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Abstract

Capsizing, sinking, and flooding accidents occurring in the coastal waters of the Republic of Korea
constitute a persistent marine safety concern, accounting for approximately 17% of total fatalities
associated with marine accidents. Previous statistical analyses of accident causation have identified
key contributing factors such as adverse weather conditions, improper cargo loading, and
deficiencies in vessel maintenance; however, the complex interdependencies among these factors
have not been sufficiently quantified. To address this limitation, this study proposes a Fuzzy Bayesian
Network (FBN) model to systematically evaluate and quantify the risk factors associated with
capsizing, sinking, and flooding accidents. A total of 164 adjudicated marine accident cases that
occurred in Korean coastal waters over a 10-year period (2015-2024) were analyzed to estimate prior
probabilities for six major causal categories. Conditional Probability Tables (CPTs) were derived
through a structured Delphi survey conducted with marine safety experts possessing more than 10
years of professional experience. To mitigate the subjectivity inherent in expert judgment, Triangular
Fuzzy Numbers (TFNs) and centroid-based defuzzification were applied. Sensitivity analysis
identified sea state (SI = 0.0155) and cargo loading condition (SI = 0.0125) as the two most influential
factors affecting the probability of capsizing. Scenario analysis further revealed that when adverse
weather conditions and improper cargo loading occur simultaneously, the probability of capsizing
increases to 39.3%, representing a 5.3 percentage point increase compared to the baseline. In addition,
the model demonstrated a close agreement with observed accident outcome distributions, with a
Kullback-Leibler (KL) divergence of 0.038, indicating differences within 1.3 percentage points across
all outcome categories. The findings of this study provide practical implications for targeted marine
safety interventions and the prioritization of regulatory measures in the coastal waters of the
Republic of Korea.

Keywords: Fuzzy Bayesian Network; marine safety; marine accident; Korean coastal waters;
capsizing; sinking; risk assessment

1. Introduction

Marine safety is a critical concern for coastal countries with large fishing fleets and active coastal
trade routes. The Republic of Korea, with a coastline of 15,297 km and 63,731 registered fishing vessels
as of 2024, continues to face persistent challenges related to marine accidents, particularly capsizing,
sinking, and flooding incidents [1,2]. These accident types not only result in significant human
casualties and economic losses but also impose substantial burdens on government agencies, search
and rescue operations, marine insurance systems, and regulatory enforcement bodies.

According to statistical data from adjudicated marine accident reports issued by the Korea
Maritime Safety Tribunal (KMST) over the past decade (2015-2024), capsizing, sinking, and flooding
accidents accounted for 164 cases (8.7% of total marine accidents), yet contributed disproportionately
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to human casualties, representing 17% (165 fatalities and missing persons) [3]. Analysis of these
reports indicates that key contributing factors include adverse weather conditions, improper cargo
loading, vessel equipment failures, navigational errors, and non-compliance with operational
regulations. Importantly, these factors rarely act in isolation; rather, marine accidents typically arise
from the convergent interaction of multiple causal pathways [4,5].

Conventional analyses of marine accidents in Korea have largely relied on univariate frequency
analysis and categorical aggregation of accident causes [3]. While such descriptive approaches
provide baseline insights, they are fundamentally limited in capturing probabilistic dependencies
and conditional relationships among multiple risk variables. Moreover, classical statistical methods
are constrained by data completeness issues, as marine accident reports often contain incomplete
event histories, inconsistent causal coding, and missing contextual information.

Bayesian Networks (BNs) provide a principled framework for representing probabilistic causal
dependencies through directed acyclic graphs (DAGs), thereby addressing these limitations [6,7].
BN-based approaches have been widely applied in marine risk assessment, including ship collision
analysis [8], fire and explosion risk in offshore units [9], and human error modeling in seafaring
operations [10]. However, quantifying Conditional Probability Tables (CPTs) remains challenging in
data-scarce environments. Fuzzy set theory offers a robust mathematical framework for handling
uncertainty and vagueness in expert judgment [11,12], and the integration of fuzzy logic with BNs—
referred to as Fuzzy Bayesian Networks (FBNs)—has demonstrated effectiveness in various marine
safety applications, such as fire and explosion risk assessment in cargo spaces [13], accident
prediction in narrow waterways [14], and resilience analysis in Arctic navigation [15].

Despite these advances, limited research has explicitly applied FBNs to capsizing, sinking, and
flooding accidents in Korean coastal waters, particularly with respect to cargo loading conditions and
vessel-specific vulnerabilities. To address this gap, this study develops an FBN model based on 164
adjudicated marine accident cases and structured expert elicitation using the Delphi method [16].

The objectives of this study are fourfold: (1) to identify the empirical distribution of causal risk
factors; (2) to construct an FBN that captures probabilistic dependencies among identified risk nodes;
(3) to quantify CPTs using fuzzy Delphi-based expert judgments with triangular membership
functions; and (4) to evaluate model outputs through sensitivity analysis and comparison with
observed accident trends.

The remainder of this paper is organized as follows: Section 2 reviews relevant literature; Section
3 presents the research methodology; Section 4 reports the FBN inference and sensitivity analysis
results; Section 5 discusses policy implications for marine safety; and Section 6 concludes the study.

2. Literature Review

2.1. BN Applications in Marine Safety

The application of BNs to maritime risk assessment has expanded significantly over the past two
decades. Trucco et al. [6] conducted pioneering work by integrating human factors into BN-based
maritime risk models, thereby establishing a foundation for incorporating organizational and
behavioral variables into probabilistic safety analysis. Hainninen and Kujala [8] further advanced this
approach by applying BN modeling to estimate ship collision probabilities in the Gulf of Finland,
providing a methodological framework that has since been widely adopted across diverse marine
accident contexts.

Building on analyses of major marine accident records, Liu et al. [17] employed a BN model to
quantify the causal structure of marine accidents in Chinese coastal waters by considering vessel
type, environmental conditions, and operational factors. Their findings indicated that small vessels
are particularly vulnerable and that adverse weather conditions are frequently associated with severe
accident outcomes. These results are consistent with the patterns observed in the analysis of
adjudicated marine accident cases in the coastal waters of the Republic of Korea examined in this
study.

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202604.1128.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 16 April 2026 d0i:10.20944/preprints202604.1128.v1

3 of 14

2.2. Fuzzy Set Theory and Expert Elicitation in Risk Modeling

The application of fuzzy set theory to risk assessment originates from Zadeh'’s foundational
work on linguistic variables [11]. Wang [18] further advanced this field by developing a fuzzy rule-
based inference framework for ship safety assessment, which subsequently laid the conceptual
foundation for the integration of fuzzy logic with BNs.

The Delphi method is a structured approach for achieving expert consensus through iterative
rounds of anonymous surveys with controlled feedback [19]. In maritime risk-related studies, Delphi
techniques and structured expert judgment have been widely employed for prioritizing safety
measures, refining risk factors, and estimating probabilities based on expert knowledge. For instance,
Kim and Gausdal [20] combined a modified Delphi method with the Analytic Hierarchy Process
(AHP) to derive priorities for safety leadership behaviors in a shipping context, while Yacob and
Hassim [21] applied a Delphi-AHP approach to rank causal factors of marine transportation accidents.

Similarly, Lee et al. [22] identified risk factors for marine recreational activities using a modified
Delphi method and subsequently constructed a BN by assigning probability values through expert
panels. Trucco et al. [6] also utilized expert judgment to quantify CPTs in BN-based maritime
transportation risk analysis, particularly in cases where empirical data were limited.

In addition, Delphi-based studies in the maritime domain frequently employ the Content
Validity Ratio (CVR) as a criterion for evaluating the relevance of selected items. Yang et al. [23] and
Yacob and Hassim [21] incorporated CVR-based validation procedures to refine safety management
indicators for port operations and causal factor frameworks for marine transportation accidents,
respectively.

2.3. FBN Approaches

Onisawa [24] emphasized the necessity of incorporating fuzzy concepts to address uncertainty
in reliability analysis. Building on this foundation, Yazdi and Kabir [25] proposed a risk analysis
framework that integrates fuzzy set theory with BNs to effectively account for uncertain failure data
and expert knowledge.

In the field of marine safety, FBNs have been widely employed as a quantitative tool for
analyzing causal relationships among risk factors by integrating incomplete accident data with expert
judgment. Eleye-Datubo et al. [26] applied FBNs to marine and offshore safety assessment, presenting
a methodological framework that links linguistic and uncertain inputs to probabilistic risk models.
Chen et al. [27] developed an evidence-based FBN using marine accident reports from 2001 to 2020,
enabling a systematic analysis of the causal structure of general marine accidents.

Furthermore, Yin et al. [28] quantified accident risks arising from language and communication
issues in maritime transportation using an FBN approach, demonstrating that human and
communication-related factors can be structurally incorporated into maritime risk models. In a
similar context, Goksu et al. [29] applied FBNs to assess ship steering gear failures, identifying root
causes and evaluating risk levels under high-risk operational conditions such as berthing, strait
navigation, and canal transit.

These studies highlight the methodological strength of FBNs in marine safety analysis,
particularly in environments where quantitative data are limited, by enabling the integration of
expert judgment with empirical accident evidence.

3. Methodology

3.1. Overall Research Framework

The methodological framework of this study, as illustrated in Figure 1, consists of five sequential
stages: (1) collection of accident data and classification of causal factors; (2) design of the FBN
structure; (3a) assignment of prior probabilities based on empirical accident records; (3b)
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quantification of CPTs through fuzzy Delphi-based expert elicitation; (4) probabilistic inference using
the FBN; and (5) model validation and sensitivity analysis.

[® Data Collection & Classification]

164 accident cases
7 primary causal categories

|

[® FBN Structure Deslgn]

DAG construction: 6 parent nodes - 1 target node
Node state discretization

[@-a Prior Probability]

Empirical accident data 14 experts, 2 rounds
= Prior P(S), P(C), P(M)... Fuzzy linguistic assessment —» CPT

===

@ FBN Inference

Variable Elimination
P(O | evidence)

v

[@ Validation & Sensitivity Analysis]

KL divergence < 0.05 | OAT sensitivity index

Figure 1. Overall research framework for FBN-based marine accident risk analysis.
3.2. Fuzzy Set Theory: Mathematical Foundations

3.2.1. Triangular Fuzzy Numbers

A triangular fuzzy number (TFN) is characterized by a triple (a, m, b) where a denotes the lower
bound, m the modal value, and b the upper bound, satisfying a < m <b. The membership function is

defined as:
xX—a (la)
i(x) = ,a < x<m
pa(x) m—a
b—x (1b)

~ = <
pa(x) b—m'm <x<bh

ui(x) =0, otherwise (1c)

where 4 denotes the triangular fuzzy number; pz(x) is the degree of membership of value x in 4;
x is the input variable; 2 and b are the lower and upper bounds of the support, respectively; and m is
the modal value at which pz(x) = 1. Figure 2 illustrates the five TFNs corresponding to the linguistic
scale employed in this study. The five linguistic terms and their TFN parameters are defined in Table
1.

Table 1. Linguistic scale, TFN parameters, and defuzzified values for expert elicitation.

Linguistic Term Abbrev. TEN (a, m, b) Defuzzified P
Very Low VL (0.00, 0.10, 0.20) 0.100
Low L (0.10, 0.30, 0.50) 0.300
Medium M (0.30, 0.50, 0.70) 0.500
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Linguistic Term Abbrev. TFN (a, m, b) Defuzzified P

High H (0.50, 0.70, 0.90) 0.700

Very High VH (0.70, 0.90, 1.00) 0.867

0.1 0.3 0.7 0.9
1.0 1

0.8 1

0.6 1

0.4 1

0.2 A

0.0 A

Degree of Membership p(x)

0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0
Probability Value

Figure 2. Triangular fuzzy membership functions for the five-level linguistic probability scale.

3.2.2. Weighted Aggregation of Expert TFNs

Let Ay = (ax, my, by) denote the TEN of expert k, with normalized weight wy = s/, s; where
Sy is the competence score. The expert competency score was assigned on a scale of 1-5, reflecting
years of experience, qualification level, and practical expertise in marine accident investigation or
ship inspection. The aggregated TFN and defuzzified (centroid) probability, and normalized outcome
probability are given by Equations (2)-(4):

Aggg = Wi~ ag, Xwy " My, X wy " by) ()
5 _ JxuGodx_ 3)
= Tawax (Yagg T Magg + bagg)/3
B, . . o . (4)
P = S 7 Vi € {Capsizing, Sinking, Flooding}
J5]

where 4,4, is the weighted aggregate TFN; a,, m;, and b, are the lower bound, modal value, and
upper bound of expert k's TEN, respectively; P is the defuzzified probability obtained via the
centroid method; p(x) is the membership function of the aggregated TFN; aqgzq, Mygq, and by
denote the lower bound, modal value, and upper bound of 4,,, respectively; P; is the normalized
probability of accident outcome i; and P, is the corresponding defuzzified value prior to
normalization. This normalization ensures that the probabilities of the three mutually exclusive
outcome states sum to unity.

Figure 3 illustrates the complete three-stage fuzzy elicitation process from individual expert
assessments through aggregation to defuzzification.

3.3. FBN Model Structure

3.3.1. Network Topology

The FBN is constructed as a DAG comprising six parent nodes and one target outcome node
(Figure 4). The outcome node in this model is defined based on a single “primary accident type”
explicitly identified in the adjudication reports of the KMST. Although real-world marine accidents
often involve sequential causal processes—such as flooding followed by sinking —the present study
models the most severe ultimate outcome to which the risk factors converge. Accordingly, the
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outcome states are defined within a mutually exclusive discrete space, and the probabilities are
normalized to reflect this assumption. The joint probability distribution factorizes as:

P(S,C,M,N,R,Mo0,0) =
P(S)-P(C)-P(M)-P(N)-P(R)-P(Mo) -P(0|S,C,M,N,R,Mo)

where S, C, M, N, R, and Mo denote the six parent nodes representing sea state, cargo loading

)

condition, vessel maintenance status, navigational behavior, regulatory compliance, and mooring
condition, respectively; O is the target outcome node taking one of three mutually exclusive states
{Capsizing, Sinking, Flooding}; P(S),P(C),P(M),P(N),P(R) and P(Mo) are the marginal prior
probabilities of the respective parent nodes; and P(0|S,C, M, N, R, Mo) is the conditional probability

of the outcome node given the joint state of all six parent nodes, as specified in the CPT.

(a) Individual Expert TFNs

Expert 1: H
Expert 2: H

—— Expert 3: VH

—— Expert4: M
Expert 5: H
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o o L
o ® o
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4 (0.50, 0.70, 0.88)
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°
N

(c) Defuzzification
(Centroid Method)

—— Aggregated TFN

Centroid (Crisp Value)
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f5-—----—==
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L
o

0.4 0.6 0.8
Probability

0.2

o
=)

0.4 0.6
Probability

0.2

)
=}

0.8

o
o

1.0

o
o

0.4 0.6
Probability

0.2

Figure 3. Fuzzy expert elicitation process: (a) individual expert TFNs, (b) weighted aggregation, and (c)
defuzzification via centroid method.

S
Sea State

R
Regulatory
Compliance

C
Cargo Loading
Condition

(o]
Accident
Outcome

M
Vessel
Maintenance

Mo
Mooring
Condition

N
Navigational
Behavior

Figure 4. DAG structure of the proposed FBN model.

3.3.2. Prior Probability Assignment

The prior probabilities of each parent node were derived from an accident dataset based on 164
adjudicated marine accident cases. Table 2 presents the node definitions, state discretization, and the
estimated prior probabilities.

Table 2. Node definitions, state discretizations, and prior probability estimates derived from accident data.

Node Variable States Prior Probabilities Basis
S Sea State Low / Moderate / Severe 0.372/0.376 /0.252 Accident record
C Cargo Loading Normal / Imbalanced / 0.590/0.262/0.148  Accident record
Overloaded
M Vessel Maintenance  Good / Deficient / Poor  0.600 / 0.250 / 0.150 Accident record
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N Nav. Behavior Careful / Negligent 0.906 / 0.094 Accident record
R Reg. Compliance Comp llanF /Non- 0.946 / 0.054 Accident record
compliant
Mo  Mooring Condition Safe / Unsafe 0.950 / 0.050 Accident record

3.4. Delphi Expert Survey and CVR Validation

The Delphi method was applied in two rounds to elicit CPT values from 14 maritime
professionals (mean experience > 12 years). The CVR was computed after each Delphi round; the

final acceptance threshold reported here is based on the 14 experts who completed the final Delphi
round.

cvr = (e ©

2

where ng is the number of experts rating the item as éigh’ or &Very High’, and N is total panel
size. For N = 14 experts completing the final Delphi round, the minimum CVR for statistical
significance at p <0.05 is 0.51 [30]. Entries failing this threshold were resubmitted for targeted expert
review prior to model finalization.

Given the cognitive burden of eliciting full CPTs across all 216 parent configurations, the Delphi
survey focused on the 28 representative parent state combinations with the highest accident
frequency based on prior data analysis. Remaining configurations were completed using
monotonicity-constrained linear interpolation. Monotonicity was defined such that worsening parent
node states correspond to non-decreasing probabilities of adverse outcomes.

3.5. Bayesian Inference: Variable Elimination

Given observed evidence e on a subset of parent nodes, let u denote the set of unobserved parent
nodes, i.e., u=pa(O)\e. The posterior accident probability is computed by marginalizing the joint
distribution over u:

P(0 = ole) = Xy P(S)- P(C) - P(M) - P(N) - P(R) - P(Mo) - P(0 = o|pa(0)) (1)

where O is the accident outcome node; o€ {Capsizing, Sinking, Flooding} denotes a specific
outcome state; e is the observed evidence on a subset of parent nodes; u=pa(O)\e is the set of
unobserved  parent nodes over which  marginalization is  performed; and
P(S)-P(C)-P(M)-P(N)-P(R)-P(Mo) are the prior probabilities of the six parent nodes, respectively. For
the six-node structure with binary/ternary state spaces (total combinations: 3x3x3x2x2x2 = 216), exact
inference is computationally tractable without approximation.

3.6. Sensitivity Analysis and Model Validation

The sensitivity index for each parent node X; is defined as the maximum absolute change in
capsizing probability when X; is fixed at its most adverse state. Model calibration was assessed using
the Kullback-Leibler (KL) divergence between the FBN-estimated outcome distribution and the
observed accident frequency distribution, as given in Equations (8) and (9):

SI; =| P(O=Capsizing | X;=worst) — P(O=Capsizing) | (8)

p ©)
D)=y P@m[ 2

where SI; is the sensitivity index of parent node X;; P(O=Capsizing | X;=worst) is the posterior
capsizing probability when node X; is fixed at its most adverse state while all other nodes remain
marginalized; P(O=Capsizing) is the baseline capsizing probability; Dy, (P Il Q) is the KL divergence
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from the observed distribution Q to the model-estimated distribution P; o denotes each accident
outcome state (Capsizing, Sinking, or Flooding); P (o) is the FBN-estimated probability of outcome
o; and Q(o) is the corresponding observed frequency. A smaller KL divergence value indicates
closer agreement between the model output and the empirical distribution.

4. Results
4.1. FBN Model Construction and Expert Elicitation

4.1.1. Network Structure and Expert Panel

The FBN structure was validated by the full expert panel (n = 14 in Round 1; n = 14 completing
Round 2). The panel comprised five licensed ship masters and chief officers (mean experience: 18.4
years), three marine accident investigators (mean: 14.2 years), three ship surveyors (mean: 12.7 years),
and three maritime safety academics (mean: 16.1 years). Following Round 1, the expert panel
endorsed the six-node DAG without structural modification. A minor refinement was made to the
Sea State node boundary: the threshold between dLow’ and éModerate’” was adjusted from 1.0 m to

1.5 m significant wave height based on expert consensus regarding Korean coastal vessel operational
thresholds.

4.1.2. CVR Results

CVR values were computed for all primary CPT entries following Round 2. Table 3 presents
results for selected high-priority entries. All entries in the final model achieved CVR > 0.51. Three
entries that failed the threshold in Round 2 achieved consensus following targeted expert re-review.

Table 3. CVR values for selected CPT entries (n = 14 experts). Values shown reflect final round of consensus.

CPT Entry (Parent Condition

_.Outcome) nE N CVR Accepted

S=Severe — P(Capsizing) High 13 14 0.86 v

C=0Overloaded — P(Capsizing) High 12 14 0.71 v

C=Imbalanced — P(Capsizing) High 11 14 0.57 v

M=Poor — P(Sinking) High 12 14 0.71 v

R=Non—comphar?t — P(Capsizing) 10 14 0.54 Y
High

Mo=Unsafe + S=Se'vere — P(Sinking) 1 14 057 Y
High

4.2. Baseline Accident Probability Estimation

The baseline accident outcome probabilities, computed by marginalizing over all parent nodes
weighted by their empirical prior distributions, are presented in Table 4. The model estimates
P(Capsizing) = 34.00%, P(Sinking) = 35.16%, and P(Flooding) = 30.84%. The KL divergence value
between the model output and the observed frequency distribution (0.038) indicates that the
differences between the FBN estimates and the observed frequencies are within 1.3 percentage points
across all outcome categories —capsizing (FBN estimate: 34.00% vs. observed: 33.10%), sinking (35.16%
vs. 36.40%), and flooding (30.84% vs. 30.50%). This result suggests that the model adequately
reproduces the empirical distribution of accident outcomes.

Table 4. Baseline accident outcome probabilities: FBN estimates vs. observed frequencies.

Accident Outcome FBN Estimate = Observed Frequency KL Divergence
Capsizing 34.00% 33.10% —
Sinking 35.16% 36.40% —
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Flooding 30.84% 30.50% —
Overall KL Divergence — — 0.038

It should be noted that the baseline outcome probabilities presented in Table 4 do not represent
the absolute risk of accident occurrence under normal operating conditions. Rather, they reflect
conditional probabilities of capsizing, sinking, or flooding given that a marine accident has already
occurred in the coastal waters of the Republic of Korea.

4.3. Sensitivity Analysis

Table 5 and Figure 5 present the OAT sensitivity analysis results. Sea State (S) exhibited the
highest sensitivity index (SI = 0.0155), followed by Cargo Loading Condition (C, SI = 0.0125),
Navigational Behavior (N, SI = 0.0107), and Regulatory Compliance (R, SI = 0.0104). Vessel
Maintenance Status (M) showed the lowest sensitivity index for capsizing outcomes (SI = 0.0052),
reflecting its greater mechanistic association with sinking via hull flooding pathways rather than
capsizing.

Table 5. Sensitivity analysis results: capsizing probability change under worst-case node states.

Baseline Perturbed

Rank Node P(Cap.) P(Cap.) SI(A) Worst State
#1 S — Sea State 0.3400 0.3555 0.0155 Severe
#2 C — Cargo Loading 0.3400 0.3525 0.0125 Overloaded
#3 N — Nav. Behavior 0.3400 0.3507 0.0107 Negligent
#4 R — Reg. Compliance 0.3400 0.3504 0.0104 Non-compliant
#5 Mo — Mooring 0.3400 0.3503 0.0103 Unsafe
#6 M — Maintenance 0.3400 0.3452 0.0052 Poor

1
1

Maintenance (M) 0.0052 |
1 —~=- Sensitivity threshold (0.01)
]

0.0000 0.0025 0.0050 0.0075 0.0100 0.0125 0.0150 0.0175 0.0200
Sensitivity Index (AP Capsizing)

Figure 5. Sensitivity analysis: capsizing probability change (AP) under worst-case node states. Nodes above the
0.01 threshold (dashed line) are identified as high-priority risk factors.

4.4. Scenario Analysis

Table 6 and Figure 6 present the posterior accident probabilities for four representative scenarios.
Scenario S1 (adverse weather + improper cargo loading) yields the highest probability of capsizing at
39.3%, representing an increase of 5.3 percentage points compared to the baseline. In Scenario 52
(poor vessel maintenance + negligent navigation), the probability of flooding increases to 32.43%,
while sinking remains the dominant outcome among the three categories at 34.58%. This result is
consistent with the mechanical linkage between progressive water ingress and equipment-related
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failures. Scenario S3 (non-compliant operation under calm weather conditions) produces
probabilities similar to the baseline, suggesting that regulatory non-compliance alone may have a
limited effect on acute risk in the absence of adverse environmental or operational triggers. Scenario
54 (approaching typhoon + unsafe mooring) increases the probabilities of both capsizing and flooding,
while the probability of sinking decreases slightly. The combined risk of capsizing and sinking
remains high at 68.75%.

Table 6. Posterior accident outcome probabilities under four representative scenarios.

Scenario Evidence P(Capsizing) P(Sinking) P(Flooding)
Baseline All nodes marginalized 34.00% 35.16% 30.84%
SL: Adverse weather+ g oo C-Imbalanced ~ 39.31% 30.35% 30.34%
Cargo imbalance
52: Poor maintenance + o b \1_Negligent 32.99% 34.58% 32.43%
Negligent navigation
53: lllegal operation (calm p i oroliant, SsLow  34.12% 33.34% 32.54%
weather)
St Typhoonapproach+ g g o0 Mo-Unsafe  34.50% 34.25% 31.25%

Unsafe mooring

= Capsizing
mmm Sinking
== Flooding

Accident Outcome Probability (%)

Baseline S1: Adverse S2: Poor S3: lllegal S4: Typhoon +
Weather + Maintenance + Operation Unsafe
Cargo Imbalance Nav. Negligence (Calm Weather) Mooring

Figure 6. Posterior accident outcome probabilities across baseline and four risk scenarios. S1 (adverse weather +

cargo imbalance) produces the highest capsizing probability (39.3%).

Scenario S1 employs C=Imbalanced rather than Overloaded, as cargo imbalance represents the
most operationally prevalent form of improper loading identified in the KMST records, whereas
overloading reflects a more extreme condition tested in the sensitivity analysis.

5. Discussion

5.1. Interpretation of Key Findings

The identification of adverse weather conditions and improper cargo loading as the two most
influential risk nodes is consistent with the dominant causal narratives repeatedly reported in
adjudicated marine accident cases in the Republic of Korea and aligns with findings from similar
studies on marine accident causation in East Asian coastal waters [17]. Notably, the substantial
increase in capsizing probability observed in Scenario S1, where adverse weather and improper cargo
loading occur simultaneously, suggests the potential presence of non-additive and synergistic
interactions between risk factors. In particular, when static stability (GZ) is reduced due to cargo
imbalance, cargo shifting, or free surface effects, severe sea states can further amplify roll motion,
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thereby increasing the likelihood of stability failure [31-34]. Such complex interactions are difficult to
capture using univariate frequency-based approaches alone.

Furthermore, the relatively higher sensitivity of vessel maintenance conditions with respect to
sinking, compared to capsizing, provides meaningful mechanistic insights. This indicates that factors
such as hull penetration defects, loss of watertight integrity, inadequate watertight door
management, and equipment failures are more likely to contribute to progressive flooding pathways
rather than directly inducing acute dynamic instability under rough sea conditions [31,35,36]. These
findings suggest that maintenance-focused safety interventions may be more effective in reducing
the risk of sinking and flooding accidents than in preventing capsizing events.

5.2. Implications for Maritime Safety Policy

The pronounced importance of cargo loading conditions, particularly in fishing vessels, is
underscored by the finding that deck cargo accounts for 33.8% of cargo-related cases based on the
present dataset analysis, representing the most dominant loading issue. This highlights the need to
enhance safety awareness among fishing vessel masters regarding catch loading practices, as well as
to strengthen enforcement by regulatory authorities such as the Coast Guard. The interaction
between adverse weather conditions and improper cargo loading identified in Scenario S1 further
supports the necessity for revising institutional frameworks to incorporate stability assessments in
relation to weather advisories. From a technical perspective, the development of simplified stability
assessment tools for small fishing vessels, integrated with real-time meteorological information
systems, could serve as an effective measure for accident prevention.

Meanwhile, illegal operational practices—such as failure to undergo mandatory inspections or
exceeding passenger capacity (Scenario S3)—may only marginally increase acute risk under
favorable conditions; however, they create latent vulnerabilities that can trigger catastrophic
outcomes when combined with other contributing factors. This finding carries important
implications for enforcement prioritization. Regulatory efforts are likely to achieve greater risk
reduction when they target underlying structural conditions that enable persistent non-compliance,
such as insufficient inspection coverage, inadequate watchkeeping enforcement, and the incomplete
application of stability certification standards for small fishing vessels, rather than relying solely on
punitive measures.

5.3. Comparison with Prior Literature

The ranking of risk factors derived from the sensitivity analysis is broadly consistent with
findings from related studies on marine accident causation. Liu et al. [17] similarly identified adverse
weather conditions and vessel-type-specific vulnerabilities as dominant contributors to marine
accidents in Chinese coastal waters using a BN-based approach, a pattern that is replicated in the
present study. Chen et al. [27], applying an evidence-based FBN to accident reports compiled by the
US National Transportation Safety Board (NTSB), likewise found that heavy weather exerted a
relatively higher impact on flooding/foundering accidents compared to other accident types, which
is consistent with the high sensitivity index assigned to the Sea State node in the present model.

However, direct quantitative comparison with prior FBN studies is constrained by differences
in data sources, geographic scope, accident type classifications, and network structures. The present
study is specifically grounded in adjudicated accident records from Korean coastal waters, and its
FBN explicitly incorporates regulatory compliance and mooring conditions as structural risk nodes
— variables that have been relatively underexplored in existing studies — thereby offering a
complementary perspective to prior work. These distinctive features reflect the regulatory and
operational characteristics specific to Korean coastal fishing vessel operations, which are not fully
captured in existing international FBN studies.

5.4. Limitations and Future Research Directions
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This study has several limitations. First, the quantification of the CPTs is based on Delphi
judgments from a panel of domain experts, making it difficult to completely eliminate subjectivity.
Future work should incorporate more objective probability estimation approaches, such as those
based on machine learning algorithms, to further enhance the model.

Second, the absence of longitudinal time-series data prevented the application of dynamic BN
modeling to capture temporal variations in the prevalence of risk factors. Third, the discretization of
variables into binary and ternary states inevitably results in information loss compared to continuous
probability distributions; therefore, future studies should consider hybrid discrete—continuous BN
structures.

Fourth, although clear differences exist between the risk profiles of fishing and non-fishing
vessels in the dataset, vessel type was not explicitly included as a structural node in the model. Fifth,
due to data scarcity, the same accident dataset was used both for prior probability estimation and for
model validation based on KL divergence, which constitutes a methodological limitation. Future
research should address this issue by incorporating independent out-of-sample datasets and
performing cross-validation to rigorously evaluate the model’s generalization capability.

6. Conclusions

This study developed and validated an FBN model for the quantitative risk assessment of
capsizing, sinking, and flooding accidents in the coastal waters of the Republic of Korea, based on
164 adjudicated marine accident cases and structured expert elicitation using the Delphi method. The
principal findings and contributions are as follows.

First, the proposed FBN successfully integrated empirical prior probabilities derived from
accident records with expert judgment-based CPTs, achieving satisfactory agreement with the
observed accident outcome distribution (KL divergence = 0.038). Second, sensitivity analysis
identified sea state (SI = 0.0155) and cargo loading condition (SI = 0.0125) as the two most influential
determinants of capsizing probability, suggesting that interventions targeting cargo loading
management should be assigned high priority in marine safety policy for Korean coastal waters.
Third, scenario analysis showed that when adverse weather conditions and improper cargo loading
occur simultaneously, the probability of capsizing increases to 39.3%, representing a 5.3 percentage
point increase relative to the baseline. This finding indicates the potentially synergistic and non-
additive nature of interactions among multiple risk factors, which is difficult to capture through
univariate analysis alone. Fourth, the fuzzy Delphi-based methodology provides a transparent and
reproducible approach for quantifying CPTs under conditions of limited data availability, while the
CVR results confirmed robust expert consensus across all items included in the final model.

The proposed FBN framework offers a quantitative decision-support tool for marine safety
authorities, vessel operators, and regulatory agencies in prioritizing risk-based safety interventions,
conducting pre-departure risk screening, and establishing scenario-based emergency response
strategies. Future research should extend this framework by incorporating vessel-type stratification,
temporal trend analysis, and integration with real-time operational data streams, thereby enabling
the development of a more dynamic and practically applicable maritime risk assessment system.
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