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ABSTRACT

Catalytic converters in sulfur recovery units (SRUs) play a vital role in ensuring
efficient sulfur conversion and minimizing hazardous emissions, yet their specific
failure modes remain largely understudied. Traditional failure mode and effects
analysis-based risk assessment is constrained by equal criterion weighting and
by its inability to concurrently address vagueness and the reliability of expert
judgments. To address this methodological gap, this study introduces a novel
framework that integrates Z-number Stepwise Weight Assessment Ratio Analysis
(Z-SWARA) to determine fuzzy reliability-based weights for severity, occurrence,
and detection criteria and Z-number Weighted Aggregated Sum Product Assess-
ment (Z-WASPAS) to rank failure modes. This represents the application of
this specific hybrid Z-number approach to SRU catalytic converters, explicitly
capturing both uncertainty and expert confidence. Expert linguistic evaluations
were converted into Z-numbers to construct a realistic weighted decision matrix
evaluating 23 identified SRU risk modes. Based on the Z-SWARA results, severity
emerged as the most critical criterion (weight = 0.420), followed by occurrence
(0.325) and detection (0.256). Furthermore, the Z-WASPAS ranking revealed that
the most critical risks are hot spot formation in the catalyst bed (K = 0.83), coke
formation on the catalyst (K = 0.78), and malfunction of the inlet control valve (K
= 0.77). The results demonstrate that the proposed hybrid approach significantly
improves the discriminative power and accuracy of risk prioritization, supporting
proactive maintenance and effective risk management in complex process facilities.
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Imprecision, uncertainty, and conflicting criteria often complicate the process
of identifying the optimal conclusions in real-world decision-making scenarios.
This paper suggests a novel multi-criteria decision-making (MCDM) framework
that combines a hybrid logarithmic precursor chain-driven objective weight-
ing–preference ranking organization method for enrichment of evaluations tech-
nique with linear DIOPHANTINE fuzzy sets to address uncertain frameworks.
The selection of the location of a Sustainable Emergency Service Station and
the selection of an investment portfolio are two real-world and socially signif-
icant decision-making challenges where traditional MCDM approaches fail to
address the uncertainties. Our suggested fuzzy-based paradigm demonstrates
the adaptability of both infrastructure design and financial decision-making.
The results provide the optimal solutions based on our requirements, even un-
der unpredictable conditions. The outcomes of sensitivity analysis and com-
parative analysis demonstrate how well the suggested approach handles am-
biguous and imprecise data, particularly when expert opinions are presented
in a linguistically or incompletely articulated manner. This work provides a
solid, scalable, and precise method for resolving MCDM issues in the face of
ambiguity, offering improved support to decision-makers in a range of fields.
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1. Introduction

Data are frequently ambiguous, partial, or im-
precise in many real-world decision-making situ-
ations because of human judgment, measurement
constraints, or a lack of accurate information.
This intrinsic ambiguity makes it more difficult to
choose the best option, particularly in situations
when there are linguistic or subjective evaluations
involved. To overcome these difficulties, Zadeh 1

introduced fuzzy set theory that can handle ambi-
guity and partial truth in information. To better

capture the subtleties of uncertainty, this funda-
mental concept has evolved to incorporate more
sophisticated models. For instance, intuitionis-
tic fuzzy set (IFS) 2 offers an intense modeling
structure by including a value of hesitancy in ad-
dition to membership(MD) and non-membership
degrees (ND). The domain available to decision-
makers is later expanded by pythagorean fuzzy
sets (PFS), which build upon IFS and permit the
squared total ofMD andND to lie between 0 and
1. 3 Furthermore, the q-Rung orthopair fuzzy set

*Corresponding Author

1

1. Introduction

Sulfur recovery units (SRUs) are among the most
critical components of oil and gas processing
facilities, as they convert hydrogen sulfide
(H2S) and other sulfur-bearing compounds into
elemental sulfur, thereby preventing the release of
toxic emissions into the environment. Most SRUs
operate based on the multi-stage Claus process,

∗ Corresponding Author

which includes a thermal reaction stage fol-
lowed by catalytic conversion stages. In this sys-
tem, catalytic converters play a pivotal role in
completing the conversion reactions and ensur-
ing high sulfur recovery efficiency.1,2 Catalytic
converters in SRUs operate under highly sensi-
tive and fluctuating conditions, including elevated
temperatures, variable feed compositions, catalyst
deactivation, and potential bed plugging. These
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operational challenges make catalytic converters
vulnerable to several types of failure, such as
catalyst degradation, temperature drop, channel-
ing, fouling, and reduced conversion efficiency.3

The consequences of such failures can be severe,
leading to decreased sulfur recovery, increased
emissions of hazardous pollutants such as sulfur
dioxide (SO2) and unconverted H2S, reduced pro-
cess stability, and, in some cases, unplanned shut-
downs. These impacts impose significant environ-
mental, safety, and economic burdens on refinery
and gas processing operations.3,4 Given the strin-
gent environmental regulations and the need for
reliable continuous operation, risk assessment of
catalytic converters is essential for identifying po-
tential failure modes and implementing appropri-
ate mitigation strategies. Accurate identification
and prioritization of risks in these critical units is
a key requirement for improving operational reli-
ability, enhancing maintenance planning, and en-
suring compliance with environmental standards
in SRU facilities.5

Catalytic converters in SRUs operate un-
der complex thermochemical conditions, making
them highly susceptible to diverse operational
risks. These units are responsible for driving the
catalytic stage of the Claus process, where par-
tially oxidized sulfur compounds are converted
to elemental sulfur. As a result, even minor de-
viations in operating parameters such as tem-
perature, catalyst activity, feed composition, or
gas flow distribution can significantly affect over-
all conversion efficiency. The high sensitivity of
catalytic beds to such disturbances highlights
the importance of systematically identifying and
evaluating failure modes to prevent performance
degradation.6

Typical failure mechanisms observed in SRU
catalytic converters include catalyst deactivation,
thermal imbalance, fouling and bed plugging, hot
spot formation, and mechanical damage to cata-
lyst pellets. These failures may lead to reduced
reaction efficiency, incomplete conversion of sul-
fur compounds, increased pressure drop, and the
formation of undesirable by-products. From an op-
erational perspective, these issues may reduce sul-
fur recovery efficiency to below regulatory thresh-
olds, resulting in violations of strict environmental
emission standards.7,8 Moreover, elevated con-
centrations of unconverted H2S or SO2 can pose
severe health and safety risks, necessitating imme-
diate corrective actions that often involve costly
shutdowns or maintenance interventions.

Given the potentially severe consequences of
catalytic converter failures, effective risk assess-
ment is vital for ensuring process reliability and

minimizing environmental impacts. Traditional
maintenance strategies, which are typically reac-
tive, may fail to prevent critical failures due to the
rapid evolution of operational conditions in SRUs.
Therefore, adopting systematic, data-driven risk
evaluation methods is essential to support proac-
tive decision-making, optimize maintenance sched-
ules, improve asset integrity, and enhance the
overall resilience of SRU operations.9,10 As indus-
trial facilities strive to meet higher safety and
environmental standards, robust risk assessment
techniques have become an indispensable part of
modern SRU management.

Failure mode and effects analysis (FMEA) is
one of the most widely used techniques for iden-
tifying and evaluating potential failure modes in
industrial processes. Its attractiveness stems from
its simplicity, structured approach, and broad ap-
plicability in maintenance, reliability engineering,
and safety analysis.11 In the conventional FMEA
framework, each failure mode is assessed based
on three criteria: severity (S), occurrence (O),
and detection (D), and the risk priority number
(RPN) is calculated as the product of these factors.
Despite its widespread use, the classical FMEA
approach suffers from several well-documented
limitations that can compromise the accuracy
and reliability of risk prioritization, especially in
complex and uncertainty-dominated systems such
as SRU catalytic converters.12 One of the major
shortcomings of classical FMEA is the assumption
of equal importance among the three criteria. In
reality, the relative importance of S, O, and D can
vary significantly depending on the operational
context, the expertise of the experts, and the na-
ture of the equipment under study. Moreover, the
RPN calculation method (multiplying discrete
scores) can yield non-unique values, leading to
identical RPNs for different failure modes despite
distinct risk profiles. This reduces the method’s
discriminative power and may lead to suboptimal
decision-making.13,14

Another critical limitation is the inability of
classical FMEA to model the uncertainty inherent
in expert judgments. The scoring of S, O, and D
often relies on linguistic assessments, which are
inherently vague and imprecise. Classical FMEA
treats these subjective inputs as crisp values, ig-
noring uncertainty and ambiguity. This issue be-
comes more pronounced in SRUs, where oper-
ating conditions are variable, and experts may
hold divergent opinions due to the complexity of
catalytic reaction mechanisms.15

In addition, classical FMEA does not account
for potential interdependencies among criteria
or nonlinear relationships between failure char-
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acteristics. As a result, it may oversimplify risk
evaluation and distort the actual criticality of
failure modes. These methodological issues high-
light the need for advanced hybrid approaches
that incorporate expert judgment more effectively,
handle uncertainty, and improve ranking preci-
sion. To address these shortcomings, researchers
increasingly integrate FMEA with multi-criteria
decision-making (MCDM) methods, particularly
fuzzy-based techniques to produce more realistic
and reliable risk prioritizations.13,14

Failure mode and effects analysis has been
widely applied in the oil, gas, and petrochemi-
cal industries due to its structured nature and
ability to identify potential failure modes in com-
plex process systems. In refinery and gas process-
ing facilities, FMEA plays a vital role in assess-
ing equipment reliability, preventing operational
disruptions, and improving safety performance.
Previous studies have employed FMEA to eval-
uate critical equipment, including compressors,
heat exchangers, furnaces, and reactor systems,
demonstrating its relevance in high-risk industrial
environments.15,16

In the context of sulfur recovery processes, only
limited research has focused directly on the cat-
alytic section of SRUs. Most available studies
emphasize thermal reaction units, tail-gas treat-
ment systems, or general SRU performance opti-
mization rather than detailed failure analysis of
catalytic converters. Several authors have high-
lighted the sensitivity of the Claus catalytic stages
to operational fluctuations, catalyst degradation,
and reaction inefficiencies, emphasizing the need
for rigorous risk assessment methods tailored
to catalytic beds.17 Nevertheless, comprehensive
FMEA-based evaluations targeting catalyst beds,
converter internals, and failure propagation mech-
anisms within SRUs remain scarce. This lack of
focused studies underscores the importance of ap-
plying structured risk assessment frameworks to
these critical units.

Given the limitations of traditional FMEA, nu-
merous researchers have integrated FMEA with
MCDM techniques to improve the weighting of
S, O, and D criteria. Conventional weighting ap-
proaches, such as the analytic hierarchy process
(AHP), the analytic network process (ANP), tech-
nique for order preference by similarity to ideal
solution (TOPSIS)-based weighting, and the best–
worst method (BWM), have been employed to
refine the calculation of risk priority numbers in
FMEA. Although these methods enhance con-
sistency and decision-making transparency, they
often require extensive pairwise comparisons, rely
on crisp numbers, or struggle to fully incorpo-

rate experts’ qualitative judgments under uncer-
tainty.18

The stepwise weight assessment ratio analysis
(SWARA) method has gained significant attention
as a more flexible and cognitively intuitive weight-
ing approach. Unlike AHP or BWM, SWARA re-
duces the burden of comparisons, allows experts
to rank criteria according to perceived impor-
tance, and incorporates adjustment coefficients
to calculate final weights. The introduction of
fuzzy logic into SWARA further strengthens its
applicability in uncertain industrial environments
by enabling the use of linguistic variables and
fuzzy numbers to capture expert uncertainty. Re-
cent studies demonstrate that fuzzy SWARA out-
performs conventional weighting approaches in
reliability analysis, supplier selection, process op-
timization, and risk assessment, where subjec-
tive evaluations play a central role.19,20 Given
the ambiguity and variability of operating condi-
tions in SRU catalytic converters, fuzzy SWARA
provides a robust and suitable method for de-
termining the relative importance of FMEA risk
factors.

To overcome the limitations of classical RPN
and improve risk-prioritization accuracy, re-
searchers have integrated FMEA with ranking-
based MCDM methods. Techniques such as TOP-
SIS, multi-criteria optimization, and compromise
solution (VIKOR), preference ranking organiza-
tion method for enrichment of evaluations, and
multi-objective optimization on the basis of ra-
tio analysis have been used to improve discrim-
ination among failure modes. However, these
methods may be sensitive to normalization tech-
niques or require strict assumptions about crite-
rion independence.21 The weighted aggregated
sum product assessment (WASPAS) method rep-
resents a relatively newer hybrid MCDM tech-
nique that combines the strengths of the weighted
sum model (WSM) and the weighted product
model (WPM). This integration enables WAS-
PAS to achieve high ranking stability, robust-
ness, and accuracy. When extended with fuzzy
logic, fuzzy WASPAS becomes particularly ef-
fective for risk assessment problems where ex-
pert judgments are imprecise or uncertain. Fuzzy
WASPAS has been successfully applied in sev-
eral domains, including manufacturing risk assess-
ment, supplier evaluation, environmental decision-
making, and equipment criticality analysis.22 De-
spite its demonstrated capabilities, the applica-
tion of fuzzy WASPAS in the context of sulfur re-
covery operations, particularly catalytic converter
risk prioritization, remains limited or nonexis-
tent. This highlights an opportunity to lever-
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age its advantages in improving the discrimina-
tion power of FMEA applications under uncer-
tainty.

1.1. Research gap

Despite the extensive use of FMEA and its hy-
brid variants in the oil and gas industries, very
few studies have focused specifically on the risk
assessment of catalytic converters in SRUs. Most
existing works address general SRU performance
or thermal reaction stages, leaving the catalytic
section, where a significant portion of sulfur con-
version occurs, largely understudied from a struc-
tured risk analysis perspective. Furthermore, al-
though the operational challenges of catalytic
beds, such as catalyst deactivation and thermal
imbalance, are well documented, no comprehen-
sive, uncertainty-aware framework for evaluating
their failure modes has been established. Method-
ologically, the limitations of the classical RPN
in FMEA remain unresolved in SRU applica-
tions. Although previous research has integrated
MCDM methods with FMEA, these approaches
often rely on crisp evaluations or complex pair-
wise comparisons that do not adequately cap-
ture the vagueness and reliability of expert judg-
ments. Notably, integrating fuzzy SWARA for
criteria weighting and fuzzy WASPAS for failure
mode ranking, particularly in a Z-number envi-
ronment, creates a significant methodological gap
in process safety literature that this study aims
to fill.

Recent studies have further evolved the applica-
tion of hybrid MCDM models in risk assessment.
For instance, Mohammadi et al.23 introduced an
extended FMEA model for construction contract-
ing risks. While their approach effectively handles
uncertainty, our proposed model offers a distinct
advantage by employing Z-numbers to explic-
itly quantify the reliability of expert judgments,
a factor often overlooked in construction-based
fuzzy models. Similarly, Ishtiaq etal.24 used intu-
itionistic pentagonal fuzzy logic to quantify the
risks of psychological disorders. Although their
model offers high flexibility, the Z-number step-
wise weight assessment ratio analysis (Z-SWARA)
and Z-number weighted aggregated sum product
assessment (Z-WASPAS) framework used in this
study is more computationally efficient for com-
plex industrial systems such as SRUs while main-
taining a dual-layered approach to uncertainty
management. Furthermore, Turgay and Özyurt25

proposed a dynamic ergonomic risk assessment
model. Compared to their approach, our model’s
strength lies in the multiplicative component of

the WASPAS method, which provides higher dis-
criminative power for technical failure modes in
chemical processes where risks are often closely
ranked.

1.2. Motivations

Driven by identified literature gaps, this study’s
primary motivation is to develop a practical, hy-
brid fuzzy FMEA framework for systematically
assessing and prioritizing the failure modes of
SRU catalytic converters. Instead of relying on
traditional RPN calculations or standalone crisp
models, this research is motivated by the critical
need to address the inherent uncertainty and am-
biguity in expert evaluations. By introducing inte-
grated application of Z-SWARA and Z-WASPAS
in this specific industrial domain, the study seeks
to improve the accuracy, robustness, and discrimi-
native power of the risk-prioritization process. An-
other key motivation is to bridge the gap between
theoretical risk models and practical industrial ap-
plications. By validating the proposed framework
in a real-world SRU facility, the research aims
to provide a reliable, decision-oriented tool. This
tool is specifically designed to assist engineers
and maintenance planners in proactively iden-
tifying critical vulnerabilities, thereby optimiz-
ing maintenance schedules, preventing unplanned
shutdowns, and enhancing the overall resilience
and environmental compliance of sulfur recovery
operations.

Overall, this study advances the methodology
for equipment risk assessment in SRUs and con-
tributes a structured, uncertainty-aware model
suited for complex catalytic processes.

The remainder of this paper is structured as
follows. Section 2 presents the methodology
adopted in this study, including an overview of
the classical FMEA framework and the theoreti-
cal foundations of the fuzzy SWARA and fuzzy
WASPAS methods. Section 3 describes the case
study and the data-collection process for identify-
ing and evaluating failure modes in the SRU’s cat-
alytic converters. Section 4 provides the results
of the proposed hybrid fuzzy FMEA framework,
including the derived criterion weights, aggre-
gated fuzzy assessments, and the final ranking of
failure modes. Section 5 discusses the findings,
compares the proposed approach with classical
RPN-based FMEA, and examines practical impli-
cations for risk management in SRU operations.
Finally, concludes the paper by summarizing the
contributions, outlining limitations, and offering
recommendations for future research.
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2. Materials and methods

2.1. Failure mode and effects analysis

Failure mode and effects analysis is a systematic,
proactive technique used to identify, evaluate, and
prioritize potential failure modes within industrial
systems. As one of the most widely applied reli-
ability assessment tools, FMEA aims to prevent
failures, enhance system safety, and guide main-
tenance planning by analyzing how and why com-
ponents or processes might fail.18 In the classical
FMEA framework, each identified failure mode is
examined through three fundamental criteria: S,
O, and D.

• Severity reflects the seriousness of the conse-
quences resulting from a particular failure mode
and its potential impact on safety, environment,
performance, or product quality.

• Occurrence represents the likelihood or fre-
quency of the failure mode taking place.

• Detection measures the ability of existing con-
trol mechanisms to identify or prevent the fail-
ure before it causes unwanted effects.

Each criterion is scored on a discrete numerical
scale, typically ranging from 1 to 10. The overall
criticality of each failure mode is then quantified
using the RPN, calculated as:

“RPN” = S ×O ×D (1)

Higher RPN values indicate higher-risk failure
modes that should be addressed with priority. De-
spite its simplicity and widespread use, classical
FMEA exhibits several inherent limitations, in-
cluding the assumption of equal weighting among
S, O, and D, the potential for non-unique RPN
values, and the reliance on crisp numerical evalu-
ations that disregard uncertainty in expert judg-
ment. These shortcomings justify the need for
improved FMEA approaches, such as fuzzy and
MCDM-based enhancements to achieve more reli-
able and discriminative risk prioritization in com-
plex industrial environments.

While classical FMEA provides a structured
foundation for identifying and prioritizing failure
modes, it relies heavily on crisp numerical ratings
for severity, occurrence, and detection. In real
industrial environments, especially in complex
and uncertain systems such as SRUs, expert judg-
ments are often subjective, linguistic, and impre-
cise, making crisp values inadequate for capturing
the true nature of risk assessment. To address this
limitation, the fuzzy FMEA framework incorpo-
rates fuzzy set theory to represent expert opinions
with greater flexibility and realism.

In fuzzy FMEA, the evaluations of the three-
core criteria S, O, and D are expressed using
linguistic terms (LTs) (e.g., low, medium, high)
rather than fixed numerical scores. Each LT is
then translated into a fuzzy membership func-
tion, commonly in the form of triangular or trape-
zoidal fuzzy numbers.28 Table 1 presents the
fuzzy rating scale used to represent the linguistic
judgments for these criteria.

This transformation enables the method to ac-
count for uncertainty, variability among experts,
and the inherent ambiguity in qualitative assess-
ments. The FMEA process typically involves the
following steps:

• Identification of failure modes: Similar to clas-
sical FMEA, the process begins by identifying
potential failure modes and their associated
causes and effects.

• Linguistic evaluation of S, O, and D: Ex-
perts provide ratings using predefined linguistic
scales.

• Conversion to fuzzy numbers: Linguistic ratings
are translated into fuzzy membership values to
represent uncertainty.

• Aggregation of expert judgments: Fuzzy aggre-
gation techniques (e.g., fuzzy averaging) are
used to combine multiple expert assessments
into unified fuzzy scores.

• Computation of fuzzy risk values: Instead of a
single crisp RPN, fuzzy operations are applied
to compute a fuzzy RPN or an alternative fuzzy-
based risk index.

• Defuzzification (if required): The final fuzzy risk
value may be converted into a crisp number for
ranking or comparison purposes.

By adopting Z-number and fuzzy set theory,
the FMEA framework enhances the representa-
tiveness of expert assessments, reduces subjectiv-
ity, and mitigates inconsistencies caused by crisp
scoring. However, despite these improvements,
traditional fuzzy FMEA still does not fully ad-
dress issues such as criteria weighting, nonlinear
interactions, and ranking discriminability. There-
fore, hybrid approaches that combine Z-number
FMEA with SWARA for weighting and WASPAS
for ranking offer a more comprehensive and robust
solution for risk prioritization in SRU catalytic
converters.

2.2. Stepwise weight assessment ratio
analysis method

The stepwise weight assessment ratio analysis
method is a structured multi-criteria weighting
technique that enables experts to rank criteria
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Table 1. Fuzzy scale for severity, occurrence, and detection ratings

Code Severity descrip-
tion

Occurrence
probability

Detection
probability

Fuzzy num-
ber

10 Hazardous without
warning

Very high Absolutely none (9, 10, 10)

9 Hazardous with
warning

Unavoidable Extremely low (8, 9, 10)

8 Very high High Very low (7, 8, 9)
7 High Repeated fail-

ures
Low (6, 7, 8)

6 Moderate Moderate Fairly low (5, 6, 7)
5 Low Occasional Moderate (4, 5, 6)
4 Very low Low Relatively high (3, 4, 5)
3 Minor effects Relatively low High (2, 3, 4)
2 Very minor Remote Very high (1, 2, 3)
1 None Almost impossi-

ble
Nearly certain (0, 1, 1)

based on their relative importance. Unlike pair-
wise comparison methods such as AHP or ANP,
SWARA reduces cognitive burden by requiring
experts only to order the criteria and determine
comparative importance coefficients. The fuzzy
SWARA extension incorporates fuzzy set theory
to capture uncertainty in expert judgments, mak-
ing it especially suitable for complex industrial
environments where linguistic assessments are
common. In fuzzy SWARA, each expert assigns
relative importance to criteria using LTs (e.g., low,
medium, or high), which are then translated into
corresponding triangular fuzzy numbers (TFNs).
This approach enables the weighting process to
better reflect ambiguity, variation among experts,
and subjective reasoning than crisp methods.

Despite SWARA’s effectiveness, it is important
to acknowledge recent advancements in subjec-
tive weighting methods. Newly developed models
such as the full consistency method (FUCOM),26

level-based weight assessment (LBWA),27 and
defining interrelationships between ranked crite-
ria (DIBR)28 have been introduced to further
reduce or eliminate the number of pairwise com-
parisons and provide robust mathematical con-
sistency checks. While these novel methods offer
significant advantages, particularly in consistency
validation, the SWARA method was preferred in
this specific study for two main reasons. First,
SWARA requires experts to evaluate only adja-
cent criteria after an initial ranking. This presents
a highly intuitive and low cognitive burden for
industrial practitioners (such as SRU engineers)
who may not be familiar with complex mathe-
matical matrices, allowing them to focus entirely
on linguistic evaluations. Second, the mathemat-

ical framework for integrating Z-numbers with
SWARA to concurrently evaluate vagueness and
expert reliability is well established, whereas ex-
tending newer methods like DIBR or LBWA with
Z-numbers remains mathematically complex and
less explored in the current literature.

However, the SWARA method has inherent
limitations that must be noted. Unlike FUCOM
or LBWA, SWARA lacks a built-in mathematical
consistency ratio to quantitatively validate ex-
pert judgments. Furthermore, the final calculated
weights in SWARA are highly sensitive to the
initial ranking order established by the experts in
the very first step, meaning any bias in the initial
sorting can significantly alter the final outcomes.

The fuzzy SWARA method generally follows
these sequential steps:

Step 1: Determine the ranking order of criteria
Experts first arrange all FMEA criteria (e.g.,

S, O, and D) from most to least important based
on collective judgment.

Step 2: Assign fuzzy comparative importance
values. For each criterion, beginning from the sec-
ond in the ranked list, based on the spectrum
of Table 2, experts specify its comparative im-
portance relative to the preceding criterion using
LTs. These are then converted into TFNs.

Step 3: Calculate the fuzzy coefficient kj
For each criterion j, a fuzzy coefficient is com-

puted as:

kj = sj + 1 (2)

where sj is the fuzzy comparative importance
value.

Step 4: Compute the fuzzy recalculated
weights
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Table 2. Linguistic terms and corresponding fuzzy
stepwise weight assessment ratio analysis triangular
numbers26

Linguistic term Triangular fuzzy number

Equal (1, 1, 1)
Relatively Low (1.5, 1, 0.67)
Low (0.67, 0.5, 0.4)
Very Low (0.4, 0.33, 0.286)
Extremely Low (0.286, 0.25, 0.22)

The fuzzy weight for each criterion is calculated
recursively:

qj =
1

kj
× qj−1 (3)

where q1 = 1 for the most important criterion.
Step 5: Normalize the fuzzy weights
The final fuzzy weights are normalized using:

wj =
qj∑
qj

(4)

These normalized fuzzy weights serve as the im-
portance coefficients for the criteria in the sub-
sequent fuzzy WASPAS-based ranking of fail-
ure modes. By integrating fuzzy logic, the fuzzy
SWARA method offers greater flexibility in rep-
resenting expert uncertainty and yields a more
realistic weighting structure.

2.3. Weighted aggregated sum product
assessment method

The fuzzy WASPAS method is an extension of
the original WASPAS technique, introduced and
adapted to handle uncertainty through fuzzy
set theory.29 The algorithmic structure of fuzzy
WASPAS is similar to the classical WASPAS ap-
proach; however, all computations are carried out
in a fuzzy environment. While various advanced
MCDM methods exist in the literature, such as
VIKOR, measurement of alternatives and rank-
ing according to compromise solution (MARCOS),
and additive ratio assessment with ideal solution
(ARTASI), the WASPAS method was specifically
selected for this study due to its conceptual align-
ment with FMEA and its mathematical compat-
ibility with Z-number arithmetic. Methods like
VIKOR are primarily designed for finding compro-
mise solutions among conflicting criteria; however,
FMEA risk factors (S, O, and D) are unidirec-
tional and do not conflict, making utility-based ag-
gregation more conceptually sound. Furthermore,
integrating distance-based methods like MAR-
COS or ARTASI with Z-numbers introduces sig-
nificant computational complexity in calculating

distances for dual fuzzy sets. In contrast, WAS-
PAS seamlessly combines the strengths of the
WSM and the WPM. This straightforward addi-
tive and multiplicative architecture maintains the
transparency and integrity of Z-number reliability
adjustments while enabling the model to achieve
high ranking stability, robustness, and accuracy.
In this study, LTs and TFNs from Table 2 are
employed to model expert judgments regarding
the FMEA criteria. The main steps of the fuzzy
WASPAS method are described below.

Step 1: Construction of the fuzzy decision
matrix

A fuzzy decision matrix is constructed based on
the designed evaluation criteria. Each alternative
(failure mode) is evaluated using LTs, which are
then converted into TFNs.

Step 2: Normalization of the fuzzy decision
matrix

To ensure comparability across criteria, the
fuzzy decision matrix is normalized based on each
criterion’s nature. Beneficial criteria are normal-
ized using:

x́ij =
x̃ij

maxi(x̃ij)
(5)

For non-beneficial criteria, the normalization
is:

x́ij =
mini(x̃ij)

x̃ij
(6)

Step 3: WSM
The first optimization measure in WASPAS is

derived from the WSM, a widely used MCDM
approach that evaluates alternatives through an
additive combination of weighted criteria. The
fuzzy WSM score for alternative iii is calculated
as:

Qi =

n∑
j=1

x́ijw̃j (7)

Where w̃j represents the fuzzy weight of the cri-
terion, obtained from the fuzzy SWARA method.

Step 4: WPM
The second optimization measure is derived

from the WPM, computed as:

Pi =

n∏
j=1

(x́ij)
w̃j (8)

This multiplicative structure strengthens dis-
crimination among alternatives and complements
the additive WSM component.

Step 5: Defuzzification of WSM and WPM
scores

1298



Risk prioritization of catalytic converters in sulfur recovery units using an extended failure modes and effects analysis

The fuzzy scores Qi and Pi are defuzzied using
the centroid method:

Qi =
1

3
(Qiα +Qiβ +Qiγ) (9)

Pi
1

3
(Piα + Piβ + Piγ) (10)

Where (α, β, γ) denote the lower, middle, and
upper bounds of each triangular fuzzy number.

Step 6: Aggregation of WSM and WPM
The final WASPAS score for each alternative

is obtained by combining the additive and multi-
plicative components:

Ki = λQi + (1− λ)Pi (11)

Here, λ determines the balance between WSM
and WPM.
If λ = 1 the model reduces to WSM;
if λ = 0, the model becomes WPM.

For decision-making problems, the optimal
value of λ is computed as:

λ =

∑m
i=1 Pi∑m

i=1 Pi +
∑m

i=1Qi
(12)

as proposed by Zavadskas etal.28

2.4. Z-number theory

In complex decision-making environments,
decision-makers are often required to make
rational judgments based on uncertain, imprecise,
or incomplete information. To mathematically
represent this human capability, Zadeh30 in-
troduced the concept of the Z-number, based
on fuzzy set theory, to provide a more realistic
foundation for handling values that are not fully
reliable and to better express uncertainty in
decision-making processes.30

While TFNs provide an effective way to repre-
sent uncertain quantities using lower, most prob-
able, and upper bounds, they only describe the
magnitude of the information without explicitly
modeling its reliability. In contrast, Z-numbers ex-
tend classical fuzzy numbers by incorporating an
additional dimension that reflects the confidence
or reliability associated with expert judgments.
A Z-number consists of two components: a fuzzy
restriction describing the possible values of a vari-
able and a second fuzzy number representing the
reliability of that restriction. Therefore, whereas
TFNs capture uncertainty in values, Z-numbers
simultaneously capture both uncertainty and the
credibility of the information source. This dual
representation makes Z-number–based modeling
particularly suitable for risk assessment problems
that rely heavily on subjective expert evaluations,

such as failure mode prioritization in complex
industrial systems.

This additional reliability dimension reduces
information loss and improves the robustness of
risk-prioritization results. In industrial environ-
ments where expert judgments may vary in confi-
dence, ignoring reliability can lead to biased prior-
itization outcomes; therefore, Z-number modeling
offers a more realistic decision-making framework.

If a Z-number is denoted as Z = (Ã, R̃), it
consists of a pair of fuzzy numbers: Ã represents
a fuzzy restriction describing the possible values
of the variable, while R̃ represents the reliability
level indicating the degree of confidence associ-
ated with that restriction.

Figure 1 presents a conceptual representa-
tion of the Z-number structure. The triangular
membership function µA(x) describes the fuzzy
restriction associated with the evaluated variable,
while the probability density function p(x) reflects
the reliability or confidence in that restriction.
The interaction between these two components il-
lustrates how Z-numbers simultaneously capture
value uncertainty and the credibility of expert
information.31

According to the LT transformation rules and
arithmetic operations presented in Equations 13
and 14, a Z-number expressed as Z = (A,R) can
be defined using fuzzy sets, where the membership
functions of Ã and tildeR are given by:32

Ã = {x, µÃ(x)/x ∈ [0, 1]} (13)

R̃ = {x, µR̃(x)/x ∈ [0, 1]} (14)

To continue with standard computational pro-
cedures in decision-making models, Z-numbers
are first converted into conventional fuzzy num-
bers. The most common conversion approach was
introduced.31 In this approach, the second compo-
nent (R̃) is initially defuzzified using the centroid
method to obtain a crisp reliability weight α\α,
referred to as the degree of certainty. It is calcu-
lated as:

α =

∫
xµR̃(x)dx∫
µtildeR(x)dx

(15)

For symmetric triangular fuzzy numbers, de-
fuzzification can be simplified as:

α =
a1 + 2a2 + a3

4
(16)

Next, the obtained reliability weight α\α is
integrated into the fuzzy restriction component
using Equation (16):

Z̃
′
= (

√
αa1,

√
αa2,

√
αa3) (17)
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Figure 1. Conceptual representation of a Z-number showing a trapezoidal fuzzy restriction A with full
membership region and an associated reliability function (x).

Table 3. Reliability linguistic terms and their corre-
sponding fuzzy numbers

Linguistic term Symbol Fuzzy number

Very Low VL (0, 0, 0.25)
Low L (0.2, 0.35, 0.5)
Medium M (0.35, 0.5, 0.75)
High H (0.5, 0.75, 0.9)
Very High VH (0.75, 1.0, 1.0)

This transformation allows the Z-number to be
incorporated into decision-making models by con-
verting it into a single equivalent fuzzy number
that simultaneously captures both restriction and
reliability.32 Table 3 presents the LT commonly
used for reliability assessments in Z-number mod-
eling.

This approach enhances the representational
power of fuzzy numbers by integrating both the
magnitude of information and its degree of trust-
worthiness, ultimately improving decision accu-
racy in uncertain industrial environments.

3. Proposed approach

This study introduces a comprehensive three-
stage hybrid methodology for evaluating and pri-
oritizing failure risks in SRU catalytic converters.
The proposed framework integrates the classical
FMEA with Z-SWARA for criterion weighting
and Z-WASPAS for ranking failure modes. This
hybrid structure enhances the accuracy, objectiv-

ity, and discriminatory power of risk prioritization
under uncertainty. The overall workflow of the
proposed approach is illustrated in Figure 2.

(i) Stage 1: FMEA-based identification

The first stage focuses on systematically iden-
tifying potential failure modes in the catalytic
converters. Expert teams evaluate each failure
mode using the three classical FMEA criteria: S,
O, and D. Since expert judgments often involve
vagueness, these linguistic evaluations are con-
verted into TFNs using the fuzzy scale defined
in Table 1. This transformation preserves uncer-
tainty and establishes a Z-number failure mode
and effects analysis (Z-FMEA) decision base for
subsequent analysis.

(ii) Stage 2: Determination of criteria weights
using Z-SWARA

In the second stage, the Z-SWARA method is
employed to quantify the relative importance of
the FMEA criteria. Experts first rank the criteria
and then express the comparative importance
of each criterion with respect to the previous
one using LTs (e.g., low, very low, equal). These
linguistic values are converted to TFNs according
to Table 2.

The Z-SWARA procedure, after converting all
Z-numbers into equivalent fuzzy numbers, then
calculates:
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Figure 2. Procedural flowchart of the proposed hybrid approach
Abbreviations: D: Detection; FMEA: Failure mode and effects analysis; O: Occurrence; S: Severity; SWARA:
Stepwise weight assessment ratio analysis; WASPAS: Weighted aggregated sum product assessment; WSM:
Weighted sum model.

• Fuzzy comparative coefficients (kj)
• Recalculated fuzzy weights (qj)
• Normalized fuzzy importance weights (wj)

These final fuzzy weights characterize the con-
textual significance of each FMEA criterion and
serve as direct inputs to the Z-WASPAS stage.

(iii) Stage 3: Ranking failure modes using Z-
WASPAS

In the third stage, the Z-WASPAS method is
applied to compute a final priority index for each
failure mode. The linguistic evaluations are trans-
formed into TFNs and arranged in a fuzzy deci-
sion matrix. After fuzzy normalization adjusted
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based on beneficial or non-beneficial criteria, the
method computes the:

• Fuzzy WSM score Qi

• Fuzzy WPM score Pi

Both fuzzy scores are defuzzied using the cen-
troid method.

The final WASPAS index is calculated as:

Ki = λQi + (1− λ)Pi (18)

where λ optimally balances the additive and mul-
tiplicative components. The resulting Ki values
provide a robust, highly discriminative ranking
of the failure modes, enabling decision-makers to
identify the most critical risks requiring urgent
mitigation.

3.1. Case study and data collection

This study was conducted at the SRU of a large
industrial gas processing complex, where catalytic
converters play a critical role in converting H2S
into elemental sulfur through the Claus reaction.
The operational environment of SRU catalytic
converters is characterized by high temperatures,
corrosive gas streams, and sensitive process con-
ditions, making the identification and mitigation
of equipment failures essential for ensuring safety,
environmental compliance, and uninterrupted pro-
duction. Due to the complexity of the process and
the high consequences of failure, a structured and
uncertainty-aware risk assessment approach was
required.

In this study, the identification of failure modes
and their subsequent evaluation were conducted
by a panel of 12 distinguished experts. This mul-
tidisciplinary team was comprised of senior pro-
cess engineers (4), maintenance managers (3),
safety and HSE specialists (3), and academic
experts in chemical engineering (2). To ensure
the highest level of judgment reliability, espe-
cially for the Z-number-based assessments, all
selected experts possessed extensive professional
backgrounds, with an average of 17 years of expe-
rience in oil and gas processing and sulfur recovery
operations. Educationally, the panel consisted of
four Ph.D. and eight M.Sc. holders, ensuring a
robust balance between theoretical insights and
practical industrial expertise. This diverse and
experienced panel provided the linguistic evalu-
ations used for both criteria weighting and risk
prioritization, ensuring that the results reflect
real-world operational complexities. The primary
data for this study were obtained through a two-
stage process involving 12 experts and industrial
records. In the first stage, structured interviews

were conducted to identify 23 potential failure
modes in the SRU catalytic converters, supported
by a review of the plant’s historical maintenance
logs and incident reports from the past five years.
In the second stage, a customized questionnaire
was used to collect expert evaluations for S, O,
and D using linguistic scales.

To prepare the raw data for the Z-number-
based framework, a three-step preprocessing pro-
cedure was implemented. First, expert judgments
were converted into Z-numbers Z = (A, B),
where A represents the linguistic evaluation of
the risk factor, and B represents the expert’s
self-confidence level. These were mapped to cor-
responding TFNs. In the second step, to consol-
idate the 12 experts’ views into a single repre-
sentative value for each risk, the fuzzy weighted
average method was applied. This step ensures
that the panel’s collective wisdom is reflected
while minimizing the impact of outliers in indi-
vidual judgments. Finally, after the aggregation,
the Z-numbers were converted to equivalent crisp
or fuzzy values for the SWARA and WASPAS
algorithms. The data were then normalized to the
range (0, 1) to eliminate the influence of differ-
ent units of measurement and ensure a consistent
comparison across the S, O, and D criteria.

To perform the proposed hybrid FMEA, Z-
SWARA and Z-WASPAS analysis, data were
collected through a combination of on-site in-
spections, document reviews, and structured ex-
pert consultations. Operational logs, maintenance
records, historical incident reports, and equip-
ment manuals were examined to identify the func-
tional structure of the catalytic converters and
their potential failure mechanisms. Based on these
sources, an initial list of failure modes, their po-
tential causes, and consequences was prepared.

Expert knowledge formed the foundation of
this assessment process. An expert panel con-
sisting of SRU process engineers, maintenance
specialists, reliability engineers, and safety profes-
sionals was assembled. Their industry experience
ranged from 8 to 25 years, ensuring deep famil-
iarity with SRU operations and failure behav-
ior. The experts evaluated each identified failure
mode using LTs for S, O, and D, which were
subsequently converted to TFNs based on Ta-
ble 3. These same experts provided linguistic
comparative judgments required to calculate the
Z-SWARA criterion weights.

All data collection procedures were designed to
ensure consistency, reliability, and applicability
of the results to real operational conditions. The
structured integration of historical data and ex-
pert knowledge provided a robust basis for fuzzy
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multi-criteria risk prioritization, enabling the hy-
brid framework to produce meaningful and ac-
tionable insights for maintenance planning and
risk mitigation in SRU catalytic converters.

3.2. System description: Catalytic
converters in the sulfur recovery unit

The SRU is one of the most critical process units
in gas processing and refinery operations, respon-
sible for converting toxic H2S into elemental sul-
fur through the multi-stage Claus process. This
conversion is essential not only for environmen-
tal compliance, given strict sulfur-emission limits,
but also for operational safety, as H2S is both
corrosive and highly hazardous. Within the Claus
process, catalytic converters play a central role
in promoting the reaction between H2S and SO2

to form elemental sulfur over activated catalyst
beds.

A typical SRU catalytic converter consists of
a refractory-lined vessel equipped with multiple
catalyst beds arranged in series. These beds are
often packed with alumina- or titanium-based
catalysts capable of sustaining high temperatures
and providing significant surface area for reaction.
Between the catalyst beds, reheaters are installed
to restore the required reaction temperature af-
ter the cooling effect of sulfur condensation. The
performance of these catalytic converters directly
influences sulfur yield, energy efficiency, and the
overall environmental footprint of the SRU.

Operating conditions within catalytic convert-
ers are characterized by high-temperature gas
streams (typically 200–350◦C), variable H2S/SO2

ratios, and exposure to contaminants such
as hydrocarbons, ammonia, and carbonyl sul-
fide/carbon disulfide species. Such conditions can
lead to multiple mechanisms of mechanical, ther-
mal, and chemical degradation. Common oper-
ational challenges include catalyst deactivation,
pore blockage due to sulfur deposition, refractory
damage, hot spots, channeling, gas bypass, and
corrosion. Failure of these components can lead to
reduced sulfur recovery efficiency, increased SO2

emissions, frequent shutdowns, and heightened
safety risks.

Given the complex interactions among tem-
perature, gas composition, catalyst activity, and
equipment integrity, identifying and prioritizing
failure modes in catalytic converters requires a
structured and uncertainty-aware approach. The
SRU system studied in this research includes three
catalytic stages, each equipped with dedicated
reheaters, condensers, and gas-handling instru-
mentation. This configuration provides a repre-

sentative and comprehensive setting for imple-
menting the proposed hybrid Z-FMEA–SWARA–
WASPAS risk assessment methodology.

3.3. Identification of risk modes

A comprehensive failure mode identification was
conducted to establish the foundation of the Z-
FMEA–SWARA–WASPAS risk assessment ap-
plied to the SRU’s catalytic converters. The fail-
ure identification process was carried out through
a combined review of operational documents, his-
torical maintenance records, and structured ex-
pert consultations with senior SRU engineers and
maintenance specialists.

This multi-source investigation led to the de-
velopment of a detailed and representative list
of 23 risk modes (R1–R23) that capture the me-
chanical, thermal, operational, and environmental
challenges influencing the performance of SRU
catalytic converters. These failure modes reflect
real operational conditions and recurring issues
observed in industrial Claus units.

The identified risk modes include catalyst-
related degradation (R1–R9), process and reac-
tion instabilities (R10–R14), equipment malfunc-
tion and control deviations (R15–R20), and up-
stream or instrumental disturbances (R21–R23).
The complete list is in Table 4.

These 23 risk modes encompass the full spec-
trum of operational vulnerabilities in the catalytic
converters and constitute the decision alternatives
evaluated in the subsequent Z-FMEA. Each risk
mode is later assessed under the S, O, and D
criteria using Z-linguistic terms, forming the deci-
sion matrix used in the Z-SWARA weighting and
Z-WASPAS ranking stages.

4. Results and analysis

This section presents the results of implementing
the hybrid methodology to prioritize failure risks
in the SRU catalytic converters. Expert linguistic
evaluations for S, O, and D were first converted
into triangular Z-numbers to construct the FMEA
matrix. The SWARA method was then applied
to compute the relative weights of the criteria
based on expert comparative judgments. Finally,
the WASPAS method was used to calculate aggre-
gated performance scores and generate the final
ranking of the 23 identified risk modes. Over-
all, the integrated analysis provides a structured,
data-driven, and uncertainty-aware risk prioriti-
zation that supports more effective maintenance
planning and operational decision-making in the
SRU.
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Table 4. Identified risk modes in sulfur recovery unit
catalytic converters

Risk Failure mode description

R1 Catalyst failure
R2 Catalyst deactivation due to sulfur depo-

sition
R3 Excessive reactor temperature
R4 Insufficient reactor temperature
R5 Catalyst poisoning by heavy metals
R6 Sulfur accumulation in the catalyst bed
R7 Formation of hot spots inside the bed
R8 Pressure drop across the catalyst bed
R9 Mechanical degradation due to gas flow
R10 Contaminants entering via the inlet gas
R11 Reactor temperature control malfunction
R12 Disturbances in inlet gas flow
R13 High sulfur content in the outlet gas
R14 Excessive gas velocity leading to erosion
R15 Malfunction of the inlet control valve
R16 Coke formation on the catalyst
R17 Chemical deposition in the catalyst bed
R18 Reduced catalyst efficiency
R19 Gas leakage from the reactor housing
R20 Failure of thermal insulation
R21 Use of low-quality feed materials
R22 Malfunction in the preheating of the inlet

gas
R23 Temperature sensor reading failure

4.1. Failure mode and effects analysis
evaluation results

In this stage, the FMEA methodology was ap-
plied to evaluate and prioritize the 23 identified
failure modes of the catalytic converters in the
SRU. A total of 12 experts participated in the
assessment process. Each expert evaluated the
S, O, and D of every failure mode using the lin-
guistic scales and triangular Z-numbers defined
in Table 4. Additionally, experts expressed the
degree of confidence in their judgments using the
Z reliability scale presented earlier in Table 3.

As an illustrative example, Tables 5 and 6
show the linguistic assessments and confidence
levels provided by Expert 1 for all failure modes.
These evaluations were subsequently adjusted us-
ing the reliability-based modification procedure,
resulting in the adjusted Z ratings presented in
Table 7.

Using Equations 16 and 17, each fuzzy rating
was multiplied by the calculated reliability coeffi-
cient. For instance, for risk R1 under Severity:

a =

√
0.35 + 2(0.5) + 0.75

4
= 0.725 (19)

Table 5. Risk evaluation matrix for Expert 1

Risk Severity Occurrence Detection

R1 (7,8,9) (4,5,6) (3,4,5)
R2 (6,7,8) (3,4,5) (4,5,6)
R3 (8,9,10) (4,5,6) (3,4,5)
R4 (5,6,7) (4,5,6) (4,5,6)
R5 (7,8,9) (3,4,5) (2,3,4)
R6 (6,7,8) (5,6,7) (4,5,6)
R7 (8,9,10) (3,4,5) (3,4,5)
R8 (4,5,6) (5,6,7) (5,6,7)
R9 (6,7,8) (3,4,5) (4,5,6)
R10 (7,8,9) (4,5,6) (4,5,6)
R11 (9,10,10) (4,5,6) (3,4,5)
R12 (6,7,8) (4,5,6) (4,5,6)
R13 (8,9,10) (3,4,5) (3,4,5)
R14 (5,6,7) (4,5,6) (5,6,7)
R15 (7,8,9) (3,4,5) (4,5,6)
R16 (8,9,10) (3,4,5) (3,4,5)
R17 (6,7,8) (4,5,6) (4,5,6)
R18 (6,7,8) (5,6,7) (4,5,6)
R19 (9,10,10) (2,3,4) (3,4,5)
R20 (5,6,7) (4,5,6) (5,6,7)
R21 (6,7,8) (4,5,6) (4,5,6)
R22 (6,7,8) (3,4,5) (4,5,6)
R23 (7,8,9) (4,5,6) (3,4,5)

aBO
12 = (7, 8, 9)× 0.725 = (5.072, 5.797, 6.521)

(20)
This procedure was repeated for all risks and

all criteria. The final reliability-adjusted fuzzy
evaluations for Expert 1 are summarized in Table
7.

For the remaining experts, the same calcu-
lations are performed, and then the arithmetic
mean of all individual matrices is computed. The
final combined evaluation matrix representing the
aggregated assessment of all risks with respect to
the criteria is presented in Table 8.

Next, the fuzzy RPN value for each risk is com-
puted. Then, each fuzzy RPN is defuzzified. For
example, for risk R1, the fuzzy values of severity,
occurrence, and detection are:

• Risk severity: (5.342, 6.209, 7.075)
• Risk occurrence: (2.836, 3.664, 4.492)
• Risk detection: (6.315, 7.234, 8.073)

The fuzzy RPN for risk R1 is calculated by
multiplying the three fuzzy numbers:

RPNfuzzy
(1) = (5.342, 6.209, 7.075)

×(2.836, 3.664, 4.492)

×(6.315, 7.234, 8.073)

= (95.68, 164.578, 256.586 (21)
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Table 6. Reliability levels for the fuzzy assessments for Expert 1

Risk Severity Occurrence Detection

R1 (0.35, 0.50, 0.75) (0.75, 1.00, 1.00) (0.50, 0.75, 0.90)
R2 (0.35, 0.50, 0.75) (0.50, 0.75, 0.90) (0.75, 1.00, 1.00)
R3 (0.35, 0.50, 0.75) (0.50, 0.75, 0.90) (0.35, 0.50, 0.75)
R4 (0.35, 0.50, 0.75) (0.35, 0.50, 0.75) (0.75, 1.00, 1.00)
R5 (0.50, 0.75, 0.90) (0.50, 0.75, 0.90) (0.75, 1.00, 1.00)
R6 (0.50, 0.75, 0.90) (0.50, 0.75, 0.90) (0.35, 0.50, 0.75)
R7 (0.50, 0.75, 0.90) (0.75, 1.00, 1.00) (0.75, 1.00, 1.00)
R8 (0.35, 0.50, 0.75) (0.50, 0.75, 0.90) (0.50, 0.75, 0.90)
R9 (0.50, 0.75, 0.90) (0.75, 1.00, 1.00) (0.75, 1.00, 1.00)
R10 (0.35, 0.50, 0.75) (0.75, 1.00, 1.00) (0.50, 0.75, 0.90)
R11 (0.35, 0.50, 0.75) (0.50, 0.75, 0.90) (0.50, 0.75, 0.90)
R12 (0.75, 1.00, 1.00) (0.75, 1.00, 1.00) (0.75, 1.00, 1.00)
R13 (0.75, 1.00, 1.00) (0.50, 0.75, 0.90) (0.50, 0.75, 0.90)
R14 (0.35, 0.50, 0.75) (0.50, 0.75, 0.90) (0.75, 1.00, 1.00)
R15 (0.35, 0.50, 0.75) (0.35, 0.50, 0.75) (0.50, 0.75, 0.90)
R16 (0.50, 0.75, 0.90) (0.50, 0.75, 0.90) (0.50, 0.75, 0.90)
R17 (0.35, 0.50, 0.75) (0.50, 0.75, 0.90) (0.50, 0.75, 0.90)
R18 (0.35, 0.50, 0.75) (0.50, 0.75, 0.90) (0.35, 0.50, 0.75)
R19 (0.35, 0.50, 0.75) (0.75, 1.00, 1.00) (0.75, 1.00, 1.00)
R20 (0.50, 0.75, 0.90) (0.75, 1.00, 1.00) (0.35, 0.50, 0.75)
R21 (0.75, 1.00, 1.00) (0.50, 0.75, 0.90) (0.35, 0.50, 0.75)
R22 (0.35, 0.50, 0.75) (0.35, 0.50, 0.75) (0.75, 1.00, 1.00)
R23 (0.50, 0.75, 0.90) (0.75, 1.00, 1.00) (0.35, 0.50, 0.75)

Table 7. Final risk evaluation matrix for each criterion based on Expert 1

Risk Risk severity Risk occurrence Risk detection

R1 (5.07, 5.80, 6.52) (3.87, 4.84, 5.81) (2.55, 3.41, 4.26)
R2 (4.35, 5.07, 5.80) (2.55, 3.41, 4.26) (3.87, 4.84, 5.81)
R3 (5.80, 6.52, 7.25) (3.41, 4.26, 5.11) (2.17, 2.90, 3.62)
R4 (3.62, 4.35, 5.07) (2.90, 3.62, 4.35) (3.87, 4.84, 5.81)
R5 (5.96, 6.81, 7.66) (2.55, 3.41, 4.26) (1.94, 2.90, 3.87)
R6 (5.11, 5.96, 6.81) (4.26, 5.11, 5.96) (2.90, 3.62, 4.35)
R7 (6.81, 7.66, 8.51) (2.90, 3.87, 4.84) (2.91, 3.87, 4.84)
R8 (2.89, 3.62, 4.35) (4.26, 5.11, 5.96) (4.26, 5.11, 5.96)
R9 (5.11, 5.96, 6.81) (2.90, 3.87, 4.84) (3.87, 4.84, 5.81)
R10 (5.07, 5.80, 6.52) (3.87, 4.84, 5.80) (3.40, 4.26, 5.11)
R11 (6.52, 7.25, 7.25) (3.41, 4.26, 5.11) (2.55, 3.41, 4.26)
R12 (5.81, 6.78, 7.75) (3.87, 4.84, 5.81) (3.87, 4.84, 5.81)
R13 (7.75, 8.71, 9.68) (2.55, 3.41, 4.26) (2.55, 3.41, 4.26)
R14 (3.62, 4.35, 5.07) (3.41, 4.26, 5.11) (4.84, 5.81, 6.78)
R15 (5.07, 5.80, 6.52) (2.17, 2.90, 3.62) (3.41, 4.26, 5.11)
R16 (6.81, 7.66, 8.51) (2.55, 3.41, 4.26) (2.55, 3.41, 4.26)
R17 (4.35, 5.07, 5.80) (3.41, 4.26, 5.11) (3.41, 4.26, 5.11)
R18 (4.35, 5.07, 5.80) (4.26, 5.11, 5.96) (2.90, 3.62, 4.35)
R19 (6.52, 7.25, 7.25) (1.94, 2.90, 3.87) (2.91, 3.88, 4.84)
R20 (4.26, 5.11, 5.96) (3.87, 4.84, 5.81) (3.62, 4.35, 5.07)
R21 (5.81, 6.78, 7.75) (3.41, 4.26, 5.11) (2.90, 3.62, 4.35)
R22 (4.35, 5.07, 5.80) (2.17, 2.90, 3.62) (3.87, 4.84, 5.81)
R23 (5.96, 6.82, 7.66) (3.87, 4.84, 5.81) (2.17, 2.90, 3.62)

RPNdefuzzified
(1) =

95.68 + 164.578 + 256.586

3

= 172.281 (22)

The same procedure is repeated for all remain-
ing risks, and the final results are reported in
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Table 8. Aggregated evaluation matrix of risks with respect to the criteria

Risk Risk severity Risk occurrence Risk detection

R1 (5.34, 6.21, 7.07) (2.84, 3.67, 4.50) (6.32, 7.24, 8.08)
R2 (1.93, 2.73, 3.46) (6.02, 6.93, 7.84) (4.95, 5.77, 6.54)
R3 (4.64, 5.47, 6.31) (2.89, 3.77, 4.64) (4.98, 5.77, 6.44)
R4 (5.27, 6.08, 6.80) (5.37, 6.24, 7.11) (4.59, 5.51, 6.43)
R5 (4.53, 5.35, 6.10) (4.04, 4.90, 5.76) (2.72, 3.65, 4.58)
R6 (5.59, 6.48, 7.20) (5.57, 6.45, 7.27) (2.46, 3.28, 4.10)
R7 (5.93, 6.73, 7.54) (6.77, 7.70, 8.34) (5.25, 6.05, 6.78)
R8 (3.19, 4.08, 4.97) (1.52, 2.35, 3.12) (5.73, 6.58, 7.44)
R9 (5.01, 5.83, 6.65) (4.82, 5.63, 6.45) (3.72, 4.59, 5.39)
R10 (2.31, 3.11, 3.85) (5.42, 6.26, 7.10) (1.44, 2.28, 3.04)
R11 (5.67, 6.55, 7.37) (5.83, 6.72, 7.31) (3.65, 4.53, 5.41)
R12 (5.73, 6.60, 7.47) (5.41, 6.24, 7.02) (3.69, 4.55, 5.42)
R13 (6.46, 7.35, 8.24) (4.19, 5.05, 5.90) (5.71, 6.53, 7.19)
R14 (4.84, 5.63, 6.42) (6.03, 6.91, 7.67) (5.46, 6.30, 7.01)
R15 (4.81, 5.66, 6.51) (5.51, 6.32, 7.06) (6.77, 7.66, 8.26)
R16 (5.56, 6.39, 7.15) (5.24, 6.12, 6.99) (6.17, 7.06, 7.73)
R17 (5.48, 6.28, 6.97) (3.68, 4.51, 5.34) (5.26, 6.16, 7.06)
R18 (2.25, 3.08, 3.90) (6.09, 6.90, 7.44) (2.40, 3.19, 3.99)
R19 (3.44, 4.29, 5.08) (4.81, 5.63, 6.46) (5.14, 6.00, 6.86)
R20 (2.96, 3.79, 4.56) (5.95, 6.80, 7.57) (5.72, 6.55, 7.31)
R21 (5.44, 6.28, 7.12) (1.67, 2.53, 3.32) (3.80, 4.66, 5.52)
R22 (3.83, 4.65, 5.48) (4.23, 5.04, 5.85) (4.08, 4.94, 5.81)
R23 (6.08, 6.93, 7.64) (3.72, 4.54, 5.36) (5.57, 6.42, 7.13)

Table 9. Based on these values:

• R7 (hot spot formation) ranks 1st (most criti-
cal)

• R16 (coke formation) ranks 2nd

• R15 (control valve malfunction) ranks 3rd

4.2. Results of the stepwise weight
assessment ratio analysis method

In this section, the Z-SWARA technique is applied
to determine the relative weights and importance
levels of the three FMEA criteria: S, O, and D,
based on expert judgments.

(i) Step 1: Ranking the criteria by importance

The first step in the SWARA method is to
arrange the criteria in descending order of im-
portance. Based on the collective evaluations of
the expert panel, the criteria were prioritized as
follows:

• Risk severity: highest importance
• Occurrence probability: medium importance
• Detection ability: lowest importance

This ranking reflects experts’ perception re-
garding the dominant influence of severity on

overall risk prioritization within SRU catalytic
converter operations.

(ii) Step 2: Comparative assessment of criteria

In the second step, each criterion j is com-
pared with the preceding criterion j–1 to express
its relative importance difference. Experts evalu-
ated these differences using the fuzzy linguistic
scale defined in (fuzzy SWARA scale), with LTs
mapped to TFNs.

The resulting comparative importance values
provided by experts are presented in Table 10.
Additionally, the confidence levels associated with
each expert’s judgment, evaluated using the fuzzy
confidence scale in Table 3, are summarized in
Table 11.

These comparative assessments and confidence
ratings form the basis for calculating the fuzzy ad-
justment coefficients, the recalculated importance
scores, and ultimately the fuzzy and defuzzified
weights of the criteria in subsequent steps of the
SWARA procedure.

Then, the final fuzzy matrix is formed and
presented in Table 12.

(iii) Step 3: Calculating the weights of the cri-
teria
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Table 9. Risk Priority Number (RPN) values of the identified risks

Risk Name Risk Fuzzy RPN RPN Rank

Catalyst failure R1 (95.68, 164.58, 256.59) 172.29 12
Catalyst deactivation due to sulfur R2 (57.55, 109.17, 177.09) 114.60 18
Excessive reactor temperature R3 (66.61, 118.80, 188.48) 124.63 16
Insufficient reactor temperature R4 (129.85, 208.77, 310.67) 216.43 6
Catalyst poisoning by heavy metals R5 (49.75, 95.55, 160.57) 101.96 19
Sulfur accumulation in the catalyst
bed

R6 (76.42, 136.73, 214.24) 142.46 15

Formation of hot spots in the bed R7 (210.40, 313.66, 425.86) 316.64 1
Pressure drop in the catalyst bed R8 (27.65, 62.86, 114.88) 68.46 22
Mechanical degradation due to gas
flow

R9 (89.55, 150.32, 230.88) 156.92 13

Inlet gas contamination R10 (17.98, 44.24, 82.99) 48.40 23
Reactor temperature control malfunc-
tion

R11 (120.50, 199.04, 291.11) 203.55 8

Disturbance in the inlet gas flow R12 (113.91, 187.20, 283.63) 194.91 9
Increased sulfur content in the outlet
gas

R13 (154.09, 241.56, 349.24) 248.30 5

Excessive gas velocity (erosion) R14 (159.09, 244.86, 344.47) 249.47 4
Inlet control valve malfunction R15 (179.03, 273.61, 378.71) 277.12 3
Coke formation on the catalyst R16 (179.22, 275.28, 386.07) 280.19 2
Chemical deposition in the catalyst
bed

R17 (105.83, 174.16, 262.04) 180.67 10

Reduced catalyst efficiency R18 (32.64, 67.60, 115.63) 71.96 21
Gas leakage from the reactor housing R19 (84.67, 144.53, 224.45) 151.22 14
Thermal insulation failure R20 (100.39, 168.40, 251.52) 173.44 11
Use of low-quality feed materials R21 (34.43, 73.84, 130.08) 79.45 20
Inlet gas preheating malfunction R22 (65.86, 115.56, 185.49) 122.30 17
Temperature sensor reading failure R23 (125.87, 201.72, 291.33) 206.30 7

Table 10. Comparison of each criterion with its preceding criterion based on stepwise weight assessment ratio
analysis

Expert Severity Occurrence Detection

E1 – (0.29, 0.34, 0.40) (0.29, 0.34, 0.40)
E2 – (0.40, 0.50, 0.67) (0.23, 0.25, 0.29)
E3 – (0.29, 0.34, 0.40) (0.23, 0.25, 0.29)
E4 – (0.40, 0.50, 0.67) (0.29, 0.34, 0.40)
E5 – (0.40, 0.50, 0.67) (0.29, 0.34, 0.40)
E6 – (0.23, 0.25, 0.29) (0.29, 0.34, 0.40)
E7 – (0.23, 0.25, 0.29) (0.40, 0.50, 0.67)
E8 – (0.23, 0.25, 0.29) (0.29, 0.34, 0.40)
E9 – (0.23, 0.25, 0.29) (0.29, 0.34, 0.40)
E10 – (0.29, 0.34, 0.40) (0.23, 0.25, 0.29)
E11 – (0.23, 0.25, 0.29) (0.29, 0.34, 0.40)
E12 – (0.40, 0.50, 0.67) (0.23, 0.25, 0.29)

In the next step, the criteria’s weights are cal-
culated based on the experts’ opinions. The re-
sults are reported in Table 13, where the column
Wjrepresents the fuzzy weights of the criteria.

For example, the calculations for the “O” cri-
terion are as follows:

KOccurrence = (1, 1, 1) + SOccurrence

= (1.24, 1.29, 1.35)
(23)
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Table 11. Expert’s reliability levels in the criteria comparisons

Expert Severity Occurrence Detection

E1 – (0.35, 0.50, 0.75) (0.35, 0.50, 0.75)
E2 – (0.50, 0.75, 0.90) (0.75, 1.00, 1.00)
E3 – (0.35, 0.50, 0.75) (0.35, 0.50, 0.75)
E4 – (0.75, 1.00, 1.00) (0.75, 1.00, 1.00)
E5 – (0.75, 1.00, 1.00) (0.75, 1.00, 1.00)
E6 – (0.35, 0.50, 0.75) (0.75, 1.00, 1.00)
E7 – (0.75, 1.00, 1.00) (0.75, 1.00, 1.00)
E8 – (0.75, 1.00, 1.00) (0.35, 0.50, 0.75)
E9 – (0.50, 0.75, 0.90) (0.35, 0.50, 0.75)
E10 – (0.35, 0.50, 0.75) (0.75, 1.00, 1.00)
E11 – (0.75, 1.00, 1.00) (0.75, 1.00, 1.00)
E12 – (0.75, 1.00, 1.00) (0.35, 0.50, 0.75)

Table 12. Final integrated comparison matrix of criteria in the stepwise weight assessment ratio analysis
method

Expert Severity Occurrence Detection

E1 – (0.21, 0.25, 0.29) (0.21, 0.25, 0.29)
E2 – (0.35, 0.43, 0.57) (0.22, 0.25, 0.28)
E3 – (0.21, 0.25, 0.29) (0.17, 0.19, 0.21)
E4 – (0.39, 0.49, 0.65) (0.28, 0.33, 0.39)
E5 – (0.39, 0.49, 0.65) (0.28, 0.33, 0.39)
E6 – (0.17, 0.19, 0.21) (0.28, 0.33, 0.39)
E7 – (0.22, 0.25, 0.28) (0.39, 0.49, 0.65)
E8 – (0.22, 0.25, 0.28) (0.21, 0.25, 0.29)
E9 – (0.19, 0.22, 0.25) (0.21, 0.25, 0.29)
E10 – (0.21, 0.25, 0.29) (0.22, 0.25, 0.28)
E11 – (0.22, 0.25, 0.28) (0.28, 0.33, 0.39)
E 12 – (0.39, 0.49, 0.65) (0.17, 0.19, 0.21)

Table 13. Criteria weights

Criterion Sj Kj qj Fuzzy weight
(wj)

Weight

Risk
severity

– (1.00, 1.00, 1.00) (1.00, 1.00, 1.00) (0.41, 0.42, 0.44) 0.42

Occurrence (0.25,
0.30,
0.36)

(1.25, 1.30, 1.36) (0.74, 0.78, 0.81) (0.31, 0.33, 0.35) 0.33

Detection (0.24,
0.27,
0.32)

(1.24, 1.27, 1.32) (0.56, 0.61, 0.66) (0.23, 0.26, 0.29) 0.25

qOccurrence =
qj−1

Kj
=
qRisk severity

KOccurrence

=
(1, 1, 1)

(1.25, 1.29, 1.35)
= (0.74, 0.77, 0.80)

(24)

WOccurrence =
qj∑
qj

=
qOccurrence∑

qj

=
(0.738, 0.775, 0.802)

(2.297, 2.385, 2.452)

= (0.301, 0.325, 0.349)

(25)
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Furthermore, the defuzzified weight W is ob-
tained from Equations 4 and 5 as:

Wdefuzzified =
(wm

j − wl
j) + (wu

j − wl
j)

3
+ wl

j

=
(0.325− 0.301) + (0.349− 0.325)

3

+ 0.301 = 0.325
(26)

Based on Table 13, the risk criterion S had
the highest priority, with a final weight of 0.420.
The O criterion ranked second with a weight of
0.325, and the D criterion ranked third with a
weight of 0.256.

These results indicate that, according to expert
judgment, the severity of a failure mode plays the
most dominant role in assessing the overall risk
level of catalytic converter failures in the SRU.
In other words, experts consider the potential
consequences of a failure (its severity) more criti-
cal than how often it occurs or how easily it can
be detected. The O criterion remains important,
reflecting the operational significance of frequent
failures in catalytic systems. Finally, the D crite-
rion received the lowest weight, suggesting that
while detectability matters, it influences the risk
evaluation less than the other two factors in this
case study.

4.3. Results of the Weighted Aggregated
Sum Product Assessment method

In this section, the Z-WASPAS method is applied
to rank the 23 identified failure risks in the study.
The procedure follows several systematic steps as
outlined below.

4.4. Construction of the decision matrix

The decision matrix used in the WASPAS method
corresponds to the final aggregated fuzzy evalu-
ation of risks with respect to the three criteria
S, O, and D. This matrix was generated from
the assessments of 12 experts and is presented in
Table 8.

4.4.1. Normalization of the decision
matrix

In the second step, the decision matrix is normal-
ized. Since all three criteria (S, O, D) are benefit-
type criteria in this context, normalization is per-
formed by dividing each fuzzy value by the max-
imum upper bound of its corresponding column.

For example, consider the cell a11, which rep-
resents the fuzzy evaluation of risk S for risk R1.
To normalize this value, the TFN is divided by
the maximum upper value of all fuzzy numbers in

the severity column. This maximum value is 8.23.
Thus, the normalized value is obtained as:

ANormal
11 =

(5.34, 6.21, 7.07)

8.23

= (0.649, 0.754, 0.859)

(27)

The same procedure is applied to all other cells
in the matrix. The complete normalized fuzzy
decision matrix is presented in Table 14.

4.4.2. Determination of weighted sum and
weighted product values

In the third step of the WASPAS procedure, the
WSM and WPM are computed using Equations
9 and 10. Next, these fuzzy values are defuzzified
using Equations 11 and 12 to obtain crisp scores.
Table 15 presents the fuzzy and crisp results for
all 23 risks.

4.4.3. Determination of the final score and
ranking of alternatives

In the final stage of the WASPAS method, the
overall performance score of each failure mode is
calculated. Prior to this computation, the λ coeffi-
cient, which represents the relative importance of
the WSM and WPM components, is determined.
Based on the aggregated WSM and WPM values
across all failure modes, λ is calculated as follows:
The calculated value of λ is:

λ =

∑m
i=1 Pi∑m

i=1 Pi +
∑m

i=1Qi
=

14.748

14.748 + 15.297

= 0.491
(28)

This value indicates that the contributions of
the additive (WSM) and multiplicative (WPM)
components are nearly balanced, with a slight
predominance of the multiplicative term. In the
WASPAS framework, the parameter λ determines
the relative contribution of the WSM and the
WPM. Following the standard approach proposed
in the original WASPAS methodology, the opti-
mal value of λ is determined by minimizing vari-
ance to ensure ranking stability. In this study, the
computed value λ = 0.491 provides a near-equal
balance between additive and multiplicative ag-
gregation effects, improving the robustness of the
final prioritization results.

Using this λ value, the final WASPAS score Ki

for each failure mode is computed. In this study,
K represents the final aggregated WASPAS per-
formance index obtained by combining the WSM
and WPM scores. Higher K values indicate more
critical failure modes and, therefore, a higher risk
mitigation priority. Table 16 presents the re-
sulting crisp scores and corresponding rankings.
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Table 14. Normalized fuzzy weighted aggregated sum product assessment matrix

Risk Severity Occurrence Detection

R1 (0.65, 0.76, 0.86) (0.34, 0.44, 0.54) (0.77, 0.88, 0.98)
R2 (0.24, 0.34, 0.42) (0.73, 0.84, 0.94) (0.60, 0.70, 0.80)
R3 (0.57, 0.67, 0.77) (0.35, 0.46, 0.56) (0.61, 0.70, 0.78)
R4 (0.64, 0.74, 0.83) (0.65, 0.75, 0.86) (0.56, 0.67, 0.78)
R5 (0.56, 0.65, 0.75) (0.49, 0.59, 0.70) (0.33, 0.45, 0.56)
R6 (0.68, 0.79, 0.88) (0.67, 0.78, 0.88) (0.30, 0.40, 0.50)
R7 (0.72, 0.82, 0.92) (0.82, 0.93, 1.00) (0.64, 0.74, 0.83)
R8 (0.39, 0.50, 0.61) (0.19, 0.29, 0.38) (0.70, 0.80, 0.91)
R9 (0.61, 0.71, 0.81) (0.58, 0.68, 0.78) (0.45, 0.56, 0.66)
R10 (0.29, 0.38, 0.47) (0.65, 0.76, 0.86) (0.18, 0.28, 0.37)
R11 (0.69, 0.80, 0.90) (0.70, 0.81, 0.88) (0.45, 0.55, 0.66)
R12 (0.70, 0.81, 0.91) (0.65, 0.75, 0.85) (0.45, 0.56, 0.66)
R13 (0.79, 0.90, 1.00) (0.51, 0.61, 0.71) (0.70, 0.80, 0.88)
R14 (0.59, 0.69, 0.78) (0.73, 0.83, 0.92) (0.66, 0.77, 0.85)
R15 (0.59, 0.69, 0.79) (0.66, 0.76, 0.85) (0.82, 0.93, 1.00)
R16 (0.68, 0.78, 0.87) (0.63, 0.74, 0.84) (0.75, 0.86, 0.94)
R17 (0.67, 0.77, 0.85) (0.45, 0.55, 0.64) (0.64, 0.75, 0.86)
R18 (0.28, 0.38, 0.48) (0.73, 0.83, 0.90) (0.29, 0.39, 0.49)
R19 (0.42, 0.52, 0.62) (0.58, 0.68, 0.78) (0.63, 0.73, 0.83)
R20 (0.36, 0.46, 0.56) (0.72, 0.82, 0.91) (0.70, 0.80, 0.89)
R21 (0.66, 0.77, 0.87) (0.20, 0.31, 0.40) (0.46, 0.57, 0.67)
R22 (0.47, 0.57, 0.67) (0.51, 0.61, 0.71) (0.50, 0.60, 0.71)
R23 (0.74, 0.85, 0.93) (0.45, 0.55, 0.65) (0.68, 0.78, 0.87)

Table 15. Weighted sum model (WSM) and weighted product model (WPM) values for all risks

Risk Q (WSM fuzzy) P (WPM fuzzy) Q (Crisp) P (Crisp)

R1 (0.55, 0.69, 0.84) (0.53, 0.66, 0.78) 0.69 0.66
R2 (0.45, 0.59, 0.74) (0.42, 0.55, 0.66) 0.60 0.54
R3 (0.48, 0.61, 0.75) (0.47, 0.60, 0.72) 0.61 0.59
R4 (0.59, 0.73, 0.88) (0.60, 0.73, 0.84) 0.73 0.72
R5 (0.45, 0.58, 0.72) (0.44, 0.57, 0.70) 0.59 0.57
R6 (0.55, 0.69, 0.83) (0.53, 0.66, 0.78) 0.69 0.65
R7 (0.69, 0.84, 0.98) (0.71, 0.83, 0.93) 0.84 0.82
R8 (0.38, 0.51, 0.65) (0.33, 0.47, 0.60) 0.51 0.47
R9 (0.53, 0.66, 0.81) (0.53, 0.66, 0.77) 0.67 0.66
R10 (0.35, 0.48, 0.61) (0.31, 0.44, 0.56) 0.48 0.44
R11 (0.60, 0.74, 0.89) (0.60, 0.73, 0.84) 0.74 0.72
R12 (0.58, 0.72, 0.88) (0.59, 0.72, 0.83) 0.73 0.71
R13 (0.63, 0.78, 0.93) (0.64, 0.77, 0.88) 0.78 0.76
R14 (0.61, 0.76, 0.90) (0.63, 0.75, 0.85) 0.76 0.75
R15 (0.63, 0.78, 0.93) (0.65, 0.77, 0.87) 0.78 0.76
R16 (0.64, 0.79, 0.94) (0.66, 0.79, 0.89) 0.79 0.78
R17 (0.55, 0.69, 0.84) (0.56, 0.68, 0.79) 0.69 0.68
R18 (0.40, 0.53, 0.66) (0.36, 0.49, 0.61) 0.53 0.49
R19 (0.49, 0.63, 0.78) (0.50, 0.62, 0.73) 0.63 0.62
R20 (0.52, 0.67, 0.81) (0.52, 0.64, 0.75) 0.67 0.63
R21 (0.44, 0.57, 0.71) (0.39, 0.53, 0.66) 0.57 0.52
R22 (0.46, 0.59, 0.74) (0.47, 0.59, 0.71) 0.60 0.59
R23 (0.59, 0.73, 0.88) (0.60, 0.72, 0.83) 0.73 0.71
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Table 16. Final prioritization of failure modes based on the aggregated weighted aggregated sum product
assessment performance index (K) and corresponding ranking

Risk Failure mode K Rank

R1 Catalyst deactivation 0.67 11
R2 Catalyst deactivation due to sulfur poison-

ing
0.56 19

R3 Reactor temperature increase 0.60 16
R4 Reactor temperature decrease 0.72 7
R5 Catalyst poisoning by heavy metals 0.57 18
R6 Sulfur accumulation in the catalyst bed 0.66 12
R7 Formation of hot spots in the catalyst bed 0.83 1
R8 Pressure drop in the catalyst bed 0.48 22
R9 Mechanical degradation of the catalyst due

to gas flow
0.65 13

R10 Inlet gas contamination 0.45 23
R11 Malfunction in reactor temperature con-

trol
0.73 6

R12 Disturbance in the inlet gas flow 0.70 9
R13 Increased sulfur content in the outlet gas 0.76 3
R14 High gas velocity leading to erosion 0.75 5
R15 Failure of inlet control valve 0.77 4
R16 Coke formation on the catalyst 0.78 2
R17 Chemical deposition in the catalyst bed 0.68 10
R18 Reduction in catalyst efficiency 0.50 21
R19 Gas leakage from the reactor chamber 0.62 15
R20 Defect in thermal insulation 0.64 14
R21 Low-quality feed materials 0.54 20
R22 Disturbance in gas preheating 0.59 17
R23 Temperature sensor reading error 0.71 8

According to these results, the failure mode “hot
spot formation in the catalyst bed (R7)” achieves
the highest risk priority, confirming it as the most
critical failure mode within the catalytic converter
system. The failure modes “coke formation on the
catalyst (R16)” and “inlet control valve malfunc-
tion (R15)” rank second and third, respectively,
highlighting their significant impact on SRU op-
erational reliability. The complete ranking of all
23 failure modes is provided in Table 16.

The analysis of the final SWARA-WASPAS
scores presented in Table 16 demonstrates a
clear differentiation among the 23 identified fail-
ure risks. The highest-priority risk is R7: hot
spot formation within the catalyst bed, which
obtained the greatest aggregate score and there-
fore represents the most critical threat to cat-
alytic converter reliability in the SRU. This phe-
nomenon can rapidly accelerate catalyst degrada-
tion, induce structural damage, and impair sul-
fur conversion efficiency, highlighting the need
for continuous temperature profiling, improved
bed-level monitoring, and timely regeneration
procedures. The second- and third-most critical
risks are R16: coke formation on the catalyst

and R15: malfunction of the inlet control valve,
respectively. Coke accumulation restricts active
sites and increases pressure drop, necessitating
enhanced feedstock quality control, optimized op-
erating temperatures, and periodic catalyst clean-
ing. Malfunctioning inlet valves can destabilize
reactor flow and temperature uniformity, under-
scoring the importance of preventive maintenance,
sensor calibration, and redundancy in valve actu-
ation systems. Collectively, these findings provide
a targeted roadmap for mitigating the most in-
fluential operational hazards and improving the
overall reliability of SRU catalytic converters.

The ranking results indicate that failure modes
associated with thermal instability, catalyst degra-
dation, and localized hot spot formation receive
the highest K values. This outcome reflects the
strong influence of severity and detection diffi-
culty in the proposed weighting structure. Con-
versely, operational disturbances with lower sys-
temic impact exhibit smaller K scores and there-
fore lower prioritization. The consistency between
fuzzy RPN outcomes and the WASPAS-based
ranking demonstrates the robustness of the pro-
posed hybrid framework and confirms its suitabil-
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ity for complex industrial risk assessment.
These findings support the proposed Z-number-

based approach’s ability to reduce uncertainty
while improving discrimination among competing
failure modes.

4.5. Comparative analysis of risk rankings

The comparative evaluation of risk rankings
obtained from the conventional FMEA and
SWARA–WASPAS methods (proposed approach)
demonstrates a remarkably high level of consis-
tency between the two approaches. As shown in
Table 17, the rankings of most failure modes
exhibit minimal deviation, with several risks
such as the formation of hot spots in the catalyst
bed (R7), mechanical degradation due to gas
flow (R9), contaminants entering with inlet gas
(R10), catalyst coking (R16), reduced catalyst
efficiency (R18), and preheating malfunction
(R22) receiving identical ranks in both methods.
Even for those risks where discrepancies appear
(e.g., R6, R11, R13, R14, R15, R20), the
differences are typically limited to one or two
ranking positions, indicating that the methods
similarly perceive their relative criticality.

This strong alignment is quantitatively
confirmed by the computed correlation coefficient
of 98.3%, signifying an almost perfect positive
association between the ranking outputs. This
high correlation confirms that both FMEA,
which relies on subjective expert evaluations
and the proposed approach, which integrates
weighted MCDM, identify similar structural
patterns in the failure mechanisms of SRU
catalytic converters. The slight improvements
offered by the proposed approach stem from its
incorporation of criterion weights derived from
the SWARA method, resulting in a more refined
and discriminative ranking. Nevertheless, the
overall close agreement validates the reliability,
robustness, and internal coherence of the hybrid
analytical framework developed in this study.

While the proposed Z-WASPAS framework
demonstrates high discriminative capability, it is
methodologically important to acknowledge the
phenomenon of rank reversal, a common issue in
normalization-based MCDM methods in which
the addition or deletion of an alternative can al-
ter the relative ranking of existing ones. Since
WASPAS relies on linear normalization based on
the maximum/minimum values of the current
dataset, it is theoretically susceptible to this is-
sue. However, in the context of this study, this
limitation does not compromise the validity of
the results. The FMEA process conducted herein

evaluates a predefined, exhaustive, and closed set
of 23 failure modes. Because alternatives are not
dynamically added or removed during the priori-
tization phase, the evaluation remains static and
immune to rank reversal triggers. Furthermore,
the optimal integration of the WSM and WPM
components using the λ parameter λ = 0.491 in-
herently enhances the robustness and stability
of the final ranking compared to utilizing stan-
dard additive or multiplicative models indepen-
dently. Future dynamic risk assessment models
may benefit from utilizing absolute, non-relative
normalization techniques to completely eliminate
rank reversal when continuous updating of failure
modes is required.

The results of this study are consistent with
previous research that emphasizes the importance
of hybrid fuzzy decision-making approaches for
complex risk assessment problems. Similar to
studies that integrate fuzzy FMEA with MCDM
techniques, the proposed framework improves
the discrimination capability of failure mode
prioritization. However, unlike conventional fuzzy
FMEA models, the present approach incorporates
Z-number–based uncertainty representation,
enabling the simultaneous consideration of
both uncertainty and the reliability of expert
judgments. This feature enhances the realism
of the risk assessment process, particularly in
industrial environments where expert knowledge
plays a central role.

The findings of this study align with and
extend earlier research on SRU safety. While
traditional studies33,34 often rank “equipment
corrosion” as the primary risk due to high
occurrence, our Z-WASPAS framework identified
“hot spot formation (R7)” and “coke formation
(R16)” as more critical. This shift is primarily due
to our model assigning a higher weight to “sever-
ity” (0.420) and incorporating expert reliability
through Z-numbers. Unlike studies that used stan-
dard fuzzy FMEA, our approach reveals that the
hidden risk of catalyst degradation, though less
frequent, carries a higher catastrophic potential
that necessitates prioritized intervention.

For SRU plant managers and maintenance en-
gineers, these results provide a roadmap for “risk-
based maintenance.” Specifically, the prioritiza-
tion of R7 suggests that installing high-precision
multi-point thermocouples in the catalyst bed is
more cost-effective than general unit inspections.
Furthermore, identifying R15 (inlet valve malfunc-
tion) as a top risk due to low detectability implies
that implementing automated “partial stroke test-
ing” for control valves could significantly reduce
the unit’s vulnerability.
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Table 17. Risk rankings based on failure mode and effects analysis and weighted aggregated sum product
assessment methods

Risk Risk description SWARA–WASPAS
rank

FMEA rank

R1 Catalyst failure 11 12
R2 Catalyst deactivation due to sulfur 19 18
R3 Reactor temperature increase 16 16
R4 Reactor temperature decrease 7 6
R5 Catalyst poisoning by heavy metals 18 19
R6 Sulfur accumulation in the catalyst

bed
12 15

R7 Formation of hot spots in the catalyst
bed

1 1

R8 Pressure drop in the catalyst bed 22 22
R9 Mechanical degradation of catalyst

due to gas flow
13 13

R10 Inlet gas contamination 23 23
R11 Malfunction in reactor temperature

control
6 8

R12 Disturbance in inlet gas flow 9 9
R13 Increase in sulfur content of outlet

gas
3 5

R14 High gas velocity in reactor (erosion) 5 4
R15 Malfunction of inlet control valve 4 3
R16 Coke formation on the catalyst 2 2
R17 Chemical deposits in the catalyst bed 10 10
R18 Decrease in catalyst efficiency 21 21
R19 Gas leakage from reactor chamber 15 14
R20 Thermal insulation failure 14 11
R21 Use of low-quality feed materials 20 20
R22 Disturbance in inlet gas preheating 17 17
R23 Temperature sensor reading failure 8 7

Note: Correlation coefficient = 98.3%. Abbreviations: FMEA: Failure mode and effects analysis; SWARA: Stepwise
weight assessment ratio analysis; WASPAS: Weighted aggregated sum product assessment.

4.6. Sensitivity analysis

Sensitivity analysis plays a pivotal role in experi-
mental modeling by providing insights into how
model outcomes change under different parame-
ter settings. In the proposed framework, the final
rankings are determined by applying the SWARA
method to obtain the criteria weights, which are
subsequently used in the WASPAS ranking pro-
cedure. To evaluate the influence of these weights
on the ranking results, a sensitivity analysis was
conducted under several alternative scenarios.

The baseline weights obtained from the
SWARA method were S = 0.42, O = 0.33, and
D = 0.25. To assess the model’s robustness, the
weight of each criterion was increased and de-
creased by 20%, while the remaining weights were
proportionally adjusted to maintain normaliza-
tion. Accordingly, six scenarios were examined:
S+20%, S–20%, O+20%, O–20%, D+20%, and
D–20%.

Table 18 presents the ranking obtained under
the different weight configurations. The results in-
dicate that the overall ranking structure remains
largely unchanged across all scenarios. In partic-
ular, R7 consistently ranks as the most critical
failure mode across all scenarios, whereas alter-
natives such as R8 and R10 remain among the
lowest-ranked risks.

Figure 3 illustrates the results of the sensitiv-
ity analysis, showing how the ranking positions
of failure modes vary across different scenarios
(x-axis: failure modes; y-axis: ranking positions).
The figure demonstrates that variations in crite-
rion weights result in only minor shifts in ranking
positions, while the overall prioritization pattern
remains stable. This confirms the robustness and
reliability of the proposed framework and high-
lights its capability to produce consistent results
under varying decision conditions.

To further validate the rankings’ stability,
Spearman’s rank correlation coefficient was calcu-
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Table 18. The rankings of the alternatives based on various scenarios

Alternative SWARA weight Fixed weight S+20% S-20% O+20% O-20% D+20% D-20%

1 11 10 12 12 14 10 10 12
2 19 16 20 16 16 20 17 19
3 16 17 15 17 17 15 16 16
4 7 7 9 7 8 9 8 8
5 18 19 18 19 19 19 19 18
6 12 13 10 13 10 12 13 10
7 1 1 1 1 1 1 1 1
8 22 21 22 22 23 21 21 23
9 13 14 13 14 13 13 14 13
10 23 23 23 23 22 23 23 22
11 6 8 5 6 6 7 7 6
12 9 9 8 9 7 8 9 7
13 3 4 2 5 4 2 3 3
14 5 5 7 4 5 6 5 5
15 4 3 4 3 3 4 4 4
16 2 2 3 2 2 3 2 2
17 10 12 11 11 11 11 11 11
18 21 22 21 20 20 22 22 21
19 15 15 16 15 15 16 15 15
20 14 11 14 10 12 14 12 14
21 20 20 17 21 21 17 20 20
22 17 18 19 18 18 18 18 17
23 8 6 6 8 9 5 6 9

Abbreviations: D: Detection; FM: Failure mode; O: Occurrence; S: Severity; SWARA: Stepwise weight assessment ratio
analysis.

Figure 3. Failure mode ranking comparison with various scenarios
Abbreviations: D: Detection; FM: Failure mode; O: Occurrence; S: Severity; SWARA: Stepwise weight
assessment ratio analysis.
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Figure 4. Sensitivity analysis showing ranking stability across weight scenarios
Abbreviations: D: Detection; O: Occurrence; S: Severity.

lated between the baseline ranking and the rank-
ings under the sensitivity scenarios. The resulting
coefficients range from 0.979 to 0.993, indicat-
ing a very strong agreement among the rankings.
These results confirm that the proposed decision-
making framework is highly robust and insensi-
tive to moderate variations in criterion weights,
thereby reinforcing the reliability of the obtained
prioritization results (Figure 4).

5. Conclusion

This study aimed to develop a comprehensive,
uncertainty-aware framework for assessing and
prioritizing the operational risks associated with
catalytic converters in SRUs. By integrating
expert judgment with advanced MCDM tools,
namely the SWARA–WASPAS approach, the re-
search successfully addressed the limitations of
conventional RPN-based FMEA and provided a
more robust, transparent, and data-driven basis
for risk evaluation.

The results indicate that severity is the most
influential criterion in the risk prioritization pro-
cess, followed by occurrence and detection. The
analysis identified hot spot formation in the cat-
alyst bed, coke formation on the catalyst, and
increased sulfur concentration in the outlet gas
as the most critical failure modes. These findings
highlight key operational risks that require pri-
ority monitoring and preventive maintenance in
sulfur recovery unit catalytic systems.

The findings of this study align closely with
prior research on risk management in petrochem-
ical and refining systems, as well as studies em-
phasizing the critical roles of catalyst behavior,
thermal regulation, and feed quality in SRU per-
formance. Moreover, by embedding fuzziness into
both the weighting and ranking processes, the
research addresses the fundamental uncertainty
inherent in expert judgment, thereby reducing
subjectivity and improving reliability over clas-
sical approaches. In practical terms, the results
support several actionable recommendations, in-
cluding implementing risk-based preventive main-
tenance programs, modernizing instrumentation
and control systems, enhancing catalyst and feed
quality standards, and developing operator train-
ing focused on early detection of thermal and
mechanical abnormalities. These actions are ex-
pected to significantly mitigate the top-ranking
risks and improve overall sulfur recovery effi-
ciency.

Despite its strengths, the study is not without
limitations. The dependence on expert judgment
means that variations in expert composition could
influence the final rankings. Nonetheless, such
limitations are intrinsic to expert-driven decision
approaches and can be mitigated by expanding
expert panels in future studies. To further refine
the framework, future research could integrate
these results with real-time sensor data using
machine learning algorithms. This would allow a
transition from “preventive” to “predictive” main-
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tenance, where the Z-number weights could be
dynamically adjusted based on the actual relia-
bility of live data streams rather than just expert
judgment.
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widely, serves on editorial boards of international
journals, and is recognized among the top 3%
of scientists in Turkey and globally by the AD
Scientific Index. With a strong academic impact,
he continues to advance applied mathematics
and mentor future scholars.

https://orcid.org/0000-0002-6339-1868

Akinsunmade Akintayo Emmanuel is a
lecturer in the Department of Mathematics at the
University of Medical Sciences, Ondo, Nigeria.
He holds a Ph.D. in Mathematics with a spe-
cialization in Optimization, reflecting his strong
interest in solving complex real-world problems
through advanced mathematical modeling and
analytical methods. His research spans opti-
mization techniques, applied mathematics, and

the development of efficient computational ap-
proaches to support decision-making in science,
health, and engineering. Dr. Akinsunmade has
published scholarly articles in reputable journals
and actively contributes to the advancement of
mathematics education and research in Nigeria.
In addition to his research, he is committed
to teaching and mentoring, inspiring the next
generation of mathematicians and scientists
to apply mathematical knowledge to practical
challenges. With a passion for academic excel-
lence and innovation, Dr. Emmanuel continues
to engage in collaborative projects that foster
interdisciplinary research and contribute to global
knowledge development.

https://orcid.org/0000-0001-5285-0267

Oluwaseun Onuoha is a lecturer in the
Department of Mathematics at Adekunle Ajasin
University, Ondo, Nigeria. She earned her Ph.D.
in Applied Mathematics from the University
of Ilorin, where she specialized in advanced
mathematical methods and their practical appli-
cations. Her research spans optimization, applied
mathematics, and mathematical modeling, with
a focus on creating innovative solutions to
pressing scientific and societal challenges. She
has published in peer-reviewed journals and
actively collaborates with researchers both within
Nigeria and internationally. Passionate about
the power of mathematics to drive education,
technology, and development, she is committed
to helping students think critically and apply
mathematical tools to solve real-world problems
across different fields.

https://orcid.org/0000-0001-9135-1217

Mario Rasoreceived a master’s degree in
Computer Engineering and a Ph.D. in Computer
Science from Sapienza University of Rome,
Italy. His research focuses on cryptography and
cybersecurity, with particular attention to the
design and analysis of secure protocols. He has
contributed to several international research
projects and published in leading peer-reviewed
journals and conference proceedings in the field
of information security. His work spans both
the theoretical foundations of cryptographic
primitives and their practical applications to
real-world security challenges. His long-term goal
is to advance the state of secure and trustworthy
computing systems to address emerging digi-
tal threats.
https://orcid.org/0000-0001-9495-3037

An International Journal of Optimization and Control: Theories & Applications
(https://accscience.com/journal/ijocta)

21

https://orcid.org/0000-0001-5803-210X

Ahmad Etemadi is a faculty member in Chemical
Engineering at Urmia University of Technology since
2010. He earned his bachelor’s (2001) from Shiraz
University, master’s (2004) from Ferdowsi University
of Mashhad, and PhD (2020) from Sahand University
of Technology. He has 5 years of prior industry experi-
ence and currently researches nanocomposite coatings,
smart packaging, industrial dryers, and process opti-
mization.

Automated classification of pediatric acute lymphoblastic leukemia: A ResNet-50 deep learning approach

Nigeria. He holds a Ph.D. in Applied Mathe-
matics from the University of Malaya, where he
developed optimal homotopy asymptotic methods
for nonlinear fractional models. His research
focuses on optimization, numerical analysis,
fractional differential equations, computational
modeling, and machine-learning applications
in health and science. Dr. Okundalaye has
published widely in reputable journals, including
IEEE Access and Journal of Computational
and Applied Mathematics, with contributions
spanning infectious-disease modeling, biomedical
image analysis, and intelligent diagnostic sys-
tems. He teaches courses such as Optimization
Theory, Numerical Analysis, and Mathematical
Modeling, and has supervised numerous under-
graduate and postgraduate projects. A recipient
of the TETFund Ph.D. Scholarship and Ondo
State Scholarship Award, he is committed to
interdisciplinary research and the development of
advanced mathematical and computational tools
for solving real-world problems.

https://orcid.org/0000-0003-1849-9690
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