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ABSTRACT

Marine diesel propulsion engines are essential to naval plat-
forms, enabling maneuvering, navigation readiness, and train-
ing operations. However, maintenance of propulsion consum-
ables—particularly fuel filtration elements—often remains
time-based and corrective despite the growing availability of
onboard operational records. This paper presents the devel-
opment and validation of a Remaining Useful Life (RUL)
prediction model for the propulsion engine filtration system of
the Colombian Navy (ARC) training ship, aiming to estimate
time to replacement for cartridge-based filters.

The proposed approach handles imperfect manual operational
data and scarce, non-uniform maintenance labels through a
Prognostics and Health Management (PHM) workflow guided
by the Cross-Industry Standard Process for Data Mining
(CRISP DM). It combines physics-informed data quality
control using plausibility bounds, outlier mitigation, and
time-series reconstruction; expert validation of representative
operating cycles using a Delphi protocol; and event
logging to align filter-replacement actions with gap-aware
approximations. It was trained supervised regression models
using an automated machine learning (AutoML) strategy
implemented in PyCaret and refined through hyperparameter
optimization in Optuna. A Random Forest Regressor model
achieved the best performance, reaching a test root mean
squared error (RMSE) of 52.92 hours with a coefficient of
determination (R2) of 0.921.
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1. INTRODUCTION

Marine vessels rely predominantly on diesel engines for
propulsion and onboard power generation, making their
continuous and efficient operation central to navigational
safety, availability, and fuel economy (Upadrashta & Wijaya,
2025; Mwangi et al., 2025). Propulsion plants operate
under harsh and highly variable conditions, including load
changes, weather-driven profiles, and constrained inspection
windows. Under these conditions, maintenance decisions
have immediate consequences for operational readiness,
cost, and risk. Despite the increasing presence of shipboard
monitoring systems, condition assessment in service is
still frequently dominated by threshold-based alarms and
human interpretation, which can overlook slowly developing
degradation trends that remain below alarm limits (Kocak,
2023).

In this context, the central maintenance challenge addressed
in this paper is the lack of a condition-informed planning
criterion for filtration components operating under variable
and uncertain load regimes. Maritime maintenance practices
have historically favored preventive strategies based on time
or accumulated operating hours. However, field evidence
indicates that a substantial fraction of machinery failures
are random or non-age-related, limiting the effectiveness of
fixed-interval maintenance in preventing unscheduled down-
time (Asimakopoulos, 2023). The rapid adoption of Indus-
trial Internet of Things (IIoT) technologies and data analyt-
ics has therefore motivated a shift toward predictive main-
tenance and condition-based maintenance (CBM), aiming
to anticipate degradation, reduce unnecessary interventions,
and improve spare-parts planning and operational continuity
(Sielaff, Lucke, & Wolf, 2024; Kirketerp-Mgller, Hyldgaard,
Cai, Dodis, & Rytter, 2025). Prognostics and Health Manage-
ment (PHM) provides a structured framework for this transi-
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tion by combining operational data with diagnostic and prog-
nostic methods, where Remaining Useful Life (RUL) esti-
mation is a key decision-support quantity for maintenance
optimization (Upadrashta & Wijaya, 2025; Pugalenthi, Park,
Hussain, & Raghavan, 2021).

The purpose of this paper is to develop and validate a CRISP-
DM-guided PHM pipeline for estimating the RUL of fuel
filtration cartridges in a marine diesel propulsion system under
realistic shipboard data constraints. The study focuses on the
cartridge replacement task of the Colombian Navy training
ship, where maintenance decisions are affected by variable op-
erating regimes, imperfect historical records, and the absence
of fully curated maintenance labels. Rather than assuming
a laboratory-grade condition-monitoring environment or run-
to-failure databases, the proposed approach formulates RUL
as an event-driven target derived from validated replacement
evidence and accumulated operating hours.

The selected application is operationally relevant because filtra-
tion components are critical consumables in diesel propulsion
systems. Progressive clogging increases flow resistance, can
degrade engine performance, increase fuel consumption, and
potentially propagate adverse effects to downstream subsys-
tems (Hagmeyer & Zeiler, 2023; Zeiler & Hagmeyer, 2023).
Filter health is often inferred from indirect, load-dependent
measurements, such as differential pressures, temperatures,
and flow-related variables, whose interpretation is complicated
by changing operating conditions and noisy signals (Zeiler
& Hagmeyer, 2023). Reliable RUL prediction for filtration
cartridges can therefore provide a practical lever to move
from conservative, time-based replacement toward condition-
informed scheduling, balancing reliability with component
utilization.

Practical implementation in operational fleets remains chal-
lenging. Shipboard data streams often contain missing val-
ues, manual transcription errors, sensor noise, and regime-
dependent variability that complicate the extraction of health
indicators and the training of robust models (Jeon, Noh, et
al., 2021). More critically, labeled fault and run-to-failure
data are scarce for large marine engines and their subsystems,
which constrains supervised learning and limits the direct
transfer of laboratory-developed methods to real deployments
(Mwangi et al., 2025; Kim, Antariksa, Handayani, Lee, &
Lee, 2021; Kirketerp-Mgller et al., 2025). Consequently, the
main bottlenecks are frequently traceable label construction,
defensible data preprocessing, and evaluation protocols that re-
flect prospective use rather than optimistic, randomly shuffled
sampling.

In the present study, the operational time series used for mod-
eling is available as an open dataset of shipboard operational
parameters (Llamas Reinoso, Martinez-Santos, & Puertas,
2026); notably, this source does not include maintenance event
records. To enable supervised, event-driven labeling, the filter

cartridge replacement log was constructed by manually ex-
tracting and consolidating onboard maintenance records, and
then aligning the identified events with the operational time
series. This setting reflects a common constraint in opera-
tional PHM: abundant operational measurements may coexist
with maintenance actions recorded in heterogeneous, partially
structured sources (Kumar & Flores-Cerrillo, 2024).

Under these constraints, this work contributes an end-to-end
PHM workflow for RUL estimation of marine diesel fuel-
filtration cartridges under imperfect shipboard data conditions.
The main methodological contributions are:

e a CRISP-DM-guided PHM workflow that converts hetero-
geneous operational records and fragmented maintenance
evidence into a traceable prognostic dataset;

* an event-driven RUL labeling strategy anchored to vali-
dated cartridge-replacement actions and accumulated en-
gine operating hours;

* aphysics-informed preprocessing procedure combining
plausibility bounds, outlier mitigation, missing-value re-
construction, and expert validation of representative oper-
ating cycles;

* aleakage-aware modeling and evaluation protocol based
on time-consistent partitions, AutoML benchmarking, hy-
perparameter optimization, and held-out latest-voyage
validation; and

e a practical shipboard case study that identifies
data-governance and standardization requirements for
condition-informed maintenance planning.

The resulting benchmark of data-driven regressors for filter
RUL prediction is intended to be reproducible and applicable
to shipboard contexts where labels are scarce, data quality is
imperfect, and maintenance planning still depends heavily on
time-based routines and expert judgment.

2. BACKGROUND AND RELATED WORK

To position the present study, the authors conducted a targeted
search into two thematic blocks: one focused on PHM and
machine learning foundations, and another on marine diesel
engines, filtration, and RUL validation. The search equations
and their intended purpose are summarized in Table 1. The
screening template was structured to extract evidence aligned
with four guiding questions: (i) which operating conditions
influence filter degradation and prediction accuracy, (ii) what
machine learning strategies are used for filter RUL estimation
in maritime internal combustion engines, (iii) which limita-
tions and research gaps are repeatedly reported, and (iv) what
validation metrics and evaluation strategies are used to claim
predictive performance.

The search strategy was designed as a targeted background
review to support the methodological positioning of the pro-
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Table 1. Search equations used to collect candidate literature and their intended purpose.

Block [ Scopus query string [ Purpose
ML and PHM (G1) ("Machine Learning" OR "Deep Learning”" OR "Artificial Intelligence") | Identify ML approaches for fil-
AND (filter OR separator OR cartridge) AND (RUL OR "Remaining Useful | ter RUL estimation and feature
Life" OR prognostics) relevance.
ML and PHM (G2) ("IoT" OR "Internet of Things" OR "Sensor data") AND (filter OR | Identify sensing context and
separator) AND ("Remaining Useful Life" ORRUL) data requirements for data-
driven prognosis.
ML and PHM (G3) ("CRISP-DM") AND ("Prognostics and Health Management" OR PHM) AND | Support methodological justifi-
("Machine Learning" OR "Deep Learning") cation for CRISP-DM-aligned
PHM workflows.
ML and PHM (G4) ("CRISP-DM")AND ("Predictive Maintenance" OR "Condition Monitoring") | Validate CRISP-DM adoption

AND ("Industrial IoT" OR "Data Analytics")

in data-centric engineering

projects.

Maritime and filters

(G3) engine") AND (filter OR separator)

("predictive maintenance") AND ("marine diesel engine"

OR Analyze how operating envi-
ronment and duty cycles im-

pact degradation.

"ship

Maritime and CRISP-

("CRISP-DM") AND ("machine learning")AND ("marine" OR "ship")

Link ML development struc-

DM (G4) ture to maritime PHM applica-
tions.
Filter RUL (G4) ("predictive maintenance" OR PHM) AND ("filter degradation") AND | Investigate degradation fore-
("Remaining Useful Life" OR RUL) casting and RUL modeling
strategies for filters.
Validation focus (G4) ("Remaining Useful Life") AND ("performance evaluation" OR metrics) | Identify evaluation metrics,

AND (regression OR forecasting)

validation protocols, and re-
porting practices.

posed PHM/RUL workflow, rather than as a systematic re-
view. Accordingly, potential biases must be acknowledged.
Selection bias may arise from prioritizing studies related to
PHM, RUL estimation, filtration, and marine diesel engines.
Database bias may result from the use of Scopus-indexed liter-
ature, while temporal bias may be introduced by emphasizing
recent developments in data-driven PHM and maritime pre-
dictive maintenance. Language and search-term biases are
also possible because the queries were formulated in English
and based on specific keyword combinations. Finally, pub-
lication bias may occur because successful applications are
more likely to be reported than unsuccessful or operationally
constrained implementations. These limitations were partially
mitigated by using multiple thematic query blocks and linking
each query to a defined review purpose, as summarized in
Table 1.

Table 1 is therefore retained as a transparency element to doc-
ument the targeted search logic used to position the study and
support the methodological decisions adopted in the proposed
PHM/RUL workflow.

2.1. From planned maintenance to PHM in ship engine
rooms

Marine propulsion and auxiliary systems operate under duty
cycles shaped by weather, mission demands, and port con-
straints. Historically, engine-room maintenance has relied
on planned overhauls and running-hour schedules, with re-
active repairs when faults materialize. It can lead to over-
maintenance or, conversely, unexpected failures when degra-
dation develops between scheduled interventions (Mwangi et

al., 2025; Asimakopoulos, 2023). Because failures in propul-
sion related systems affect safety, environmental performance,
and lifecycle cost, shipboard safety management frameworks
emphasize systematic maintenance planning and operational
risk control (International Maritime Organization, 2010). At
the same time, operational studies show that alarm-based mon-
itoring and human interpretation can miss slowly evolving
degradation that remains below fixed thresholds (Kocak, 2023).
These pressures have increased interest in PHM and predic-
tive maintenance as means to exploit multivariate operational
data for early anomaly detection and decision support in real
service (Upadrashta & Wijaya, 2025; Kirketerp-Mgller et al.,
2025).

Although often used interchangeably in the literature, it is im-
portant to distinguish between Predictive Maintenance (PdM),
Prognostics and Health Management (PHM), and the emerging
paradigm of Prescriptive Maintenance (PxM). PdM primarily
focuses on anticipating maintenance needs or potential failures
through condition monitoring, historical data, and predictive
models, including anomaly detection and degradation-pattern
identification (Dalzochio et al., 2020) ; it is also referred to in
the literature as Condition-Based Maintenance (CBM) (Gulati,
2013). PHM, which is the framework adopted in this study,
represents a more comprehensive engineering discipline; it
extends beyond failure anticipation by explicitly modeling
degradation trajectories, estimating Remaining Useful Life
(RUL), and integrating this capability into broader lifecycle
management, logistics, and operational decision-making (Zio,
2022). Furthermore, recent data-driven maintenance frame-
works are moving toward PxM, which builds upon PHM by
not only estimating the expected failure time or maintenance
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window, but also seeking to recommend specific actions con-
sidering operational constraints, logistics, risks, and costs
(Ansari, Glawar, & Nemeth, 2019).

Figure 1 summarizes this conceptual progression by illustrat-
ing how PdM, PHM, and PxM differ in scope and decision-
support capability. In this study, the proposed approach is
positioned within the PHM layer because it focuses on degra-
dation modelling and RUL estimation for fuel-filter replace-
ment planning.

Prescriptive Maintenance (PxM)
Recommend actions considering costs, risks, and logistics

P and Health (PHM) — adopted in this study
Model degradation trajectories - estimate RUL - support lifecycle decisions
7

(PdM) / Condition-Based Mai (CBM)
Condition monitoring - anomaly detection - failure anticipation

[ Sensor data J [ Pattern recognition J [Degradauonsignals]

g scope and d pport cap:

Figure 1. Conceptual relationship between Predictive Main-
tenance (PdM), Prognostics and Health Management (PHM),
and Prescriptive Maintenance (PxM), highlighting their in-
creasing scope and decision-support capability.

Reported failure contributors in propulsion systems commonly
involve predictable wear mechanisms and context-dependent,
less predictable factors. Practical failure modes often appear
in subsystems such as (Kalafatelis et al., 2025):

* Fuel system (e.g., filter blockages, injection-related
faults);

* Lubrication system (e.g., insufficient oil supply/quality);

* Intake and exhaust system (e.g., valve obstruction, air
filter loading).

This diversity reinforces the need to interpret condition infor-
mation in relation to the operating context rather than relying
solely on absolute thresholds.

2.2. Remaining Useful Life as a prognostic target

Remaining Useful Life is a central PHM target, representing
the time remaining before a component reaches a maintenance
threshold that requires replacement or restoration. When de-
fined consistently, RUL supports maintenance planning, logis-
tics, and spares provisioning by aligning interventions with
actual need and reducing unplanned downtime (Shifat, Yasmin,
Hur, & Park, 2021). Beyond operational planning, accurate
RUL estimation can inform decisions on component utiliza-
tion, maintenance policy design, and lifecycle optimization
(Quan, Cheng, Guan, Zhang, & Quan, 2025).

RUL estimation methods are commonly grouped into physics-
based, data-driven, and hybrid approaches. Physics-based

models offer interpretability but require explicit degradation
models that are difficult to derive and maintain across chang-
ing operating regimes. Data-driven models learn patterns from
historical measurements but are sensitive to data representa-
tiveness, label quality, and sensor reliability. Hybrid methods
combine physical constraints with data-driven learning to im-
prove robustness under uncertainty and incomplete coverage,
which is especially relevant when shipboard data are noisy or
heterogeneous (Cao, Xiao, Sun, & Gan, 2024; Hagmeyer &
Zeiler, 2023).

2.3. Filtration-oriented prognosis in marine engines

Filters (air, oil, fuel) are consumable components that protect
engines from harmful particles. Their degradation is typically
dominated by clogging (particle buildup), which increases flow
resistance and manifests as an increasing pressure drop across
the filter medium (Zeiler & Hagmeyer, 2023). In propulsion
plants, filtration degradation can therefore influence efficiency,
fuel consumption, and downstream stress, making it an oper-
ationally meaningful target for prognosis (Kalafatelis et al.,
2025; Zeiler & Hagmeyer, 2023). Filtration is also attractive
for applied PHM because replacements are more frequent than
major failures, enabling event-driven labeling when mainte-
nance actions can be traced reliably. Comparative work on fil-
tration prognosis reports benefits from incorporating physical
insight (e.g., plausibility constraints and physics-informed fea-
tures) into data-driven models, particularly under regime vari-
ability and limited sensing (Hagmeyer & Zeiler, 2023; Zeiler
& Hagmeyer, 2023). In parallel, industrial case studies empha-
size that digitalization and disciplined data-science workflows
are often decisive for obtaining stable, actionable predictions
from process variables (Florentino & Moura, 2025).

2.4. Shipboard data quality, label scarcity, and method-
ological implications

A persistent barrier in maritime PHM is data quality. Opera-
tional logs may contain gaps, sensor faults, manual transcrip-
tion errors, and regime-dependent bias; if unaddressed, learned
models can overfit artifacts rather than degradation signatures
(Jeon et al., 2021). To specifically address these challenges,
the recent literature has proposed targeted mitigation strategies.
For instance, to tackle sensor faults and poor data quality in
harsh environments, (Han, Ellefsen, Li, Holmeset, & Zhang,
2021) demonstrated the use of semi-supervised frameworks,
such as LSTM-based Variational Autoencoders, to identify
abnormal records and reconstruct latent normal states. To mit-
igate information gaps and ’data starvation’ caused by manual
logging, researchers have applied Transfer Learning to adapt
knowledge from data-rich vessels (Fan, Sun, Hu, Vladimir, &
Mao, 2026), while frameworks like Mar-RUL employ first-
order Markov chains for missing data imputation and simulate
degradation trajectories when historical failure records are
sparse (Velasco-Gallego & Lazakis, 2023). Furthermore, to
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overcome regime-dependent bias from load and speed fluc-
tuations, advanced approaches such as Multi-source Adver-
sarial Domain Adaptation (MSDA) have been introduced to
dynamically weight data from similar operating domains, ef-
fectively separating load variations from actual physical wear
(Shi, Wang, & Ding, 2026).

Complementing these data quality solutions, the issue of la-
bel scarcity compounds this problem: run-to-failure examples
are rare in operational fleets and fault annotations are often
incomplete, so many approaches rely on maintenance-event
alignment, proxy targets, or expected-behavior baselines (Kim
et al., 2021; Kirketerp-Mgller et al., 2025). These constraints
elevate three requirements for credible RUL reporting: (i)
transparent preprocessing with defensible data-quality gates,
(ii) traceable label construction anchored to maintenance ac-
tions, and (iii) leakage-aware evaluation that preserves tempo-
ral structure and approximates prospective deployment (Duan,
Vasudevan, et al., 2022; Michalski et al., 2025).

2.5. Model selection under operational variability

Model selection in PHM balances accuracy, robustness across
operating modes, and interpretability for engineering adoption,
while accounting for the practical constraints summarized in
Table 2. Ensemble models are frequently used in applied set-
tings due to their tolerance for heterogeneous features and
nonlinearities. At the same time, deep learning architectures
can capture temporal dependencies when sufficient data cov-
erage and label quality are available (Michalski et al., 2025;
Sun, Ren, et al., 2024). Multi-criteria selection frameworks
further emphasize that model choice should account not only
for error metrics but also for monitoring requirements, main-
tainability, and the stability of the end-to-end pipeline under
operational drift. In this case study, the vessel’s operational
profile and the long-standing doctrine governing data record-
ing limited both the quantity and consistency of the available
data, making extensive experimentation with data-hungry deep
learning models and more complex ensemble schemes imprac-
tical. Therefore, a fast-to-apply, low-cost baseline was prior-
itized as a defensible reference point, while higher-capacity
approaches are deferred to future work and to evaluation in a
production-like operational environment.

2.6. Open operational data and reproducibility

Open datasets enable reproducibility and comparative baselin-
ing in maritime PHM, where proprietary constraints often
limit access to realistic operational traces. In this work, the
operational time series are drawn from an open dataset of
onboard propulsion machinery parameters (Llamas Reinoso
et al., 2026). Notably, this public release does not include
maintenance event records; event logs required for supervised,
event-driven labeling must be derived separately from onboard
records, consistent with common practice in operational PHM

Table 2. Key theoretical challenges in shipboard RUL model-
ing and commonly reported mitigation principles.

Challenge [ Implication and mitigation principle

Operating-mode
variability

Models must generalize across regimes;
prefer mode-aware features and evaluation
protocols that preserve temporal structure
(Asimakopoulos, 2023; Kirketerp-Mgller
et al., 2025).

Missingness and abnormal records can bias
learning; apply data-quality gates, recon-
struction, and plausibility checks before
modeling (Jeon et al., 2021; Duan et al.,
2022).

Limited failures constrain supervised learn-
ing; leverage maintenance events, proxy
labels, and hybrid constraints to improve
robustness (Cao et al., 2024; Hagmeyer &
Zeiler, 2023).

Deployment  con-| Practical adoption requires reproducible
straints pipelines and monitoring; include stable
preprocessing and maintainability consid-
erations where feasible (Michalski et al.,
2025).

Data quality issues

Label scarcity and
uncertainty

studies that face fragmented maintenance (Kumar & Flores-
Cerrillo, 2024).

3. SYSTEM AND CASE STUDY DESCRIPTION

This section frames the case study from the operational re-
ality of training ship studied and the current limitations in
the management of operational and maintenance information
onboard. The goal is to make the modeling choices traceable
not only to propulsion system, but also to the practical con-
straints imposed by fragmented records, partial digitization,
and information loss over time. Therefore, (i) described the
context on the ship and the information-management gap, (ii)
limited the scope of the asset to the main propulsion engine
and its associated subsystems, and (iii) documented the data
sources, the acquisition mode, and (iv) quality constraints that
condition the PHM workflow and the construction of RUL-to-
replacement labels.

3.1. Training Ship operational context and information
management gap

The Ship studied is a brigantine-rigged training vessel and the
flagship of the Colombian nation, alternating extended navi-
gation periods with port stays and anchorage. In this profile,
propulsion availability is both mission- and safety-relevant: a
loss of propulsion capability impacts maneuverability, sched-
ule adherence, training activities, and operational readiness.
However, the main constraint addressed in this case study is
not the absence of measurements per se. Still, the way those
measurements and maintenance actions are currently recorded,
preserved, and made available for analysis.

To provide a clearer description of the case-study platform,
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Figure 2 presents the ARC “Gloria” training ship, while Ta-
ble 3 summarizes its principal particulars.

Figure 2. ARC “Gloria” training ship considered in the case
study.

These characteristics are relevant to contextualize the opera-
tional profile of the vessel, its propulsion requirements, and
the maintenance environment in which the filtration-system
RUL prediction model was developed.

Table 3. Principal particulars of the ARC “Gloria” training
ship.

Characteristic Value
Vessel type Brigantine-rigged training ship
Length overall without 64.6 m
bowsprit

Length overall with bowsprit  76.0 m
Beam 10.6 m
Mean draught 45 m
Displacement 1,300 t
Total number of sails 23
Autonomy 60 days
Maximum speed under en- 12 knots
gine

Main propulsion engine
Engine configuration
Rated power

MAN 23L 30A four-stroke diesel engine
Six in-line cylinders
1,300 HP 7960 kW

In practice, the ship’s operational and maintenance informa-
tion is distributed across heterogeneous media and formats:
handwritten log sheets from engineering rounds (“minutas”),
paper-based maintenance reports and checklists, informal an-
notations, and isolated spreadsheets created for specific needs.

These conditions are representative of many in-service mar-
itime environments where formal instrumentation may coexist
with predominantly manual operational reporting, and where
maintenance history is not fully integrated into a digital asset-
management software. Consequently, the present work uses
the propulsion system as a realistic testbed to demonstrate
a CRISP-DM—guided PHM pipeline that can operate under
imperfect, partially digitalized data while explicitly managing
uncertainty and incompleteness.

3.2. Main propulsion system and scope of the case study

The main propulsion system of the ARC *Gloria’ is powered
by a MAN 23L 30A four-stroke marine diesel engine, rated at
1,300 HP (960 kW). This reciprocating internal-combustion
diesel engine has six in-line cylinders. In its model desig-
nation, *23L’ denotes the piston bore, while 30A’ refers to
the stroke configuration. The engine is fitted with an exhaust-
gas turbocharger and intercooler, and is connected to the fuel
supply and filtration, lubrication, cooling, intake/exhaust, re-
duction, shaft-line, and propeller-load subsystems considered
in the case study.

The case study is intentionally limited to the ship’s main
propulsion engine and the subsystems that most directly condi-
tion its reliability and maintainability within routine shipboard
practice. From a systemic perspective, the propulsion plant
can be viewed as an integrated set composed of: the diesel
engine prime mover; fuel supply and filtration; lubricating-oil
circuit and filtration; cooling-water circuit; air intake/exhaust
path; reduction/shaft line; and the propeller load as an external
demand.

Within the Colombian Navy maintenance doctrine, shipboard
maintenance is governed by a structured, multi-scope frame-
work that defines responsibilities, allowable interventions, and
traceability requirements across five maintenance levels (I-
V), ranging from operator routines to overhaul and Original
Equipment Manufacturer (OEM)-supported work (Table 4).
This layered doctrine shapes what can be executed onboard,
what must be escalated, and how actions are recorded, effec-
tively constraining both the availability and the granularity of
maintenance evidence (“Doctrina de Material Naval. Tomo
III. Mantenimiento”, 2022).

Within this system-of-systems, the present analysis focuses on
components that (i) exhibit recurrent interventions, (ii) leave a
meaningful operational signature in the recorded parameters,
and (iii) can be linked to identifiable replacement actions under
the prevailing maintenance philosophy. Figure 3 further high-
lights an additional operational constraint: maintenance-task
definition is implicitly bounded by the subsystem boundary
around the propulsion engine, so that the formal maintenance
plan typically covers only components attached to the en-
gine, whereas external elements in the fuel supply chain (e.g.,
upstream tanks and associated hardware) may fall outside
scheduled-program coverage and depend on vendor practices
that are not guaranteed under variable operating conditions.

Accordingly, special emphasis is placed on the filtration-
related maintenance loop (e.g., cartridge changes), since
operating conditions and contamination levels influence filter
degradation. At the same time, replacement decisions are
often driven by time-based routines and operator judgment
rather than quantified health indicators. In this context, the
proposed RUL model is not intended to override doctrine or
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Table 4. Maintenance levels and practical scope defined by the Colombian Navy maintenance doctrine

Level (responsibility / scope)

Key practical activities

I (Operator / daily routine)

Cleaning and visual inspection; check fluid levels (oil/fuel); basic lubrication; detect and report

abnormal noise/conditions (CILA: Cleaning—Inspection—Lubrication—Adjustment).

II (Trained technician / simple tasks, no

long downtime) oil and filter change.

Basic specialized checks; belt tension check/adjustment; top-up of fluids; air filter cleaning;

IIT (On-site specialist technician / rou-
tine technical work)

Routine calibrations; verification of operating/service parameters; parts replacement.

IV (Workshop team + lead/field engineer
/ major intervention)

Partial disassembly for maintenance; specialized calibrations; inspection/verification of fits,
adjustments, and tolerances; welding and associated inspection.

V (Overhaul + OEM support / highest
level)

Full teardown/disassembly; destructive and non-destructive testing (DT/NDT); precision
calibration and metrology using specialized instruments and tooling.

expand maintenance scope beyond defined boundaries, but to
act as a decision-support tool that increases determinism and
consistency when planning a plausible maintenance action
within the imposed policy constraints, improving timing and
prioritization while preserving traceability and operational
feasibility.

‘ Time-based

1. Fuel Tank

2. Daily Fuel
Tank

3. Main Fue'
Filter
wd 4. Attached

Mechanical Pump

Figure 3. Main propulsion engine and associated subsystem
considered in the case study.

3.3. Data sources, acquisition modality, and current main-
tenance practice

The datasets used in this study were reconstructed from rou-
tine onboard practices rather than from an automated, high-
frequency sensor architecture. The core sources are:

* Operation logs from engineering rounds: periodic read-
ings manually captured by the technical crew during
engine-room inspections, typically including variables
such as engine angular speed and shaft angular speed,
pressures (e.g., lubrication and fuel), and temperatures
(e.g., cooling, lubrication, exhaust), plus contextual notes
(navigation/port/anchorage condition).

* Maintenance documentation: records of preventive
and corrective actions (including component replacement
notes) that enable identification of events such as cartridge
changes, inspections, and interventions.

e Accumulated-operation indicators: hourmeter/
accumulated-time fields that provide an operational basis
to build persistence measures (e.g., hours since last
replacement), even when timestamps are incomplete or
irregular.

From an operational standpoint, maintenance decisions for
propulsion-related components tend to follow time-based rou-
tines complemented by corrective actions triggered by ob-
served symptoms, alarms, or performance degradation noted
by operators. In the absence of fully digitalized, searchable
histories, the practical result is that maintenance planning is
often constrained to what can be confirmed in the most recent
logs, and long-horizon trend analysis becomes difficult. It
creates an opportunity for PHM methods that (i) consolidate
existing information, (ii) reconstruct consistent timelines, and
(iii) produce interpretable health indicators and RUL estimates
aligned with how the crew already operates and documents
maintenance.

3.4. Data quality constraints induced by partial digitiza-
tion

Because the information originates from manual notes and
heterogeneous records that are only partially digitized, the
resulting datasets exhibit characteristic limitations that directly
shape the modeling strategy:

¢ Missing values and incomplete rounds: Some vari-
ables are absent due to omitted measurements, operational
workload, or partial log completion.

¢ Irregular temporal coverage: record density varies
across voyages and operational phases; long gaps can
exist, limiting strictly sequence-based approaches and mo-
tivating event- and accumulation-based representations
(e.g., cycle variables).

* Transcription and formatting inconsistencies: manual
digitization introduces errors (decimal separators, unit
mismatches, swapped fields) requiring plausibility filters,
standardization, and outlier handling.

e Label uncertainty in maintenance events: replacement
actions (e.g., cartridge change) may be recorded with
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ambiguous dates, partial descriptions, or without stan-
dardized subcomponent identifiers, which complicates
the definition of “ground truth” for supervised learning.

* Information loss across the lifecycle: missing docu-
ments, non-centralized storage, and version drift in spread-
sheets lead to irrecoverable historical segments, forcing
reconstruction from the surviving evidence rather than
from a complete archival baseline.

These constraints motivate a PHM workflow that is resilient to
incomplete histories: (i) rigorous data preparation (cleaning,
reconstruction of time series, and event extraction), (ii) explicit
construction of RUL-to-replacement labels from identifiable
replacement events, and (iii) modeling choices that prioritize
robustness and interpretability under sparse, human-in-the-
loop measurements. In this setting, the prognostic objective
is not to replicate laboratory-grade condition monitoring, but
to extract actionable value from the information that the ship
already produces, while highlighting how improved digitaliza-
tion and standardized recording would immediately increase
model reliability and operational impact.

4. METHODOLOGY

CRISP-DM was selected because the main challenge of this
study is not limited to algorithm selection, but involves trans-
forming heterogeneous shipboard records into a traceable prog-
nostic dataset suitable for supervised RUL modeling. Unlike
purely model-centric workflows, CRISP-DM explicitly begins
with business understanding and data understanding (Chapman
et al., 2000), which are essential in this case to define the main-
tenance objective, identify the cartridge-replacement event as
the prognostic anchor, assess the limitations of manual records,
and determine whether the available evidence can support reli-
able label construction. This makes CRISP-DM suitable for
operational PHM studies where data quality, event traceability,
expert knowledge, and evaluation design strongly condition
the validity of the final model.

Other frameworks, such as generic machine-learning pipelines
or software-oriented MLOps lifecycles, are useful for model
implementation and deployment, but they do not provide the
same explicit structure for linking maintenance objectives,
legacy data assessment, event reconciliation, and model eval-
uation. In contrast, CRISP-DM offers a problem-to-data-to-
model sequence that is consistent with the constraints of this
case study. Therefore, it was adopted as a guiding and adapted
framework for PHM model development under realistic ship-
board conditions. The deployment phase is not claimed as
completed; it is addressed only through deployment consid-
erations and future work, since onboard operationalization
requires a dedicated monitoring, governance, and MLOps
architecture.

In this work, some CRISP-DM stages were mapped to PHM
activities tailored to the marine propulsion context: (i) busi-

ness understanding through the identification of maintenance-
management gaps and the definition of the prognostic objec-
tive for fuel-filter life; (ii) data understanding through manual
and technical documentation validation and the verification
of doctrinal philosophy; (iii) data preparation through expert
validation of representative operational cycles using a Delphi-
based protocol, physics-informed plausibility screening, out-
lier mitigation, missing-value reconstruction, and event-log
consolidation; (iv) modeling through RUL label construction
and supervised regression model development; (v) evaluation
through model comparison, hyperparameter tuning, and held-
out latest-voyage validation; and (vi) deployment, which is
reserved for future work once a dedicated monitoring and
MLOps architecture is available.

The workflow is structured as shown in Figure 4. Within
the Data Preparation phase, is executed over the operational-
variable validation through a Delphi expert survey and subse-
quent preprocessing (outlier removal, missing value impu-
tation, and normalization) and related to the maintenance
records, the matching task implied maintenance event reconcil-
iation, including the approximation of out-of-phase events and
the computation of RUL labels from hour-meter differences.
The resulting matched Dataset is then used in the Modeling
phase, where the validated operational series and the mainte-
nance event timeline are integrated into a single, temporally
coherent prognostic dataset. This design supports different
feasible entry points depending on data availability: when only
operational readings are accessible, the preprocessing stream
alone can support model development; when maintenance
records are also available, the event reconciliation stream en-
ables supervised, event-driven label construction, improving
model traceability and methodological rigor.

The deployment-oriented stage (vi) is explicitly reserved as
future work, to be addressed once a deployment platform and
an MLOps architecture are developed to operationalize the
model.

4.1. Business Understanding (BU)

As depicted in Figure 4, the Business Understanding phase
establishes the operational and maintenance context that gov-
erns all subsequent modeling decisions. It comprises three
sequential steps.

Step 1 - First Interview and Field Interview

This step elicits both managerial and operational knowledge to
ensure that the data-driven analysis is aligned with the mainte-
nance objectives of the organization. The office-level interview
with senior technical personnel was intended to clarify the
business motivation behind filter replacement analysis, includ-
ing availability requirements, maintenance planning criteria,
and the operational consequences of delayed or premature
cartridge changes.
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Figure 4. CRISP-DM-guided pre-deployment PHM workflow for RUL prediction of fuel filtration cartridges. The implemented
phases are Business Understanding (BU), Data Collection/Data Understanding (DC/DU), Data Preparation (DP), Modeling (M),
and Evaluation (E). Deployment is not claimed as completed and is addressed separately as future operationalization.

Complementarily, the field interview with engine-room per-
sonnel characterizes how filter cartridge replacements are ex-
ecuted and recorded in practice. It includes clarifying local
conventions, such as how a “change” is logged, which subsys-
tem is referenced, and how shifts and port operations affect
record timing, as well as verifying maintenance templates or
check formats used onboard. The output of this step is an
agreed interpretation of what constitutes a valid filter-change
event, which business and operational objectives motivate its
analysis, and which contextual cues are required to disam-
biguate records, such as operating regime or voyage context.

Step 2 - Maintenance Plan Analysis

In this step reviews the maintenance plan and the declared
maintenance philosophy to identify the primary replacement
event used as the prognostic anchor (cartridge/filter change)
and to characterize expected timing gaps between prescribed
interventions and recorded execution. This stage reconciles
planned periodicity with field practice, explicitly documenting
typical delays, asynchronous logging patterns, and window
effects (e.g., tasks performed during port stays but logged
later).

Step 3 - Maintenance Philosophy Review

At this stage, consensus was also reached on how to handle
temporal offsets introduced by manual recordkeeping and the
absence of ERP-based processing. In particular, the mainte-
nance doctrine required formal traceability only for mainte-
nance actions at level 3 or higher, which can result in incom-
plete or delayed timestamps for routine consumable replace-
ments. To preserve chronological consistency, event alignment
was defined relative to the engine-hour meter: when a filter-
change record lacked an exact operational timestamp, the event
was matched to the last available engine-hour reading before
the record, or to the closest engine-hour reading observed

when the engine was restarted, and operation resumed.

4.2. Data Collection (DC)

The Data Collection phase converts maintenance knowledge
into a formally defined prognostic target by structuring, vali-
dating, and temporally aligning cartridge replacement events.
As depicted in Figure 4, this phase covers Steps 4, 5, and 6,
governing maintenance semantics, planning assumptions, and
event-to-data alignment. The objective is to ensure that the
RUL variable reflects observed maintenance behavior rather
than nominal schedules.

Step 4 - Data and Equipment Analysis

In this step a functional review of the propulsion and auxiliary
subsystems was performed using manuals and datasheets, ver-
ifying that the measured variables contained in the operational
data set are coherent.

The case study focuses on the main propulsion engine. Func-
tionally, the propulsion plant integrates: (i) an air-based start-
ing system (30 bar) with redundant compressors, (ii) gear-
based synchronization, (iii) an exhaust-driven turbocharging
line coupled with an intercooler, (iv) a fuel injection and filtra-
tion chain including duplex pre-filtration and cartridge-based
filtration stages, (v) a gear-type lubrication circuit that also
supplies the turbocharger, and (vi) a seawater-cooled thermal
management architecture split into high-temperature (HT) and
low-temperature (LT) circuits (including oil and charge-air
cooling). These functional subsystems motivate both the se-
lection of operational variables used in this work (rotational
speeds, thermal and pressure variables, and filtration-related
indicators).

Step S - Raw Operational Data

The operational time series used in this study are obtained from
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an open Zenodo release for ARC Gloria (Llamas Reinoso et
al., 2026). Because these data originate from hourly manual
rounds rather than automated high-frequency sensing, Step
2 emphasizes engineering plausibility bounds and cross pa-
rameter expectations to identify transcription inconsistencies,
delayed logging, and regime transitions that could distort tem-
poral interpretation. Representative checks include rotational
consistency between Engine_RPM and Shaft_RPM, coher-
ence between propeller pitch and load indicators, thermody-
namic compatibility between exhaust gas temperatures and
engine speed, and pressure—temperature consistency within
lubrication and cooling circuits.

Step 6 - Event Logging Dataset

In this step, the maintenance-event documentation was re-
viewed and consolidated to identify the key labels required
for subsequent event-based analysis. Unlike the operational
records collected during engineering rounds, this stage focused
only on formats related to maintenance activities, failure re-
ports, inspections, interventions, and component replacement
records. These documents were manually examined to de-
termine how relevant events were described, classified, and
recorded in practice, with particular attention to labels associ-
ated with filter cartridge changes, failure symptoms, corrective
actions, affected subsystems, dates, accumulated operating
hours, and maintenance observations.

The identification of these labels was supported by validation
with onboard personnel and experienced staff familiar with
the maintenance formats, ensuring that the extracted event
categories reflected the actual terminology and recording con-
ventions used in the vessel. As a result, this step produced a
structured event-logging dataset that preserves the traceability
of maintenance and failure records while providing the basis
for defining valid replacement events, linking interventions to
operational history, and preparing the event labels required for
later data integration and modeling stages.

4.3. Data Preparation (DP)

The Data Preparation phase transforms the raw inputs from
both collection streams into a temporally coherent, expert-
validated dataset ready for modeling. The activities executed
were: The Delphi survey to assess the veracity of significa-
tive operational data, operational-variable preprocessing and
maintenance event reconciliation and RUL label construction
as shown in Figure 4.

Step 7 - Delphi Survey

In this step it formalizes operational validation through a struc-
tured Delphi survey involving five engine-room domain ex-
perts. The Delphi survey technique was adopted because it
provides a structured approach for collecting and integrat-
ing expert judgement when direct experimental validation
is limited or when specialized operational knowledge is re-

quired (Hasson, Keeney, & McKenna, 2000). In this study,
the Delphi-based validation was used to assess whether the
extracted operating cycles were plausible representations of
real shipboard engine-room conditions, due to the output of
Step 5 is a technically constrained raw dataset that has been
validated against the asset’s functional behavior and features
and is therefore suitable for structured expert review. Par-
ticularly, this is done because of the operational data were
manually recorded and the interpretation of ENGINE ANGU-
LAR SPEED (EAS) profiles and continuous operating periods
required domain-specific knowledge from personnel familiar
with the vessel and its propulsion system.

The size of the expert panel was carefully defined based on
strict criteria to ensure reliable operational validation. In-
stead of aiming for a statistically large sample, the selection
focused on specialized, system-related expertise. To be in-
cluded, experts needed hands-on navigation experience, famil-
iarity with engine-room routines, and practical knowledge of
the vessel’s main propulsion engine. Because of the vessel’s
unique propulsion system, the pool of personnel meeting all
these requirements was naturally limited. Therefore, a panel
of five selected experts was considered appropriate for this
Delphi-based validation, as the goal was not statistical rep-
resentativeness but the evaluation of operational feasibility
by domain specialists. To minimize individual bias, expert
responses were aggregated and analyzed using acceptance rate,
median rating, interquartile range, and Kendall’s coefficient of
concordance. Twelve representative operational cycles were
evaluated according to two ordinal criteria: (i) plausibility of
the EAS profile and (ii) plausibility of continuous operating
time. Experts assigned Likert-type ratings to each cycle under
both evaluation dimensions.

Let xz(-?) denote the ordinal rating assigned by expert j to
cycle ¢ under dimension d, where i = 1,....,m,j7=1,...,n,
m =12,n = 5,andd € {EAS, TIME}. Validation rigor was
quantified through four complementary indicators: acceptance
rate, median rating, interquartile range (IQR), and Kendall’s
coefficient of concordance.

The acceptance rate measures the proportion of ratings that
reach or exceed the minimum acceptable category cacc:

m n

ARG = S S (1 > ), ()

i=1 j=1

where 1(-) is the indicator function.

Cycle-wise central tendency was summarized using the me-
dian expert rating:

9 _ medion (x§f>,a:§§),--~ x(d)). )

»in

Because survey responses were ordinal, robust non-parametric
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statistics were used to quantify dispersion. The interquartile
range was computed as

QR = Q) - Q1Y) 3)

where Q(fi-) and Qg(’ii) denote the first and third quartiles of the
expert ratings for cycle 7.

Inter-expert agreement across the n experts was quantified

using Kendall’s coefficient of concordance. Let rg-l) denote
the rank assigned by expert j to cycle ¢. The total rank for

cycle 7 is

R =3 r). (4)
j=1
Let
_ 1 &
R = —3" R 5

be the mean rank sum. The dispersion of rank sums is then

S =3 (R - R®) . ©)

1

m
1=

Kendall’s coefficient of concordance is defined as

125()

n2(m? —m)’

W = (7)

Across the twelve operational cycles, acceptance was high
for both evaluation dimensions (EAS plausibility: 86.7%;
operating-time plausibility: 90.0%). Median ratings remained
consistently within the agreement region of the ordinal scale,
while dispersion was typically limited to /QQ R ~ 1, indicating
limited disagreement among experts. Kendall’s coefficients
showed moderate but nontrivial concordance (W = 0.237 for
EAS plausibility and W = 0.176 for operating-time plausibil-
ity), which is consistent with heterogeneous yet convergent
expert judgment in real operational environments.

Collectively, the high acceptance rates shown in Figure 5, low
ordinal dispersion, and nonzero concordance indicate that the
extracted cycles constitute operationally credible abstractions
of real ship duty profiles. This validation step strengthens
the business and data understanding stages by constraining
subsequent processing to expert-supported operating regimes,
thereby reducing the risk of propagating atypical or weakly
representative patterns into segmentation, temporal alignment,
and downstream event-matching stages.

Expert validation summary of operational cycles

I I I
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Figure 5. Expert validation summary of representative op-
erational cycles. Markers denote median expert ratings and
vertical whiskers represent the interquartile range (IQR) across
the five experts. Two evaluation dimensions are shown: EAS-
profile plausibility and continuous operating-time plausibility.

Figure 6 illustrates two representative operational cycles from
the validated set. (a) Navigation_49 (88 samples, Hour Meter
A = 90 h) represents a short voyage with a clear load transi-
tion around record 25 and a sharp drop near the end, while (b)
Navigation_28 (358 samples, Hour Meter A = 362 h) captures
a longer navigation period with higher variability and multiple
regime changes. Both profiles were evaluated by the expert
panel and received acceptance ratings within the agreement
region, confirming their representativeness of real shipboard
operating conditions.

Step 8 - Operational Data Pre-processing

This stage it performs deterministic preprocessing of the val-
idated hourly operational parameters. First, outliers are re-
moved using engineering bounds and cross-parameter consis-
tency checks derived from Steps 3 and 4, rather than relying
solely on statistical deviation criteria. This approach mitigates
physically implausible spikes caused by transcription errors
or logging inconsistencies. Second, missing or invalid entries
are reconstructed by localized interpolation across temporally
adjacent valid records, preserving chronological continuity
while avoiding artificial smoothing of degradation trajectories.

Localized interpolation was preferred over multivariate impu-
tation methods such as MICE because the missing values oc-
curred within hourly manual operational rounds where chrono-
logical continuity and physical interpretability were more
critical than maximizing multivariate statistical reconstruc-
tion. MICE would require assumptions about the missing-data
mechanism and stable cross-variable relationships that are dif-
ficult to verify under changing ship operating regimes, manual
transcription errors, and limited degradation cycles. In con-
trast, localized interpolation uses temporally adjacent valid
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(a) Navigation_49 (88 samples, Hour Meter A = 90 h).
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(b) Navigation_28 (358 samples, Hour Meter A = 362 h).

Figure 6. Representative EAS (RPM) profiles of two validated
operational cycles evaluated in the Delphi survey.

records within the same operational context, reducing the risk
of introducing synthetic degradation patterns or cross-regime
artifacts. Therefore, imputation was applied conservatively
and only when the surrounding records supported a physically
plausible reconstruction.

Finally, the quantitative operational parameters are normalized
to reduce scale dominance during model training. In contrast,
text fields are removed, because they are not consistently struc-
tured for modeling at the hourly logging resolution. Given
the manual acquisition frequency (hourly), normalization is
applied to preserve relative regime variation while avoiding
suppression of operational dynamics.

The output of this stage is the processed operational dataset,
as indicated in the Data Preparation phase of Figure 4. As part
of this preprocessing stage, an exploratory data assessment
was conducted to characterize the analytical suitability of the
operational records before model training. This assessment
included verification of temporal coverage, missing-value pat-
terns, physically implausible observations, outlier behavior,
and the distribution of the constructed RUL labels across degra-
dation cycles. The review confirmed that the available records
covered the 2021-2025 period with hourly manual logging,
but with non-uniform density across voyages and operating
contexts. Missingness was not uniformly distributed across
variables: some continuous thermodynamic and pressure vari-
ables showed sufficient coverage for learning, whereas several
binary state indicators, alarm fields, and operational-mode
descriptors were sparsely populated and therefore unsuitable

as stable predictors. Outlier analysis was performed using
engineering plausibility limits and cross-parameter consis-
tency checks rather than purely statistical thresholds, in order
to distinguish physically possible operating variation from
transcription or formatting errors. The RUL labels were also
examined at the cycle level to verify that each labeled record
was bounded by a validated cartridge-replacement event and
that the resulting remaining-life values were consistent with
accumulated operating hours rather than calendar-time irregu-
larities.

To quantify the effect of preprocessing, Table 5 summarizes
the transition from the raw operational log to the final inte-
grated modeling dataset. The comparison is reported at both
row and cell level because the source data limitations were
related not only to the number of available records, but also to
the completeness of the hourly manual rounds.

Table 5. Quantified impact of operational data preprocessing
and integration.

Item Raw log Final dataset
Records 10,227 6,915
Columns 44 48

Cell-level entries 449,988 331,920
Missing entries 136,589 15,886
Missingness 30.4% 4.8%

As shown in Table 5, the final integrated dataset retained 6,915
labeled engine-operation records from the 10,227 raw opera-
tional records, corresponding to a reduction of 3,312 records,
or 32.4% of the initial rows. At the cell level, the number of
missing entries decreased from 136,589 in the raw operational
log to 15,886 in the final integrated dataset. This reduced
the overall missingness from 30.4% to 4.8%, equivalent to
a reduction of 120,703 missing entries and 25.6 percentage
points. The increase from 44 raw columns to 48 final columns
reflects the addition of engineered fields required for temporal
alignment, degradation-cycle identification, cartridge-change
tagging, and RUL-label construction.

Table 6 summarizes the key properties of the final integrated
dataset, while Table 8 lists the retained operational predictors
grouped by propulsion subsystem. Variables excluded dur-
ing screening were either redundant with retained predictors
(confirmed by Pearson correlation checks) or insufficiently sta-
ble across operating regimes to contribute reliable predictive
signal.

The exploratory assessment also explains the reduction from
48 original variables to 34 retained predictors reported in Ta-
ble 6. This means that 14 variables were not retained as model
predictors after coverage, redundancy, and feature-screening
checks. A subset of the original variables — primarily binary
state indicators (e.g., on/off flags, alarm states, and operational
mode fields) — exhibited sparse coverage across the dataset:
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Table 6. Summary of the operational dataset used for RUL
model training.

Property Value

Total records 6,915

Degradation cycles 17

Original variables 48

Retained predictors 34

Target variable RUL (hours to next replacement)
Logging frequency Hourly (manual rounds)

Time span 2021-2025

these variables recorded values only occasionally and for short
intervals, resulting in a high proportion of missing entries rel-
ative to the total number of records. Under hourly manual
logging, such sparsity indicates that these fields were not sys-
tematically captured during engineering rounds, making them
unreliable as continuous predictors for a regression model.
Variables for which the ratio of valid entries to total records
was insufficient to support stable learning were therefore ex-
cluded during the screening stage, prioritizing predictors with
consistent coverage across the full observation window and
across multiple degradation cycles.

Step 9 - Matching Events Identified

In this stage, it constructs the maintenance event log by extract-
ing and validating filter-change records and explicitly tagging
confirmed cartridge replacement events. For the article, only
the columns that add modeling value are retained: the logged
date (timestamp proxy), the raw subject text, the event type, the
coded event label, and the associated subsystem; digitization
traceability fields are omitted (Table 7). Because the opera-
tional dataset is sampled on an hourly grid while maintenance
actions may be recorded at irregular times, temporal recon-
ciliation is applied whenever an event is out-of-phase with
the operational sampling. This reconciliation uses gap-aware
approximations to place events onto the nearest consistent
boundary while preserving chronological order within each
operating context. The output of this stage is a validated event
timeline that can be aligned with the preprocessed operational
series produced in step 8.

The validated operational series and the validated maintenance
event timeline (event reconciliation stream) are integrated into
a single, temporally coherent prognostic dataset.

A total of 18 real cartridge-change events were extracted from
maintenance records. These events were reconciled with op-
erational data using a temporal proximity matching strategy
based on hour-meter alignment. For each annotated replace-
ment date, the closest operational record in terms of accumu-
lated hour-meter reading was identified, producing a structured
mapping between maintenance events and operational state.
The resulting event—hour-meter pairs define discrete degrada-
tion cycles anchored to physically meaningful replacement
boundaries.

Subsequently, operational records were assigned to degrada-
tion cycles using hour-meter segmentation. A total of 6,915
engine-operation rows were successfully labeled with a cycle
identifier, resulting in 17 effective degradation cycles after
overlapping or duplicated annotations were reconciled. This
step ensures chronological continuity within each cycle and
prevents cross-cycle leakage during label construction.

RUL values were then computed exclusively from hour-meter
differences relative to the next validated replacement event.
By defining RUL as the remaining accumulated operational
hours until the next cartridge change, truncated at zero, the
target variable becomes independent of calendar irregularities
and robust to variations in operational intensity. The resulting
RUL distribution spans from 286 to 876 hours, reflecting the
observed variability in filter service life under real operating
conditions.

The final integrated dataset, therefore, consists of 6,915 tem-
porally ordered operational records, each associated with (i) a
validated degradation cycle, (ii) a physically aligned replace-
ment boundary, and (iii) a forward-consistent RUL label.

This integration step is critical for the subsequent modeling
stage, as it ensures that the learning algorithm is exposed to
degradation trajectories that are physically grounded, tempo-
rally coherent, and validated both statistically (preprocessing
stream) and operationally (event reconciliation stream). By
constructing RUL purely from hour-meter progression within
validated cycles, the model is trained on a consistent degrada-
tion signal rather than administrative timestamps.

4.4. Modeling (M)

Model development follows an AutoML-first strategy to es-
tablish a robust regression baseline under heterogeneous ship
operation and nonstationary duty cycles. As illustrated in Fig-
ure 4, the workflow is organized into three stages—Step 10
(Feature Importance), Step 11 (AutoML Benchmarking), and
Step 12 (Hyperparameter Optimization)—to ensure (i) event-
anchored RUL labels, (ii) leakage-aware, time consistent eval-
uation, and (iii) reproducible model selection and refinement.

For the modeling stage, was regarded a variant of the main-
stream RUL prediction literature. RUL is conventionally de-
fined as the time remaining until component failure, and mod-
els are trained on run-to-failure datasets in which degradation
trajectories are observed from a healthy state to complete
breakdown (Zhang et al., 2022; Pan et al., 2025). Under
this paradigm, the prognostic target is defined by a failure
event, and take a practical departure from this convention. The
present work departs from this convention in a practically mo-
tivated way: rather than waiting for the filtration cartridge to
reach a failure state, the RUL target is defined as the remaining
accumulated operating hours until the next scheduled cartridge
replacement, as expressed in Eq. 8. This formulation reflects
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Table 7. Cleaned maintenance-event log schema used in Step 9 for event identification and labeling (examples). Digitization

traceability fields (document/page) are omitted.

Date logged Raw subject Event type Coded event Subsystem

22/03/2024 Filters Racor 2020 Preventive ~ mainte- Fuel primary filter replacement Fuel system

12/04/2024 Corrective maintenance gﬁe Cracked piping Seawater open cooling

24/06/2024 Filters Racor 2020 Preventive ~ mainte- Fuel primary filter replacement ;}Iltlegstem

17/07/2024 Fuel secondary filters ;igszmive mainte- Fuel secondary filter replacement Fuel system

26/08/2024 Maintenance ;itr:l\f:ntive mainte- Oil filter replacement Lubrication system
nance

the actual maintenance philosophy onboard the ARC Gloria,
where cartridges are replaced preventively based on opera-
tional experience and time-based routines, not in response to
catastrophic filter failure. Consequently, the model does not
learn to anticipate breakdown but rather to estimate how much
operational life remains before a maintenance action is due —
a condition-based scheduling objective that supports mainte-
nance planning for maintenance planning without requiring
run-to-failure observations, which are neither available nor
desirable in operational naval contexts.

Step 10 - Feature Importance

At this stage, a preliminary assessment of variable importance
is performed to support interpretability and screen for non-
informative or unstable covariates before training. Variable
relevance was assessed using two complementary approaches.
First, a Random Forest impurity-based criterion (Gini/impurity
importance) was computed by aggregating the reduction in
node impurity (MSE for regression) attributable to each fea-
ture across all trees and normalizing the result to a [0, 1] scale.
It provides a fast, model-internal relevance signal but can favor
high-variance or high-cardinality variables. To mitigate this
bias and to measure predictive dependence directly, permuta-
tion importance was also applied by randomly shuffling each
feature and quantifying the degradation in model performance
(e.g., RMSE/MAE) relative to the unshuffled baseline. Us-
ing both methods reduced reliance on a single criterion and
improved robustness against the limitations of each. Based
on this combined screening, 34 out of the 48 operational vari-
ables were retained. This selection was further supported by
Pearson correlation checks to remove redundant covariates, as
shown Table 8. For example, highly correlated EAS-derived
indicators and start-up cylinder temperature channels were
consolidated, reducing six temperature signals to two aver-
aged temperature features.

The top-ranked variables are dominated by cooling and hy-
draulic system indicators: Clutch Pressure (0.195), Freshwater
Outlet Temperature (0.085), Freshwater Pressure (0.073), and
Seawater Pressure (0.071). This pattern is physically con-
sistent with the load-dependent nature of filter degradation,
as thermal and hydraulic states are tightly coupled to engine

Table 8. Representative operational predictors retained for
RUL modeling, grouped by subsystem. Importance weights
are shown in parentheses.

Subsystem Predictors

Rotational EAS (0.005), Shaft Angular Speed (0.009), Pro-
peller Pitch (0.005)

Fuel system Fuel Pressure (0.039), Oil Pressure Before Filter
(0.004),

Oil Pressure After Filter (0.009)

Lubricating Oil Inlet Temperature (0.038),
Lubricating Oil Outlet Temperature (0.026),
Gearbox Oil Pressure (0.027)

Freshwater Inlet Temperature (0.051),
Freshwater Outlet Temperature (0.085),
Freshwater Pressure (0.073), Seawater Pressure
(0.071),

Seawater Outlet Temperature (0.026),

Air Cooler Inlet Temperature (0.054),

Air Cooler Outlet Temperature (0.018)

Clutch Pressure (0.195), Support Bearing 2 Tem-
perature (0.062),

Thrust Bearing Temperature (0.059),

Servo Piston Pressure (0.019), Starting Air Pres-
sure (0.001)

Boost Air Pressure (0.055), Exhaust Gas Tem-
perature (0.021),

Cylinder Temp. Group G1 (1,5,6) (0.015),
Cylinder Temp. Group G2 (2,3,4) (0.011)

RUL _Hours (remaining hours

to cartridge replacement)

Lubrication

Cooling

Mechanical

Combustion

Target

demand and, consequently, to fuel consumption rates and
contamination accumulation in the cartridge. Bearing tem-
peratures (Support Bearing 2: 0.062; Thrust Bearing: 0.059)
and turbocharging indicators (Boost Air Pressure: 0.055; Air
Cooler Inlet Temperature: 0.054) further reinforce this inter-
pretation. Notably, the variables most directly associated with
the filtration subsystem—Oil Pressure Before Filter (0.004)
and Oil Pressure After Filter (0.009)—rank among the lowest,
suggesting that under the available manual logging resolution,
the model relies on the broader propulsion plant context as
a indicator for degradation state rather than on direct filter
measurements.

Finally, the dataset is partitioned using a time-consistent split
to reflect prospective use: training and validation are drawn
from earlier periods, and evaluation is performed on tempo-
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rally subsequent observations to reduce leakage and optimistic
bias.

Step 11 - AutoML Benchmarking

This stage formalizes the prognostic target by combining the
validated operational series obtained from the Data Prepa-
ration phase with the validated maintenance-event timeline
obtained from the Data Collection phase. In this work, two
distinct uses of the RUL definition are considered. First, RUL
is constructed retrospectively as an event-driven label from val-
idated cartridge-replacement events. Second, this constructed
label is used as the target variable in a supervised regression
problem, where the model estimates remaining cartridge life
from the operational state of the propulsion system.

(i) Preprocessing/event alignment (event-driven RUL label).
During the event reconciliation stream, RUL is not estimated
by the model. Instead, it is assigned retrospectively to each
operational record using the engine hour-meter and the next
validated cartridge-replacement event as the reference horizon.
This formulation is necessary because the available records
do not correspond to conventional run-to-failure trajectories;
rather, they reflect preventive or condition-informed replace-
ment actions recorded during real shipboard operation.

For each validated degradation cycle, let H_ denote the hour-
meter value at the previous cartridge replacement, H the
hour-meter value at the next validated cartridge replacement,
and H; the hour-meter value of an operational record ¢ located
within that cycle. The RUL label assigned to record 7 is defined
as:

RUL; = max(0, H — H;) , (8)

where H represents the replacement horizon and H; repre-
sents the accumulated operating time associated with the oper-
ational record being labeled. The operator max(0, -) prevents
negative values for records located at or beyond the replace-
ment boundary and preserves the physical interpretation of
RUL as a non-negative remaining-time quantity.

Equivalently, if the observed service duration of cartridge
cycle ¢ is defined as L, = H} — H_, and the accumulated

cartridge age at record 7 is a; = H; — H_, then the same label
can be written as:

RUL; = max(0, L. — a;). 9)

For example, consider a cartridge that was installed at H_ =
12,000 h and replaced at HI = 12,620 h. The observed
service duration of that cartridge cycle is therefore L. = 620
h. If an operational record was collected at H; = 12,250 h,
the accumulated cartridge age at that record is a; = 250 h,
and the corresponding RUL label is:

RUL; = 12,620 — 12,250 = 370 h.

Thus, the operational feature vector measured at H; = 12,250
h is paired with a continuous target value of 370 remaining
operating hours until the next validated cartridge replacement.
This procedure anchors the target variable to real maintenance
evidence while avoiding dependence on calendar time, which
may be irregular due to port stays, delayed logging, or non-
uniform vessel operation.

(ii) Model training and testing (state-to-RUL mapping). For
learning, the same event-driven horizon definition is retained,
but the task is reformulated as predicting the previously con-
structed RUL label from the operational state rather than com-
puting it directly from the hour-meter index. The resulting
state-to-RUL mapping is expressed in Eq. 10:

RUL(i) = fo(x:), (10)

where fy(-) denotes the trained predictive model with hyper-
parameters 6, and x; represents the operational feature vector
associated with record ¢, including EAS and related thermo-
dynamic, pressure, cooling, lubrication, and load-dependent
indicators. In this stage, RUL; is the event-driven target
constructed during data preparation, whereas IﬁJ\L(z) is the
model-based estimate of the remaining cartridge life inferred
from operating conditions.

The problem was formulated as a regression task because the
operational quantity of interest is the remaining accumulated
operating time until cartridge replacement, expressed in hours.
This continuous estimate is directly useful for maintenance-
window planning, spare-parts coordination, and intervention
prioritization. A classification formulation based on RUL cat-
egories would require defining discrete thresholds, such as
short, medium, or long remaining life. Unless these thresholds
are explicitly linked to onboard maintenance policies, voyage
duration, spare-part logistics, or risk tolerance, they may be-
come arbitrary and may discard relevant temporal information.
For instance, two records with substantially different remain-
ing lives could be assigned to the same class, even though they
imply different planning decisions.

In addition, the available dataset contains a limited number
of validated degradation cycles. Discretizing the RUL range
into categories could introduce class imbalance and reduce
the amount of information available for learning. For these
reasons, regression was adopted as the primary formulation
in this stage. Nevertheless, categorical RUL bands remain
a relevant future extension for operational decision-support
interfaces, particularly if alert levels or maintenance-priority
classes are later defined together with onboard maintenance
personnel.
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In this step implements model benchmarking and selection
through PyCaret as an automated comparison layer across mul-
tiple regression families under a standardized preprocessing
and cross-validation protocol.

PyCaret was used as a low-code AutoML environment to stan-
dardize model setup, preprocessing, training, cross-validation,
and comparison across candidate regression algorithms (Ali,
2020). This enabled a reproducible benchmarking stage under
the same data partitioning and evaluation criteria. Since the
target variable is RUL expressed in accumulated operating
hours, the error metrics were reported in time units. RMSE
was selected as the primary selection criterion because it is
directly interpretable in hours and penalizes large forecasting
errors. MAE was used as a complementary metric because it
provides the average absolute prediction error in hours and is
less sensitive to extreme deviations. MSE was also reported
as the squared-error counterpart of RMSE, with units of h2,
while R? was included as a dimensionless goodness-of-fit
indicator.

Candidate models and their comparative performance are sum-
marized in Table 9. Based on this screening, the Random
Forest regressor was selected as the best-performing family.
After identifying Random Forest, Optuna was used to refine
its hyperparameters through an efficient and structured search
over the model-configuration space (Akiba, Sano, Yanase,
Ohta, & Koyama, 2019). This optimization was conducted
under the same time-consistent evaluation protocol to preserve
consistency with the benchmarking stage and reduce the risk of
optimistic performance estimates caused by temporal leakage.

Table 9. Regression performance summary for candidate RUL
models.

Model RMSE | R? MAE (h) | MSE

(h) (h?)
Random Forest Re- | 66.94 0.87 34.63 4550.23
gressor
Light  Gradient | 72.55 0.85 43.76 5331.48
Boosting Machine
Gradient Boosting | 103.64 0.70 79.18 10749.84
Regressor
Lasso Regression | 170.99 0.18 136.62 29261.49
Ridge Regression | 177.03 0.12 138.43 31452.87
Elastic Net 172.69 0.16 139.34 29862.94

Step 12 - Hyperparameter Optimization (Optuna)

After the AutoML benchmarking stage, the Random Forest
Regressor was selected as the best-performing model family
and was subsequently refined using Optuna. Hyperparameter
optimization was therefore applied only to the selected Ran-
dom Forest model, while the remaining candidate regressors
were retained as benchmark baselines under the common Py-
Caret setup. The search space used in the Optuna optimization
is summarized in Table 10.

Table 10. Optuna search space used for Random Forest opti-
mization.

Hyperparameter Search space

Integer: 2001500

n_estimators

max_depth Categorical: {10, 20, 30, None}
min_samples_- Integer: 2-20
split

min_samples_leaf
max_features

Integer: 1-10
Categorical: {sqrt, log2}

bootstrap Categorical: {True, False}
n_Jjobs Fixed: -1
random_state Fixed: 42

After this optimization stage, the Random Forest model
achieved a validation RMSE of 42.93 h with R? = 0.942,
improving upon the pre-tuning baseline reported in Table 9.
The selected configuration included n_estimators =
300, max_depth = 20, min_samples_split = 2,
min_samples_leaf = 1, and bootstrap = True.
This configuration favored a sufficiently expressive ensemble,
with enough trees and tree depth to capture nonlinear
degradation-related patterns while preserving the robustness
associated with Random Forest averaging.

The Optuna optimization results showed that min_-
samples_leaf and n_estimators were the most
influential hyperparameters in the final Random Forest
configuration, with relative importance values of 0.39 and
0.34, respectively. This suggests that model performance was
mainly affected by the granularity allowed at the terminal
nodes and by the number of trees included in the ensemble.
These findings are consistent with the need to balance local
sensitivity to operating-state variations with generalization
across heterogeneous ship operating regimes.

4.5. Evaluation (E)

The Evaluation phase assesses the finalized model on a held-
out test segment designed to approximate prospective opera-
tion, emulating a deployment workflow in which new oper-
ational batches are ingested, processed with fixed rules, and
scored without reusing future information.

Step 13 - Apply of steps 8 and 9 with latest-voyage data

In this stage evaluates the finalized artifact on a held-out test
segment designed to approximate prospective operation. As
indicated in Figure 4, this stage uses the most recent voyage
data as an external validation slice, applies the same prepro-
cessing logic (Steps 8 and 9) to ensure feature and label con-
sistency, and then computes out-of-sample errors. This design
emulates a deployment workflow in which new operational
batches are ingested, processed with fixed rules, and scored
without reusing future information. The prediction error plot
in Figure 7 summarizes the agreement between estimated and
observed RUL under this validation setting.
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Prediction Error Plot (Actual vs Predicted)
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Figure 7. Prediction error plot comparing estimated versus
observed RUL on the evaluation set.

5. RESULTS

The finalized model was assessed on the held-out “latest voy-
age” set (Step 13), yielding an RMSE of 52.92 h with R?
of 0.921. This error scale supports the model as a defensi-
ble baseline for time-to-replacement estimation under opera-
tional variability, is suitable for window-based planning and
prioritization, and motivates future work on richer condition
indicators and production-like evaluation.

Figure 8 summarizes the empirical distribution of prediction
errors, defined as e = ¢ — y, on the held-out evaluation set.
The histogram provides a nonparametric estimate of the resid-
ual density fe(-), while the overlaid kernel density estimate
offers a smooth approximation of the same quantity. The mass
concentration near e =~ 0 indicates that most predictions are
closely centered around the ground true, whereas the visibly
heavier tails and sparse extreme values suggest non-negligible
probability of large deviations, consistent with operational
regimes that are harder to model. The near-coincidence of
mean and median around zero is indicative of limited global
bias (i.e., E[e] ~ 0), while the spread—summarized by the
marked +10 band—quantifies the typical dispersion of errors
and complements RMSE as a scale-sensitive measure. Overall,
the residual shape supports the interpretation of the reported
RMSE as driven primarily by a narrow central error mode with
occasional large-magnitude errors, motivating future work on
uncertainty-aware prediction intervals and feature enrichment
to mitigate tail risk (Figure 8).

The concentration of probability mass around zero indicates

Distribution of Prediction 'Errors — Visible Range [-150, 100]
H W H

-== 0 (unbiased reference)
--- Mean = -0.83

--- Median = 0.06

------ +10 = 39.73

0031 ... 10 = -41.39

Density
o
o
N

0.01

0.00
-150 -100 =50

0
Prediction Error (§ — y)

Figure 8. Distribution of prediction errors e = § — y on the
held-out “latest voyage” test set.

that the model is largely unbiased in expectation, i.e., E[e] =~
0, while the dispersion captured by the £10 band reflects the
typical magnitude of prediction deviations. In this context, the
reported RMSE of 52.92 h can be interpreted as the root sec-
ond moment of the residual distribution, RM SE = /E[e?],
indicating that the overall error scale is primarily driven by the
central spread of the distribution with additional contribution
from the heavier tails observed.

6. DEPLOYMENT CONSIDERATIONS

Although the following consumption approach is proposed,
packaging the trained model with (i) an explicit feature
list (schema contract), (ii) tuned hyperparameters, and (iii)
training-time evaluation metrics, and then validating incoming
operational batches against the schema, applying the same
preprocessing pipeline, and scoring to produce an RUL
estimate, its current scope is limited to manual, offline testing.
At this stage, the procedure is intended to support controlled
experiments and analyst-driven validation. At the same time,
a dedicated platform is developed to continuously monitor,
process, and archive operational data for systematic retraining.
The required automation (data ingestion, quality monitoring,
labeling support, retraining triggers, and governance) is
therefore explicitly deferred and described in the future-work
roadmap.

7. CONCLUSIONS

This work presented a CRISP-DM-guided and PHM-oriented
pipeline to estimate the Remaining Useful Life (RUL) of a
critical shipboard asset on the training ship under realistic
operational constraints. The central problem addressed in
this study is the lack of a predefined maintenance-planning
criterion for machinery operating under variable-load condi-
tions, where degradation is not governed by constant operating
regimes but by dynamic and uncertain usage patterns. In this
context, maintenance decisions based exclusively on fixed-
time routines or accumulated experience may be insufficient
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to anticipate failure-related events or to optimize intervention
timing.

The fragmented, manual, and largely analog nature of the
current shipboard information-management framework con-
stituted a key practical consideration in the development of
the study. Operational and maintenance information was dis-
tributed across handwritten logs, isolated spreadsheets, and
non-standard reports, resulting in limited traceability, hetero-
geneous formats, and reduced analytics readiness. These con-
ditions guided the methodological actions adopted, including
manual reconstruction, data cleaning, event extraction, and
reconciliation of maintenance evidence. Consequently, the
study demonstrates that PHM-oriented knowledge can be pro-
gressively extracted from legacy shipboard records when they
are systematically interpreted, validated, and structured.

Within the scope of the main propulsion engine and its asso-
ciated components, with emphasis on the filter replacement
process as a measurable and operationally actionable target,
the study showed that it is feasible to construct prognostic
labels from maintenance events and to learn data-driven map-
pings between operating conditions and time-to-replacement.
A key research contribution lies in the identification and for-
mulation of an event-driven RUL labeling strategy, where the
remaining useful life is retrospectively constructed from val-
idated replacement or intervention records and accumulated
operating hours. This approach provides a supervised learning
basis for anticipating maintenance-relevant events, support-
ing a transition from purely time-based replacement practices
toward condition-informed prognostic reasoning.

The proposed modeling approach was intentionally limited
to Machine Learning methods rather than Deep Learning ar-
chitectures. This decision was consistent with the available
data conditions, including the limited volume of historical
records, the manual origin of the data, and the need for in-
terpretability in a maintenance-management context. Under
these constraints, the use of supervised regression models al-
lowed the study to prioritize traceability, explainability, and
practical applicability over model complexity. In addition,
expert validation through a Delphi-based process strengthened
the interpretation of maintenance events, variable relevance,
and operational assumptions, reducing the risk of constructing
labels or modeling relationships that were inconsistent with
onboard practice.

Although the resulting model provides a methodological basis
for RUL estimation, its current state should be understood as
a research and decision-support prototype rather than as an
immediately deployable operational system. The absence of
standardized digital event logging, continuous data capture,
robust integration with maintenance-management systems,
and real-time validation limits the possibility of onboard de-
ployment at this stage. Nevertheless, the study identifies the
specific organizational and technical conditions required to

move toward future implementation, including unified data
models, structured maintenance-event coding, standardized
inspection templates, consistent sensor and engineering-round
records, and stronger data governance practices.

The potential impact of this approach is significant at opera-
tional, tactical, and organizational levels. At the operational
level, RUL estimation could help technical crews anticipate
maintenance needs, reduce uncertainty in filter replacement
decisions, and improve the use of available maintenance win-
dows. At the tactical level, it could support maintenance
planning, spare-parts management, workload prioritization,
and coordination between voyage schedules and intervention
opportunities. At the organizational level, the pipeline pro-
vides evidence that digital transformation initiatives in naval
maintenance should not be limited to digitizing existing for-
mats, but should aim to produce reliable, standardized, and
model-ready data for future PHM applications.

Consequently, the main contribution of this work is three-
fold: (i) a replicable end-to-end methodology for developing
RUL estimation from legacy shipboard maintenance records
under realistic data constraints; (ii) an event-driven RUL label-
ing strategy that enables supervised learning for anticipating
failure-related or maintenance-relevant events; and (iii) a clear
identification of the digitalization, standardization, and gov-
ernance improvements required to increase data reliability,
improve future model training, and support the long-term
adoption of data-driven maintenance in naval contexts. In this
sense, the work contributes not only to the development of a
predictive model, but also to the methodological foundation
needed to evolve from manual and experience-based mainte-
nance management toward a more traceable, condition-aware,
and PHM-enabled maintenance framework.

7.1. Future Work

Future work should advance from the current research proto-
type toward a controlled validation and monitoring framework
for eventual operational use. A first priority is the implemen-
tation of a data-validation layer capable of checking feature
schema consistency, units, plausible ranges, missing values,
and event-label integrity before model inference. This is essen-
tial to reduce the risk of unreliable predictions in a shipboard
context where data are still partially manual and heteroge-
neous.

A second direction is to define model lifecycle criteria within
an MLOps-oriented framework, including measurable indi-
cators of data drift, performance degradation, and conditions
for model review, recalibration, or retraining. Given the con-
straints of naval operation, such a framework should consider
intermittent connectivity, limited onboard computational ca-
pacity, and the impracticality of continuous retraining. There-
fore, future deployment studies should evaluate the trade-off
between predictive accuracy, model complexity, inference cost,
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and maintainability.

From a modeling perspective, subsequent experiments should
compare the current Machine Learning baseline with alterna-
tives capable of incorporating temporal behavior. Gradient
boosting models combined with lag-based feature engineering
represent a practical next step, as they may capture part of the
degradation dynamics while preserving efficiency and inter-
pretability. As data volume, quality, and continuity improve,
sequential architectures such as LSTM or Temporal Convolu-
tional Networks could also be assessed to determine whether
their additional complexity provides operationally meaningful
gains.

Finally, future work should strengthen the data foundation
required for PHM adoption by promoting standardized
maintenance-event logging, consistent asset coding, and better
integration between operational records and maintenance
evidence. These improvements would increase the reliability
of RUL labels, support larger and higher-quality training
datasets, and enable more robust condition-aware maintenance
planning at operational, tactical, and organizational levels.
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NOMENCLATURE

AR acceptance rate

BU Business Understanding (CRISP-DM)

D Deployment (CRISP-DM)

d evaluation dimension

DP Data Preparation (CRISP-DM)

DU Data Understanding (CRISP-DM)

E Evaluation (CRISP-DM)

H, next replacement horizon

h(t) accumulated operating age

1(+) indicator function

IQR interquartile range

m number of evaluated cycles

M Modeling (CRISP-DM)

n number of experts
gdl) first quartile of ratings for cycle ¢ in dimension d
gdl) third quartile of ratings for cycle ¢ in dimension d

r%l) rank assigned by expert j to cycle ¢ in dimension d

Rl(d) sum of ranks for cycle 7 in dimension d

R? coefficient of determination

RMSE root mean square error

EAS engine angular speed

RUL Remaining Useful Life

S(d) dispersion of rank sums in dimension d

W Kendall’s coefficient of concordance

:EE?) ordinal rating by expert j to cycle ¢ in dimension d

T feature vector (input to the model)

igd) median rating of cycle ¢ in dimension d

R mean rank sum in dimension d

Cacc minimum acceptable rating category
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