present static file. Figure 1 therefore labels the imple-
mented artifact as a digital shadow and places closed-loop
functions outside the validated boundary.

ISO 13374 can structure acquisition, manipulation, state de-
tection, health assessment, prognosis, and advisory func-
tions [19]. ISO 23247 can guide entity models and service
interfaces [18], while ISO 55000 can govern how condition
evidence enters asset-management decisions [20]. These stan-
dards improve architectural coherence, but real compliance
and effectiveness require deployment-specific verification.

5.4 Robustness, Uncertainty, and Model Governance

Corruption augmentation trades a small nominal penalty for
improved degraded-input performance. The benefit is largest
for missing values and channel dropout because the model
has seen masked patterns during training. Calibration bias
remains difficult because systematic shift is not removed by
median imputation; reference-sensor checks or online recali-
bration are needed. Similarly, conformal intervals preserve
coverage only by becoming wide. In operations, interval

width should be part of the abstention rule, not hidden behind
a nominal coverage percentage.

Model governance should record the training envelope,
dataset lineage, target definition, hyperparameters, software
versions, sensor mapping, and calibration date. Monitor-
ing should track missingness, univariate range violations,
multivariate distance, prediction-interval width, and post-
maintenance residuals. A model should be retrained only
after data-quality review and should be revalidated by asset
or voyage groups rather than random rows.

6. LIMITATIONS AND FUTURE RESEARCH

This study has six material limitations. First, the primary
dataset is numerical and deterministic; it contains no sea-state
variability, measurement chronology, fleet heterogeneity, or
maintenance events. Second, CRI is dimensionless and can-
not be interpreted as money, savings, or return on investment.
Third, the grid consists of steady states rather than degra-
dation trajectories, so temporal forecasting, remaining-life
dynamics, and causal intervention effects cannot be inferred.
Fourth, the external C-MAPSS benchmark concerns aircraft
turbofans and RUL, not naval maintenance cost; it validates
workflow transfer only. Fifth, scenario-matched conformal
coverage assumes exchangeability within each corruption
scenario and may fail under abrupt or sequential distribution
shift. Sixth, the study implements no live synchronization,
state-space filter, feedback control, or maintenance optimizer.

Future work should proceed in stages. A prospective dataset
should join timestamped onboard signals to asset identity,
operating context, alarms, inspections, replaced parts, labor
hours, logistics, downtime, and verified expenditure. Cost cat-
egories must be defined before modeling and recorded inde-
pendently of predictors. Validation should hold out whole ves-
sels and later time blocks. A hierarchical or physics-informed
state estimator can then separate asset-specific baselines from
shared degradation. Monetary calibration should be evaluated
with decision-curve analysis and cost-sensitive loss, followed
by a constrained policy that considers mission readiness and
safety. Finally, an onboard pilot should measure synchroniza-
tion latency, drift, abstention frequency, false-alarm burden,
lead time, and realized maintenance outcomes.

The unseen-speed failure also suggests a targeted
experimental-design priority: collect calibration obser-
vations at the edges and transitions of the intended operating
envelope. Domain adaptation should not be accepted solely
because it restores a high aggregate R”; it must improve
vessel- and regime-held-out performance without degrading
uncertainty calibration.

7. CONCLUSION

This study frames the task as robust, uncertainty-aware esti-
mation of component cost-risk indices from simulated condi-
tion signals rather than near-perfect monetary maintenance-
cost forecasting. The public CODLAG data are described
as numerical-simulator outputs. Health targets and their de-
scendants are excluded from predictors, models are tuned
and tested by degradation-state groups, and performance is
reported under sensor defects and an external engine bench-
mark. Extra Trees provides strong nominal interpolation (CRI
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R? = 0.9886), but performance deteriorates under severe cor-
ruption (R? = 0.6335 after robust augmentation) and fails
under unseen speed regimes (mean R> = —0.379). Confor-
mal intervals appropriately widen as data quality worsens.

Accordingly, the framework is suitable as a research-grade
digital shadow and a basis for condition-risk ranking within
a represented simulator envelope. It is not yet a validated
real-time digital twin, a monetary cost estimator, or an au-
tonomous maintenance policy. This narrower conclusion is
scientifically stronger because it aligns the claim with the
available evidence and makes the remaining path to field
validation explicit.

DATA AVAILABILITY

The primary dataset is publicly available from the UCI Ma-
chine Learning Repository as “Condition Based Maintenance
of Naval Propulsion Plants,” DOI: 10.24432/C5K31K. The
external benchmark is publicly available from the NASA
Prognostics Center of Excellence repository as the “Turbofan
Engine Degradation Simulation Data Set” (C-MAPSS). The
study uses only these public simulator datasets; no confiden-
tial naval operational records were accessed.
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APPENDICES

A. FOLD-LEVEL PRIMARY RESULTS

Table A1. Complete fold-level results used to compute Table 4.

Outer fold Model CRI MAE CRI RMSE CRI R2
1 Extra Trees 0.01034 0.02755 0.98288
2 Extra Trees 0.00854 0.02234 0.98873
3 Extra Trees 0.00779 0.02339 0.98774
4 Extra Trees 0.00668 0.01669 0.99376
5 Extra Trees 0.00759 0.02126 0.98979
1 Random Forest 0.01196 0.02955 0.98032
2 Random Forest 0.00997 0.02939 0.98049
3 Random Forest 0.00908 0.02827 0.98210
4 Random Forest 0.00828 0.02036 0.99072
5 Random Forest 0.00938 0.03142 0.97770
1 Ridge 0.04948 0.06325 0.90981
2 Ridge 0.04923 0.06296 0.91050
3 Ridge 0.04921 0.06262 0.91215
4 Ridge 0.04976 0.06387 0.90861
5 Ridge 0.04912 0.06237 0.91216

B. CORRUPTION DEFINITIONS AND REPRODUCIBILITY CHECKS

The corruption scenarios and augmentation settings are specified in Appendix Table B1.

Table B1. Exact sensor-corruption scenarios.

Scenario Operation Parameters/channels
Noise 1% / 3% Independent JV(O,pZGJZ) noise p =0.010r0.03
MCAR 5% / 15% Independent feature-cell masking p=0.050r0.15

Bias 2% Add 0.02 of training range T48, T2, P2
Two-sensor dropout Mask full channels T48 and P2

3% noise + 15% MCAR + 2% bias
2% noise + 10% MCAR + 1% bias

Combined severe All signals; bias on T48, T2, P2

Training augmentation One corrupted copy per training row

Reproducibility checks included: fixed random seed; no duplicate health pair across outer folds; preprocessing fit only on
training partitions; no target-derived predictor; fold-level metrics retained; all mentioned models present in the reported results;
and source-data provenance checked against the UCI and NASA repository descriptions.
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