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ABSTRACT

Introduction: Unplanned downtime in offshore oil and gas operations creates significant operational and occupa-
tional safety risks. Traditional reliability methods often fail when historical failure data is incomplete, which is a com-
mon scenario in oil and gas operations. Materials and Methods: This study presents an innovative hybrid approach
combining conventional reliability analysis with fuzzy set theory to Offshore Support Vessels (OSVs). The solution
integrates probability-based reliability models with Triangular Fuzzy Numbers (TFNs) to handle data scarcity. Re-
sults: Dynamic failure rate analysis successfully prioritized critical components, effectively reducing the likelihood
of unexpected equipment failure. By synthesizing conventional and fuzzy reliability, the framework achieves an im-
proved reliability rate when maintenance is conducted proactively (lower bound of the TFN membership function).
Dynamic failure rate analysis further enables prioritization of critical components, reducing unplanned downtime.
Case studies on machinery and equipment for offshore support vessels validate the method's effectiveness and its
alignment with real-world maintenance scheduling needs. Conclusion: This paper delivers a practical framework
that balances reliability and cost-efficiency in supporting the oil and gas industry's transition to enhanced predictive
maintenance. By minimizing unplanned downtime through intelligent spare parts optimization, the framework di-

rectly strengthens occupational safety by reducing the frequency of high-risk emergency repairs.
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INTRODUCTION

The suitable approximation method to address the
current problem and challenges with the supply
chain management is to look and focus into the spare
part supply chain by integrating the reliability results
of the parts failure with the forecasting of the spare
parts requirements [1-4]. Conventional probabilistic
approaches are common in the analysis of reliability of
complex engineering systems. However, they require
quantitative historical failure data for determining
reliability characteristics [5]. It is difficult to obtain
those failure data due to insufficient data, environment
changing or new component [6]. When concentrating
on hardware reliability, there are two different
approaches that are used to determine the reliability
of equipment, namely the physical approach and the
actuarial approach where it is common in the analysis
of reliability of complex engineering systems.

The fuzzy methods of evaluating reliability of complex
systems made the qualitative approach in assessing the
system reliability effective. Additionally, experts are
more comfortable justifying event failure likelihood
using linguistic terms which capture uncertainties rather
than by expressing judgments in a quantitative manner
[5]. As for the fuzzy reliability method, of course a
new plant can utilize the method as it does not require
any historical data and only requires expert’s opinion.
Newly deployed systems or systems with low failure
rates, the data may be insufficient or unavailable. This
limitation undermines the effectiveness of conventional
reliability methods, as they cannot adequately account
for uncertainty in the absence of robust historical data
[7].

Analyzing reliability using Markov process indicates
that the data used are both restricted and imprecise
and taking uncertainties into account which leads
to the introduction of fuzzy sets [8]. When axiomatic
fuzzy set theory is considered in the stress—strength
inference, it enables the generation of more precise
studies on the underlying systems [9]. The proposed
fuzzy approach builds the membership functions for
system characteristics to extract a family of conventional
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crisp intervals from the fuzzy system for the desired
system characteristics [10]. When system characteristics
are governed by the membership functions, more
information is provided for use by operator, and
because the redundant system is extended to the fuzzy
environment, general repairable systems are represented
more accurately and the analytic results are more useful
for designers and practitioners.

While reliability engineering is often viewed through
an operational lens, its implications for Occupational
Health and Safety (OHS) are profound, particularly in
the isolated environment of offshore vessels. Equipment
failures often force technical crews to perform emergency
repairs in uncontrolled environments, such as high
sea states or extreme heat which drastically increases
the likelihood of physical injury and fatigue-induced
errors. By integrating fuzzy logic to predict failures and
optimize spare parts, this study aims to minimize these
'occupational risk windows,' ensuring that maintenance
is conducted under planned, safe conditions rather than
as emergency responses to catastrophic failure.

Hybrid reliability approaches have been successfully
applied in sectors such as nuclear energy and microgrids,
their application to the maritime industry specifically
Offshore Support Vessels (OSV) remains underexplored.
Existing marine maintenance models often rely on static,
deterministic data that fails to capture the uncertainty
inherent in manual vessel logs.

This paper proposes a hybrid reliability framework that
integrates conventional probabilistic methods with
fuzzy logic to address both aleatory and epistemic
uncertainties in spare parts optimization. By combining
crisp failure rate estimation with fuzzy reliability
modelling, the framework provides a robust decision-
making tool for maintenance planning.

MATERIALS AND METHODS

The study focuses on a fleet of Offshore Support
Vessels (OSVs) operating in the South China Sea,
tasked with critical logistical support for upstream
oil and gas platforms. This operational environment
is characterized by high geographical isolation and
variable supply chain accessibility. Unlike onshore
facilities, these vessels operate far from central
workshops, meaning spare parts replenishment involves
significant lead times. Furthermore, the failure data is
manually logged by rotating vessel crews under varying
environmental conditions. This context creates a 'small
data' environment with inherent epistemic uncertainty,
making it an ideal candidate for fuzzy reliability
modelling rather than purely probabilistic big-data
approaches.

This paper focuses on conventional and fuzzy reliability
engineering and its application. The integration of both

and its application towards spare parts optimization is
then induced. The workflow diagram is shown in Fig.
1, where the failure rate of component or equipment is
calculated based on failure per year. The failure data is
collected over the span of 7 years from 2018 to March
2025. The event of failure is recorded by vessel crew
and recorded in Microsoft 365 which is then retrieved
and exported into excel file for analysis. The historical
failure rate is considered as a crisp failure rate, \crisp.
Then we calculate the value of 15% of upper and lower
bound by using this formula;

a = Acrisp x 0.85
b = \crisp (1)
c=Acrispx 1.15

where, a = lower bound, b = peak value (crisp value), c
= upper value

/anvem;icnal

\__ Reliability
e

Failure rate, A
TFN

l

Fuzzy failure rate, A

&>

Spare pah
0])timiza;tfy.

Fig. 1: Flowchart of fuzzy logic-based spare part optimization
incorporating dynamic membership functions
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The fuzzy failure rate is then established by using the
Komal [11] method of triangle fuzzy number with 15%
bound spread. Besides the 15% spread, Komal also
proposes another two spreads of 25% and 50% bound,
however in this study we focus on the 15% spread. This
selection is justified by the operational maturity of the
vessel machinery for example established diesel engine
technology and the availability of 7 years of longitudinal
data. In this context, a 15% spread adequately captures
the epistemic uncertainty related to manual data logging
variances without introducing excessive noise that
might obscure critical failure trends. The triangle fuzzy
number (TFN) can then be plotted by using eq. (2) of
fuzzy membership function.
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The TFN will provide a mathematical framework
for representing vague or uncertain information.
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The membership function for the fuzzy failure rate
is determined based on expert judgment or by the
distribution of historical data. This step is crucial because
it bridges the gap between precise numerical data and
the real-world uncertainties that often accompany
failure rate estimation. The TFN has a low, medium and
high value. The range of all TFN is based on the 15%
spread as in Fig. 2-5.

Fuzzy Inference System Specification

To ensure reproducibility, the fuzzy logic framework was
implemented using a Mamdani-type inference system in
MATLAB. The relationship between failure frequency,
reliability and spare parts priority was governed by a set
of If-Then rules derived from expert domain knowledge.
The rule base consists of:

1. If failure is high, then reliability is low and spare
part requirement is high;

2. If failure is medium, then reliability is medium
and spare part requirement is medium;

3. If failure is low, then reliability is high and spare
part requirement is low.

The aggregated fuzzy output was de-fuzzified using the
Center of Gravity (Centroid) method. This method was
selected for its sensitivity to all active rules, ensuring a
balanced output for decision-making.

Rule Base Development and Validation

The fuzzy inference engine operates on a complete rule
base consisting of three linguistic rules. This rule count
was selected to correspond one-to-one with the input
membership functions (Low, Medium, High), ensuring
full coverage of the domain of discourse without
introducing redundant complexity.

The validation of these rules was conducted through
Expert Elicitation involving domain experts (Marine
Technical Superintendents). The rules were assessed for
Face Validity to confirm that the model's logic mirrors
practical maintenance strategies used in offshore
operations. Furthermore, the system was checked for
logical consistency (monotonicity) to ensure that higher
failure rates consistently propagate to higher spare parts
prioritization scores, aligning with the safety-critical
nature of OSV management.

ETHICAL CLEARANCE

The methodology of this study was confined to the
analysis and operation of mechanical systems. No
human participants or animal subjects were involved at
any stage of the research. Formal ethical approval and
the issuance of an ethics reference number were deemed
not applicable and officially waived by the Research
Ethics Committee of Universiti Teknologi PETRONAS
(UTP).

RESULTS

Table | shows the total number of failures and failure
rate for crew boats over the span of 7 years (2018-2025).
The results reveal several key insights where there is an
agreement for high and low criticality where the main
engine has the highest failure rate and the lowest is
the electrical instrument as depicted in Table I. If we
take the main engine for instance, the 15% spread has
a boundary of lower limit = 3.9345 and upper limit =
5.3229 failure per year as shown in Table Il. Then the
TFN is plotted to visualize the fuzziness as depicted in
Fig. 2-4. To visualize the relations of all equipment, we
plot the TFN into one graph as shown in Fig. 5 where we
can see there is overlapping TFN for cooling system and
electrical instrument. This is where the fuzziness comes
for decision making to rank the priority of the equipment
and thus the spare part.

Table I: Failure data for the offshore support vessels

Equipment / System No. of Failures Failure Rate (per

year)
Main Engines 324 4.6286
Cooling Systems 14 0.2000
Power Generation Systems 145 2.0714
Electrical Instruments 2 0.0286
Pumps 18 0.2571

Table Il: Failure rate analysis with 15% boundary

Equipment / Lower Bound  Failure Rate  Upper Bound
System (15%) (per year) (15%)
Main Engines 3.9343 4.6286 5.3229
Cooling Systems 0.1700 0.2000 0.2300
Power Generation 1.7607 2.0714 2.3821
Systems
Electrical Instru- 0.0243 0.0286 0.0329
ments
Pumps 0.2186 0.2571 0.2957
DISCUSSION

The fuzzy inference system uses the membership
function to activate multiple rules consecutively and
each rule shall satisfy the membership degrees. This
generates a comprehensive output that reflects the
complex, uncertain nature of reliability assessment in
data-scarce environments. It gives the decision maker
an opportunity to address the uncertainty.

The simplest approach of the pure failure rate ranking
operates on a straightforward principle where the
components with higher failure frequencies receive
higher priority. This method immediately identifies
main engine as the top priority and electrical instrument
as lowest priority. However, analyzing through TFN
addresses the uncertainty by means of 15% where the
overlapped TFN for cooling and electrical instrument
addresses the fuzziness and offers the decision makers
a systematic and data driven approach for equipment
prioritization.

This method is applied to the offshore supply vessels that
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Fig. 5: TFN for all equipment

support oil and gas operations. The reliability and proper
maintenance and spare part planning of the offshore
vessels is crucial for safe and sound operations. The
hybrid method will be used for future work that further
rank the spare part prioritization by integrating analytic
hierarchy process. For any probabilistic failure rate that
the data is distinguished, the fuzziness will have little to
no influence towards the ranking and will concur and
produce the same result. Where there is overlapping
TFN, then the uncertainties will be addressed and the
output of de-fuzzification will feed as independent input
variables for the multi-criteria decision making (MCDM)
process.

While this study is calibrated for marine propulsion and
power systems, the proposed hybrid framework exhibits
high generalizability. The core challenge addressed is
not unique to the maritime industry. This framework can
be directly adapted to other high-reliability and data-
scarce sectors such as remote mining operations that
operate in isolation with manual reporting, renewable
energy specifically for offshore wind farms and legacy
manufacturing for older plants that lack modern
loT sensors or digital twin capabilities. By simply
adjusting the membership functions and rule base
to reflect the specific machinery of these sectors, the
logic demonstrated here serves as a universal tool for
managing engineering uncertainty.

Comparative Analysis with Existing Models

The results obtained from the hybrid framework
corroborate trends observed in similar fuzzy reliability
studies but offer distinct operational advantages.
While Komal et al. [11] proposed varying uncertainty
spreads (15%, 25%, and 50%) for LNG carriers, our
study standardizes on a conservative 15% spread. This
decision is validated by the relative maturity of the OSV
machinery compared to the novel dual-fuel systems
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analyzed by Komal. Furthermore, unlike Purba et al.
[8], who utilized fuzzy sets primarily for Fault Tree
Analysis (FTA) in nuclear plants, this study successfully
extends the application into supply chain optimization.
By converting reliability indices directly into inventory
'priority scores,' we bridge the gap between theoretical
reliability assessment and tangible logistical action.

Practical Implications for Risk Reduction

This framework serves as a quantitative decision-
support tool that transcends intuition. Practically, the
overlapping TFNs for Cooling Systems and Electrical
Instruments (Fig. 5) signal a critical risk window. In
traditional crisp models, these systems might be ranked
equally. However, the fuzzy logic reveals that Cooling
Systems have a higher propensity for high-frequency
failure scenarios under uncertainty. By prioritizing
spare parts for these systems before a failure occurs, the
operator effectively mitigates the occupational safety risk
associated with emergency repairs. This is to prevent the
hazardous 'run-to-failure' operational mode and enable
operators to plan for maintenance and spares before it
fails.

Study Limitations

It is important to acknowledge that the accuracy of the
fuzzy membership functions is dependent on the quality
of the vessel logs. While the 15% spread accounts for
some epistemic uncertainty, it cannot fully compensate
for systemic reporting errors such as misdiagnosed root
causes. Future iterations of this framework would benefit
from integrating automated telemetry data to refine the
input variables and reduce reliance on manual crew
reporting.

CONCLUSION

This paper addressed the limitations of conventional
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reliability models, identifying a critical gap in maritime
maintenance strategies. Unlike generic reliability
models, this framework provides a tailored solution
for the offshore sector, linking fuzzy failure forecasting
directly to supply chain efficiency. The combination of
conventional and fuzzy reliability opens opportunity
to a more interesting data-driven decision-making.
The proposed framework is effective in both data-rich
and data-poor environments, making it applicable
across diverse industrial sectors where the case
studies demonstrated improvements in maintenance
planning, reduction in hazardous exposure hours for
crew members and better spare part availability. By
introducing a combined reliability framework that
integrates probabilistic and fuzzy set theory approaches,
it demonstrates the practical integration of complex
decision variables for maintenance planning. It also
bridges the domains of reliability modelling and spare
part optimization in a systematic and scalable way.
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