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ABSTRACT. Maritime accident risk prediction has highlighted the limitations of pure-
ly statistical classifiers and numerical scoring schemes, driving demand for scemario-
driven analytical methods that can elucidate both the context and progression of in-
cidents. In response, we propose LURKER (Language models for Unveiling maritime
Risks via Knowledge-driven Fvent forecasting and Reasoning), an explainable framework
that leverages the reasoning capabilities of Large Language Models (LLMs) to analyze
maritime accident severity. LURKER quantifies accident risk by integrating a tree-based
classification model with isotonic regression for probability calibration, and then generates
dynamic scenarios through a prompt-engineering module that summarizes tribunal reports
and incorporates real-time data. By employing Retrieval-Augmented-Generation and
chain-of-thought prompting, LURKER produces context-rich descriptions of causal fac-
tors, incident progression, and potential impacts. This approach transcends purely numer-
ical analysis, offering comprehensive explanations of accident causes and consequences,
and functions as an intelligent decision-support tool. Case-based experiments integrat-
ing tribunal reports, AILS vessel-track data, and meteorological observations demonstrate
LURKER’s feasibility and practical utility as a severity-prediction tool for operational
maritime safety management.

Keywords: Maritime accident, Large language model, Prompt engineering, Severity
prediction, Probability calibration

1. Introduction. Maritime accidents inflict severe societal and economic losses through
casualties, property damage, and environmental contamination, and both their frequency
and impact have escalated with the advent of larger vessels and increased traffic density
[1,2]. In the Republic of Korea, an average of roughly 2,800 maritime accidents per year
have been reported over the past five years, underscoring the urgent need for enhanced
safety management and preventive strategies [3]. Unlike land-based collisions, maritime
incidents lack well-defined physical pathways and arise from complex interactions among
vessel condition, meteorological factors, and traffic congestion, making root-cause attri-
bution particularly challenging [4]. Moreover, the relative rarity of severe accidents gives
rise to data sparsity, further complicating robust risk modeling [4,5]. These characteris-
tics highlight the necessity of an integrated, systematic approach that can both elucidate
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accident causes and quantitatively forecast risk in advance [6]. Recent research in mar-
itime risk prediction has embraced diverse machine learning and statistical techniques to
improve quantitative risk assessment.

Munim et al. [4] applied Automated Machine Learning (AutoML) to forty years of Nor-
wegian coastal accident records — covering groundings, collisions, and fires — and demon-
strated performance gains by incorporating meteorological variables. Brandt et al. [5]
fused fifty-one weather features with Norwegian accident data and showed that a Light
Gradient Boosted Trees model achieved markedly higher accuracy, with wind speed, sea-
level pressure, and visibility emerging as dominant predictors. Spatial risk modeling has
also garnered attention. Yang et al. [6] leveraged GIS-based kernel density estimation and
spatial autocorrelation to identify high-density accident zones in China’s Fujian waters
and employed Random Forest and Gradient Boosting Decision Trees to predict grid-
level risk. Efforts to forecast incident specifics have likewise advanced. Shin and Yang [1]
benchmarked XGBoost, Random Forest, and neural networks on Busan Port data, finding
Random Forest superior and highlighting the importance of VTS operator expertise and
zone-specific characteristics. Kim et al. [7] proposed an integrated framework combining
tribunal verdicts and accident statistics, using KeyBERT to extract causal keywords and
visualizing them on spatial grids to underpin quantitative severity assessment. Shintani et
al. [2] developed a Light GBM model for small-vessel accidents in Japan’s Seto Inland Sea
and applied SHAP analysis to pinpointing key risk factors, informing safety management
and rescue operations.

Although these studies have enhanced predictive fidelity and provided actionable in-
sights, existing studies have primarily relied on binary classification or statistical analyses
and therefore lack causal explanatory power regarding why accident is likely to occur.
Moreover, research integrating diverse data sources to explain the causes and progression
of maritime accidents remains limited. In particular, the application of Large Language
Models (LLMs) to generate reasoning-driven, narrative-style scenarios remains in its in-
fancy, with few examples harnessing LLMs’ capabilities to contextualize accident causes
and trajectories.

To address these gaps, we present LURKER, an explainable framework that synergizes
quantitative risk estimation with dynamic scenario generation, where risk scenarios are
adaptively derived according to varying meteorological, oceanographic, and spatiotem-
poral conditions. LURKER, comprises two principal modules: 1) A risk estimation mod-
ule that integrates a tree-based classifier with isotonic regression to yield well-calibrated
severity scores; 2) A scenario generation module that employs prompt engineering to
merge maritime tribunal summaries with real-time AIS and meteorological data, lever-
aging Retrieval-Augmented-Generation (RAG) and Chain-of-Thought (CoT) prompting
to produce interpretable narrative scenarios of causal factors, and severity assessments.
By transcending mere numerical outputs, LURKER offers comprehensive, context-rich
explanations that enhance situational awareness and decision support in maritime.

The contributions of this study are as follows: 1) The development of a prompt
engineering-based LLM summarization system for tribunal verdicts, augmented with rea-
soning-based refinement to improve informational accuracy and trustworthiness; 2) The
design of a dynamic scenario generation architecture that combines calibrated risk scores
from a tree classifier-isotonic regression pipeline with real-time data and RAG/CoTinputs
to produce explainable severity analyses; 3) A case-based evaluation using real tribunal re-
ports, AIS vessel-track data, and weather observations, demonstrating LURKER’s practi-
cal applicability as a dynamic severity analysis tool in operational maritime environments.

The remainder of this paper is organized as follows. Section 2 presents a description
of the proposed method. Section 3 provides the results derived from our experiments
and presents results on interpretability and applicability. Finally, Section 4 presents the
conclusions along with future research ideas.
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2. Proposed Method. This section describes our methodology. An overall framework
of the proposed method is shown in Figure 1.
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F1GURE 1. Overall framework of the proposed method

Our methodology is structured as a three-step pipeline. First, we devised prompt-
engineering templates to instruct a Large Language Model (LLM) to extract only explicit,
verifiable facts — such as accident location, vessel specifications, accident type, and dam-
age severity — from unstructured maritime-safety tribunal verdicts, thereby minimizing
hallucination. Second, we trained tree-based classifiers to predict the binary occurrence
of maritime accidents and applied isotonic regression to their raw probability outputs
for bias correction; the resulting calibrated probabilities served as our quantitative risk
indicator. Finally, we merged each event’s calibrated risk score and structured accident
summary with real-time environmental variables (seasonality and time-of-day, wind speed,
precipitation, visibility, wave height, and swell parameters) into a single JSON-formatted
prompt. Under Retrieval-Augmented-Generation (RAG), Chain-of-Thought (CoT) prom-
pting paradigm, the LLM then unfolds stepwise, interpretable reasoning to generate co-
herent, context-rich navigational risk scenarios that integrate both quantitative metrics
and narrative insights.

Overall, the proposed pipeline adopts a knowledge-driven design by grounding scenario
generation in retrieved and structured accident summaries and related evidence through
an RAG framework. It is simultaneously scenario-driven in that it explicitly targets the
generation of context-aware navigational risk scenarios integrating calibrated risk scores
with real-time environmental variables. Furthermore, a reasoning-driven formulation, im-
plemented via CoT prompting, facilitates the stepwise integration of quantitative risk
indicators and environmental conditions, resulting in interpretable and actionable mar-
itime risk assessments.

2.1. Prompt engineering. In this study, we leverage an LLM to systematically summa-
rize maritime accident reports issued by the Korea Maritime Safety Tribunal, extracting
critical information and converting it into a structured, JSON-formatted representation.
LLMs offer the flexibility to perform a wide range of tasks via prompt engineering, enabling
a single model to execute specialized instructions across diverse domains [8]. We begin by
defining the essential elements required for an accident summary — such as accident loca-
tion, vessel details, accident type, and severity level — directly within the prompt. Based
on these definitions, the LLM is guided to parse the free-text tribunal verdicts and out-
put only the specified fields in JSON format. By explicitly coupling each desired element
with examples in the prompt, we ensure that the model’s output conforms to our target
schema. However, tribunal reports are written in natural language, often describing facts
implicitly (e.g., “5 km east of Ulleung Island”) rather than as precise numeric coordinates.
Such implicit expressions require background knowledge or geospatial reasoning that the
LLM may not reliably perform, leading to missing or erroneous extractions. Conversely,
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encouraging the model to infer unstated details can induce hallucinations — fabricated
assertions that cannot be verified against the source text [9)].

To mitigate these issues, we propose a two-way preprocessing strategy. In Step 1,
prompts are crafted to elicit only explicit, verifiable facts; any data requiring inference
or external knowledge is intentionally omitted to minimize hallucination. In Step 2, any
missing implicit data points may be supplemented via a secondary retrieval process, in
which the system re-queries the tribunal text or invokes external knowledge sources (e.g.,
web search, domain-specific QA modules) to obtain or validate the required information.
In practice, this secondary retrieval process integrates multiple external data sources, in-
cluding maritime accident statistics databases, historical and real-time maritime weather
data, and targeted web search results, which are selectively queried to supplement miss-
ing contextual attributes such as precise location descriptors, environmental conditions,
or regional characteristics.

This combined preprocessing and prompting pipeline is illustrated in Figure 1, which
depicts the end-to-end flow from raw verdict ingestion through preprocessing, information
extraction, supplementary retrieval, and final JSON output. Figure 2 provides a detailed
view of the two-step preprocessing logic, highlighting how external data modules — such
as maritime accident statistics repositories, meteorological data services, and web-based
information retrieval — are orchestrated alongside the LLM to iteratively fill information
gaps and validate extracted facts. By adopting this architecture, our system produces
structured, high-fidelity accident summaries that maintain both consistency and trust-
worthiness, thereby laying a robust foundation for downstream maritime risk analysis.

KNS
ExtemalData ‘ -~ { latitude: 35.123
: longitude: 129.042 }
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—= : 2 Way

] S | — .
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FI1GURE 2. Procedure of two-way preprocessing

2.2. Probability calibration. Accident risk probabilities are obtained via probability
calibration, a requisite procedure that adjusts a model’s predicted probabilities, so they
align exactly with observed event frequencies, thereby ensuring predictive reliability. In
classification settings, calibration is applied whenever the raw probability outputs deviate
from true occurrence rates. Unlike conventional approaches that rely solely on binary
accident classification, probability calibration enables the model to produce continuous
and interpretable risk scores, which are more suitable for risk assessment and decision-
making.

In this study, we employ isotonic regression for calibration. Isotonic regression is a non-
parametric method that minimizes the squared error between predicted and observed val-
ues under a monotonicity constraint. The raw model output probabilities p are adjusted
to calibrated probabilities p; that best approximate the observed outcomes y, as formal-
ized in Equation (1). Here, y; denotes the observed binary outcome, and p; represents the
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calibrated probability. This procedure removes bias in the probability estimates, ensuring
that the predictions accurately reflect the true event frequency. As a result, the calibrated
probabilities can be directly interpreted as quantitative accident risk indicators, enabling
downstream integration with scenario generation and explainable decision-support mod-
ules rather than remaining at a simple accident/non-accident classification level.

min ) (y; —pi)° subject to 1 <pp < <Py (1)
P 1=1

2.3. Scenario generation. In the scenario-generation stage, we integrate RAG with
CoT prompting to derive immediate navigational risk narratives from calibrated accident-
risk probabilities and structured domain knowledge. RAG enables context-aware model
adaptation by dynamically retrieving task-relevant information from external knowledge
sources at inference time, while CoT prompting elicits stepwise, explicit reasoning that
enhances both transparency and prediction accuracy [8].

We construct each LLM input as a JSON object combining real-time dynamic features
— seasonality and time-of-day, weather variables (wind speed, precipitation, visibility),
and oceanographic conditions (wave height, swell) — with a structured accident summary
(tribunal verdict metadata, calibrated probability, and scenario outline). The prompt is
augmented with task-relevant cases retrieved from external knowledge bases, grounding
the model in the desired input-output structure and depth of inference. Through this
retrieval process, historical accident patterns are explicitly incorporated into the reasoning
context.

Upon receiving this prompt, the LLM aligns the calibrated risk score with dynam-
ic environmental variables based on the retrieved contextual evidence. It then proceeds
through a CoT-style reasoning chain: initially assessing the present risk level based on
environmental inputs and subsequently synthesizing this forecast with historical prece-
dent and underlying factors to articulate a comprehensive risk evaluation. This approach
transcends mere numeric risk scores by fusing empirical case data with live sensor read-
ings for holistic situational awareness. The final output is structured into three descriptive
sections: “Hazard Factors and Issues in the Area”, “Predicted Future Accident Type and
Likelihood”, and “Navigation/Work Precautions”. RAG ensures that the generated out-
puts are consistently grounded in retrieved, verifiable evidence, thereby constraining the
LLM’s responses to factual accident records and domain knowledge while mitigating hal-
lucinated or unsupported reasoning. In parallel, CoT prompting makes explicit the LLM’s
multi-step reasoning under complex maritime conditions, thereby improving the practical
utility of generated scenarios.

By combining highly calibrated probability estimates from the risk-estimation module
with structured accident data from prompt engineering, our prompt design (illustrated
in Figure 3) yields advanced navigational risk scenarios that balance interpretability with
consistency, delivering actionable insights for maritime decision support.

3. Experiments. In this section, we present our experimental setup and data descrip-
tions. Additionally, we present the results of generating route-based maritime accident
risk scenarios using the proposed framework.

3.1. Experimental setup. In this study, we conducted experiments using four distinct
datasets encompassing different feature sets and maritime information; the properties of
each dataset are summarized in Table 1. The study area was defined as the Exclusive
Economic Zone (EEZ) of the Republic of Korea, and all observations were mapped to a
uniform level 3 grid (approximately 4.4 x 5.5 km) — one of the four grid levels specified
by the Ministry of Oceans and Fisheries of Korea — based on latitude and longitude. This
grid resolution was selected to ensure consistency with officially defined maritime spatial
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.
Prompt templates Template variable
[System] [weather condition]
You are a maritime safety analysis expert. Your task is to analyze structured accident records 4 "sea": "Namhae™, "lat": 34875, "lon": 128.775, "timestamp”: "2024-07-17 04:00:00",
and real-ime weather conditions in a given sea area. “temperature”: 24.3,"humidity™: 95.1,"dew_point™ 23.4, "wind_speed”: 7.4,

You must synthesize key information and provide a **realistic, domain-appropriate summary** “wind_dircction": 204,"pressurc”: 1011.8, "visibility": 15.6,
of potential risks, structural issues, and recommended precautions. "clond_cover": 88.1,"wave_height": 0.4,"swell_height™: 0.1,
Respond in **clear, concise academic English®* within **1-2 sentenees** per prompt. "wave_direction": 192.1."swell_direction": 54.6."wave_period": 5.1,
"swell_period”: 4.6,"season": "Summer”, "time_ol_day": "Early Morning",

[User] "accident_risk": 0.4705882352941176,

The following contains structured records of maritime accidents that occurred in a specific sea /
area, along with the current weather conditions.

Based on Lhis information, analyze and concisely summarize the situation in **1-2 sentences |accidem7data|
total**, covering all three points below. {"accident_datetime”

014-09-16 01:30","accident_type": "Collision”,

1. **Hazards and Structural Issucs** “accident_summary": "A collision occurred between the tugboat XXXand its towed barge
- Identify recurring risk factors or structural weaknesses specific to this arca. Jacwon 12002, and ing vessel YYY.","vessel_1": “XXX",
- (¢.g.. non-compliance by oil tankers, repeated design flaws, insufficient cmergency response, “vessel 2" "YYY' y": "Approximately 5 nautical miles”,
cte.) "tonnage_vessel_1": "100-500 tons", "tonnage_vessel_2": "2 -5 tons”,
2. **Forecasted Accident Types and Probabilities** "penalty_law": "Article 5, Paragraph 2 of the Act on the Investigation and Judgment of
- Predict likely future accident types and explain why they may occur, based on historical Maritime Accidents”,"lesson_learned": "Fishing vessels in operation must also assign a watch
patterns. officer to the wheelhouse.”, "damage_description™: "As YYY made contact with the towing line
- (e.g., explosion — secondary sinking; loss of buoyancy — flooding, etc.) of XXX, it immediately collided at an approximate 90-degree angle with the starboard bow of the
3. **Precautions for Navigation and Maritime Operations** towed barge 777, leading 1o capsizing and sinking to the starboard side.”, "latitude":
- Sugyest practical safely measures that ships should implement while navigaling or operating 3487861111,
n this area. "longitudc": 128.7763889, " license_vessel_1": "Third-Class OfTicer",
- Ground your suggestions in lessons learned from past incidents. “license_vessel_2": "Not Applicable”,"grid_code": "GR3_G3E22_K*

= b,
**Current Weather Conditions®*:
{weather_condition}
**Accident Records**:
{accident_data}

F1GURE 3. Example prompt for scenario generation

TABLE 1. Description of experiment datasets

Dataset Collected duration |Data format|Frequency Data source
Korea Maritime
2017.01.01 ~ 2024.12.31| Tabular | Minutely | Transportation
Safety Authority
Maritime accident)yo-) 51 61 9094 12.31]  Text | Minutely | VIRistry of Oceans
judgement reports and Fisheries

Weather & o017 01 01 ~ 2024.12.31| Labular
marine data (Sensor)

Tabular . Global Fishing
AIS data 2017.01.01 ~ 2024.12.31 (Sensor) Minutely Watch

Maritime accident
statistics data

Hourly | Visual Crossing

standards and to enable reliable matching with traffic density and vessel traffic volume
datasets.

The LLM components for both data preprocessing and scenario generation employed
the DeepSeek V3 and DeepSeek-R1 models, which were accessed via API calls. All mar-
itime accident risk modeling was implemented using scikit-learn in a Python 3.10 runtime
environment.

For accident risk prediction, we employed a stacking ensemble learning framework com-
posed of multiple tree-based classifiers. Specifically, Random Forest, Light GBM, and XG-
Boost were used as base learners to capture heterogeneous and non-linear relationships
among maritime traffic, environmental, and accident-related features. The outputs of
these base models were subsequently combined using a logistic regression meta-classifier,
which learns an optimal aggregation of base predictions while preserving probabilistic
interpretability. The hyperparameters of each base learner were optimized through cross-
validation-based tuning on the training set. For Random Forest, the number of trees
was increased to ensure ensemble diversity while maintaining stable generalization perfor-
mance. LightGBM and XGBoost hyperparameters were tuned with respect to the number
of estimators, tree depth, and learning rate to balance model capacity and overfitting con-
trol.
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3.2. Experiments results. In this section, we present a probability calibration study
to assess the reliability of predicted maritime accident risk probabilities within the pro-
posed framework. Calibration is essential for transforming raw classification scores into
meaningful risk probabilities that can support operational decision-making. We evaluate
calibration performance using the Brier score, which jointly measures probabilistic accu-
racy and calibration quality, along with reliability curves that visualize deviations from
ideal probability alignment.

To justify the choice of isotonic regression, we conduct a comparative analysis against
alternative calibration strategies, including no calibration and Platt scaling. Table 2 re-
ports the Brier scores obtained under different calibration methods for individual tree-
based classifiers and ensemble models. Without calibration, all models exhibit relatively
higher Brier scores, indicating over- or under-confident probability estimates. Platt scaling
improves calibration performance across models; however, isotonic regression consistently
achieves lower Brier scores, particularly for ensemble-based predictors.

TABLE 2. Comparison of probability calibration methods using Brier score

Model Brier' score Brier score Br‘ier score
(No calibration) | (Platt scaling) | (Isotonic regression)
Random Forest 0.1523 0.1412 0.1378
Light GBM 0.1551 0.1436 0.1399
XGBoost 0.1544 0.1436 0.1394
Weighted Voting 0.1496 0.1428 0.1369
Stacking 0.1427 0.1318 0.1256

Among single models, Random Forest, Light GBM, and XGBoost show comparable
calibration performance under isotonic regression, with Brier scores ranging from 0.137
to 0.140. Ensemble-based approaches achieve consistently lower Brier scores, indicating
improved probability reliability. In particular, the weighted voting ensemble reduces the
Brier score to 0.1369, while the proposed stacking ensemble achieves the lowest Brier score
of 0.1256.

These results demonstrate that isotonic regression is well suited for calibrating ensemble-
based risk predictors, as it flexibly captures non-linear distortions in predicted probabili-
ties without assuming a parametric form, unlike Platt scaling. When combined with the
stacking ensemble, isotonic calibration substantially improves the reliability and trustwor-
thiness of maritime accident risk probabilities, supporting its selection in the proposed
framework.

3.3. Case study: Based on the exclusive economic zone of the Republic of Ko-
rea. In this section, we present a case study demonstrating the application of LURKER
in the Korean sea region. We consider hypothetical vessel routes crossing multiple grid
cells in the Namhae Sea and East Sea, and analyze the associated navigational risks along
each trajectory. Figures 4 and 5 illustrate representative results, including the generat-
ed natural-language risk interpretation for a selected grid cell, the vessel route, and the
corresponding risk heatmap.

Figure 4 illustrates a case study in the Namhae Sea, where the highlighted grid is lo-
cated near Jangseungpo, an area with a high incidence of collisions and onboard fires. By
integrating current meteorological conditions (e.g., low visibility) with historical accident
patterns, LURKER identifies key risk factors such as limited visibility and traffic conges-
tion, and generates actionable recommendations including reduced speed and enhanced
radar monitoring.

Figure 5 shows a case study in the East Sea near Gurayongpo Port, a coastal area
historically prone to grounding and sinking accidents due to submerged reefs and strong
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Description .
1. **Hazardous Factors and Issucs in the Waters** \

The arca frequently experiences collisions due to poor
visibility and lack of radar vigilance (e.g., 2023 collision
between XXX and XXX ), as well as sudden weather-
induced sinking (e.g., 1981 sinking of XXX during storms).
Recurring issues include inadequate watchkeeping and 0 46
failure to anticipate weather changes. =

2. **Predictable Future Accident Types and Likclihood**
Future accidents are likely to involve **collisions** (high
probability due to dense fishing activity and lax radar use) 0z
and **sinkings** (moderate probability, especially in
autumn/winter when wave heights exceed 3m).
Firesfexplosions (e.g., 1989 XXX incident) remain a risk
due to unsecured flammable materials.

3. **Navigation/Work Precautions™®*

Vessels must **maintain constant radar monitoring**
(lesson from 2023 collision), **secure loose equipment**
(e.g., gas lamps to prevent fires), and **check real-time
weather updates** to avoid sudden storms (eritical given
the 94.8% humidity and 87.6% cloud cover in summer).
Smaller boats should avoid overlapping with larger vessels’
routes.

F1GURE 4. Case study results of the LURKER in the Namhae Sea

. . Risk(%)
Description g
1. **Hazardous Factors and Issucs in the Arca™*
The area is prone to grounding and sinking accidents due to b
hidden reefs, strong currents, and overloading of vessels,
compounded by poor visibility and inadequate navigation
precautions, as seen in repeated incidents near Gurayongpo 05
Port.
0.25
2. **Predictable Future Accident Types and Likelihood** a0

Futurc accidents are likely to involve grounding on reefs or
sinking from overloading and structural failure, especially

during poor visibility or high waves, given the historical 02
patterns and hazardous coastal features,

3. #*Navigation or Operational Precautions®*

Vessels must maintain strict adherence to load limits,
avoid reefs by using updated charts, and monitor weather
conditions closely, particularly near Gurayongpo Port,
where currents and visibility pose significant risks.

FiGure 5. Case study results of the LURKER in the East Sea

coastal currents. Based on environmental conditions and spatial accident records, LURK-
ER classifies the grid as a high-risk zone and issues warnings emphasizing updated nautical
charts, real-time weather monitoring, and strict adherence to load regulations.

Unlike conventional risk predictors, LURKER goes beyond probability estimation by
jointly providing quantitative risk scores, causal explanations, and actionable natural-
language guidance within a unified framework, supporting proactive and context-aware
navigational decision-making.

3.4. LLM-as-Judges: Based on the exclusive economic zone of the Republic of
Korea. In this section, we quantitatively evaluate the quality of maritime risk scenar-
ios generated by LURKER using multiple LLM-as-Judge [10] models. Table 3 summa-
rizes the quantitative LLM-as-Judge evaluation results across three judge models (GPT-
4.1, Claude-sonnet-4.5, and Gemini-2.5-pro) under different ablation settings. Across all
judges, the Full (ours) configuration consistently achieves the highest scores on most
evaluation metrics, indicating that integrating environmental conditions, and historical
accident records leads to more coherent and operationally realistic maritime risk scenarios.

In contrast, ablated variants exhibit clear performance degradation. The w/o condition
setting shows reduced Relevance and Factuality, highlighting the importance of current
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TABLE 3. Quantitative LLM-as-Judge evaluation results

GPT-4.1 Claude-sonnet-4.5 Gemini-2.5-pro
Full |w/o|w/o Full |w/o|w/o Full |w/o|w/o
(ours)| acc |cond Base (ours)| acc |cond Base (ours)| acc |cond Base

Comprehensiveness| 8.8 |79 77|79 | 86 |75| 7 |68 | 86 |7.2| 6.7 6.8
Knowledge ability | 8.8 |78 79|78 | 81 | 7 |68 63| 88 |74|7.16.8
Correctness 9.1 |82 8 |81 | 86 |7.8| 74|71 9.1 |74|87 |64

Relevance 89 | 8 |77 |78 9 (81|64 |71] 9.7 92|65 6.8
Diversity 88 |79 77| 8 | 81 |71|74|67] 9 |81|73 |74
Logical Coherence | 9.2 (8383 83| 9 |81 8 |[7.7] 9.6 [88|92 |79
Factuality 89 |79(79|78] 81 |72|/68|66| 86 [6.7|73|6.1
Overall 89 | 8 |79|79| 85 |76|/71/69| 9 |79|76 6.9

*Full uses all contextual inputs; w/o accident removes historical accident records; w/o condition
removes environmental conditions; Base denotes a context-free baseline.

situational information, while the w/o accident setting yields lower Knowledgeability and
Logical Coherence due to the absence of empirical accident evidence. The Base config-
uration records the lowest overall scores, reflecting the limited effectiveness of generic,
minimally grounded scenario generation. Despite differences in absolute scoring tendencies
among judge models, the relative ranking of all variants remains consistent, demonstrating
the robustness of the evaluation results.

4. Conclusions. We propose an LLM-based framework that integrates maritime AIS
data, meteorological measurements, historical accident statistics, and tribunal verdict
summaries to unify accident risk probability estimation with dynamic scenario genera-
tion. A probability calibration module — combining tree-based classifiers with isotonic
regression — yields well-calibrated risk scores, while prompt designs leveraging RAG and
chain-of-thought techniques ensure systematic, stepwise inference during scenario syn-
thesis. By mapping results onto a spatial grid, our approach delivers intuitive, visual
representations of area-specific risk levels and narrative scenarios. Crucially, the frame-
work not only highlights key hazard factors and predicts accident likelihood and type, but
also generates actionable navigational and operational advisories — thereby functioning
as a comprehensive decision support tool for maritime safety management. In our future
research, we will augment our framework by integrating maritime traffic and density data,
as well as grid-level historical accident-damage metrics, to further enhance the reliability
of our risk models. We will also explore the feasibility of a real-time, dynamically updated
safe-route recommendation system based on these refined risk assessments.
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