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Abstract

In maritime accident prevention, it is important to identify not only high‑risk sea areas
but also which accident‑types are most likely to occur there. This study combines sur‑
vey responses from 826 Korea Coast Guard practitioners with 3856 maritime accidents
mapped onto an H3 grid over Korean territorial waters during 2021–2023, and proposes
a practitioner‑informed framework for predicting accident‑type‑specific risk. The survey
showed limited use of quantitative, standardized accident risk criteria but high demand
for AI‑based prediction and area‑level risk analysis. Practitioners’ perceived accident fre‑
quency differed substantially from the empirical accident distribution, whereas their pre‑
vention priorities aligned more closely with the actual pattern. Accordingly, this study
treats the accident‑type taxonomy not as a fixed prediction target but as a design variable
of the label space for decision support. A two‑stage framework first estimates accident
occurrence at the H3 grid‑time level and then classifies the accident‑type conditional on
occurrence. Comparing survey‑aligned, data‑aligned, union, sufficient‑sample, and full
administrative (7‑class) framings under a common training protocol shows that accident‑
type organization creates trade‑offs among field interpretability, coverage, class granular‑
ity, and predictive stability. The study thus reframes maritime accident prediction as an
accident‑type‑specific decision‑support problem‑linking practitioner perception with em‑
pirical evidence.

Keywords: maritime safety survey; maritime accident risk; practitioner perception;
prevention focus; accident‑type framing; decision support

1. Introduction
The territorial waters of Korea, surrounded by sea on three sides and characterized

by complex coastal topography with numerous islands, narrow channels, reefs, and aqua‑
culture farms, constitute a high‑risk zone of maritime activity in which fishing vessels,
merchant ships, passenger ships, and leisure boats operate together. Combined with large
tidal ranges and the variability of meteorological and sea‑state conditions, navigational
risk increases, and approximately 3000 maritime accidents occur each year [1]. Major
accident‑types such as collision, grounding, drift entanglement (i.e., a vessel’s propeller
or rudder becoming entangled with floating objects such as ropes or fishing nets), flood‑
ing, capsizing, sinking, and contact not only cause loss of life and property but are also
directly linked to the Coast Guard’s preventive activities, patrols, rescue operations, and
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allocation of response resources. In particular, maritime accidents are influenced not only
by physical factors such as meteorological and sea‑state conditions or vessel density, but
also by human and operational factors such as on‑site judgment, risk perception, and pre‑
vention priorities [2,3]. A system for predicting maritime accident risk therefore needs to
go beyondmerely estimating the probability of accident occurrence and to consider which
accident‑type operators actually perceive as important and respond to them.

In the field of maritime safety, machine‑learning‑based accident risk prediction re‑
search has recently expanded rapidly [4]. Some prior studies on Korean territorial waters
have focused on predicting accident occurrence at the port‑ or grid‑level, and some have
also examined accident‑type‑specific risk. However, studies that link the mismatch be‑
tween practitioners’ survey‑derived accident‑type perceptions and the empirical accident
distribution, and extend this into a grid‑time accident‑type‑specific risk estimation system
for operational decision support, remain scarce. Identifying sea areas with a high proba‑
bility of accidents is important, but actual prevention activities also require understanding
which accident‑types carry the highest risk. For example, areas with high collision risk
require vessel‑traffic monitoring and navigation management; areas with high grounding
risk require inspection of reef, depth, and channel conditions; and areas with high drift en‑
tanglement risk require preventive activities around aquaculture farms, fishing gear, and
floating obstacles. Because the prevention strategies and resource allocation required differ
by accident‑type, it is necessary to observe accident‑factor information—such as meteoro‑
logical and sea‑state conditions, vessel density, and coastal topography—at the area level
and to convert it into accident‑type‑specific risk.

Another important gap is the lack of quantitative examination of how closely the
accident‑types that frontline practitioners perceive as frequentmatch the accident‑type dis‑
tribution observed in the actual accident data. In this study, Korea Coast Guard (KCG)
frontline practitioners are defined to include not only vessel‑based personnel but also
shore‑based operational personnel such as those at coastal substations, situation rooms,
and administrative offices. Field experience and intuition play important roles in mar‑
itime accident prevention, but when certain accident‑types are repeatedly experienced or
impose a heavy on‑site workload, a risk perception that differs from the actual accident dis‑
tribution may form. Accordingly, in this study, the survey data are used not as a simple
background survey but as key evidence to quantify the mismatch between on‑site acci‑
dent perception and the actual accident distribution, and to connect this to the need for an
accident‑type‑specific risk prediction framework. The machine‑learning models are then
used as empirical tools to verify whether, based on this mismatch, accident‑type‑specific
risk signals can be provided at the grid‑level.

To address these gaps, this study combines a quantitative survey of 826 frontline prac‑
titioners affiliatedwith the five RegionalHeadquarters of the Korea Coast Guard (West Sea,
Central, East Sea, South Sea, and Jeju) with 3856 maritime accident records based on the
hexagonal hierarchical geospatial indexing system (H3) grid over Korean territorial waters
during 2021–2023. The survey data are used to characterize the participating practition‑
ers’ accident perceptions, prevention priorities, information needs, and system acceptance,
while the accident data are used for the empirical distribution of actual accident‑types and
for building type‑specific prediction models. The H3 grid serves as the analytical basis for
combining accident records, meteorological and oceanographic conditions, vessel density,
and spatial risk factors within the same spatial unit [5]. Based on these two data sources,
this study quantifies the discrepancy between the accident‑type categories presented in
the survey and the empirical distribution of the actual accident data, and compares how
survey‑aligned and data‑aligned accident‑type category framings affect prediction perfor‑
mance and operational interpretation. In particular, it analyzes whether perceived acci‑
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dent frequency and operational prevention priority show different alignment patterns rel‑
ative to the actual accident distribution, and connects this to anH3 grid‑time accident‑type‑
specific risk prediction framework.

The contribution of this study lies less in proposing a new algorithm and more in the
framing of the prediction problem and the comparison of accident‑type label spaces. The
main contributions of this study are as follows.

• Using a survey of 826 Korea Coast Guard practitioners, it quantitatively documents a
consistent misalignment within the participating sample among accident perception,
prevention priorities, and information‑use needs.

• It confirms that the participating practitioners’ operational prevention priority shows
a different alignment pattern from their perceived accident frequency, and argues
that an AI framework should complement on‑site perception through data‑driven
accident‑type risk information rather than replace on‑site judgment.

• Based on thismismatch, it implements anH3grid‑ and accident‑type‑specific decision‑
support framework, and compares the prediction performance and operational inter‑
pretability of survey‑aligned and data‑aligned accident‑type compositions.

This study addresses four research questions. RQ1: To what extent do frontline prac‑
titioners operate with quantitative, standardized accident risk criteria and integrated infor‑
mation tools? RQ2: How closely do practitioners’ perceived accident frequency and oper‑
ational prevention priority align with the empirical 2021–2023 accident distribution? RQ3:
How can the accident‑type categories identified in the survey be mapped onto accident‑
type framings for a practitioner‑informed label space? RQ4: What trade‑offs in accident
coverage, predictive stability, and operational interpretability arise across accident‑type
framings in the two‑stage H3 grid‑time framework?

This paper is organized as follows. Section 2 reviews prior work onmaritime accident
prediction, multi‑class accident‑type prediction, and stakeholder‑informed AI design, and
on this basis presents the distinctiveness and significance of this study. Section 3 describes
the survey data, accident data, H3 grid‑based feature engineering, two‑stage model de‑
sign, and evaluation methods. Section 4 presents the survey‑based misalignment analysis
and the performance‑evaluation results of the accident‑type prediction framework. Sec‑
tion 5 discusses the operational and academic implications and limitations of this study,
and Section 6 presents the conclusions.

2. Related Works
2.1. Operational Maritime Accident Risk Prediction

Research on predicting maritime accident risk using observational information avail‑
able at the operational stage has developed mainly around accident occurrence probabil‑
ity, specific accident risks, or spatiotemporal risk assessment. Nourmohammadi et al. [6]
proposed a grid‑level deep spatiotemporal model (DSTOAP) for Korean territorial waters,
integrating accident records, sea‑state conditions, seabed topography, and vessel activity
to predict maritime accident risk at the grid‑time level. That study addresses grid‑based
maritime accident risk prediction for Korean territorial waters and also examined accident‑
type‑specific risk.

Shin and Yang [7] combined maritime accident reports from Busan Port with Vessel‑
Traffic Service (VTS) data to predict the probability of accidents and near‑misses, and com‑
pared the performance of several machine‑learning models, including XGBoost, Random
Forest, Neural Network, and SVM. Jo et al. [8] assessed collision risk in Korean coastal wa‑
ters in the form of risk‑level classification using a CNN and Grad‑CAM, while Korupoju
et al. [9] assessed vessel collision risk by combining Automatic Identification System (AIS)
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and meteorological data with fuzzy logic and deep learning. These studies demonstrated
the feasibility of predicting maritime accident risk using operational‑stage data and ma‑
chine learning, but they focused mainly on accident occurrence probability, the risk level
of specific sea areas, or the assessment of a specific accident risk such as collision.

2.2. Multi‑Class Accident‑Type Prediction in International Contexts

Multi‑class accident‑type prediction research has been conducted mainly on over‑
seas accident data, particularly from Norway and China. Munim et al. [10] used long‑
term Norwegian maritime accident records to perform AutoML‑based multi‑class clas‑
sification for five major accident‑types—grounding, contact damage, fire or explosion,
collision, and heavy weather damage—and reported that, among 29 ML algorithms,
Light Gradient Boosted Trees achieved the best performance. Brandt et al. [11] com‑
bined 51 weather‑related variables with NorwegianMaritime Authority accident data and
showed that meteorological information can contribute to improving the performance
of maritime accident risk prediction. Zhang et al. [12] combined XGBoost with SHAP,
based on features extracted and expanded from accident reports in Zhejiang Province,
China, to perform accident‑type classification and interpretability analysis. Zhao et al. [13]
combined BERT, BiLSTM, and the Apriori association‑rule algorithm to propose a cause‑
analysis framework for marine traffic accidents on China’s coasts, and Feng et al. [14]
used improved ML approaches to predict the severity of maritime accidents. Balas and
Balas [15] proposed a hybrid maritime risk‑assessment model combining AutoML, deep
learning, hydrodynamic modeling, and Monte Carlo simulation. These studies are impor‑
tant in that they expanded the scope of maritime accident analysis to include accident‑type
classification, accident‑cause analysis, and accident‑severity prediction. However, most fo‑
cus on per‑accident analysis at the level of compiled accident records or accident reports
after an accident has occurred, and the accident‑type schemes they use are also based on
the accident data and taxonomy of each country.

Internationally, marine casualties are reported under a small number of standardized
accident categories. The harmonized reporting procedures of the IMO [16] classify a ca‑
sualty event as collision, grounding, contact, fire/explosion, hull failure, loss of control,
ship/equipment damage, capsize/listing, flooding/foundering, or one of a few further cat‑
egories, and the EMCIP taxonomy maintained by EMSA [17] uses a closely corresponding
set. Recent international studies adopt the same vocabulary: Jiang et al. [18] quantify risk‑
influencing factors across a global accident database using collision, grounding, contact,
fire or explosion, hull damage, machinery damage and foundering as accident categories,
and Cao et al. [19] model accident severity treating the accident‑type itself as a principal ex‑
planatory feature. This study adopts the same terminology for the accident‑types it shares
with these frameworks: collision, contact, grounding and capsizing are used in the sense
defined there and are referred to by those names consistently throughout the manuscript.

Two points of difference remain. First, both category sets treat flooding and founder‑
ing as a single casualty‑event category—in the IMO list they are sub‑values of one flood‑
ing/foundering entry—whereas the administrative taxonomy of the KoreaMaritime Safety
Tribunal records flooding and sinking as two separate accident‑types. This study follows
the administrative taxonomy and retains them as distinct classes, because the two cor‑
respond to different stages of accident progression and therefore to different preventive
responses. Second, drift entanglement, in which a vessel’s propeller or rudder becomes
entangled with floating ropes, nets or other debris, has no counterpart in either category
set, where such occurrences are absorbed into broader equipment‑ or control‑related cate‑
gories. It is nevertheless a frequent and separately recorded accident‑type in Korean wa‑
ters: Lee et al. [20] report approximately 2439 entanglement accidents associated with nav‑
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igational obstacles between 2017 and 2023, an average of 348.4 per year. Drift entangle‑
ment is therefore retained as a region‑specific operational category and is referred to by
that name consistently throughout this study.

2.3. Practitioner Perspectives and Human Factors in Maritime Safety

The importance of human and operational factors inmaritime accidents has long been
emphasized. Hetherington et al. [2] comprehensively reviewed the human factors in mar‑
itime safety and showed that human and organizational factors such as fatigue, communi‑
cation, decision‑making, and safety culture are closely associated with maritime accidents.
Akhtar and Utne [3] used a Bayesian Network to model the effect of navigational watch‑
keepers’ fatigue on the risk of vessel grounding, and Hassel et al. [21] analyzed the prob‑
lem of underreporting in maritime accident databases and pointed out the uncertainty
that accident‑data‑based research may carry. These studies show that maritime safety
analysis must consider not only accident data but also on‑site operational conditions and
human factors.

Meanwhile, in other high‑stakes decision‑making fields such as healthcare, there has
been active discussion that, for an AI‑based decision‑support system to be applied in prac‑
tice, it must consider user needs, workflows, explainability, operational acceptability, and
continuous monitoring [22–25]. This suggests that what matters is not only the predictive
performance of the model but also how the model output is interpreted and used in the
context of on‑site decision‑making. However, in maritime safety AI, cases in which such
a stakeholder‑informed perspective is explicitly combined with accident‑type‑specific risk
prediction are still lacking.

Although prior work has advanced maritime accident risk prediction and accident‑
type classification in various ways, studies that directly connect the actual accident dis‑
tribution and frontline practitioners’ accident perception and prevention priorities to an
accident‑type‑specific risk prediction framework are limited. This study combines a
KCG practitioner survey with accident data for Korean territorial waters to propose a
practitioner‑informed accident‑type risk prediction framework at the H3 grid‑time level.
The differences in problem setting between this study and major prior studies are summa‑
rized in Table 1.
Table 1.Comparison of the problem setting between this study and major maritime accident predic‑
tion studies.

Study Region Main Output Unit of Analysis Accident‑Type
Handling

Practitioner
Involvement

Nourmohammadi et al.
[6] Korean territorial waters

Grid‑based
spatiotemporal accident
risk, accident‑type risk

Grid× time Includes type‑specific
risk None

Shin & Yang [7] Busan Port Binary accident
occurrence

Accident/near‑miss vs.
non‑accident

Accident‑type not
distinguished None

Jo et al. [8] Korean coastal waters Collision risk level Encounter/image‑like
representation

Collision only (single
type) None

Munim et al. [10] Norway Multi‑class
accident‑type Per‑accident 5‑class taxonomy None

Brandt et al. [11] Norway Multi‑class
accident‑type Per‑accident 5‑class taxonomy None

Zhang et al. [12] China Multi‑class
accident‑type Per‑accident Accident‑record‑based

taxonomy None

Zhao et al. [13] China Accident cause
classification Per‑accident Accident‑cause‑focused None

Feng et al. [14] Multiple countries Accident severity Per‑accident Severity‑focused None

This study Korean territorial waters H3 grid‑level
accident‑type risk Grid× time Based on Korean

maritime accident‑types

Reflects prevention
focus from a survey of
826 KCG practitioners
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3. Materials and Methods
This section describes data construction, analysis procedures, and evaluation meth‑

ods, focusing on the distinct roles of the survey data and the accident data, accident‑type
framing, and the two‑stage framework.

3.1. Overall Study Design

This study follows amulti‑source quantitative design that combines survey data with
integrated accident–environment data. The primary data are a 17‑item quantitative survey
of frontline personnel affiliated with the five Regional Headquarters of the Korea Coast
Guard (KCG) (West Sea, Central, East Sea, South Sea, and Jeju). The secondary data are in‑
tegrated accident–environment data constructed by partitioning Korean territorial waters
into an H3 grid for 2021–2023, consisting of 3856 accident rows together with environmen‑
tal, vessel density, and spatial features observable at the operational stage.

In this study, the Three‑Gap Framework refers to three discrepancies or deficiencies
that arise in maritime accident risk management. The operational gap denotes the prob‑
lem that quantitative, standardized criteria for judging accident risk are not sufficiently
shared among the participating practitioners; the cognitive gap denotes the problem that
the participating practitioners’ perception of accident frequency and prevention focus are
not fully alignedwith the actual accident distribution; and the information integration gap
denotes the lack of decision‑support information that integratesmeteorological conditions,
vessel activity, accident history, and spatial risk factors and provides them by sea area and
accident‑type.

The result analysiswas conducted in four stages. First, using the survey responses, the
study quantitatively documented a consistent misalignment within the participating sam‑
ple that manifests as a lack of quantitative risk judgment criteria, a discrepancy between
on‑site perception and the actual accident distribution, and the absence of information inte‑
gration tools (RQ1). Second, by comparing the survey responses with the 2021–2023 histor‑
ical accident baseline, the study evaluated how closely perceived accident frequency and
operational prevention priority align with the actual accident distribution (RQ2). Third,
the accident‑type perceptions and prevention focus identified in the survey were mapped
onto accident‑type categorization framings to construct a practitioner‑informed model de‑
sign (RQ3). Fourth, a two‑stage framework at theH3 grid‑time row levelwas implemented,
and through Stage 1 binary accident risk estimation and Stage 2 multi‑class accident‑type
classification, the study evaluated the trade‑offs in coverage, predictive stability, and oper‑
ational interpretability across accident‑type framings (RQ4). The overall analytical work‑
flow of this study is summarized in Figure 1.

3.2. Practitioner Survey
3.2.1. Participants and Data Collection

The survey targets of this study were personnel of frontline departments under the
five Regional Headquarters of the KCG. About 54% of the final respondents were vessel‑
based personnel and about 42% were shore‑based personnel at coastal substations, situa‑
tion rooms, and similar units; thus, most of the sample corresponds to frontline operational
personnel were involved in maritime accident prevention and response.

The surveywas conducted by requesting, through the cooperation of KCGHeadquar‑
ters, that the relevant frontline departments under the five Regional Headquarters com‑
plete the questionnaire. No randomsamplingwasperformed, andneither the total number
of personnel per department nor the number of distributed questionnaires was recorded.
A formal response rate was therefore not calculated, and the results are interpreted not
as probability‑sample‑based representative estimates for the entire KCGworkforce, but as
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practitioner‑informed evidence from the 826 respondents who participated in this survey.
The survey was conducted on paper from 28 October to 14 November 2025. Of the 828 re‑
turned responses, two with missing key items were excluded, and a total of N = 826 were
used in the final analysis.

 

Figure 1.Overall research workflow. The diagram shows the full analytical pipeline, from the KCG
practitioner survey and the construction of H3 grid‑time accident–environment features to the two‑
stage accident‑type risk prediction framework.

This surveywas conducted as an anonymous, de‑identified, job‑related field needs as‑
sessment in accordance with the institutional cooperation procedures of the Korea Coast
Guard, with the aim of identifying practical requirements for developing a maritime acci‑
dent risk prediction and decision‑support framework. The response sheets were designed
so as not to directly collect personally identifiable or sensitive information, and the research
team received and analyzed only de‑identified response data. All results were reported
only at the aggregate level. As this survey was an anonymous, de‑identified, job‑related
opinion survey that did not involve interventional research or individual evaluation, prior
Institutional Review Board (IRB) review was not conducted.

Because the total number of personnel per surveyed department was not recorded,
Figure 2 summarizes the composition of the 826 final valid respondents rather than the
coverage relative to the population.

3.2.2. Survey Instrument

The survey consisted of 17 items spanning four categories. Of these, this study used
the 10 core items that are directly linked to the quantitative analysis and the research ques‑
tions. The 10 core items used in the quantitative analysis are summarized in Table 2, and
the full 17‑item questionnaire (Korean original with English translation) is provided in
Appendix A.

Table 2.The 10 survey items used in the quantitative analysis of this study.

Code Category Question Response Options

Q5 Operational
When setting accident risk zones, do you use
quantitative criteria (e.g., traffic volume, number
of departures, weather)?

1 Yes, specific criteria exist/ 2 Referenced in some
situations/ 3 Based on experience/ 4 No clear criteria/ 5
Other (free text)

Q7‑1 Perception What is themost frequent accident‑type in your
jurisdictional waters?

1 Collision/ 2 Grounding/ 3 Drift entanglement/ 4
Other (free text)

Q10 Priority Whatmaritime accident‑type is currently the focus
of prevention at your workplace?

1 Collision/ 2 Grounding/ 3 Drift entanglement/ 4
Other (free text)

Q12 Operational
Do you think a ‘common accident risk judgment
criterion’ currently exists within the Korea Coast
Guard organization?

1 Clearly exists/ 2 Some criteria are shared/ 3 Varies by
region/ 4 Does not exist/ 5 Other (free text)
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Table 2.Cont.

Code Category Question Response Options

Q13 Operational At what level do you think accident risk judgment
criteria aremainly operated?

1 Centered on headquarters‑wide common criteria/ 2
Centered on regional‑command (regional headquarters)
criteria/ 3 Centered on substation independent
judgment/ 4 Mixed form/ 5 Other (free text)

Q15 Information needs What is themost useful information the accident
prediction system should provide?

1 Weather/sea‑state information (wind speed, wave
height, etc.)/ 2 Vessel operation information (AIS,
V‑PASS, etc.)/ 3 Accident history data/ 4 Other (free text)

Q16‑1 System acceptance Are you satisfiedwith the accident‑prediction
result lookup scenario described above? 1 Satisfied/ 2 Unsatisfied/ 3 Other (free text)

Q16‑2 Explanation format
When presenting the accident risk interpretation
report, which presentation format do you find
more helpful for understanding?

1 A table format containing the observed value,
risk‑impact magnitude, and reference value for each risk
factor (see the example figure above)/ 2 A sentence‑form
explanation of the risk factors (e.g., ‘This zone has
elevated accident risk due to increasedwind speed.’)/ 3
Other (free text)

Q17‑1 Analysis scope

For the analysis results, do you prefer a
nationwide scope, or a specific zone as in the
accident risk prediction? (refer to the
trend‑analysis result lookup scenario above.)

1 Nationwide/ 2 Specific zone/ 3 Other (free text)

Q17‑2 Type scope Is there a specific range of accident‑types whose
analysis results youwould like to review? 1 All types/ 2 Specific types/ 3 Other (free text)

Figure 2. Characteristics of the survey respondents (N = 826). Each panel shows the distribution of
respondents by (a) regional headquarters, (b) work experience, (c) job type, and (d) work arrange‑
ment. Counts and percentages for all categories are given in the legends; percentages are rounded
to one decimal place and may not sum to exactly 100%.

The survey items were designed to measure the three gaps defined in Section 3.1. Q5,
Q12, and Q13 diagnose how quantified and standardizedmaritime accident risk judgment
is among the participating practitioners, and were used as evidence quantitatively demon‑
strating the operational gap—that is, the lack of accident risk judgment criteria and infor‑
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mation integration systems. Q7‑1 and Q10 are the key itemsmeasuring perceived accident
frequency and operational prevention priority, respectively, and were used to analyze the
cognitive gap and prevention‑focus alignment by comparing the survey responses with
the distribution of the actual accident data. Q15–Q17 were used as information‑need and
system‑acceptance items to identify the form inwhich accident risk prediction information
should be provided to the participating practitioners.

Q7‑1 and Q10 reach the model only through the definition of the label space: the
three accident‑types offered as explicit options in these two items form the class set of the
survey‑aligned framing (Exp A) in Section 3.4.3. No individual survey response is used as
a model input.

Because the two key comparison variables, Q7‑1 and Q10, used the same single‑
response options— 1 collision, 2 grounding/stranding, 3 drift entanglement, and
4 other—the comparison between these items and the accident data is interpreted not
as a direct comparison with the full seven‑class administrative accident taxonomy, but as
a comparison based on the survey‑presented accident categories. Accident‑types not di‑
rectly presented as survey options, such as flooding, capsizing, sinking, and contact, could
be entered through the ‘other’ option, and the free text ‘other’ responses were examined as
supplementary data to check for possible option‑presentation limitations. The categories
pre‑presented in Q7‑1/Q10were selected as operationally important accident‑types during
the design of the KCG field needs survey.

3.2.3. Survey Analysis Methods

Handling of multiple responses—because Q7‑1 and Q10 are single‑choice questions, re‑
sponses that selectedmultiple optionswere treated asmissing (no response) for that item only
and excluded from the analysis. This is an item‑levelmissing‑data treatment; for a respondent
who selected multiple options in Q7‑1 but a single option in Q10, the Q10 response is still in‑
cluded in the analysis. The valid responses used were N = 788 for Q7‑1 and N = 763 for Q10,
and the within‑respondent agreement (Cohen’s κ) between the two variables was calculated
only for theN = 741 respondents who gave a single response to both items.

Survey response proportions were summarized together with 95% confidence intervals
obtained through 5000 bootstrap resamples. The agreement between the survey response
distribution and the actual accident distribution was evaluated using a chi‑square goodness‑
of‑fit test and Cohen’s w effect size, and differences in the Q7‑1 and Q10 response distribu‑
tions by respondent characteristics (region, job type, experience) were tested using chi‑square
independence tests. The within‑respondent agreement between Q7‑1 (perceived accident fre‑
quency) and Q10 (operational prevention priority) was evaluated using Cohen’s κ.

Given that the sample size (N = 826) is relatively large, this study interpreted the re‑
sults centering on the magnitude and direction of substantive effects rather than on the
p‑value itself. Specifically, it jointly considered percentage‑point differences, bootstrap 95%
confidence intervals, effect sizes such as Cohen’s w and Cramér’s V, directional consistency
under both row‑level and incident‑level accident‑distribution criteria, and directional consis‑
tency across subgroup analyses. The comparison between the survey response distribution
and the actual accident distribution was performed against the pooled 2021–2023 historical
accident baseline defined in Section 3.3.1.

3.3. Maritime Accident Data and Feature Engineering
3.3.1. Data Sources and Spatiotemporal Coverage

The maritime accident records used were the official accident data of the Korea Mar‑
itime Safety Tribunal (KMST) (1 January 2021 to 31 December 2023, three years in total).
These data cover accidents that occurredwithinKorean territorial waters (territorial waters
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as defined by the Territorial Sea and Contiguous Zone Act) and include variables such as
accident location (latitude and longitude), time of occurrence, and accident‑type (seven ad‑
ministrative classes: collision, contact, grounding, capsizing, sinking, flooding, and drift
entanglement). The distribution of accident‑types for 2021–2023 is presented in Table 3.

Table 3.Annual distribution of maritime accident‑types, 2021–2023.

Accident‑Type 2021 2022 2023 2021–2023 Pooled

Collision 424 (35.5%) 453 (35.7%) 473 (34.0%) 1350 (35.0%)
Drift entanglement 321 (26.8%) 309 (24.3%) 402 (28.9%) 1032 (26.8%)

Flooding 162 (13.5%) 210 (16.5%) 189 (13.6%) 561 (14.5%)
Grounding 126 (10.5%) 143 (11.3%) 173 (12.4%) 442 (11.5%)
Capsizing 80 (6.7%) 91 (7.2%) 68 (4.9%) 239 (6.2%)
Sinking 44 (3.7%) 28 (2.2%) 47 (3.4%) 119 (3.1%)
Contact 39 (3.3%) 36 (2.8%) 38 (2.7%) 113 (2.9%)
Total 1196 1270 1390 3856

Because the survey for this studywas conducted in 2025 while the accident data cover
2021–2023, the survey–accident data comparison is interpreted not as same‑year validation
but as an alignment analysis with the most recent three‑year historical accident baseline.
To checkwhether using the pooled 2021–2023 accident distribution as the baseline relies ex‑
cessively on any particular year, the annual accident‑type distribution was first examined
(Table 3). A Year × Accident‑type chi‑square independence test showed that the differ‑
ences in annual distributionwere statistically significant (χ2 = 24.92, df = 12, p = 0.0152), but
the effect size was very small (Cramér’s V = 0.0568). This study therefore used the pooled
2021–2023 distribution as the empirical historical baseline representing the accident‑type
structure over the most recent three years.

Meteorological and oceanographic variables were collected through the public meteo‑
rological API provided by the Korea Meteorological Administration (KMA) and the public
data of the Korea Hydrographic and Oceanographic Agency (KHOA) [26]. Vessel activity
data were obtained by aggregating, at the time‑ and grid‑cell‑level, the AIS‑based vessel activ‑
ity information provided by the General Information Center onMaritime Safety and Security
(GICOMS) operated by the Ministry of Oceans and Fisheries [27]. Static spatial variables (dis‑
tance to ports, bridges, buoys, aquaculture farms, anchorages, and reefs; water depth) were
obtained from spatial data of the Ministry of Oceans and Fisheries. Vessel activity volume
was aggregated at the time‑ and grid‑cell‑level from the vessel activity records.

The spatial unit of analysis is the H3 [5] grid. H3 assigns each cell a unique hierar‑
chical index, which makes it easy to combine, aggregate, and retrieve heterogeneous data
such as accidents, weather, vessel density, and spatial factors within the same spatial unit;
because the cells are hexagonal, the distances to all six neighboring cells are uniform, so
area and shape distortion is smaller than with a rectangular latitude–longitude grid; and
the resolution can be adjusted hierarchically, allowing everything from wide sea areas to
port‑level areas to be handled within the same system. Using this hierarchical structure,
and to spatially reflect the difference between the high activity and accident density of the
coast and the low density of the open sea in Korean territorial waters, this study applied
H3 resolution 8 (cell area≈ 0.74 km2) to coastal areas and resolution 7 (cell area≈ 5.16 km2)
to the open sea. This mixed‑resolution designmitigates data sparsity in the open sea while
preserving the hexagonal shape and hierarchical relationships of H3, and is therefore used
as a natural unit for the spatially contiguous block cross‑validation (Section 3.4.6). The
coverage and a visual example of the mixed‑resolution structure are presented in Figure 3.
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Figure 3.Coverage of themixed‑resolutionH3 grid over the territorial waters of Korea. (a) shows the
overall distribution ofH3 cells with observed vessel activity during 2021–2023; (b) shows an example
area off the southern coast where coastal resolution 8 and offshore resolution 7 are jointly applied.

The coastal and open‑sea areas are not defined ad hoc. They follow the sea‑area classi‑
fication of the Korean marine environmental standards, which divides the waters around
the Korean peninsula into ten areas—five designated as coastal and five as open sea—each
delimited by a listed set of boundary coordinates. Areas designated as open sea were as‑
signed resolution 7 and the remaining areas resolution 8. Land was removed using the
2025 national coastline layer, the coastal grid was taken as the intersection of the coastal
areas with the resulting sea surface, and the open‑sea grid as the remainder. Resolution‑8
cells were then generated over the whole sea surface and resolution‑7 cells over the open‑
sea surface, and every resolution‑8 child of a selected resolution‑7 cell was removed from
the coastal set. The grid therefore contains 330,481 cells at resolution 8 and 66,164 cells
at resolution 7, of which 27,054 and 5439 respectively carry observed vessel activity and
enter the dataset. Because the children of the selected resolution‑7 cells are excluded from
the resolution‑8 set by construction, no location is covered by cells of both resolutions: the
intersection between the resolution‑8 coastal set and the 463,148 resolution‑8 children of
the resolution‑7 cells is empty, and no coastal cell has a resolution‑7 parent that belongs to
the open‑sea set. Exposure variables are therefore accumulated once per location, and no
area is counted at both resolutions.

3.3.2. H3 Grid Mapping and Stage 1 Dataset Construction

Each accident recordwasmapped to the correspondingH3 cell and time bucket based
on its location and time of occurrence, and defined as an accident row (positive sample)
of the form (h3_cell, occurred_at, accident_type). Non‑accident rows (negative samples)
were constructed by random sampling from (h3_cell, time bucket) combinations in which
vessel activity was observed during the same period but no accident was recorded. This
procedure prevents trivial negative samples, in which no vessel is present, from being in‑
cluded in model training.

The final Stage 1 dataset comprised 42,416 rows in total, consisting of 3856 accident rows
and 38,560 non‑accident rows. The non‑accident rows were sampled to be ten times the num‑
ber of accident rows. Whether the training partition should be undersampled further was
examined with eight settings (1:1 to 8:1, and the 10:1 design retained without further under‑
sampling) and five random seeds each, compared on the validation partition; the validation
and test partitions were always kept at the 10:1 distribution (Appendix D, Table A9). Settings
from 4:1 to the retained 10:1 design are statistically indistinguishable. No further undersam‑
pling was applied, since within that equivalent set it is the only setting that discards none of
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the available training data. The train, validation, and test splits were constructed by year, set
to 14,385 rows for 2021, 14,069 rows for 2022, and 13,962 rows for 2023.

Because collision inherently involves two or more vessels, verification based on mar‑
itime accident record numbers confirmed that 98.49% of collision incidents were multi‑
vessel. By contrast, the multi‑vessel proportion of the remaining accident‑types was below
7%, corresponding mostly to single‑vessel incidents. In the model training pipeline, this
study retained each multi‑vessel sub‑event—that is, the record of one vessel involved in a
single incident—as an independent training sample. Accordingly, the perception–reality
comparison reports both row‑level and incident‑level normalization.

3.3.3. Feature Engineering

All features in this study were limited to information observable before an accident
occurs; post‑accident information such as damage extent, dispatched resources, and casual‑
ties was entirely excluded. The feature categories and variable composition are organized
in Table 4. Stage 1 (accident/non‑accident detection) and Stage 2 (accident‑type classifica‑
tion) use the same total of 72 features (70 numerical + 2 categorical).

Table 4. Feature categories and number of variables.

Category Count Variables

Weather: base (t) 13

Water temperature/salinity/significant wave height/maximum
wave height/meanwave height/wave period/air temperature/air

pressure/wind speed/maximum instantaneous wind
speed/current speed/tidal level, precipitation

Weather: lag (1/2/3/6/12/24 h) 18 Wind speed/current speed/tidal level× 6 steps

Weather: delta (1/2/3/6/12/24 h) 18 Change in wind speed/current speed/tidal level× 6 steps

Distance: distance to facilities 18
dist_nearest_* (AnchorageArea, Beacon (4 types), Bridge, Buoy
(7 types), FishingFacility, OffshorePlatform/ProductionArea,

ShorelineConstruction, pile)

Spatial: spatial information 1 sea_region

Time 3 dayofweek, season_num, season_name

Ship/vessel 1 total_ship_count

Total 72

The asterisk in dist_nearest_* is a wildcard denoting the facility‑specific distance variables listed in parentheses
(e.g., dist_nearest_Bridge).

To prevent themodel fromdirectlymemorizing the location of a specificH3 cell, exact
coordinate variables such as h3_lat and h3_lon were excluded from the training features.
Instead, only variables usable at the operational stage—such as environment, distance to
facilities, time, and vessel activity volume—were used, and the effect of residual spatial
leakage was evaluated through the cross‑validation designs in Section 3.4.6.

The missing‑value rate of the environmental variables varied by variable. The vari‑
ables with high missing rates, ‘maximum wave period’ (69.8%) and ‘significant wave pe‑
riod’ (66.0%), were excluded from the training features because noise was judged likely
to dominate after imputation; no fixed exclusion threshold was applied in advance, and
these were the only two variables whose missing rate was far above that of the remaining
environmental variables. Missing values of the remaining numerical features were han‑
dled by train‑fold median imputation, and categorical features (sea_region, season_name)
were handled using LightGBM’s native categorical handling without one‑hot encoding.

Variables that cannot be used directly for operational‑stage accident risk estimation or
that pose leakage concerns were also excluded. Because the tonnage of the vessel involved
is information attributed to an individual accident record only after the accident occurs,
it was not used as an input for grid‑time risk scoring. The water‑depth variable was not
included in themain operational feature set because some sea areas showed spatially struc‑
tured missingness and large differences in coverage.
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The H3 grid‑based data construction procedure and the composition of the final oper‑
ational feature set are presented in Figure 4. Figure 4 shows the process by which accident
records, meteorological and oceanographic variables, vessel activity volume, and static
spatial risk factors are combined into the same H3 grid‑time row.

Figure 4. Construction procedure of the H3 grid‑time operational feature set. Accident records,
meteorological–oceanographic variables, vessel activity, and static spatial risk factors were mapped
onto H3 grid‑time rows.

3.4. Two‑Stage Framework
3.4.1. Two‑Stage Conditional Risk Decomposition

This study aims to jointly estimate, at the H3 grid‑time row level, the probability of ac‑
cident occurrence and the relative risk of each accident‑type. The accident‑type label is not
a value that exists independently for every row; it has meaning only in rows where an acci‑
dent occurred. Therefore, this study did not construct accident‑type prediction directly as
a singlemulti‑class classification, but instead used a two‑stage structure that first estimates
whether an accident occurs and then estimates the accident‑type distribution conditional
on accident occurrence.

This design draws conceptual motivation from a two‑part decomposition perspective
that first distinguishes zero from non‑zero outcomes and then separately models the de‑
tailed distribution of non‑zero outcomes. In this study, this perspective was applied not
to accident‑count prediction but to the problem of estimating accident‑type‑specific risk,
where the non‑zero outcome corresponds to the case in which an accident occurred in that
grid‑time row. In Stage 1, a LightGBM‑based binary classifier produces an accident risk
score for each grid‑time row, and in Stage 2, a LightGBM‑based multi‑class classifier esti‑
mates the accident‑type distribution conditional on accident occurrence.

Because Stage 1 was trained and evaluated on an active‑vessel grid‑time dataset in
which non‑accident rows were about 10 times the accident rows, the Stage 1 output is
interpreted not as an absolute accident‑occurrence probability in the operational environ‑
ment but as a relative accident risk score across grid‑time rows. Accordingly, the final
accident‑type‑specific output is also interpreted not as a calibrated probability but as a
model‑derived type‑specific risk score that combines the accident risk screening scorewith
the conditional accident‑type distribution.
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The final accident‑type‑specific risk score is computed by combining the Stage 1 acci‑
dent risk score with the Stage 2 conditional accident‑type score, as in Equation (1).

Rk(x) = sA(x) · P(Y = k|A = 1, x) (1)

Here, Rk(x) denotes the model‑derived risk score for accident‑type k in grid‑time row
x, and sA(x) denotes the relative accident risk score produced in Stage 1. A = 1 denotes the
case in which an accident occurred in that grid‑time row, and Y = k denotes accident‑type
k. Through this structure, Stage 1 prioritizes grid‑time rows with high accident risk, and
Stage 2 estimates which accident‑type carries relatively higher risk given that an accident
occurs. Section 3.4.3 then compares the survey‑aligned, data‑aligned, union, sufficient‑
sample, and full administrative (7‑class) framings on the same Stage 2 structure to evalu‑
ate the effect of the accident‑type categorization method on predictive stability and opera‑
tional interpretability.

3.4.2. Stage 1: Binary Accident Risk Estimation

Stage 1 is a binary classifier that produces a relative accident risk score for an arbitrary
H3 grid‑time row. In this study, a LightGBM‑based binary classifier was trained. The
classification threshold was not fixed in advance but selected as the value that maximizes
macro F1 on the validation set. This setting balances the classification performance of the
two classes under the imbalanced accident/non‑accident condition. In addition, to check
whether themodel simply relies on the past accident frequency of a specificH3 cell, a naive
cell‑historical‑rate baseline that uses the per‑cell accident rate observed during the training
period directly as the risk score was also evaluated.

3.4.3. Stage 2: Multi‑Class Accident‑Type Classification

Stage 2 classifies the accident‑type as a multi‑class problem under the assumption that
an accident occurs. To evaluate the effect of categorization framing, this study compared five
framings under identical data conditions and a common tuning protocol (Table 5). The five
framings were ordered from fewer tomore training classes, so that the effect of categorization
granularity on prediction performance and operational interpretability could be evaluated.

Table 5. Stage 2 categorization framing experiments. The five framings were constructed to compare
the trade‑off in coverage, granularity, macro F1, and Top‑K hit rate of the accident‑type label space
under a common LightGBM training and tuning protocol (Appendix D).

Exp Framing Training Classes No. of Classes Classes

A Survey‑aligned Collision/Grounding/Drift entanglement 3
B Data‑aligned Collision/Drift entanglement/Flooding 3

C Union (A ∪ B) Collision/Grounding/Drift
entanglement/Flooding 4

D Sufficient‑sample Collision/Drift entangle‑
ment/Flooding/Grounding/Capsizing 5

E Administratively complete All seven administrative classes 7

Section 4.5 evaluates the five framings side by side on the same metrics. Exp A is a
survey‑aligned 3‑class framing based on the explicit options of survey items Q7‑1 and Q10,
and Exp B is a data‑aligned 3‑class framing using the three most frequent accident‑types
in the actual accident data. Exp C is a 4‑class union framing combining the class sets of
Exp A and Exp B, constructed to compare the difference between survey‑based categories
and data‑frequency‑based categories within a single label space.

Exp D is a sufficient‑sample 5‑class framing, including the five accident‑types for
which at least 50 accident rows are observed in each train/validation/test split. This set‑
ting prioritizes training stability by excluding extrememinority classes with very few sam‑
ples, such as sinking and contact. Exp E is an administratively complete 7‑class framing
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including all seven administrative accident‑types, corresponding to a boundary case that
maximally expands accident‑type coverage and categorization granularity.

Because the survey option ‘other’ consists of free text responses and includes items
outside the administrative accident‑types or mixtures of several types, it was not trained
as a separate fixed class. Accordingly, Exp A was constructed as a survey‑aligned fram‑
ing including only the three accident‑types explicitly presented in the survey: collision,
grounding, and drift entanglement.

Across the five framings, Stage 2 used the same learner (LightGBM multi‑class), the
same feature set, the same temporal split, the same class‑balancedweighting, and the same
hyperparameter selection protocol. The hyperparameter values themselves were selected
separately for each framing by the same Optuna procedure on the 2022 validation parti‑
tion, so that no framing is advantaged or disadvantaged by a value set chosen for a differ‑
ent number of classes. The complete configuration is reported in Appendix D. This made
it possible to compare the effect of the accident‑type label space definition on prediction
performance and operational interpretability, rather than the effect of differences in the
learner, the feature set, or the evaluation design.

3.4.4. Algorithm Selection

To ensure consistency in the comparison across accident‑type framings, this study
used LightGBM as the reference learner. LightGBM is a gradient‑boosting decision‑tree
model that can effectively handle tabular features with different scales and nonlinear re‑
lationships, such as meteorological and oceanographic variables, vessel activity volume,
distance to facilities, and time variables. In particular, because it can learn nonlinear rela‑
tionships and interactions among variables without assuming an explicit functional form,
it is suitable for a setting such as this one that combines heterogeneous operational features.

In addition, because LightGBM supports efficient iterative training by combining
histogram‑based learning with Gradient‑based One‑Side Sampling (GOSS) and Exclusive
Feature Bundling (EFB) [28], it is suitable for the experimental structure of this study, in
which the Stage 1 and Stage 2 models must be evaluated together with multiple accident‑
type framings, temporal splits, threshold analyses, and spatial robustness checks. Light‑
GBM and other gradient‑boosting models have also shown competitive performance in
priormaritime accident prediction studies [11,14]. This study therefore focuses not on com‑
paring the best performance across algorithms, but on evaluating how the accident‑type
label space design affects coverage, macro F1, Top‑K hit rate, and operational interpretabil‑
ity under the same learner conditions.

All analyses were implemented in Python 3.12.5 (Python Software Foundation, Wilm‑
ington, DE, USA) using LightGBM 4.6.0 (Microsoft Corporation, Redmond, WA, USA) and
Optuna 4.8.0 (Preferred Networks, Inc., Tokyo, Japan).

3.4.5. Evaluation Metrics

To evaluate the ranking ability and screening utility of accident/non‑accident rows,
Stage 1 reported the receiver operating characteristic area under the curve (ROC‑AUC), the
precision–recall area under the curve (PR‑AUC), positive recall/precision, and top‑decile
lift. The classification threshold was selected as the value that maximizes macro F1 on the
validation set, and the threshold sensitivity is presented in Appendix B.

The way Stage 1 and Stage 2 are combined and interpreted as an accident‑type‑specific
grid‑level risk score, together with the overall evaluation design, is summarized in Figure 5.
Figure 5 shows the process of producing type‑specific risk through Stage 1 accident risk es‑
timation, Stage 2 conditional accident‑type classification, and the combination of the two
scores.
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Figure 5.Two‑stage accident‑type risk decomposition and evaluation design. The figure shows how
the Stage 1 accident risk score and the Stage 2 conditional accident‑type distribution are combined
to produce a grid‑level, type‑specific risk score.

To evaluate the trade‑off across accident‑type framings, Stage 2 reported accident cov‑
erage, macro F1, and Top‑2 and Top‑3 hit rates. Macro F1 was used as the primary metric
to reflect the performance of each class in a balancedmanner in accident‑type classification
where class imbalance exists.

End‑to‑end performance was evaluated using an accident‑only cascaded Top‑K met‑
ric on the actual accident rows. This metric reflects the overall decision‑support perfor‑
mance in which Stage 1 accident risk screening and Stage 2 accident‑type candidate pre‑
sentation are combined. A direct quantitative performance comparison with prior studies
was not performed, because the target sea area, the accident‑type label space, the unit of
analysis, the sampling strategy, and the evaluation partition differ across studies.

3.4.6. Spatially Contiguous Block Cross‑Validation

To check whether the model performance is overestimated due to repeated exposure
to the same H3 cell and to spatial autocorrelation between neighboring cells, a spatially
contiguous block 5‑fold cross‑validation [29,30] was additionally performed.

To this end, the 32,493 unique H3 cells in Korean territorial waters were assigned
to five blocks by k‑means clustering on their centroid latitude and longitude (k = 5, ran‑
dom_state = 42, 10 initialisations), which places each block in one compact sea area. The
number of blocks was set to five: with fewer blocks each foldwould hold out a larger share
of the data, while with more blocks each block would be smaller and a larger proportion
of test cells would lie on a block boundary. The cell set, C, is therefore partitioned into five
disjoint blocks, and in each fold the entire set of cells in one block was used as the test set
and the remaining blocks as the training set, so that the cells surrounding a test cell are
themselves held out, except along the boundary between blocks. The centroid coordinates
are used only for this assignment and are never used as model features. This partition is
defined as in Equation (2):

C =
5⊔

b=1

Bb, Bb ∩ Bb′ = ∅ for all b ̸= b′ (2)
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Here,
⊔
denotes a disjoint partition. Fold b uses Bb as the test set and C ∖ Bb as the

training set, and a cell overlap of 0 between train and test is enforced. Because the mixed‑
resolution grid of this study (coastal resolution 8, open‑sea resolution 7) covers the area
without overlap, each location corresponds to a single cell, so parent–child overlap prob‑
lems do not arise. This cross‑validation was applied only to the Stage 1 binary classifier.
Themean and standard deviation of ROC‑AUCacross foldswere computed and compared
with the year‑based temporal holdout results. Region‑level generalization at the Regional
Headquarters level remains outside the scope of this design and is discussed as a limitation
of this study.

4. Results
This section reports RQ1–RQ4, stated in Section 1, in order. Test statistics and effect

sizes are presented together in the relevant results subsections.

4.1. Operational and Information Integration Gap
4.1.1. Limited Use of Quantitative and Standardized Risk Criteria

These three items jointly diagnose whether accident risk judgment is based on quan‑
titative evidence (Q5), whether it is shared as a common criterion within the organization
(Q12), and at which operational level—Headquarters, Regional Headquarters, or coastal
substation—such criteria are formed (Q13).

The proportion of respondents who reported explicitly using quantitative risk criteria
was only 15.2% (Q5 � Specific criteria), while the restwere distributed across qualitative ref‑
erence (65.0%), experience‑based judgment (10.4%), and the absence of clear criteria (8.4%),
and other free‑text responses (1.0%). The proportion reporting that common risk judgment
criteria ‘clearly exist’ across Regional Headquarters was 10.2% (Q12 � Clearly exists), and
the proportion reporting the operation of unified criteria at the Headquarters level was
9.6% (Q13 � HQ unified). The three items (Q5, Q12, Q13) consistently show the absence of
quantitative criteria and the lack of standardization across Regional Headquarters and at
the Headquarters level (Figure 6).

Figure 6. Distribution of responses related to the operational gap. Based on Q5, Q12, and Q13, the
figure showswhether quantitative risk criteria are used, whether shared organizational criteria exist,
and the operational level at which accident risk criteria are formed. The narrow grey segment at the
right end of each bar corresponds to ‘Other’ (free‑text) responses; in Q12, the 2.1% segment denotes
‘Does not exist’. N differs across items because of item‑level missing responses.

4.1.2. Demand for Data‑Driven Decision Support

To diagnose the second aspect of RQ1, the participating practitioners’ acceptance of
information integration tools, this study analyzed responses to five items: acceptance of
AI decision support (Q16‑1), preferred explanation format (Q16‑2), preferences regarding
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analysis scope and accident‑type separation (Q17‑1, Q17‑2), and information priority (Q15).
Together, these five items indicate the form and operational scope in which the participat‑
ing practitioners want AI‑based information to be provided (Figure 7).

Figure 7. Distribution of responses related to information needs and AI receptiveness. Based on
Q15–Q17, the figure shows responses on priority information, satisfaction with the AI prediction
scenario, preferred explanation format, analysis scope, and accident‑type scope. Grey segments at
the right end of each bar correspond to ‘Other’ (free‑text) responses; those too narrow to carry an
on‑chart label are shown without one, and in Q16‑2 only the percentage is shown. N differs across
items because of item‑level missing responses.

Satisfaction with the AI‑based accident‑prediction scenario was 80.1% (Q16‑1 Satis‑
fied), and for the risk‑explanation format, preference for a table form was 68.6% (Q16‑2
Table form), greatly exceeding preference for a sentence form (28.9%). Regarding analysis
scope, a specific‑area unit (80.2%, Q17‑1 Specific area) was overwhelmingly preferred over
a nationwide unit (19.3%), and regarding accident‑type scope, selection of specific types
(56.6%, Q17‑2 Specific types) was somewhat more prevalent than all types (43.0%). The
information that the AI system should provide first was vessel‑traffic information (45.9%,
Q15 Vessel‑traffic), followed by meteorological and sea‑state information (30.2%) and acci‑
dent history (23.6%).

The response patterns of these five items show that (i) the participating practition‑
ers want information provided in a standardized table form and based on specific sea ar‑
eas and specific accident‑types, and (ii) when these conditions are met, their acceptance
of AI‑based risk information is high. Combined with the operational‑gap diagnosis in
Section 4.1.1, this supports framing the system as a grid‑level decision‑support form con‑
sistent with field acceptance.

4.2. Survey‑Framed Perception–Baseline and Prevention‑Focus Mismatch
4.2.1. Perceived Accident Frequency Versus Historical Accident Baseline

The comparison of the accident‑type perceived as most frequent in the respondents’
jurisdictional waters (Q7‑1, N = 788) with the 2021–2023 Korean territorial‑waters accident
baseline (N = 3856) is presented in Table 6. Collision perceptionwas 6.2%, 28.8 percentage
points (pp) below the actual accident distribution of 35.0%, whereas drift entanglement
perception was 61.4%, 34.7 pp above the actual distribution of 26.8%. The differences
from the actual distribution for grounding and ‘other’ responses were relatively small,
within ±10 pp. The goodness‑of‑fit test showed that the difference between the survey re‑
sponse distribution and the actual accident distribution was statistically significant, with
χ2(3) = 587.72, p < 10−15, and Cohen’s w = 0.864, corresponding to a large effect.
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Table 6.Q7‑1 perception versus accident baseline (4‑class, row‑level).

Category Count Survey % (95% CI) Reality % ∆pp

Collision 49 6.2 [4.6, 8.0] 35.0 −28.8
Grounding 127 16.1 [13.7, 18.6] 11.5 +4.7

Drift entanglement 484 61.4 [58.0, 64.7] 26.8 +34.7
Other 128 16.2 [13.7, 18.9] 26.8 −10.5

The results in Table 6 are based on the row‑level baseline including multi‑vessel sub‑
events (N = 3856). However, because 98.5% of collision accidents are multi‑vessel inci‑
dents (Methods Section 3.3.2), the share of collision accidents may appear larger on a row‑
level basis than on a per‑incident basis. To check this, the same analysis was performed
again with the incident‑level baseline of unique incidents (N = 3108 incidents). As a re‑
sult, the perception–baseline difference for collision narrowed from −28.8 pp to −15.2 pp,
and the difference for drift entanglement also narrowed from +34.7 pp to +28.6 pp. Co‑
hen’s w, representing the overall distributional difference, likewise decreased from 0.864
to 0.662, but still corresponded to a large effect. That is, although the magnitude of the
perception–reality gap depends on whether row‑level or incident‑level normalization is
used, the direction—drift entanglement being over‑perceived and collision being under‑
perceived relative to reality—was consistently maintained under both criteria (Figure 8).

Figure 8. Alignment between survey responses and the empirical accident‑distribution baseline.
(a) compares Q7‑1 perceived accident frequency (left) and Q10 operational prevention priority
(right) against the row‑level baseline; (b) shows the same comparison against the incident‑level base‑
line. Each line indicates the direction and magnitude of the survey response relative to the em‑
pirical baseline, and the vertical error bars denote the bootstrap 95% confidence intervals of the
survey‑response proportions.
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4.2.2. Prevention Focus Shows a Different Alignment Pattern

The responses on the accident‑type prioritized for prevention at the workplace (Q10,
N = 763) were compared with the same 2021–2023 accident baseline, with the results pre‑
sented in Table 7. The prevention focus in Q10 tended to align more closely with the ac‑
tual accident distribution than the perceived accident frequency in Q7‑1. Collision prior‑
ity was 30.0%, 5.0 percentage points (pp) below the actual accident distribution of 35.0%,
indicating mild under‑allocation, while drift entanglement was 32.4%, 5.6 pp above the
actual distribution of 26.8%, indicating mild over‑allocation. By contrast, grounding was
24.2%, 12.8 pp above the actual distribution of 11.5%, showing the most pronounced over‑
allocation among the three types.

Table 7.Q10 priority versus accident baseline (4‑class, row‑level).

Category Count Survey % (95% CI) Reality % ∆pp

Collision 229 30.0 [26.9, 33.2] 35.0 −5.0
Grounding 185 24.2 [21.2, 27.3] 11.5 +12.8

Drift entanglement 247 32.4 [29.1, 35.6] 26.8 +5.6
Other 102 13.4 [11.0, 15.9] 26.8 −13.4

In terms of the overall distributional difference, the goodness‑of‑fit result between Q10
and the actual accident baseline was χ2(3) = 174.35, p < 10−35, and Cohen’s w = 0.478,
corresponding to a medium effect. This is a milder level than the large mismatch observed in
Q7‑1 perception, showing that the participating practitioners’ ‘perception of themost frequent
accident‑type’ diverges greatly from the actual accident distribution, whereas ‘the accident‑
typeprioritized forpreventionat theworkplace’ is adjusted relativelymore closely to the actual
accident distribution.

In terms of effect size, the perception–baseline mismatch was about 1.81× larger than
the priority–baseline mismatch. This shows that, for the participating practitioners, ‘the
accident‑type perceived as frequent’ and ‘the accident‑type prioritized for prevention’ are
not responses at the same level. That is, accident‑frequency perception diverges greatly
from the actual accident distribution, whereas operational priority is adjusted relatively
more closely to the baseline. This asymmetry is interpreted in Section 5.2 as a separation
between the perception layer and the operational‑priority layer, and the main patterns
under row‑level and incident‑level normalization are presented in Figure 8.

4.2.3. Limited Within‑Respondent Agreement Between Perception and Prevention Focus

Within‑respondent agreement was computed for the respondents who gave a single
response to both Q7‑1 and Q10 (N = 741). The observed agreement was po = 0.528 and the
agreement expected by chance was pe = 0.283, yielding a Cohen’s κ of 0.342, correspond‑
ing to a fair level of agreement. That is, although the probability that the same respondent
selects the same accident‑type for perception and priority was clearly higher than chance
expectation, the two responses cannot be regarded as strongly concordant. In particular, of
the 455 respondentswho perceived ‘drift entanglement’ as themost frequent accident‑type
in Q7‑1, 135 (29.7%) selected ‘collision’ as the priority prevention accident‑type in Q10.

4.2.4. Subgroup Robustness Across Region, Job, and Experience

To check whether the gaps in Sections 4.2.1–4.2.3 were driven by particular respon‑
dent groups, chi‑square independence tests were performed between the three axes—
Regional Headquarters, job, and work experience—and the Q7‑1 and Q10 responses. The
results are organized in Appendix C (Table A5). Region and job showed small‑to‑medium
associations with both Q7‑1 and Q10, with Cramér’s V in the range of 0.135–0.200. This
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indicates that accident‑type perception and prevention priority may vary somewhat with
the regional operating environment or job characteristics.

By contrast, work experience showed almost no association with Q7‑1 perception
(V = 0.040, p = 0.987). For Experience × Q10, V = 0.095 and p = 0.058 indicated a borderline
association, but the effect size was still small. Therefore, the differences in accident‑type
perception and prevention priority are interpreted not as being explained by a particular
experience group, but as a pattern that, while partly influenced by region‑ and job‑specific
operational contexts, appears consistently at the overall sample level.

Furthermore, in a separate subgroup robustness analysis, the direction of the perception–
reality gap was maintained in all 16 subgroups, including 5 regions, 5 jobs, 5 experience
groups, and overall. Specifically, in every subgroup, collision was under‑perceived (collision
under‑perception ≤ −25.1 pp) and drift entanglement was over‑perceived (drift entangle‑
ment over‑perception ≥ +14.6 pp; Appendix C, Table A3). The perception–reality mismatch
can therefore be interpreted not as a within‑sample artifact produced by particular region, job,
or experience groups, but as a consistent pattern within the participating sample.

4.2.5. Robustness Checks

Three additional robustness analyses were performed to confirm that the conclusions
of Sections 4.2.1 and 4.2.2 are robust to normalization and response‑format choices.

(a) The accident baseline was defined both at the row level (including multi‑vessel sub‑
events) and at the incident level (unique incidents), and the same analysis was repeated; as
a result, the core pattern was confirmed to hold. For Q7‑1 perception, the over‑perception
of drift entanglement showed Cohen’s w = 0.864 at the row level and w = 0.448–0.926 at the
incident level per region, ranging from medium to large effect sizes. The main direction was
likewise preserved for Q10 priority. This shows that the conclusions of Sections 4.2.1 and 4.2.2
do not depend solely on row‑level normalization.

(b) 3‑class normalized (excluding ‘Other’). To check the effect of how ‘other’ responses
are handled, the response proportions were renormalized using only the three accident‑
types explicitly presented in the survey (collision, grounding, and drift entanglement). As
a result, Q7‑1 perception showed Cohen’s w = 0.848 at N = 660 (large effect), and Q10 pri‑
ority showed Cohen’s w = 0.366 at N = 661 (medium effect). As in the 4‑class analysis,
this means that the perception–baseline mismatch is larger than the priority–baseline mis‑
match. The perception/priority asymmetry is therefore interpreted as being maintained
regardless of whether ‘other’ responses are included.

(c) Free‑text check for option‑presentation bias. To check the effect of how the survey
options were presented, the free‑text ‘other’ responses to Q7‑1 and Q10 were examined. In
Q7‑1, 126 of the 128 respondents who selected ‘other’ provided an entry, giving 138 entries
in total; engine failure was written by 100 respondents, whereas flooding was written by
none (see Section 5.3 for the full breakdown). This suggests that the over‑reporting of
drift entanglement observed in Q7‑1 perception is difficult to attribute simply to an option‑
presentation effect. At the same time, it shows that accident types outside the seven‑class
taxonomy—such as engine failure, marine pollution, and personal‑injury accidents—are
perceived by the participating practitioners as a separate operational burden.

(d) Region‑matched baselines. Because respondents answered about their own juris‑
dictional waters while the main comparison uses the national distribution, the Q7‑1 com‑
parison was repeated with region‑matched baselines: each Regional Headquarters was
mapped to its jurisdictional sea area (West Sea and Central HQ to the West Sea; South Sea
and Jeju HQ to the South Sea, all 428 Jeju‑area accident rows carrying the South Sea label;
East Sea HQ to the East Sea), and each headquarters’ response distribution was compared
against the accident‑type distribution of its own sea area. The mismatch persisted in every
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matched region (Cohen’s w = 0.60–1.19), with collision under‑perceived and drift entangle‑
ment over‑perceived in all five headquarters, and pooling respondents against a survey‑
composition‑weighted regional baseline yields w = 0.839, essentially unchanged from the
national‑baseline value of 0.864; the accident‑type shares themselves vary onlymoderately
across the three sea areas (collision 28.9–40.6%, drift entanglement 24.0–32.8%).

(e) Baseline‑year sensitivity. Because the surveywas conducted in 2025 while the acci‑
dent baseline covers 2021–2023, the Q7‑1 andQ10 comparisons were repeated against each
single‑year baseline. The accident‑type shares vary little across the three years (collision
34.0–35.7%, grounding 10.5–12.4%, drift entanglement 24.3–28.9%), and the mismatch per‑
sists against every single‑year baseline: Cohen’s w is 0.872, 0.940 and 0.795 for Q7‑1 and
0.518, 0.517 and 0.415 for Q10 against the 2021, 2022 and 2023 baselines respectively, com‑
pared with 0.864 and 0.478 against the pooled baseline (all p < 10−27). The 2023 baseline,
the one closest to the survey date, gives the lowest value for both items: 0.795 for Q7‑1, still
a large effect, and 0.415 for Q10, in the same medium range as the pooled baseline.

(f) Clustered bootstrap. Respondents are nested within Regional Headquarters and
departments, so the respondent‑level bootstrap described in Section 3.2.3 assumes an in‑
dependence that may not hold. The Q7‑1 and Q10 proportions were therefore recomputed
with a cluster bootstrap that resamples clusters rather than individual respondents, using
Regional Headquarters (5 clusters) and departments (426 clusters for Q7‑1, 419 for Q10)
in turn, with 5000 resamples each. Department‑level clustering gives intervals close to the
respondent‑level ones, sincemore than half of the departments contributed a single respon‑
dent (244 of 426 for Q7‑1, 239 of 419 for Q10). Regional‑Headquarters clustering, with only
five clusters, widens them substantially, but the two proportions that carry the Q7‑1 mis‑
match remain separated from the baseline: collision 6.2% (95% CI 3.8–8.2) against a base‑
line of 35.0%, and drift entanglement 61.4% (50.9–71.9) against 26.8%. For Q10, grounding
24.2% (22.0–27.2) against 11.5% and the residual category 13.4% (9.2–18.2) against 26.8%
likewise remain separated, whereas the collision and drift entanglement intervals widen
to include the baseline.

4.3. Survey‑Informed Accident‑Type Framing

Section 4.2 confirmed that, within the accident‑type categories presented in the sur‑
vey, a clear mismatch exists between the participating practitioners’ perceived accident
frequency and the 2021–2023 empirical accident baseline. In particular, drift entangle‑
ment was perceived with a higher perceived accident frequency than its actual distribu‑
tion, whereas collision tended to be perceived as lower. By contrast, operational preven‑
tion priority showed a different alignment pattern from perceived accident frequency, sug‑
gesting that accident‑type‑specific prevention priority is formed as a separate operational‑
judgment layer rather than a mere repetition of frequency perception.

These results show that accident‑type‑specific risk judgment requires a practitioner‑
informed framing that considers both on‑site perception and past accident frequency to‑
gether, rather than relying on either alone. Accordingly, to connect the survey–accident‑
distributionmismatch of Section 4.2 tomodel design, this section defines five accident‑type
label framings based on the accident‑type categories identified in the survey and the em‑
pirical distribution of the actual accident data. Section 4.5 then compares, on the same
two‑stage framework, the trade‑offs that each framing creates among accident coverage,
class granularity, predictive stability, and operational interpretability.

4.3.1. Coverage–Granularity Trade‑Off Across Five Framing Designs

The training classes of the five accident‑type framings compared in Stage 2 and the
accident distribution by train/validation/test split are organized in Table 8. Based on all
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N = 3856 accidents in 2021–2023, coverage by framing increases as Exp A 73.2%, Exp B
76.3%, Exp C 87.8%, Exp D 94.0%, and Exp E 100.0%. Here, coverage denotes the pro‑
portion of all 2021–2023 accidents that fall into the training classes of the given framing.
Figure 9 visually shows the class composition and coverage change in each framing.

Table 8. Stage 2 categorization framing class definitions and split distributions.

Exp Framing Classes No. of Classes Classes Coverage Train (2021) Val (2022) Test (2023)

A Survey‑aligned Collision ·Grounding ·Drift
entanglement 3 73.2% 871 905 1048

B Data‑aligned Collision ·Drift entanglement ·
Flooding 3 76.3% 907 972 1064

C Union (A ∪ B) Collision ·Grounding ·Drift
entanglement · Flooding 4 87.8% 1033 1115 1237

D Sufficient‑sample Collision ·Drift entanglement ·
Flooding ·Grounding · Capsizing 5 94.0% 1113 1206 1305

E Administratively complete All 7 classes 7 100.0% 1196 1270 1390

Figure 9. Composition of the Stage 2 accident‑type framings. The figure compares the class compo‑
sition and accident coverage of the five framings (A–E).

The five framings were therefore designed as a comparison structure that progres‑
sively expands accident coverage and class granularity.

4.3.2. Positioning the Survey‑Aligned Framing Relative to Data‑Aligned and
Administrative Framings

The survey‑aligned framing and the data‑aligned framing both included the two ma‑
jor accident‑types of collision and drift entanglement. Because these two types account
for 61.8% of all accident rows, the accident‑types presented in the survey can be regarded
as partially reflecting the main structure of the actual accident distribution. However, the
two framings differ in one important respect. Grounding is included among the survey’s
explicit options but not among the top three types by actual accident frequency, whereas,
conversely, flooding is among the top three types by actual accident frequency but is not
explicitly listed among the survey options.

This difference shows that the survey‑aligned framing reflects accident‑types that are
operationally more recognizable to the participating practitioners or more readily linked
to prevention activities, whereas the data‑aligned framing reflects types that are frequent
in the accident records. Accordingly, the union and extended framings are interpreted
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not as simple variants of the same label space, but as a stepwise design for comparing
how practitioner alignment, empirical coverage, class granularity, and prediction stability
change with the scope of accident‑types included.

4.4. Stage 1 Binary Accident Risk Screening

Before evaluating, in Section 4.6, the cascaded performance combining Stage 1 and
Stage 2, this section first verifies the performance of Stage 1 alone in judging accident oc‑
currence. The purpose of Stage 1 is to discriminate the probability of an accident occurring
in a specific H3 grid‑time row using only environmental, vessel‑activity, and spatial fea‑
tures observable at the operational stage.

On the 2023 test set (N = 13, 962; 1390 accidents, 12,572 non‑accidents), the perfor‑
mance of the Stage 1 LightGBM binary classifier was evaluated. The accident base rate
of the test set is 0.100, and the Stage 1 model showed ROC‑AUC 0.767 and PR‑AUC (AP)
0.325 (Table 9). The PR‑AUC being higher than the base rate means that the model places
grid‑time rows with a higher accident probability at the top more effectively than random.

Table 9.Detailed performance of the Stage 1 binary classifier (Test 2023, threshold = 0.15).

Metric Value

ROC AUC 0.767
PR AUC 0.325

positive recall 0.371
positive precision 0.365
Top‑decile lift 3.68×

The naive baseline predicts the historical accident rate of each H3 cell calculated from
the training set, falling back to the overall training‑set accident rate for unobserved cells.

LightGBM outperformed the baseline, with a Brier Skill Score of 0.160 relative to the
naive cell‑historical‑rate baseline. Thismeans that the probability‑prediction error of Light‑
GBM was 16.0% lower than that of the cell‑history‑based baseline. The Stage 1 model
can therefore be interpreted as having learned some additional predictive signal from en‑
vironmental, vessel‑activity, and spatial features, beyond simple cell‑level historical risk.
However, because the improvement is limited, it is appropriate to interpret Stage 1 as a
screening step that narrows down grid‑time rows with relatively higher accident probabil‑
ity, rather than as an independent high‑accuracy accident detector.

The threshold maximizing the F1 score on the validation set was 0.15, and when ap‑
plied to the 2023 test set, positive recall was 0.371 and positive precision was 0.365. The
full threshold sweep and the recall–precision trade‑off are presented in Appendix B.

Among the operational features, vessel activity volume is by far the largest contribu‑
tor to the Stage 1model, with a gainmore than four times that of the next feature. This is the
information category that respondents ranked first in Q15 (vessel operation information,
45.9%; Section 4.1.2).

4.5. Accident‑Type Framing Trade‑Off in Stage 2
4.5.1. Predictive Stability Decreases as Label Granularity Increases

The Stage 2 performance of the five accident‑type framings defined in Section 4.3
was compared under a common training and tuning protocol. All experiments used
the same feature set, the same LightGBM multi‑class classifier, the same temporal split
(train/validation/test = 2021/2022/2023), the same class weighting, and the same tuning pro‑
tocol (Appendix D), with the only difference being the definition of the accident‑type label
space and the included class set; within that common protocol, the hyperparameter values
were selected per framing on the 2022 validation partition. The performance differences in

https://doi.org/10.3390/jmse14151443

https://doi.org/10.3390/jmse14151443


J. Mar. Sci. Eng. 2026, 14, 1443 25 of 38

this section are therefore interpreted as showing the effect of categorization‑framing choice
on predictive stability and operational interpretability.

Table 10 summarizes accident coverage, macro F1, and Top‑K hit rate by framing. Exp
B (data‑aligned 3‑class) showed the highest performance with macro F1 = 0.550, and Exp A
(survey‑aligned 3‑class) also showed relatively stable performance with macro F1 = 0.509.
By contrast, as the number of classes increased, macro F1 decreased to 0.446 for Exp C,
0.389 for Exp D, and 0.293 for Exp E. This shows a trade‑off in which expanding accident‑
type coverage and class granularity increases operational comprehensiveness but lowers
predictive stability as minority classes are included.

Table 10. Stage 2 five framing performance comparison (test 2023, LightGBM).

Exp No. of Classes cls Coverage (n) Macro F1 Top‑1 Top‑2 Top‑3 1

A Survey3 3 1048 0.509 0.535 0.834 1.000
B Data3 3 1064 0.550 0.562 0.859 1.000
CUnion4 4 1237 0.446 0.467 0.741 0.888
D Suffic5 5 1305 0.389 0.441 0.690 0.836
E Full7 7 1390 0.293 0.404 0.640 0.778

1 The Top‑3 hit rate is 1.0 by definition in the 3‑class framings and is presented only for comparisonwith framings
that have more classes. The informative metrics are Top‑1, Top‑2, and the cascaded metrics.

Figure 10 shows how this macro‑level trade‑off appears in the per‑class recall pattern.
In the 3‑class framings, the recall of the major classes was relatively stable, but as the label
space expanded to four or more classes, the recall variance across classes increased and
the low recall of rare classes contributed to the overall decline in macro F1. Accident‑type
framing is therefore interpreted not simply as a matter of increasing the number of classes,
but as a design variable that must jointly consider field alignment, accident coverage, class
granularity, and predictive stability.

Because multi‑vessel sub‑events are retained as separate training samples (Section 3.3.2),
the same comparison was repeated on incident‑level data, obtained by de‑duplicating the
vessel‑level records of a single occurrence (3856 rows to 3108 unique incidents; only collision
changes materially, from 1350 rows to 664 incidents). Re‑training the Stage 2 models on those
data under the same pipeline changes macro F1 by at most 0.013 and preserves the ordering
of the framings.

The per‑class breakdown of the seven‑class framing is reported as a confusion matrix
in Appendix D (Table A8), and it shows that the errors of the rare classes are systematic
rather than random. Sinking (n = 47, recall 0.085), contact (n = 38, recall 0.079) and capsizing
(n = 68, recall 0.279) are absorbed predominantly into flooding: 44.7%, 31.6% and 20.6% of
all cases of each class respectively are predicted as flooding. The low recall of these classes
therefore reflects a combination of very small sample sizes and genuine physical overlap
between adjacent accident‑types—sinking is typically preceded by flooding—rather than
instability of themodel. This iswhat drives the decline of the unweightedmacro average as
the label space expands, while the recall of the major classes remains comparatively stable.

4.5.2. Stage 2 Models Learn Beyond Cell‑Level Accident‑Type History

Following the same logic as in Section 4.4, this study also checked, in Stage 2, whether
LightGBM learns additional predictive signal beyond simple cell‑level accident‑type his‑
tory. To this end, the Stage 2 LightGBM performance of each framing was compared with
a naive cell‑historical‑rate baseline. The Stage 2 naive baseline calculates the accident‑type
distribution of eachH3 cell on the training set and then assigns that cell’s past accident‑type
proportions as the prediction for validation/test rows. When a cell has no accident‑type his‑
tory in the training set, the overall accident‑type distribution of the training set was used
as the fallback value.
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Figure 10. Stage 2 per‑class recall and macro F1 by accident‑type framing. Recall is computed on the
2023 test partition—the accident rows of each framing—using the LightGBM multi‑class classifier
configured as reported in Appendix D; gray cells mark accident‑types that are not part of a framing’s
label space, and macro F1 is the unweighted mean over the classes of that framing. The inter‑class
differences and the decline of macro F1 with label granularity are interpreted in Section 4.5.1.

According to Table 11, LightGBM showed higher macro F1 than the naive baseline in all
framings. In Exp A–D, it showed about a 1.76–1.81‑fold improvement in macro F1 over the
naive baseline, and even in the 7‑class complete framing (Exp E), it showed a 1.65‑fold im‑
provement. This suggests that the Stage 2 model learned additional signal needed to distin‑
guish accident‑types from environmental, vessel density, and spatial features, going beyond
simply repeating which accident‑types frequently occurred in a particular cell in the past.

Table 11.ML (LightGBM) vs. naive baseline macro F1 by framing.

Exp MLMacro F1 Naive Macro F1 Lift (×) Naive Fallback Rate

A Survey3 0.509 0.281 1.81 90.1%
BData3 0.550 0.311 1.77 86.2%
CUnion4 0.446 0.254 1.76 83.4%
D Suffic5 0.389 0.216 1.80 82.6%
E Full7 0.293 0.177 1.65 80.2%

The fallback rate of the naive baseline was high, at 80.2–90.1%. This means that many
accident rows in the test set did not have sufficient cell‑level accident‑type history in the
training set. It is therefore difficult to predict accident‑types stably from cell history alone,
and ML models that use environmental, vessel‑activity, and spatial features play a role in
compensating for this sparsity. However, in Exp E, as the number of classes increased to
seven and minority classes were included, the ML improvement over the naive baseline
also became relatively smaller, again confirming that the complete framing has the highest
prediction difficulty.

4.6. End‑to‑End Decision‑Support Interpretation

From a decision‑support perspective, the key question is how well the framework
captures accident candidates in rows where an actual accident occurred, and how well it
includes the accident‑type among the Top‑K candidates. To evaluate this, the accident‑
only cascaded Top‑K was computed on the 1390 actual accident rows only.
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In the accident‑only evaluation, a hit was counted only when both conditions were sat‑
isfied. First, the accident row must be flagged as a risk row in Stage 1. Second, the actual
accident‑typemust be included among the Top‑K accident‑type candidates presented by Stage
2. Because this definition reflects both Stage 1 accident‑detection failures and Stage 2 accident‑
type‑classification failures, it is an end‑to‑end metric closer to actual operational conditions.

The accident‑only cascaded Top‑1, Top‑2, and Top‑3 hit rates were 0.145, 0.214, and
0.263, respectively (Table 12). The framework is therefore better interpreted not as a
model that automatically determines the accident‑type as a single correct answer, but as
a prioritization‑based decision‑support framework that selects high‑risk rows at the H3
grid‑time level and presents possible accident‑type candidates.

Table 12.Accident‑only cascaded Top‑K (Test 2023, based on 1390 accident rows).

Metric Accident‑Only

Cascaded Top‑1 0.145
Cascaded Top‑2 0.214
Cascaded Top‑3 0.263

4.7. Robustness Against Spatial Cell Memorization

The temporal split is suitable for evaluating temporal generalization performance, but
because the sameH3 cell can be included in both training and test sets, the possibility of per‑
formance overestimation due to repeated exposure to specific cells remains. To check this,
the spatially contiguous block 5‑fold cross‑validation described in Methods Section 3.4.6
was performed. In this analysis, five geographically contiguous blocks were constructed
from theH3 cell centroids, and in each fold one entire blockwas used as the test set, forcing
the train–test cell overlap to zero and holding out the cells surrounding each test cell.

As shown in Table 13, macro F1 was 0.649 for the temporal hold‑out and 0.606± 0.003
on average for the contiguous block CV, and ROC AUC was 0.767 for the temporal hold‑
out and 0.744± 0.031 for the contiguous block CV. Across the five blocks, macro F1 ranged
from 0.604 to 0.612 and ROCAUC from 0.696 to 0.774, against 0.5 for random ranking, and
the positive rate in the held‑out blocks was 9.1%; it is therefore difficult to conclude that
the ranking performance of the Stage 1 model depends solely on repeated exposure to the
same cell or to its neighbors. This suggests that the model learned, in part, general risk
patterns contained in environmental, vessel‑activity, and spatial features.

However, a difference appeared in the threshold‑dependent metrics. In the contigu‑
ous block CV, positive recall was 0.180, lower than the temporal hold‑out’s 0.371, while
positive precision was 0.518, higher. The contiguous block results therefore support the
robustness of the ranking signal, but in actual operational deployment, threshold calibra‑
tion and recall‑oriented tuning may additionally be needed for cells observed for the first
time in a given region.

Table 13. Spatially contiguous block 5‑fold CV vs. temporal hold‑out.

Metric Temporal Hold‑Out (2023) Contiguous Block 5‑Fold (Mean ± SD) ∆ (Temporal − Contiguous)

macro F1 0.649 0.606 ± 0.003 +0.043
positive F1 0.368 0.262 ± 0.015 +0.106

positive recall 0.371 0.180 ± 0.028 +0.191
positive precision 0.365 0.518 ± 0.096 −0.153

ROC AUC 0.767 0.744 ± 0.031 +0.023
PR AUC 0.325 0.315 ± 0.017 +0.010
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5. Discussion
5.1. Main Findings and Operational Implications

This studydocumented, within the participating sample, a consistentmisalignment in
maritime accident risk management in Korean territorial waters, in which operational cri‑
teria, on‑site perception, and integrated decision‑support information are not sufficiently
aligned. The survey results show that the use of quantitative, standardized accident risk
judgment criteria is limited among the participating practitioners, while at the same time
there is high demand for interpretable risk information by accident‑type and sea area. This
suggests that the core problem among the participating practitioners is not low interest in
data‑driven decision support, but rather the lack of a system for converting diverse opera‑
tional information into standardized risk signals.

To address this gap, the framework proposed in this study organizes accident risk
at the H3 grid‑time level and is designed to provide not merely whether an accident oc‑
curs but also accident‑type‑specific risk information. This is directly linked to the practical
needs identified in the survey—namely, analysis by specific sea area, provision of infor‑
mation by accident‑type, and interpretable risk reports. The framework therefore extends
accident risk prediction beyond a simple model‑performance problem into the question of
in which spatial unit and accident‑type unit the information needed for on‑site decision‑
making should be provided.

5.2. Practitioner–Data Mismatch and Decision‑Support Framing

The difference between perceived accident frequency and the historical accident baseline
shows that it is difficult to assume that the participating practitioners’ accident perception di‑
rectly reflects the actual accident distribution. At the same time, operational prevention prior‑
ity tended to align more closely with the actual accident distribution than perceived accident
frequency did. This suggests that prevention prioritymay be a separate decision‑making layer
that reflects regional operating conditions, resource allocation, policy emphasis, and field ex‑
perience, rather than a simple copy of ‘accidents that feel frequent.’

This difference is important from the perspective of designing a maritime AI frame‑
work. An accident risk prediction system should not be designed as a tool that unilaterally
replaces or corrects on‑site judgment. Rather, it should be designed as a decision‑support
layer that, by providing accident‑type‑specific risk signals based on actual accident data
and environmental, vessel, and spatial information, complements on‑site perception and
makes the perception–data gap visible. From this perspective, the survey‑aligned fram‑
ing of this study serves as a bridge connecting the accident‑type categories used by the
participating practitioners with accident‑data‑based modeling.

The connection between the perception analysis and the model results runs through
a single class. The label space presented to the participating practitioners in Q7‑1 and Q10
and the label space formed by the three empirically most frequent accident‑types differ in
exactly one position: grounding appears in the former but not the latter, and flooding the
reverse (Section 4.3.2). The survey‑aligned and data‑aligned framings therefore differ by
that one substitution, so the performance gap between them reported in Section 4.5—about
0.04 inmacro F1—showswhat it costs to organize the label space around the categories the
survey placed in front of practitioners rather than around empirical frequency. The per‑
ceptual difference is thus not reported merely alongside the model results: it determines
which label space is worth testing, and the model result quantifies the price of adopting it.

5.3. Accident‑Type Framing as a Design Decision

The Stage 2 experimental results show that accident‑type framing is not a simple pre‑
processing choice but a key design element that simultaneously determines prediction
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performance and operational interpretability. As the label space expands from a survey‑
aligned or data‑aligned 3‑class setting to an administratively complete 7‑class setting, acci‑
dent coverage increases, but predictive stability decreases because of the insufficient sam‑
ples of minority classes.

It is therefore difficult to regard any single framing as optimal for all purposes. The
survey‑aligned framing is aligned with the categories presented to the participating prac‑
titioners, whereas the data‑aligned framing can show relatively higher predictive stability.
The full administrative (7‑class) framing has high coverage and administrative complete‑
ness, but has limitations in terms of training stability for rare accident‑types. Therefore,
in accident‑type‑specific risk prediction, rather than treating the use of the administra‑
tive accident‑type scheme as the self‑evident default, it is necessary to explicitly report
the trade‑offs among practitioner alignment, accident coverage, class granularity, and pre‑
dictive stability.

For the setting studied here, we would recommend the two 3‑class framings as the
operating points: the data‑aligned framing where predictive stability matters most (macro
F1 0.550, Top‑2 0.859), and the survey‑aligned framingwhere alignmentwith the categories
that the survey presented to practitioners matters more, at a cost of 0.041 in macro F1.
Where flooding coverage is operationally required, the union framing raises coverage from
76.3% to 87.8% and remains usable, whereas the five‑ and seven‑class framings should be
adopted only when administrative completeness is mandatory, since the classes they add
cannot be estimated stably from fewer than 70 test cases each (Section 4.5.1).

From this perspective, the survey‑aligned framing is not proposed as the optimal pre‑
dictor, but should be understood as a design choice that prioritizes alignment with the
accident‑type categories presented to the participating practitioners in the survey. In this
study, the macro F1 of the survey‑aligned framing was about 0.04 lower than that of the
data‑aligned framing, but this difference can be interpreted as the performance cost of
organizing the label space around those categories. That is, the choice of accident‑type
framing is not simply a matter of selecting the highest performance metric, but a matter of
balancing predictive stability, accident coverage, and alignment with the categories used
in operations.

The single class that separates the two 3‑class framings is grounding, which was pre‑
sented as an explicit option in Q7‑1 andQ10, against flooding, whichwas not. Because that
difference could reflect the option list rather than the categories the participating practition‑
ers work with, the free text entries of respondents who selected “other” were examined. In
Q7‑1, 128 respondents selected “other” and 126 of them wrote an entry, giving 138 entries
in total. Engine failure, which was not among the options, was written by 100 respondents,
stranding of persons by 17, person‑in‑water or medical emergencies by 12, andmarine pol‑
lution by 6, while flooding was written by none. Among the 104 entries for Q10, flooding
appears seven times, five of which enumerate the six administrative accident categories as
awhole rather than name flooding as a priority. Grounding, already available as an option,
appears three times in the Q7‑1 entries and three times in the Q10 entries, the latter only
inside such enumerations. The option list therefore constrains what could be selected, and
the free text entries do show that a category outside the option list is recorded when re‑
spondents consider it important; on that evidence, the absence of flooding from the option
list does not appear to be what kept it out of the responses.

5.4. Methodological Implications and Relation to Prior Work

The contribution of this study lies less in proposing a new algorithm and more in
reframing the maritime accident prediction problem as a practitioner‑informed decision‑
support problem. Prior maritime accident prediction research has focused mainly on pre‑
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dicting accident occurrence, post hoc accident‑type classification at the accident level, or
multi‑class classification based on overseas accident‑type taxonomies. By contrast, this
study combined KCG practitioner survey data with H3 grid‑time‑based accident and envi‑
ronment data to evaluate howaccident‑type label design affects operationally interpretable
risk prediction.

The purpose of this study is therefore not a simple numerical performance comparison
with prior work. As set out in Section 3.4.5, a direct numerical comparison across studies has
large interpretive limitations. This study used LightGBM as a consistent reference learner to
compare the effect of differences in accident‑type framing—rather than differences in model
structure—on prediction performance and operational interpretability.

The framework is defined in terms that are not specific to Koreanwaters, and its trans‑
ferability can be stated at three levels. The design is portable: the H3 grid‑time unit, the
two‑stage decomposition into occurrence and conditional accident‑type, and the protocol
for comparing label spaces make no assumption about the sea area. The inputs are also
generally available, since AIS‑derived vessel activity, meteorological and oceanographic
observations, and static spatial features such as distance to ports, anchorages and aquacul‑
ture facilities are recorded in many maritime jurisdictions. What does not transfer is the
label space itself. It has to be re‑derived for each jurisdiction, both from the administrative
accident taxonomy in use—the IMO and EMCIP category sets differ from the Korean one
in their treatment of flooding and sinking, as set out in Section 2.2—and from the accident‑
types that local operators actually work with; drift entanglement is a Korean example of
a category with no counterpart elsewhere, and other regions may have their own. The
reported performance does not transfer either. The cross‑validation results in Section 4.7
indicate that the ranking signal is not tied to particular cells, but it also shows that the re‑
call and precision obtained at a fixed threshold change when the model is applied to cells
it has not seen, so deployment in a new area would require its own threshold calibration
(Appendix B) and its own validation.

5.5. Limitations and Practical Considerations

This study has several limitations. First, the survey was conducted through the co‑
operation of KCG frontline departments and is not a probability‑sample‑based random
survey. In addition, because of the self‑reported nature of the responses, social desirabil‑
ity bias cannot be entirely ruled out, and the absence of a response rate makes it difficult
to quantitatively assess non‑response bias. To mitigate this, anonymous and de‑identified
collection, aggregate‑level reporting, and within‑respondent agreement (Cohen’s κ) anal‑
ysis of Q7‑1 and Q10 were performed.

Second, the survey was conducted as a one‑time survey, and Q7‑1 and Q10 consisted
of three pre‑presented accident‑types plus an ‘other’ option. The perception–baseline com‑
parison should therefore be interpreted not as a complete perception analysis of all seven
administrative accident‑types, but as a comparison based on the survey‑presented cate‑
gories. Future research should verify the perception structure more directly through a
survey design that includes all accident‑types.

Third, the accident data are based on 2021–2023 data, and prospective validation in
an actual operational environment was not performed. The cross‑validation designs in
Section 3.4.6 provide evidence for checking the possibility ofmemorization due to repeated
exposure to the same cell, but theydonot fully validate newoperational sea areas, real‑time
calibration, threshold setting, or field‑user responses. In addition, minority accident‑types
such as sinking and contact have few samples and are difficult to train stably.

The H3 grid‑time risk information presented in this study should be understood not
as an absolute accident probability but as a relative risk score for deriving operational
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priorities. Applying this framework in practice would require establishing region‑specific
threshold‑calibration strategies and integrating it with actual patrol and prevention tasks,
while a longer accident‑data period would further improve its robustness.

6. Conclusions
This study combined survey responses from 826 Korea Coast Guard frontline prac‑

titioners with 2021–2023 H3 grid‑time accident data for Korean territorial waters to re‑
frame maritime accident risk prediction not as a simple estimation of accident‑occurrence
probability but as an accident‑type‑specific decision‑support problem. The survey anal‑
ysis showed a lack of quantitative accident risk judgment criteria and of an integrated
information‑provision system, and confirmed that perceived accident frequency and op‑
erational prevention priority align with the actual accident distribution in different ways.
On this basis, the study compared survey‑aligned and data‑aligned accident‑type fram‑
ings and showed that label space design creates trade‑offs among accident coverage, class
granularity, predictive stability, and operational interpretability.

The results of this study suggest that AI‑based maritime accident prediction systems
should be designed not to replace on‑site judgment but as a decision‑support layer that
complements the gap between the risk the participating practitioners perceive and the ac‑
tual accident data. In conclusion, this framework offers a design option that balances prac‑
titioner alignment with data‑driven prediction. Such a foundation would require linkage
with real‑time data and validation in the field before it could be applied in maritime safety
operations, and the present study is significant in that it lays this groundwork.
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Appendix A
Full Survey Questionnaire (Survey Block 2‑1: AI‑Based Maritime Accident Prediction)

This appendix presents, in the original Korean (verbatim) and in English translation,
the full set of items in the ‘AI‑based maritime accident prediction technology’ area (survey
area 2‑1) of the KCG frontline‑personnel survey described in Section 3.2. This area consists
of 17 items, Q1–Q17, with Q7, Q16, and Q17 each divided into two sub‑items, comprising
20 sub‑items in total (Table A1, Korean original + English translation). Table 2 in the main
text is an excerpt of the 10 core items directly used in the quantitative analysis. All items
provided a free text ‘other’ option in addition to the pre‑presented choices.

Q16‑1 and Q16‑2 were presented following this scenario description in the survey—
‘On the initial screen of the web system, after selecting the desired area and clicking the
query button, the maritime‑accident‑probability algorithm result for the selected area at
the time of clicking the query button is displayed on screen.’ Q17‑1 and Q17‑2 were pre‑
sented following this scenario description—‘On the initial screen of the web system, after
selecting the start/end dates for maritime accident information retrieval and clicking the
query button, the trend‑analysis result for maritime accidents in the selected period is dis‑
played on screen.’

Table A1. Survey block 2‑1 (AI‑based maritime accident prediction)—full item set, Korean verbatim
with English translation.

Code Question (Korean, Verbatim) Response Options (Korean, Verbatim) Question (English Translation) Response Options (English Translation)

Q1
귀기관(파출소)에서는현장에서

사고위험구역을자체적으로선정하고
있습니까?

1 예/ 2 아니오/ 3 검토중이다/ 4
기타의견

Does your agency (substation)
independently designate accident risk

zones in the field?

1 Yes/ 2 No/ 3 Under review/ 4 Other
(free text)

Q2 자체적으로사고위험구역을선정하신다면,
주로어떤정보를활용하십니까?

1 과거사고통계(신고,출동빈도등)/ 2
선박항적데이터(AIS, V‑PASS등)/ 3
현장경험및관측정보/�기타의견

If you designate accident risk zones
independently, what information do you

mainly use?

1 Past accident statistics (reports,
dispatch frequency, etc.)/ 2 Vessel track

data (AIS, V‑PASS, etc.)/ 3 Field
experience and observation/ 4 Other

(free text)

Q3 사고위험구역을판단할때가장중요한
요인은무엇이라고생각하십니까?

1 선박통항량(교통량)/ 2 기상·해황
조건/ 3 지형적요인(암초,수심등)/ 4

기타의견

What do you consider the most important
factor when judging accident risk zones?

1 Vessel‑traffic volume/ 2 Weather and
sea‑state conditions/ 3 Topographic

factors (reefs, water depth, etc.)/ 4 Other
(free text)

Q4 만약사고위험구역이변경된다면,그주요
원인은무엇이라고생각하십니까?

1 계절·기상변화/ 2 어장이동또는활동
구역변화/ 3 선박운항패턴변화/ 4

기타의견

If accident risk zones were to change,
what do you think would be the main

cause?

1 Seasonal/weather change/ 2 Shift in
fishing grounds or activity areas/ 3

Change in vessel operation patterns/ 4
Other (free text)
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Table A1.Cont.

Code Question (Korean, Verbatim) Response Options (Korean, Verbatim) Question (English Translation) Response Options (English Translation)

Q5 사고위험구역을설정할때정량적기준(예:
교통량,출항수,날씨등)을사용하십니까?

1 예,구체적인기준이있다/ 2 일부
상황에서참고한다/ 3 경험에

근거한다/ 4 명확한기준은없다/ 5
기타의견

When setting accident risk zones, do you
use quantitative criteria (e.g., traffic

volume, number of departures, weather)?

1 Yes, specific criteria exist/ 2
Referenced in some situations/ 3 Based
on experience/ 4 No clear criteria/ 5

Other (free text)

Q6 사고가잦은경우,주요원인은무엇이라고
생각하십니까?

1 항로혼잡/ 2 어선밀집/ 3 기상
급변/ 4 기타의견

When accidents are frequent, what do
you think is the main cause?

1 Route congestion/ 2 Fishing‑vessel
density/ 3 Sudden weather change/ 4

Other (free text)

Q7‑1 귀하의관할해역에서가장빈번하게
발생하는사고유형은무엇입니까?

1 충돌/ 2 좌초/좌주/ 3 부유물감김/ 4
기타의견

What is the most frequent accident‑type
in your jurisdictional waters?

1 Collision/ 2 Grounding/stranding/ 3
Drift entanglement/ 4 Other (free text)

Q7‑2 가장자주발생하는사고유형의주요
요인은무엇이라고생각하십니까?

1 항로교차또는혼잡구간/ 2
저수심·암초등지형적요인/ 3 기상급변

구간/ 4 기타의견

What do you think is the main factor
behind the most frequent accident‑type?

1 Route crossing or congested
segments/ 2 Topographic factors such as

shallow water and reefs/ 3 Areas of
sudden weather change/ 4 Other (free

text)

Q8
사고발생이빈번한시기나조건이있다면,

그에영향을미치는주요요인은
무엇이라고생각하십니까?

1 계절적요인(여름장마,겨울한파
등)/ 2 시간대요인(야간,새벽등)/ 3
기상·기후요인(강풍,안개등)/ 4 선박
활동량증가시기/ 5 기타의견

If there are periods or conditions of
frequent accidents, what do you think is

the main influencing factor?

1 Seasonal factors (summer monsoon,
winter cold wave, etc.)/ 2 Time‑of‑day

factors (night, dawn, etc.)/ 3
Weather/climate factors (strong wind, fog,

etc.)/ 4 Periods of increased vessel
activity/ 5 Other (free text)

Q9 귀하의관할구역내사고위험구역은어떤
기상·지형적특성을보입니까?

1 조류세기,수심,암초등지형적
요인/ 2 풍속,파고,안개등기상요인/ 3
선박운항밀집도/ 4 계절·시간대요인/ 5

기타의견

What weather and topographic
characteristics do the accident risk zones

in your jurisdiction show?

1 Topographic factors such as current
strength, water depth, and reefs/ 2

Weather factors such as wind speed, wave
height, and fog/ 3 Vessel operation
density/ 4 Seasonal and time‑of‑day

factors/ 5 Other (free text)

Q10
현재귀하의근무지에서중점적으로
예방하고있는해양사고유형은

무엇입니까?

1 충돌/ 2 좌초/좌주/ 3 부유물감김/�
기타의견

What maritime accident‑type is currently
the focus of prevention at your

workplace?

1 Collision/ 2 Grounding/stranding/ 3
Drift entanglement/ 4 Other (free text)

Q11 해당사고유형을예방하기위해가장
중요하게고려하는요인은무엇입니까?

1 선박운항통제/ 2 항로관리/ 3 기상
모니터링/ 4 안전교육강화/ 5 기타의견

What factor do you consider most
important for preventing that

accident‑type?

1 Vessel operation control/ 2 Route
management/ 3 Weather monitoring/ 4
Strengthened safety education/ 5 Other

(free text)

Q12
귀하께서는현재해양경찰조직내에

‘공통된사고위험판단기준’이존재한다고
생각하십니까?

1 명확히존재함/ 2 일부기준이
공유됨/ 3 지역별로상이함/ 4 존재하지

않음/ 5 기타의견

Do you think a ‘common accident risk
judgment criterion’ currently exists
within the Korea Coast Guard

organization?

1 Clearly exists/ 2 Some criteria are
shared/ 3 Varies by region/ 4 Does not

exist/ 5 Other (free text)

Q13 사고위험판단기준은주로어느수준에서
운영되고있다고생각하십니까?

1 본청공통기준중심/ 2
지방청(지역본부)기준중심/ 3 파출소
자체판단중심/ 4 혼합형태/ 5 기타의견

At what level do you think accident risk
judgment criteria are mainly operated?

1 Centered on headquarters‑wide
common criteria/ 2 Centered on
regional‑command (regional

headquarters) criteria/ 3 Centered on
substation independent judgment/ 4

Mixed form/ 5 Other (free text)

Q14

(해양사고위험도예측알고리즘설계)
사고위험도예측시 AI가가장중점적으로
고려해야할데이터는무엇이라고

생각하십니까?

1 기상·해황정보(풍속,파고등)/ 2 선박
운항정보(AIS, V‑PASS등)/ 3 사고이력

데이터/ 4 기타의견

(Accident risk prediction algorithm
design) What data do you think AI should
focus on most when predicting accident

risk?

1 Weather/sea‑state information (wind
speed, wave height, etc.)/ 2 Vessel
operation information (AIS, V‑PASS,

etc.)/ 3 Accident history data/ 4 Other
(free text)

Q15
(해양사고위험도예측제공정보)사고
예측시스템이제공해야할가장유용한
정보는무엇이라고생각하십니까?

1 기상·해황정보(풍속,파고등)/ 2 선박
운항정보(AIS, V‑PASS등)/ 3 사고이력

데이터/ 4 기타의견

(Accident risk prediction output
information) What is the most useful
information the accident prediction

system should provide?

1 Weather/sea‑state information (wind
speed, wave height, etc.)/ 2 Vessel
operation information (AIS, V‑PASS,

etc.)/ 3 Accident history data/ 4 Other
(free text)

Q16‑1
(해양사고위험도예측)위의해양사고
예측결과조회시나리오에대해

만족하십니까?
1 만족/ 2 불만족/ 3 기타의견

(Accident risk prediction) Are you
satisfied with the accident‑prediction

result lookup scenario described above?

1 Satisfied/ 2 Unsatisfied/ 3 Other (free
text)

Q16‑2
(해양사고위험도예측)사고위험도해석
리포트를제시할때,어떤방식이이해에

도움이된다고생각하십니까?

1 위험요인에대한관측값,위험영향도,
기준값을포함한테이블형태 (위의예시
그림참고)/ 2 위험요인에대한문장
형태의설명 (예: 이구역은풍속증가로
사고위험도높습니다.)/ 3 기타의견

(Accident risk prediction) When
presenting the accident risk interpretation
report, which presentation format do you
find more helpful for understanding?

1 A table format containing the
observed value, risk‑impact magnitude,
and reference value for each risk factor
(see the example figure above)/ 2 A
sentence‑form explanation of the risk
factors (e.g., ‘This zone has elevated
accident risk due to increased wind

speed.’)/ 3 Other (free text)

Q17‑1

(해양사고경향도분석)분석결과에대해
전국단위혹은해양사고위험도예측과
같이특정구역을선호하십니까? (위의
해양사고경향도분석결과조회

시나리오를참고)

1 전국/ 2 특정구역/ 3 기타의견

(Accident trend analysis) For the analysis
results, do you prefer a nationwide scope,
or a specific zone as in the accident risk
prediction? (Refer to the trend‑analysis

result lookup scenario above.)

1 Nationwide/ 2 Specific zone/ 3 Other
(free text)

Q17‑2 (해양사고경향도분석)분석결과를
확인하고싶은유형의범위가있으십니까? 1 모든유형/ 2 특정유형/ 3 기타의견

(Accident trend analysis) Is there a
specific range of accident‑types whose

analysis results you would like to review?

1 All types/ 2 Specific types/ 3 Other
(free text)

Appendix B
Stage 1 Threshold Sweep

As described in Section 3.4.5, the operational threshold of the Stage 1 binary classifier
was selected as the value that maximizes macro F1 on the validation set, and that value
is 0.15. This appendix presents the recall, precision, F1, and F2 of the positive (accident)
class and the macro F1 measured on the 2023 test set (N = 13,962; 1390 accident rows) as
the classification threshold is varied from 0.05 to 0.80 (Table A2)
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Table A2. Stage 1 threshold sweep (Test 2023, N = 13,962; 1390 accident rows).

Threshold Recall (Accident) Precision (Accident) F1 (Accident) F2 (Accident) Macro F1

0.05 0.757 0.181 0.292 0.463 0.523
0.10 0.505 0.287 0.366 0.438 0.633

0.15 (selected) 0.371 0.365 0.368 0.369 0.649
0.20 0.289 0.418 0.341 0.308 0.641
0.25 0.217 0.463 0.295 0.242 0.620
0.30 0.169 0.495 0.252 0.195 0.599
0.35 0.132 0.545 0.212 0.155 0.580
0.40 0.099 0.580 0.170 0.119 0.559
0.50 0.042 0.596 0.079 0.052 0.514
0.60 0.012 0.680 0.024 0.015 0.486
0.70 0.004 0.750 0.009 0.005 0.478
0.80 0.001 1.000 0.001 0.001 0.475

The ‘0.15 (selected)’ row is the operational threshold selected by maximizing macro
F1 on the validation set. Lowering the threshold increases recall but decreases precision
(at a threshold of 0.05, recall 0.757, precision 0.181), and raising the threshold shows the
opposite tendency. Macro F1 reaches its maximum of 0.649 at a threshold of 0.15. This
sweep shows that it is difficult to keep both recall and precision high at a single threshold,
and indicates that when operating Stage 1 as a screening step that narrows down risky
grid‑time rows, the threshold can be adjusted according to the operational scenario.

Appendix C
Subgroup Robustness of the Perception–Reality and Priority–Reality Gaps

This presents the full results of the subgroup robustness analysis summarized in
Section 4.2.4. The gap is the value obtained by subtracting the actual 2021–2023 accident‑
frequency proportion from the survey response proportion for each accident‑type (percent‑
age points, %p). It is reported for each of 16 subgroups, including Regional Headquarters
(5), job (5), work experience (5), and all respondents (overall).

Table A3. Perception (Q7‑1) subgroup robustness—gap (survey perception − empirical accident
frequency, %p).

Subgroup
Dimension Subgroup N Collision Gap Grounding Gap Drift Entanglement

Gap Other Gap Direction
Preserved

Regional Command South Sea 145 −26.0 +1.6 +14.6 +9.9 ✓
Regional Command East Sea 165 −32.0 +0.6 +51.4 −20.0 ✓
Regional Command West Sea 262 −25.1 +7.2 +34.7 −16.8 ✓
Regional Command Jeju 43 −30.3 −6.8 +47.6 −10.4 ✓
Regional Command Central 200 −29.0 +11.5 +28.7 −11.2 ✓

Job Category Admin 79 −28.7 −6.4 +47.9 −12.8 ✓
Job Category Coastal/Prev 89 −27.1 +0.9 +41.7 −15.5 ✓
Job Category Other 307 −29.8 +12.3 +26.0 −8.5 ✓
Job Category Patrol/Vessel 238 −25.8 +2.4 +32.4 −9.1 ✓
Job Category Situation/VTS 88 −28.2 +3.3 +44.8 −19.9 ✓
Experience 1–3 y 31 −25.3 +4.6 +31.3 −10.6 ✓
Experience 3–5 y 323 −28.5 +4.9 +35.4 −11.8 ✓
Experience 5–10 y 255 −27.5 +5.4 +30.8 −8.7 ✓
Experience 10–20 y 137 −28.4 +7.5 +33.8 −12.8 ✓
Experience 20 y+ 62 −28.5 +3.0 +36.1 −10.6 ✓
Overall All respondents 815 −27.9 +5.2 +33.7 −11.0 ✓

✓indicates that the direction of the perception–reality gap is preserved in that subgroup, that is, collision is
under‑perceived and drift entanglement is over‑perceived relative to the empirical accident distribution.

In the subgroup analysis, the direction of the perception–reality mismatch was consis‑
tently maintained across all 16 subgroups. In every subgroup, collision was under‑perceived
(gap =−25.1 to−32.0 pp) and drift entanglement was over‑perceived (gap = +14.6 to +51.4 pp).
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This shows that the mismatch is not driven by a particular respondent group but is an overall
field‑perception pattern. The prevention‑focus results based on Q10 are presented in Table A4.

TableA4.Priority (Q10) subgroup robustness—gap (surveypriority− empirical accident frequency,%p).

Subgroup Dimension Subgroup N Collision Gap Grounding Gap Drift Entanglement Gap Other Gap

Regional Command South Sea 146 +14.3 +10.4 −17.2 −7.5
Regional Command East Sea 168 −9.4 +8.7 +13.7 −13.0
Regional Command West Sea 259 +5.5 +11.7 +2.9 −20.1
Regional Command Jeju 42 +5.5 +21.8 −14.9 −12.4
Regional Command Central 196 −18.2 +14.5 +16.1 −12.4

Job Category Admin 81 −14.0 +8.3 +13.9 −8.2
Job Category Coastal/Prev 87 −7.4 +10.3 +12.3 −15.2
Job Category Other 305 −3.5 +20.0 −1.2 −15.2
Job Category Patrol/Vessel 236 +2.3 +6.3 +7.1 −15.7
Job Category Situation/VTS 88 +9.3 +5.5 −6.3 −8.5
Experience 1–3 y 30 −5.0 +21.8 −0.1 −16.7
Experience 3–5 y 322 −3.9 +11.5 +6.7 −14.3
Experience 5–10 y 253 −4.2 +11.4 +6.8 −14.1
Experience 10–20 y 137 +4.4 +11.1 −2.7 −12.8
Experience 20 y+ 62 +6.9 +17.5 −10.7 −13.8
Overall All respondents 811 −1.7 +12.1 +3.8 −14.1

The gap for priority (Q10) is smaller than that for perception (Q7‑1) and its sign varies
across subgroups, showing that operational priority is allocated more closely to the actual
accident frequency than simple perception is (consistent with the prevention‑focus discus‑
sion in Section 4.2).

The results of the chi‑square independence tests between the three axes—region, job,
and experience—and the Q7‑1 and Q10 responses are presented in Table A5.

Table A5.Region·Job·Experience × {Q7‑1, Q10} chi‑square independence + Cramér’s V.

Dimension × Item χ2 (df = 12) N Cramér’s V p

Region×Q7‑1 90.68 788 0.196 <10−13
Job×Q7‑1 43.19 788 0.135 2.1× 10−5

Experience×Q7‑1 3.79 781 0.040 0.987
Region×Q10 91.59 763 0.200 <10−13
Job×Q10 52.28 763 0.151 5.5× 10−7

Experience×Q10 20.51 756 0.095 0.058

Appendix D
Model Configuration and Reproducibility

This appendix reports the complete configuration of the two‑stage framework. Stage
1 uses a fixed hyperparameter set (Table A6). Stage 2 applies the same tuning protocol to
every accident‑type framing, with the hyperparameter values selected separately for each
framing on the 2022 validation partition (Table A7). All stochastic components—the learner,
the training‑data shuffling, the inner split used for early stopping during tuning, and the
hyperparameter search sampler—are governed by a single seed (random_state = 42). Ta‑
ble A8 additionally reports the Stage 2 confusion matrix of the administratively complete
seven‑class framing.

The diagonal holds correctly classified accident rows; each off‑diagonal entry shows
where the misclassified rows of that accident‑type were placed. The flooding column con‑
centrates the errors of the three rarest classes, which is interpreted in Section 4.5.1.

The 2022 validation partition is used for four model‑selection decisions—early stop‑
ping, Stage 1 decision‑threshold selection, the Stage 1 negative‑sampling setting, and Stage
2 hyperparameter selection—whereas the 2023 test partition is used only to report the re‑
sults and enters no selection step.
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Table A6. Stage 1 binary classifier: completemodel, hyperparameter and data‑processing configuration.

Setting Value

Learner LightGBM (LGBMClassifier), objective = binary

Number of trees n_estimators = 4000 (early stopping applied)

Learning rate 0.02

Number of leaves num_leaves = 63

Maximum tree depth max_depth =−1 (unlimited)

Minimum child observations min_child_samples = 20

Feature fraction colsample_bytree = 0.8

Bagging fraction subsample = 0.8

L1/L2 regularization reg_alpha = 0.0/reg_lambda = 0.0

Class weighting None (scale_pos_weight = 1.0); the accident/non‑accident imbalance is
handled by the 10:1 dataset design (Section 3.3.2) and by threshold selection

Early stopping 300 rounds, binary log‑loss on the 2022 validation partition

Random seed random_state = 42

Missing values
Numerical features: train‑foldmedian imputation; the twowave‑period

variables with the highest missing rates excluded (Section 3.3.3). Categorical
features: LightGBMnative handling, no one‑hot encoding

Negative sampling No additional undersampling; the 10:1 accident/non‑accident dataset design
of Section 3.3.2 retained

Train/validation/test 2021 (14,385 rows)/2022 (14,069 rows)/2023 (13,962 rows); temporal split

TableA7. Stage 2multi‑class classifier: model configuration andhyperparameter selection. Values given
as a range were selected separately for each framing on the 2022 validation partition (Section 3.4.3).

Setting Value

Learner LightGBM (LGBMClassifier), objective =multi‑class
Number of trees n_estimators ∈ [1000, 4000] (early stopping applied)
Learning rate ∈ [1× 10−3, 1× 10−1], log scale

Number of leaves num_leaves ∈ [16, 128]
Maximum tree depth max_depth =−1 (unlimited)

Minimum child observations min_child_samples ∈ [5, 100]
Feature fraction colsample_bytree ∈ [0.5, 1.0]
Bagging fraction subsample ∈ [0.6, 1.0]

L1/L2 regularization reg_alpha ∈ [1× 10−3, 10]/reg_lambda ∈ [1× 10−3, 10], log scale
Class weighting class_weight = “balanced”
Early stopping 100 rounds on the 2022 validation partition
Random seed random_state = 42

Train/validation/test 2021/2022/2023; temporal split, accident rows only

Table A8. Stage 2 confusion matrix for the administratively complete (seven‑class) framing (test par‑
tition 2023;N = 1390 accident rows). Rows are the recorded accident‑type and columns the predicted
accident‑type.

Actual\Predicted Collision Drift Entanglement Flooding Grounding Capsizing Sinking Contact

Collision 164 143 59 68 24 10 5
Drift entanglement 54 233 23 67 17 5 3

Flooding 22 29 82 21 26 6 3
Grounding 23 33 34 57 14 8 4
Capsizing 10 13 14 10 19 2 0
Sinking 2 8 21 8 3 4 1
Contact 9 7 12 2 5 0 3

Table A9. Stage 1 negative‑sampling sweep. Eight settings were run with five random seeds each
(40 runs); undersampling was applied to the training partition only, and the validation and test par‑
titions were kept at the 10:1 distribution throughout. Values are mean ± standard deviation over
the five seeds. The decision threshold of each run was selected on the validation partition, and the
settings were compared on that partition. The settings from 4:1 downwards in this table lie within
one combined standard deviation of the best validation mean; the adopted setting is the one that
retains all available training negatives.

Negative‑to‑Positive Ratio Validation Macro F1 Test Macro F1 Validation PR‑AUC Test PR‑AUC Training Negatives

1:1 0.620± 0.011 0.630± 0.010 0.288 0.303 1196
2:1 0.628± 0.004 0.639± 0.004 0.301 0.312 2392
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Table A9.Cont.

Negative‑to‑Positive Ratio Validation Macro F1 Test Macro F1 Validation PR‑AUC Test PR‑AUC Training Negatives

3:1 0.629± 0.005 0.639± 0.002 0.306 0.317 3588
4:1 0.631± 0.008 0.640± 0.004 0.316 0.318 4784
6:1 0.639± 0.008 0.648± 0.003 0.328 0.325 7176
7:1 0.631± 0.006 0.643± 0.008 0.322 0.325 8372
8:1 0.635± 0.006 0.646± 0.004 0.325 0.327 9568

10:1 (retained; adopted) 0.634± 0.009 0.647± 0.008 0.325 0.327 13,189
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