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Abstract

The paper introduces a novel approach to utilising Large Language Models (LLMs) for real-
time COLREGs-based decision-making in collision encounters. The COLREGs (Collision Regulations),
published by the International Maritime Organisation (IMO), have served as the baseline regulations
for empirical maritime collision avoidance in open seas to ensure vessel safety. As COLREGs were
originally defined for human seafarers, translating them into computer language for autonomous op-
erations has been extensively investigated in recent decades, attracting significant interest but lacking
a universal solution. A key aspect is the need for explainable decision-making, either for autonomous
operations or as captain assistance. This study leverages the power of LLMs to develop such a decision-
making algorithm. The proposed COLREGs-guided Risk-Aware LLM (CORALL) algorithm consists
of a high-level, risk-aware decision-maker and an execution layer that implements path tracking and
collision avoidance in the presence of external disturbances. A framework for risk-aware, COLREGs-
compliant LLM-based decision-making is devised, and its performance in online operation on a high-
speed ship model is demonstrated. The LLM processes navigation outputs and risk indices, identifies the
COLREGs encounter type, and makes decisions with accompanying explanations. The proposed solution
is tested on all the 22 Imazu’s benchmark problems, evaluated using the Imazu benchmark scenarios, a
widely-accepted standard in maritime collision avoidance research comprising 22 progressively complex

encounter situations. To complement the study, the proposed algorithm is implemented and verified on
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a low-cost processor in a Hardware-in-the-Loop (HIL) setup, with end-to-end execution times measured
during real-time operation. This risk-aware Al solution, thought to be the first of its kind, opens a
door to future research on advanced decision-making algorithms in safe maritime transport and similar

operational environments.

Index Terms

Maritime Autonomous Surface Ship, COLREGs, LLM, Al, Risk, Decision Making, Collision

Avoidance.

I. INTRODUCTION

Maritime Autonomous Surface Ships (MASS) could significantly transform maritime oper-
ations, offering benefits such as enhanced safety, reduced costs, and lower carbon emissions
through optimised route planning. Safe mission planning and decision-making are critical aspects
for MASS, requiring global and local path planning, world modelling (including environmental
conditions and spatial constraints), and consideration of vehicle dynamics and manoeuvrability
limitations. MASS must also comply with the Convention on the International Regulations for
Preventing Collisions at Sea (COLREGs) set by the IMO [1]]. This involves safety-critical online
risk assessment to detect collision risks and execute Collision Avoidance (COLAV) actions in
line with these regulations. In 2022 alone, maritime accidents caused losses exceeding $1 billion,
highlighting the need for safer navigation systems [2]. The 2021 Ever Given grounding in the
Suez Canal caused weekly losses of $10 billion, while the August 2024 collision between Chinese
and Philippine vessels escalated tensions over COLREGs adherence [3|]. Furthermore, a 10-year
global forecast projects a significant growth in the autonomous ships market, increasing from
$6.1 billion to $14 billion [4]. Autonomous ships, especially at the IMO’s full autonomy Level 4,
must handle these complexities with greater reliability. However, the textual COLREGs, written
for human interpretation, can be vague and challenging to apply in real-time, especially in
multi-criteria decision-making situations that require rule interpretation across various scenarios.
This complexity is further compounded by the need to develop decision-making capabilities that
can translate qualitative COLREGs rules like ’safe distance’, ’good seamanship’, ’in doubt’,

"look-out’ and ’ample time’, which require context-aware interpretation that varies with vessel
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characteristics and environmental conditions into actionable COLAV decisions. This challenge
becomes particularly complex when making decisions in multi-vessel encounters, where MASS
must assess multiple collision risks simultaneously while ensuring decisions remain compliant
with COLREGs across various encounter types.

Recent advances in Machine Learning (ML) have shown promise in maritime decision-making
[S]], yet existing approaches often struggle to justify their COLAV decisions or maintain consistent
COLREGSs compliance. An early study, the COLREGs3 project [6]], identified potential benefits of
Large Language Models (LLMs) in this field, focusing on scene-based tests but lacking dynamic
simulations. It was noted that this could lead to poor outcomes and rightly highlighted the need
for re-training LLMs [6]]. Similarly, research on advanced ship collision avoidance highlighted
that introducing LLLMs could represent a paradigm shift in ship decision-making [7]. Hybrid
approaches combining MPC with COLREGs compliance have shown particular promise, such
as the work by Eriksen et al. [8]], which presented a three-layered collision avoidance system
for ASVs compliant with COLREGs Rules 8 and 13-17, integrating energy-optimised trajectory
planning with model predictive control. Our initial work [9] demonstrated the potential of LLMs
in maritime decision-making through validation across four single-vessel encounter types: head-
on, overtaking, crossing from starboard, and crossing from port. However, real-world maritime
environments frequently require decisions involving multiple vessels with varying risk levels,
demanding robust integration of risk assessment with COLREGs interpretation.

The emergence of LLMs with advanced reasoning capabilities presents an exciting opportunity
to address these multi-vessel challenges. Their ability to process natural language rules and
generate contextual explanations, combined with real-time risk assessment, offers a promising
solution for complex maritime navigation scenarios requiring sophisticated reasoning and clear
decision justification.

This paper introduces CORALL, a novel framework that advances the application of LLMs
in maritime autonomy by integrating risk-aware COLREGs-compliance decision-making with
single and multi-vessel encounters. The system combines the interpretative capabilities of LLMs
with quantitative risk metrics to generate explainable, regulation-compliant decisions for COLAV.

Our key contributions encompass real-time interpretation of maritime situations with explicit
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COLREGS rule identification and risk assessment integration, handling of multi-vessel encoun-
ters through risk-prioritised decision making, clear and explainable reasoning for all decisions
based on both regulatory requirements and quantitative risk metrics, and consistent performance
evaluation across various encounter types, from single-vessel scenarios to complex multi-vessel
interactions. Furthermore, we verify the proposed approach through Processor-in-the-Loop (PIL)
simulation, a basic form of Hardware-in-the-Loop (HIL) testing commonly used to assess real-
time implementability of autonomous systems at an early design stage. The PIL setup integrates
the CORALL algorithm running on an embedded platform with a real-time vessel dynamics
simulator, demonstrating feasibility for onboard deployment.

The remainder of this paper is organised as follows: Section II provides a review of related
work across two key areas: COLREGs-based decision making, and applications of LLMs in
autonomous decision systems. Section III presents our approach, beginning with CORALL’s
system architecture and core components, followed by the execution layer design, CORALL al-
gorithm and decision-making framework, and implementation details that integrate these various
components. Section IV presents extensive evaluation of results across the Imazu test scenar-
ios, processor-in-the-loop validation, and an ablation study examining component contributions.

Finally, Section V concludes with a discussion of implications and future research directions.

II. RELATED STUDIES
A. COLREGs-Based Decision Making

Maritime navigation safety is fundamentally governed by the International Regulations for
Preventing Collisions at Sea (COLREGs), established by the IMO [10]. As illustrated in Fig.
the application of COLREGs during a voyage follows a hierarchical decision-making process,
beginning with basic safety assessments and progressing through various encounter scenarios.
The relevant COLREGs rules for autonomous COLAV are as follows [1]]:

« Rule 7— Risk of Collision: 'Every vessel shall use all available means appropriate to the

prevailing circumstances and conditions to determine if risk of collision exists. If there is

any doubt, such risk shall be deemed to exist.’
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« Rule 8— Action to Avoid Collision: ’Any action taken to avoid collision shall be positive,
made in ample time and with due regard to the observance of good seamanship.’

o Rule 13— Overtaking: ’Any vessel overtaking any other shall keep out of the way of the
vessel being overtaken.’

o Rule 14— Head-on Situation: *When two power-driven vessels are meeting on reciprocal
or nearly reciprocal courses so as to involve risk of collision, each shall alter her course to
starboard so that each shall pass on the port side of the other.

e Rule 15— Crossing Situation: "When two power-driven vessels are crossing so as to
involve risk of collision, the vessel which has the other on her starboard side shall keep out
of the way and shall, if the circumstances of the case admit, avoid crossing ahead of the
other vessel.’

« Rule 16— Action by Give-way Vessel: 'Every vessel which is directed to keep out of the
way of another vessel shall, so far as possible, take early and substantial action to keep
well clear.’

o Rule 17— Action by Stand-on Vessel: "Where one of two vessels is to keep out of the
way, the other shall keep her course and speed. The latter vessel may, however, take action
to avoid collision by her manoeuvre alone, as soon as it becomes apparent to her that the

vessel required to keep out of the way is not taking appropriate action.’

It should be noted that COLREGs are primarily applicable when vessels are navigating in open
or moderately congested waters where collision risk can be clearly assessed between specific
vessels. In highly congested or constrained areas such as ports and narrow channels, local tratfic
rules and Vessel Traffic Services (VTS) may override or complement COLREGs. The CORALL
framework presented in this work specifically addresses open-water collision avoidance scenarios
governed by COLREGs Rules 8 and 13-17, which represent the majority of encounters in
international shipping lanes.

Within this open-water context, the application of COLREGs follows a hierarchical decision-
making process from initial safety assessment through encounter classification to action deter-
mination, as illustrated in Fig. |1, While COLREGs define encounter types through geometric

descriptions, such as Rule 13’s overtaking definition of approaching “from a direction more
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than 22.5 degrees abaft her beam” (corresponding to 112.5° from ahead), these boundaries
serve as guidance rather than rigid thresholds. In practice, encounter classification depends on
contextual factors including relative motion, risk assessment, and environmental conditions that
are not easily quantifiable into fixed rules. This inherent ambiguity in COLREGs interpretation
is precisely why CORALL employs an LLM-based approach: the LLM receives the geometric
relationships and risk metrics as input, but makes contextual decisions rather than applying
deterministic threshold logic. The system prompt encodes COLREGs principles and the rule
hierarchy from Fig. |1|as guidance, while allowing the LLM to exercise judgement in ambiguous
situations.

These rules form the foundation of maritime COLAV decision-making. However, their effective
implementation in MASS presents significant challenges due to three key factors. First, COL-
REGs rely heavily on qualitative terms which require context-aware interpretation that varies with
vessel characteristics and environmental conditions. Second, in multi-vessel scenarios, MASS
must prioritise and coordinate responses to potentially conflicting COLREGs requirements,
particularly challenging when different rules apply simultaneously to various encounter situations.
Third, decisions must maintain temporal consistency to prevent oscillatory behaviour while
remaining responsive to dynamic changes in the maritime environment.

Various approaches have attempted to address these challenges. Traditional geometric ap-
proaches established foundational frameworks, with Kuwata et al. [11] developing Velocity
Obstacles (VO) methods for basic COLREGs-based decision-making. Campbell et al. [12] en-
hanced this approach by incorporating dynamic risk assessment through fundamental collision
prediction metrics. However, these methods struggled to capture the nuanced reasoning required
by COLREGs in complex scenarios. Rule-based systems emerged as a natural progression,
attempting to directly encode COLREGs requirements [13]-[16]. Enhanced by fuzzy logic
implementations [|17]], these systems better handle uncertainties but lack flexibility across diverse
scenarios.

Recent ML approaches have shown promise, with deep reinforcement learning demonstrating
capabilities in complex navigation decisions [18]—[20]. Probabilistic models and neural networks

have enabled dynamic risk assessment [5], [21], though these Al-driven systems often operate
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Rule 13:
“Overtaking”
Rule 16:
“Give-way”
action

Rule 14:
“Head-on”
situation

Rule 8: “Action
to avoid
collision”

Rule 6: Rule 5: Rule 7: “Risk
“Safe speed” “Look-out” of Collision”

Rule 17:
“Stand-on”
action

Rule 15:
“Crossing”
situation

Fig. 1. Sequential flow of COLREGs, derived from IMO’s textual rules [1]

as ’black boxes, making it difficult to verify their reasoning or ensure COLREGs compliance.

Hybrid approaches have attempted to address these limitations by combining methodologies.
Wang et al. [22] integrated geometric methods with ML to maintain explicit COLREGs compli-
ance. However, challenges remain in providing human-interpretable explanations and effectively
handling complex multi-vessel encounters.

Our work addresses these limitations through an LLM-based framework that bridges the
gap between human-interpretable maritime regulations and autonomous control systems while
maintaining acceptable risk assessment capabilities and the advantages of traditional methods in

maritime navigation.

B. Application of LLMs in Autonomous Decision Making

Recently, there has been growing interest in exploiting LLMs for smart decision-making
systems, with intensive research exploring their capabilities and limitations in addressing broader
and more complex problems beyond Autonomous Vehicles (AVs) [23], [24]]. [24] highlights
comparable traits of LLMs in solving financial and psychological problems, yet observes defi-
ciencies in human-level decision-making for medical challenges. For instance, [25] reports that
GPT-3.5’s average performance in medical decision-making fell 10% short of the mean passing
mark over the past two years. The research highlights that, to approach human expert-level

performance, further development is required. Another study [26] reveals greater shortcomings
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when compared to top-tier and randomly selected doctors, though GPT’s performance remains
notable. As LLMs are still in their infancy, researchers anticipate better results in the future
and are actively exploring improved learning and deployment strategies. Our study contributes
to this by proposing an LLM based real-time decision-making in COLREGs-compliant MASS
navigation, a domain where LLM traits could be particularly beneficial given the written and
subjective nature of these rules.

In the self-driving car sector, companies like Wayve have demonstrated LLM integration
to interpret complex traffic scenarios and generate natural language explanations for vehicle
decisions [27]. Similarly, NVIDIA researchers have shown how LLMs can enhance perception
and decision-making in AVs through their published work on language-conditioned driving
policies [28]. These implementations have shown particular promise in handling edge cases and
providing human-interpretable reasoning for vehicle actions. The adoption of LLMs extends be-
yond self-driving cars. In robotics, researchers have demonstrated successful applications in tasks
ranging from manipulation planning to human-robot interaction. Notable work includes Code
as Policies [29], which show how LLMs can effectively translate natural language commands
into executable robot actions. The field of Unmanned Aerial Vehicles (UAVs) has similarly
embraced LLLM technology, with recent research demonstrating their effectiveness in mission
planning, and regulatory compliance [30], [31]. Table [I] summarises the landscape of some
notable LLM applications in autonomous systems, reflecting the considerable activities in this
field. It provides insights into key attributes of each approach, including the application, input-
output structure, and the model used. The survey reveals that GPT-3.5, GPT-4, and Llama
are the predominant architectures, with GPT-4 being particularly favoured for its advanced
reasoning capabilities. These implementations demonstrate diverse functionalities that parallel
key challenges in maritime autonomy including:

o Motion Planning: LLMs process sensor data and generate trajectory plans, similar to our

need for COLREGs-compliant path planning in maritime navigation;

o Traffic Control: Interpretation of complex traffic scenarios and rule compliance, directly

analogous to multi-vessel encounter situations in maritime environments;

« Policy Adaptation: Dynamic adjustment of behaviour based on environmental conditions,
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reflecting the need for adaptive decision-making in varying maritime scenarios;

o Natural Language Integration: Processing rules and generating explanations, essential for
interpreting qualitative COLREGsS rules;

» Safety Assessment: Risk evaluation and safety-constraint verification, mirroring our require-

ments for maritime collision risk assessment;

Beyond LLM-specific applications, substantial progress has been made in foundational tech-
nologies that support autonomous decision-making across vehicle domains. [32] proposed a sit-
uational assessment method based on stochastic models and Gaussian distributions for intelligent
vehicles, enabling collision probability estimation through trajectory prediction under uncertain
conditions.  [33]] developed a robust lateral trajectory following control solution using model
predictive control, which addresses the nonlinear dynamics and uncertainties inherent in lateral
motion control. Furthermore, the interacting multiple model (IMM) approach [34] combines
vehicle physics models with manoeuvre recognition using hidden Markov models to achieve
accurate short-term and long-term trajectory prediction. These advances provide complementary
capabilities that, when integrated with LL.M-based reasoning, can enhance the overall decision-
making framework for autonomous vehicles in both terrestrial and maritime domains. Both the
LLM-based applications summarised in Table [I| and the foundational technologies discussed
above share a common thread of translating high-level rules or situational understanding into
actionable decisions while maintaining explainability and safety. This requirement is particularly
crucial in maritime navigation, where decisions must adhere to COLREGs while remaining inter-
pretable to human operators. Building upon these advances in autonomous systems, we present
CORALL, a novel framework that integrates LLM-based decision-making with real-time risk
assessment for COLREGs-compliant autonomous navigation. Our approach uniquely combines
the interpretative capabilities of LLMs with quantitative risk metrics to generate explainable,

regulation-compliant decisions in maritime COLAV scenarios.

III. THE PROPOSED METHOD

This section presents CORALL, a novel framework that integrates LLMs with traditional

maritime navigation systems to enable intelligent, risk-aware decision-making in autonomous



TABLE I

COMPARISON BETWEEN LLM-BASED ALGORITHMS IN AV APPLICATIONS

Ref. LLM Task Input Output Model
. .. .. Vectorised representation .. .
Chen et al, Explainable driving (Driving of obiects in a scene and Driving actions, expla- GPT-3.5,
2024 [27]  with LLM) . o0 nations LLaMa-7b-hf
high-level goals
Lin et al, Motion planner repair (Dr . . . .
2024 [35] Planner) Planner details, trajectories  Fixed planners GPT-4-Turbo
Wang et al, Traffic signal control (LLM- Signal control
2024 [36]  Assisted light) Traffic data decisions GPT-4
Li et al . . . Adapted driving poli-
2024 [37] Policy adaptation (LLaDA) Traffic rules and scenarios cies GPT-4
Yildirim et Highway motion planning Current state and RL model =~ Waypoints and Trajec-
al, 2024 - . . GPT-4
53] (HighwayLLM) output(meta level actions) tories
Zhong et Vision-based planning (UAVs - .
al, 2024  with Dynamic Obstacle Trajec- V1s_1on data, obstacle trajec- Navigation commands  GPT-4
- tories
[39] tory Prediction)
Ma et al API documentation, human Llama 2,
> Code generation (Lampilot) instructions, and driving Executable programs PalLM 2,
2024 [40]
context GPT-4
Fu et al Visual Information, Sce- Drivine decisions. rea- GPT-3.5,
> AV testing (LimSim++) nario Cognition, Task De- . g ’ GPT-4, GPT-
2024 [41] .. soning
scription 4V
Kong et al, Safe, compliant driving (Super-  User requests, context, and Safe, .Comphant, ‘and GPT-3.5,
. potentially  modified
2024 [42] alignment) safety rules LLaMa2
LLM responses
. .. Natural language instruc-
Cui et al, Natural language driving . . ..
2024 [@3] (Drive as You Speak) tions ar}d potenpally con-  Driving commands GPT-4
textual information
Fu et al, Human-like driving (Drive like  Scene context, past driving . .
2024 [44) a Human) experience Actions, explanations GPT-3.5
Liang et al, Code generation (Code as Poli- Natural language instruc- Codex code-
2023 [29]  cies) tions, goals Executable code davinci-002
Wang et al, . . .
2023 [43) Safety-focused planning Scene info, actions Safe plans GPT-4
Wang et al, Instruction translation (Prompt Natl.lral larllguage prompts A sequence of actions
or instructions related to or commands that the GPT-4
2023 [46] a robot to walk) . .
walking or locomotion robot can execute
Wen et al, Knowledge-driven driving  Sensor data, traffic infor- Driving commands and GPT-3.5,
2023 [47] (DILU) mation policies GPT-4
Sural et al,  Context understanding - (Con- Visual, textual info Scene context ViLT, LLaVA
2024 [48]  textVLM) ual, textu ’
Tang et al, Scenario generation . L . .
2024 [49] (LeGEND) Scenario descriptions Detailed scenarios GPT-4
Cai et al, Regulation compliance (Driv- . .
2024 [50] ing with Regulation) Traffic rules, action Legality assessments GPT-40
Xu et al, Visual-based driving . . .. .
2024 [5T] (DriveGPT4) Images, instructions Driving actions GPT-4V
Deruyttere v mand translation Sentence-
et al, 2022 (Talk2Car) Driving commands Physical trajectories BERT,
;52] alksta ROBERT
Liang et al, Code generation (Code as Poli- Natural language instruc- Codex code-
2023 [29]  cies) tions, goals Executable code davinci-002
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surface vessels. CORALL processes real-time navigational data to generate COLREGs-compliant
decisions. The system maintains state awareness across time steps, enabling consistent decision-
making throughout vessel encounters while adapting to changing risk levels. The framework
has been evaluated across challenging scenarios, demonstrating its capability to handle various
maritime situations from simple head-on encounters to complex multi-vessel scenarios. The
following subsections detail the CORALL architecture, vehicle dynamics and execution layer
components including local planning and control algorithms, parameter selection rationale, the

CORALL algorithm formalisation and decision-making framework, and implementation details.

A. CORALL System Architecture

The CORALL framework, illustrated in Fig. [5] comprises three distinct layers integrating nav-
igation and perception, LLM-based decision processing, and execution control. This architecture
ensures continuous risk assessment while maintaining regulatory compliance in autonomous mar-
itime navigation. The Navigation and Perception Layer processes simulated navigational data that
would typically be obtained from maritime sensors such as AIS, GNSS, IMU, RADAR, LIDAR,
and Camera systems in real-world applications (not the target of this research). In our simulation
environment, this layer processes parameters including Distance at Closest Point of Approach
(Depa), which represents the minimum predicted distance between vessels, Time to Closest Point
of Approach (Tx-pa), indicating the time until vessels reach Deopa, Range (R), measuring the
current distance between ships, and relative bearings (¢,.;), forming a foundation for informed
decision-making. The core intelligence resides in the LLM-Based Decision Processing Layer,
which consists of three primary components:

« Data Preprocessing: Performs feature extraction and data normalisation, structuring the

sensory inputs for LLM interpretation

o« LLM Decision Core: Serves as the central reasoning unit, performing COLREGs rule

identification, risk assessment, and situation explanation

« Decision Validation: Ensures generated decisions maintain both safety constraints and COL-

REGs compliance
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The Execution Layer implements the validated decisions through three sequential components:
Local Planner, Control, and Actuator. The Local Planner generates risk-aware trajectories based
on the LLM’s decisions, which are then translated into control commands and finally into
specific actuator signals, as will be detailed in Section III.B. This hierarchical approach ensures
implementation of COLAV manoeuvres while maintaining both safety margins and regulatory
compliance. For multi-vessel scenarios, CORALL employs a risk-priority queue, processing
targets based on their computed risk levels Risk(t); and temporal constraints, ensuring highest-

risk encounters receive immediate attention while maintaining overall situation awareness.

B. Execution layer and vehicle model

To understand the algorithm implementation process, it is crucial to explain the vehicle model
and execution layer in Fig. [5| These can be replaced by any other functional model but were
selected for their proven practical effectiveness. The MASS dynamics are modelled using a

nonlinear model based on [13]], [53]]:

(1)
() = —=(1/Ty)r(t) + (Ky/Ty)7e(t)

(t) = —(1/T,)ult) + (Ku/T.) (7(t) - d(t))

d(t) = —(1/Ta)d(t) + wal?)

\

The state vector [X, Y, 1] represents the vessel’s pose, where X and Y denote the longitu-
dinal/lateral positions and @ the heading angle. The yaw rate r follows Nomoto’s first-order
dynamics [53]] with time constant 7, and gain K. The control input u. is constrained within
420 units to reflect realistic actuator limitations. The vessel’s surge speed u is governed by
a first-order transfer function with parameters 7, and K,. Environmental disturbances d are

modelled via a Markov process with Gaussian input w,; and time constant 7). This realistic
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model imitates most of the challenges in the dynamic behaviour of the MASS at this stage of

design.

C. Local planning algorithm

The motion planning system integrates CORALL decisions with traditional navigation algo-
rithms, based on [13]], to execute COLREGs-compliant manoeuvres. As shown in Fig. it is
assumed that a global planner has generated the desired waypoints to track. The desired heading
command 1), to follow the waypoints and avoid collisions combines three components, defined

as

Ya(t) = Yros(t) + Yere(t) + Yeorav(t). ()

where 1,0g 1s the line-of-sight term, crg penalizes cross-track error, and Ycopay is the
collision-avoidance contribution.
1) Line-of-Sight tracking: For path tracking, waypoint i is WP, = [Xwp,, Yivp]. As shown

in Fig. [2| the position errors relative to the active waypoint are

Xewr,(t) = Xwp, — X(1), (3)

Yewr (t) = Ywr, — Y (). 4)
The desired line-of-sight (LOS) angle is
Yros(t) = atan2(Ye wp, (t), Xewn,(1)). )

2) Cross-track error elimination: To eliminate the cross-track error (CTE), denoted e¢crg

(Fig. [2), we define the track length and angle between W P, and WP, as

Ltrk, = \/(XWPZ- - XWPi,l)z + (YWPi - YWPi,l)Qa (6)

Yrri, = atan2(Ywp, — Ywp,_,, Xwe, — Xwp,_, ). (7

The along-track distance is

(XWPi — XWPH) Xewnr,(t) + (YWPi — YWPH) Yewr,(t)
Lrry, '

Si(t) =

®)
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Fig. 2. Motion-planning scene showing waypoints, track line, vessel position, cross-track error, and path angles.

Hence, the cross-track error is
ectr(t) = S;(t) tan(8,(t)), 9)
where 6, (t) = ¥1ri, () — YLos(t). The CTE compensation term is

Yere(t) = — arctan (ecrr(t) /1), (10)

where p > 0 is a tuning parameter [13]].

3) CORALL-guided collision avoidance: The COLAV term incorporates CORALL’s decisions
and fuzzy weighting functions to prevent collisions between the OS and each TS. A generic
encounter is illustrated in Fig. [3 and underpins the following equations. As shown in Fig. @] two

weighting mechanisms are used:
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1) Distance-to-obstacle weighting (Z-shaped membership function, ZMF):

/

L, R <a,
2
— b
12 }; “) , a<R§a; ,
R) = —a 11
wr(R) L(E=bY atb_ ., (b
b—a)’ 2 ’
0, R >0,
\
where a < b are range breakpoints.
i1) Bearing-to-obstacle weighting (Gaussian):
62
= ——— 12
wn() =exp(~ 1), 12)
where o > 0 is a tuning parameter and [ is the relative bearing,
B(t) = (t) — atan2(Yoy(t) — Y (t), Xa(t) — X (1)). (13)

The per-obstacle COLAV command combines these weights with CORALL’s direction deci-

sion:

Yeorav,i(t) = Kpirg Kcovav wr(Ri(t)) wa(5i(1)), (14)

where Kpi; € {—1,0,+1} encodes port, stand-on, or starboard as interpreted from CORALL,

and Kcopav > 0 is a tuning gain. For n targets, the total command is

Yeoray (t) = Z Yeorav,i(t). (15)
=1

This integration translates the LLM’s high-level COLAV decisions into executable commands

while maintaining COLREGs compliance.

D. Control algorithm

Planned manoeuvres are executed by a PD controller with speed-dependent gains:

7(t) = Kp(u) (Ya(t) — 0(t)) — Ka(u) (), (16)
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203 where K,(u) and K4(u) are tuned over operating speeds. Advanced planners/controllers may be

204 substituted as needed; see [[13]. A Python implementation is available onlineﬂ

"https://github.com/Psarhadi/Autonomous_ship_planning_collision_avoidance_control
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E. Parameter Selection

The system parameters, summarised in Table [II, were selected based on established mar-
itime practices, physical considerations, and empirical tuning. The environmental disturbance
model in (1)) captures external forces such as wind, waves, and currents. The Gaussian input
wy was modelled with zero mean and standard deviation o,,, = 0.1 m/s?, representing moderate
sea conditions, while the time constant 7; = 100s reflects the slowly-varying nature of these
forces, consistent with standard maritime simulation practices [53|]. The Nomoto first-order
model parameters (1}, = 30s, K, = 0.01) represent the manoeuvring characteristics of a high-
speed vessel, and the surge dynamics parameters (7, = 50s, K, = 1.0) reflect the vessel’s speed
response characteristics [53].

The ZMF thresholds for risk assessment were determined based on IMO guidelines and
common maritime practice [1]. For D¢pa, the values ap,.,, = 0.2 nmi and bp,,, = 0.5 nmi
represent the range from minimum safe passing distance to comfortable separation in open
waters. The T¢py thresholds (ar,,, = 1 min, by,,, = 4 min) correspond to urgent action and
early warning periods, while the range thresholds (az = 0.1 nmi, by = 0.3 nmi) define critical and
caution zones for immediate risk assessment. The Gaussian bearing weight parameter o = 80°
focuses the collision avoidance response on vessels within the frontal sector, and the range-based
ZMF parameters (¢ = 0.1 nmi, b = 0.5 nmi) ensure appropriate weighting based on proximity.
The PD controller gains (), = 100.0, K4 = 500) were empirically tuned for responsive yet
stable heading control.

Although several parameters in the proposed framework were selected empirically based
on maritime operational practice, prior control experience, and iterative simulation validation,
moderate variations around the selected values did not significantly alter the qualitative decision-
making behaviour of CORALL within the evaluated benchmark scenarios. In particular, the
COLREGs classification and manoeuvre selection remained generally consistent under small

perturbations of the risk thresholds and controller gains.
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TABLE 11
SYSTEM PARAMETERS AND SELECTION RATIONALE

Parameter Value Unit Rationale

Disturbance Model

Ouwy 0.1 m/s?> Moderate sea state (3—4)
Ta 100 S Slowly-varying disturbance

Ship Dynamics

Ty 30 S Yaw time constant
Ky 001 - Yaw gain
Tu 50 S Surge time constant
K. 1.0 - Surge gain
Risk Assessment
Do pa 0.2 nmi  Minimum safe distance
bpopa 0.5 nmi  Comfortable passing distance
ATcpa 1 min  Urgent action threshold

Tcpa 4 min  Early warning threshold
aRr 0.1 nmi  Critical range
br 0.3 nmi  Caution range
Fuzzy Weighting
o (bearing) 80 deg Frontal sector focus
a (range ZMF) 0.1 nmi  Close-range threshold
b (range ZMF) 0.5 nmi  Far-range threshold
Control and Planning

Collision avoidance tuning

Kcovrav 2 - gain
p 1.188 nmi  CTE lookahead distance
K, 100.0 - Proportional gain
Kqg 500.0 - Derivative gain

F. CORALL Algorithm Formalisation

As formalised in Algorithm 1, CORALL processes navigation data for multiple vessels through
a structured decision-making pipeline. For each target vessel ¢, the algorithm first constructs
a state vector by calculating composite risk using fuzzy membership functions that combine
Dcpa, Topa, and range parameters. This risk assessment informs the construction of the LLM
input state vector Sy (), which encapsulates all critical navigation parameters. The algorithm
then implements target prioritisation based on calculated risk levels and temporal constraints,
maintaining situational awareness through state history #(¢) and manoeuvre status M (t). These
components are combined into a state representation S(t), which is used to construct the LLM
prompt. The LLM processes this input to generate structured output £(t) comprising COLREGs
rule identification and situation description R(t), action specification .A(t), and decision expla-
nation &(t). From the action component, the algorithm extracts a direction coefficient K p;, that

quantifies the required manoeuvre direction: +1 for starboard turn, -1 for port turn, and O for
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Algorithm 1 CORALL: Risk-Aware LLM Decision Making for COLREGs Compliance

Require: Set of navigational data for each target N; = {tyei, R, Dcpa,Tcpa} where i € {1,...,n} targets
Ensure: COLREGs-compliant outputs L£(t) = {R(¢), A(t),E(¢)}
for each target i do
Calculate composite risk Risk; using fuzzy membership functions
RZSkjL — (f('DCPA|7 ad, bd) + f(|TCPA‘,at7 bt) + f(R(t)y ar, b’r‘))/g
Construct state vector Sr.zar(t) = [Depa(t), Topa(t), R(t), Risk(t), ¥ (t)]
end for
Identify critical target based on Risk; and temporal constraints
Update state history #(t) and manoeuvre status M (t)
/* LLM Decision Generation */
Construct prompt with S(t) = {Scar(t), H(t), M(¢)}
Query LLM for structured output £(t)
Extract COLREGs rule R(t), action .A(t), explanation &(t)
Determine K p;, from A(t) according to:

+1, if starboard turn
Kpir = ¢ —1, if port turn
0, if stand-on

return £(t) = {R(t), A(t),E()}

stand-on situations.

G. CORALL Decision-Making Framework

The design-time training process for the CORALL decision-making framework as illustrated in
Fig. [6] comprises four interconnected components: prompt engineering with memory integration,
CORALL decision maker, explainable action generation, and environmental feedback loop.
This structure enables real-time, COLREGs-compliant navigation decisions while maintaining
transparency and interoperability. The system’s foundation lies in its prompt engineering frame-
work, which incorporates both static task descriptions and dynamic memory components. The
task description establishes the LLM’s role as an autonomous ship’s decision-making system,
explicitly constraining its outputs to align with COLREGs requirements. This prompt template is
augmented with a memory mechanism that maintains the temporal context of ongoing encounters,
enabling the system to generate consistent decisions across multiple timesteps.

At the core of the architecture is the CORALL decision maker, implemented using LLMs.
This component processes structured navigational data including relative bearing (), range
(R), Tcpa and Depa. The decision maker analyzes these parameters along with state history
and manoeuvre status within the context of COLREGs rules to evaluate the current situation and

determine appropriate actions. The system generates explainable actions through a structured
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output format that encompasses COLREGs rule identification and situation description, specific
action recommendations including stand-on and give-way decisions, manoeuvre specification
when required such as starboard turns, and a risk assessment with justification for all decisions
made.

An important feature of the architecture is its environmental feedback loop, which connects the
control system’s execution of manoeuvres back to the decision-making process. This feedback
mechanism enables the LLM to adapt its decisions based on the effectiveness of previous actions
and evolving navigational conditions.

The integration of these components creates a closed-loop decision-making system that main-
tains COLREGs compliance while providing human-interpretable explanations for all navigation
decisions. This transparency is particularly valuable for the verification of autonomous maritime
systems, where understanding the reasoning behind navigational choices is crucial for safety
and regulatory compliance. The implementation of CORALL, including the complete simulation

environment and test scenarios, is available in our GitHub repositoryP}

Navigation and Perception 1 [ Environment
[ ms ] [ oNss | [ MU | [ RADAR | [ LIDAR | [ Camera | |
CORALL Decision Processing Layer ) » .
[}
Data Preprocessing CORALL Decision Core Decision Validation s E
- Feature Extraction - COLREGs Rule Identification - Risk Consideration R Scsndoge="" .
- Data Normalization - Action Determination - COLREGSs Compliance "'? [t t

- Action Explanation - -
[}

Execution Layer ]

Local Planner }—»{ Control }—»{ Actuator } =

Fig. 5. Architecture of the proposed CORALL

H. Implementation

The implementation of CORALL combines the previously described components into an
integrated system, bringing together real-time risk assessment with LLLM-based decision-making

for autonomous COLREGs-compliant navigation. While other LLMs such as LlaMA 3.1 and

*https://github.com/Klins101/CORALL.git
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Feedback

( Task iption and Prompt i i ) oA Dl T R
ecision Maker Explainable Acti 3
Task description: D[] xplainable Action(s) Environment
Situation: M The proposed action:
You are the decision-making system for an i K Tl

autonomous ship navigating according to COLREGs
rules. Your task is to make immediate COLREGs-
compliant decisions. Input format: You will receive:
Risk: {}, Range: {} .....

7@y —
BE | @ ) L

Memory

i\ following parameters: Calculated ) ) ’ Act | -
X p Action: [Stand on, no action / Give- —>| |
risk value: {} Time to closest point (I:\/g Alway, turr[1 to starboard / Give-way,
of approach (TCPA): {} . # W turn to port / Continue current
seconds Distance at closest point

w tul maneuver],
of approach (DCPA): ........... temi
T m 5 Explanation: Turn starboard req .....
>

I E

Given a vessel encounter with the T Rl Rule {} (situation description),
R

Control/Execution

Fig. 6. The design-time architecture of CORALL

PalLM-2 were considered, GPT-4.1 Nano was selected based on initial testing of reasoning capa-
bilities and decision consistency, though a comprehensive comparative analysis remains for future
investigation. This implementation unifies the architectural elements into a cohesive framework
that extends beyond traditional autonomous navigation systems by incorporating explainable
decision-making while maintaining real-time performance. The algorithm underwent supervised
training, with errors or improvements reported to CORALL being recorded in the LLM’s memory.
The run-time CORALL algorithm employs the same prompt engineering, interacting solely with
the environment to generate safe actions, as illustrated in Fig. [ Some of these prompts are
revealed in Section V]

1) Online risk assessment via CPA calculations: In maritime collision-avoidance decision
making, the closest point of approach (CPA) methodology is widely used for risk analysis [13]].
We adopt and extend this technique to incorporate real-time risk assessment in the LLLM decision-
making process. As illustrated in Fig. [3| consider a target ship approaching the own ship. The
CPA point lies along the relative velocity vector Vi (%), tangent to a circle centred at the OS.

The critical parameters Dcpa and Topa are

Dcpa(t) = R(t) sin(a(?)), (17)
R(t) cos(a(t))
‘/;el(t)

Tepa(t) = (18)
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The relative speed and its heading are

2

Vea(t) = \/ (Veon(t) = Va(0)” + (Vs (1) = V(1)) (19)
wvrel@) = atanQ(‘/y,ob(t) - %(07 Vx,ob(t) - Vx(t))7 (20)
where [V,(t), V,(¢)] and [V, on (%), V}.0b(t)] are the OS and TS velocity components, respectively.

2) Risk evaluation: We compute a composite risk score using Z-shaped membership functions

(ZMFs) to normalise and combine multiple factors:

- |fo(Depa ()| + | fr(Tera(?)) | + fR(R(t))_

Risk(t
isk( 3

21

The proposed risk formulation builds upon established CPA/TCPA-based collision risk assess-
ment methods [[12]], [13]], with several design considerations for practical implementation. For
numerical stability, a minimum velocity threshold V.., = 0.1 knots is applied in to
prevent division instability when vessels travel at similar speeds. Unlike binary threshold ap-
proaches, the ZMF provides continuous risk gradation in [0, 1], enabling proportional response
while maintaining computational efficiency suitable for real-time LLM integration. In congested
multi-vessel scenarios, risk scores are computed independently for each target, with the risk-
priority queue ensuring highest-risk encounters are addressed first.

The component mappings are

fp(z)
fT(aj) f(x, ATepas bTCPA)’

fr(x) = f(z; ag,br),

f(xa aDCPA7 bDCPA) )

where f(-; a,b) denotes the ZMF with thresholds a and b. For D¢py, use ap.p, = 0.2nmi and
bpeps = 0.5nmi; for Tepa, ar.p, = 1min and br,,, = 4min; and for range, ar = 0.1 nmi
and bp = 0.3 nmi. This design normalises heterogeneous quantities such as distance and time to
the range [0, 1], yields smooth transitions between risk levels via ZMFs, exposes configurable

thresholds for different operating contexts, and provides a unified risk signal for LLM decision
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making. This risk assessment directly informs the LLM, enabling quantitative evaluation while
keeping the COLAV logic interpretable.

3) Data Preprocessing: The data preprocessing module transforms raw navigational data
into a structured format suitable for LLM consumption. This process involves three stages. First,
coordinate transformation converts the absolute positions and velocities of detected vessels from
the global reference frame to the own ship’s body-fixed reference frame, enabling relative motion
analysis. Second, feature extraction computes the derived navigational parameters including rel-
ative bearing 1,..;, range R, and the CPA metrics (Dopa, Topa) using equations and (20).
Third, data normalisation scales the extracted features to consistent ranges: angular measurements
are normalised to [—180°, 180°], distances are expressed in nautical miles, and time in minutes.
The composite risk score is computed as per equation (21)), yielding a normalised value in
[0,1]. The preprocessed data is then formatted into a structured text prompt comprising the
current navigational state Sppa/(t), state history H(¢), and manoeuvre status M(t), as detailed
in Algorithm

4) Decision Integration:

State Management: The integration between CORALL’s decision-making and motion plan-
ning is implemented through a state management system, as detailed in Algorithm [I| Real-
time navigation parameters and risk metrics are continuously processed and structured for
CORALL consumption. The system preserves temporal consistency by monitoring both
current navigational states and historical encounter data, enabling the LLM to generate
contextually aware decisions. This state management ensures seamless transitions between

decisions while preventing oscillatory behaviour in complex scenarios.

CORALL-Motion Planner Interface: The interface facilitates bidirectional communica-
tion between CORALL’s high-level decision-making and the motion planning system. LLM
decisions are translated into executable commands through the direction coefficient Kp;;,
which quantifies manoeuvre intentions into specific control inputs as shown in equation [16]
The system generates risk-aware trajectories that balance COLREGs compliance with safety

constraints, continuously monitoring execution performance through a feedback loop. This
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TABLE III

INITIAL PARAMETERS FOR IMAZU TEST SCENARIOS

Case Scenario Type Target 1 Target 2 Target 3

1 Head-on (6, 0), 180° - -

2 Crossing (5, -2), 90° - -

3 Overtaking (3, 0), 0° - -

4 Crossing (3.44, 1.6), 295° - -

5 Crossing + Head-on (5, -2.01), 90° (6.95, 0), 180° -

6 Multiple Crossing (3.4, -1.36), 45° (3, -0.35), 10° -

7 Overtaking + Crossing (3, 0), 0° (3.4, -1.35), 45° -

8 Crossing + Head-on (5, -2.01), 90° (7, 0), 180° -

9 Multiple Crossing (3.4, -1.34), 45° 5, -2.0), 90° -

10 Multiple Crossing (3, 0.35), 350° (4.4, -1.78), 90° -

11 Multiple Crossing (5, 2.0), —90° (3.4, -1.35), 45° -

12 Head-on + Crossing + Crossing (7, 0), 180° (3, 0.35), —10° (3.44, -1.35), 45°
13 Head-on + Crossing + Crossing (6, 0), 180° (3, 0.35), 350° (3.4, 1.47), 295°
14 Triple Crossing (3.4, -1.35), 45° (3, -0.35), 10° (5, -2.0), 90°

15 Overtaking + Crossing + Crossing (3, 0), 0° (3.4, -1.35), 45° (5, -2.0), 90°

16 Triple Crossing (3.4, 1.35), —45° (5, 2.0), —90° 5, -2.0), 90°

17 Overtaking + Crossing + Crossing (3, 0), 0° (3, 0.35), —10° (3.4, -1.34), 45°

18 Triple Crossing (3.3, -0.4), 10° (3.4, -1.35), 45° (6.5, -1.47), 135°
19 Triple Crossing (3, -0.35), 10° (3, 0.35), —10° (6.5, -1.42), 135°
20 Overtaking + Crossing + Crossing (3, 0), 0° 3, -0.35), 10° (4.4, -1.78), 90°

21 Triple Crossing (2.7, -0.35), 10° (2.7, 0.32), —10° (4.4, -1.78), 90°

22 Overtaking + Crossing + Crossing (3, 0), 0° (3.94, -1.65), 45° (5, -2.0), 90°

24

monitoring enables dynamic adaptation of decisions based on the effectiveness of ongoing

manoeuvres and evolving navigational conditions. The integrated framework maintains de-

cision consistency across multiple time steps while adapting to changing risk levels. This

tight coupling between decision-making and execution layers enables the system to handle

complex multi-vessel encounters while maintaining clear reasoning chains for all navigation

decisions.

5) LLM Configuration:

The CORALL decision-making core employs OpenAl’s GPT-4.1

Nano model configured with a temperature of 0.1 to ensure deterministic and consistent decisions,

and a maximum output length of 50 tokens sufficient for the structured decision format. The

prompt architecture follows a two-part structure comprising a system prompt and a situation

input. The system prompt establishes the COLREGs decision-making framework by encoding

COLREGS rules, bearing and risk assessment rules, and action protocols for head-on, cross-

ing, and overtaking situations. The situation input provides the current navigational state in a
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structured format containing the number of vessels, the vessel’s parameters (risk level, distance,
bearing, Dcpa, and Topa), and recent state history to maintain temporal context. The model
generates responses in a standardised format: Rule: [number], Action: [turn to star
board/port/stand on], Explanation: [text]. This structured input-output design
ensures consistent decision parsing and enables direct extraction of the direction coeftficient K p;,

for integration with the motion planning system described in Section m

I'V. SIMULATION RESULTS

The simulation environment includes the system architecture and algorithms detailed in Sec-
tion with the execution layer operating at 100Hz frequency for motion control and trajectory
updates. The LLM-based decision-making runs at 1Hz frequency, providing sufficient responsive-
ness while ensuring computational feasibility for real-time implementation. The system integrates
COLREGs-compliant decision-making with traditional motion planning through the architecture
shown in Fig. [5

The performance evaluation is conducted using the standardised Imazu test scenarios [54],
which are now widely accepted as benchmarks in maritime collision avoidance research [35],
[55], [56]. Our system was tested with the OS starting at (X (¢9), Y (¢9)) = (0,0) nautical miles,
heading 1(ty) = 0 degrees with velocity of 25 knots, and waypoint at (X,,,(0), Y,,,(0)) = [90, 0]
nautical miles. Target vessels move at 10 knots, with initial coordinates adapted from [16]], with
modifications to set initial Do p4 values near zero, thereby increasing collision risk (see Table [[TI).

The trajectories across all 22 test scenarios are shown in Fig. [/, where the own ship trajectory
appears in black, with target ships (TS) in blue (TS1), orange (TS2), and green (TS3) based on
vessel count. Fig. presents the time histories of key safety parameters (Dcpa, Topa, Range, and
Risk), demonstrating successful collision avoidance across scenarios ranging from basic head-on
encounters to complex multi-vessel interactions. The collision risk parameters were monitored
within specific ranges: Dopa within [0.2,0.5] nautical miles, Tops between [2, 4] minutes, and
obstacle distances varying from [0.1,0.3] nautical miles. Notably, the small variations in the

Dcpa demonstrate the algorithm’s robustness in handling intentionally introduced disturbances.
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For a more detailed analysis, we also present three representative scenes involving the gener-

a1 ated explanations demonstrating the performance of the CORALL.
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Fig. 8. Time histories of collision

risk parameters in all 22 Imazu cases
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4 f CORALL Decision Maker ) Explainable Action(s)
Situation: The proposed action:
2
g Given a vessel encounter with the
£ following parameters: Calculated S
=0 risk: 0.71, Time to closest point of Situation:{Ruichial(licadon)
N by 2 I ; > Action: Give-way, turn
approach(TCPA): -9.24s, Distance starboard
2 to closest point of approach(DCPA): Explanation: Critical risk, target
0.26hm|, Range: 0.33nmi, Relative extremely close (0.26nmi DCPA,
6 2 4 6 8 10 12 bearing: 180.0 degrees 0.33nmi Range), immediate
X (nmi) action required

Fig. 9. LLM decision-making process for head-on encounter (Case 1)

A. Case 1: Head-on Encounter

In this fundamental test of COLREGs Rule 14 application, CORALL demonstrated successful
decision-making throughout the encounter. The parameter evolution plots in Fig. [§ reveal key
aspects of the system’s performance. The Dcpy plot shows relatively low values initially,
followed by a significant increase at around ¢ = 500s as a result of the collision avoidance
manoeuvre. The Risk profile shows moderate levels before the manoeuvre, with a spike during
closest approach, followed by a reduction to safer levels after successful avoidance action. As
shown in the decision visualisation in Fig[9] (input-output prompts), at a critical point in the
encounter, CORALL correctly identified a head-on situation based on the relative bearing of
180.0° with high risk. The system generated a “give-way, turn starboard” decision, adhering to
COLREGs Rule 14 requirements. The trajectory plot in Fig[9 (left) demonstrates the successful
execution of this decision, as evidenced by the black vessel’s (representing own ship) clear
starboard turn away from its original course. This manoeuvre effectively prevented a collision
with the target vessel, whilst maintaining COLREGs compliance, as confirmed by the subsequent

improvement in risk metrics shown in Fig. 8| (case 1).

B. Case 7: Overtaking with Crossing

In Case 7, CORALL processes a two-vessel encounter scenario as shown in Fig[7(case 7).
At the captured instance shown in Fig[I(] (left), the system evaluates TS1 (blue) ahead and
TS2 (orange) crossing. Although both vessels present moderate risk levels, CORALL identifies
the critical nature of TS2’s close proximity, generating a “give-way, turn starboard” decision

in compliance with Rule 15. The trajectory plot in Fig[I0] demonstrates successful execution
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. ( CORALL Decision Maker ) Explainable Action(s)
Situation: The proposed action:
- 2 Given a vessel encounter with the %}E]
E following parameters: Vessel 1: . !
E Calcula?eg risk: 0.65, Time to Sltu.atlon:. Rule 15 (Crossing),
=0 —-> . 2 - P> Action: Give-way, turn
closest point of approach(TCPA): starboard
/ 182.4s, Distance to closest point of Explanation: Moderate risk
-2 approach(DCPA): 0.3nmi, Range: (0.85), close proximity (0.48nmi
0.48nmi, Relative bearing: 0.0. R, 0.3nmi DCPA) for second
0 2 4 6 8 10 12 Vessel 2: Calculated risk: 0.62 ....... vessel. The first vessel is .....
X (nmi)

Fig. 10. LLM decision-making process for overtaking with crossing (Case 7)

of this decision, with the black vessel (OS) clearly executing the instructed starboard turn
to avoid collision. The parameter evolution in Fig. [§] (case 7) shows this decision-making
process. The Dcpa plot shows distinct patterns for both vessels, with notable improvements
following the avoidance manoeuvre between ¢ = 500s and ¢ = 1000s. The Risk profiles
demonstrate CORALL’s ability to maintain separate risk assessments for each vessel while
executing appropriate avoidance actions. The TCPA trends and Range plots confirm the successful

management of both encounters, with safe distances maintained throughout the scenario.

C. Case 22: Complex Multi-vessel Encounter

The most complex scenario (Case 22) demonstrates CORALL’s capability in handling three-
vessel encounters, as shown in FigllT] (left). At the captured instance, with three vessels in
proximity (blue TS1, orange TS2, and green TS3), CORALL identifies a critical situation
(input-output prompts of Fig[lT)) where TS3 presents moderate risk at close range (0.50 nmi
Range, 0.39 nmi DCPA). The trajectory plot in Figl[TT] (left) shows the black vessel (OS)
executing the recommended starboard turn, successfully avoiding collision while maintaining
COLREGs compliance. The parameter evolution in Fig. [§] (case 22) shows this multi-vessel
management strategy. The Dcpy plots show coordinated patterns for all three vessels, with
successful avoidance manoeuvres reflected in the improvements between ¢ = 500s and ¢ = 1000s.
The Risk profiles, maintained below 0.7 throughout the encounter, demonstrate CORALL’s ability
to handle multiple simultaneous threats while executing appropriate avoidance actions. The TCPA

trends confirm effective time management across all three vessel interactions.



513

514

515

516

517

518

519

520

521

522

523

524

525

526

527

528

529

530

531

533

30

4 ( CORALL Decision Maker Explainable Action(s)

Situation: The proposed action:

. 2 Given a vessel encounter with the ‘;%',El

E fgg&ﬁ;;igi::g'?:g.x;fi1: Situation: Rule 15 (Crossing),

N —> e Y - P> Action: Give-way, turn
closest point of approach(TCPA): starboard
102.56s, Distance to closest point Explanation: Moderate

-2 of approach(DCPA): 0.345nmi, risk(0.69), target at close range
Range: 0.47 nmi, Relative bearing: (0.47nmi R, 0.345nmi DCPA) for
0 2 4 6 8 10 12 0.0 degrees. Vessel 2........ vessel 3. vessel 1 .....
X (nmi)

Fig. 11. LLM decision-making process for overtaking with multi-vessel crossing (Case 22)

While the simulation results demonstrate successful collision avoidance across all 22 Imazu
scenarios, it should be noted that COLREGs compliance is evaluated through observed behaviour
rather than formal verification methods. The system’s adherence to COLREGs rules is inferred
from the correct identification of encounter types, appropriate give-way/stand-on decisions, and
execution of manoeuvres consistent with the regulations. Formal rule-level verification using
methods such as model checking or theorem proving remains an important direction for future
work to provide rigorous compliance guarantees.

Nevertheless, these results demonstrate the effectiveness of the CORALL approach across the
full spectrum of maritime encounter scenarios, from simple single-vessel situations to complex
multi-target encounters. The system’s ability to exhibit COLREGs-compliant behaviour while
providing clear, explainable decisions suggests its potential for practical maritime applications,

pending further evaluation and formal verification.

D. Processor-in-the-Loop Validation

Processor-in-the-Loop (PIL) simulation is a basic version of Hardware-in-the-Loop (HIL)
simulation, in which the implementation processor of the system is integrated with a real-time
dynamic simulator, where the physical vehicle is replaced by its mathematical model [57], [58]].
This test configuration is commonly used to assess the real-time implementability of autonomous
systems at an early design stage [57]. In this work, we evaluate CORALL using a PIL setup
developed to test the proposed LLM-based algorithm under real-time operating conditions. For
this purpose, a Jetson Orin Nano (8GB) computer is selected, as it is a low-cost and widely

available embedded platform suitable for real-time execution. This choice demonstrates that
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the proposed approach is implementable on accessible, non-specialised hardware rather than
requiring high-end computing systems.

The choice of 1 Hz for LLM decision-making is grounded in the hierarchical control archi-
tecture commonly employed in autonomous vehicles. From the inner loop outward, actuation
typically operates at 100 Hz, control at 10-100 Hz, guidance at 1-10 Hz, and high-level decision-
making at 0.1-1 Hz (or even slower in sluggish systems). This hierarchy mirrors human decision-
making, where reactive responses occur rapidly while strategic decisions unfold over longer
timescales. Depending on the vehicle speed, the required update rates may change, however, in
ships, due to the slow dynamics, 1 Hz and even lower frequencies are appropriate. Furthermore,
COLREGs Rule 8 requires that collision avoidance manoeuvres be readily apparent to other
vessels, necessitating stable, sustained actions rather than rapid course changes that could create
confusion and increase collision risk. [59] demonstrated LLM-based decision-making for au-
tonomous driving at 0.56-0.83 Hz, where vehicle dynamics are significantly faster than maritime
vessels. Our PIL results show a mean LLM execution time of 0.6403s, achieving comparable or
an even smaller latency to the automotive application while operating in a domain where such
speed is more than sufficient.

The PIL architecture, illustrated in Fig. separates the vessel simulation (plant) from the
decision-making and control algorithms (processor), communicating via TCP/IP to emulate re-
alistic deployment constraints. The Real-Time Dynamic Simulator (RTDS) runs on a laptop,
simulating the vessel dynamics according to equation (T)). It receives control commands (7, u.)
from the processor, applies them through the actuator model, integrates the vessel dynamics at
100 Hz, and transmits the updated state vector X = [z, y, 1, u] for both own ship and target ships
back to the processor. The Jetson Orin Nano executes the autonomy algorithms upon receiving
state information to generate the desired heading 4, reactive collision avoidance, and control
law computation. The LLM decision-making operates at 1 Hz while the control loop executes
at 100 Hz.

The PIL simulation was conducted on Imazu Case 22, a multi-vessel encounter involving
three target ships approaching from different directions. The vessel trajectories in Fig. (13confirm

successful collision avoidance, with the own ship executing a starboard manoeuvre to pass safely
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Fig. 12. Processor-in-the-Loop architecture for testing the algorithm’s real-time implementability.

clear of all target vessels. Fig. shows the LLM decision output K4, during the encounter.
The decision sequence demonstrates COLREGs-compliant behaviour, with a starboard turn ini-
tiated during the encounter phase and returning to stand-on once safe passage is established.
No port turn (K4, = —1) was commanded, as the encounter geometry required only starboard
manoeuvres in accordance with COLREGs Rules 14 and 15.

Fig. shows the heading response and control signals. The upper panel demonstrates that
the actual heading v closely tracks the desired heading ¢, commanded by CORALL throughout
the avoidance manoeuvre. The lower panel displays the actuator torque 7., confirming that the
control effort remains within feasible limits for the realistic vessel model employed in the PIL
environment.

Fig. |17 presents the risk assessment metrics during the PIL simulation. The results are con-
sistent with those obtained in the pure simulation environment (Fig. |8, Case 22), with successful
collision avoidance achieved for all target vessels. The minor fluctuations visible in these sig-
nals reflect the realistic sensor noise and computational delays present in the PIL environment,
demonstrating the robustness of the risk assessment under practical operating conditions such as

noise.
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Fig. 13. Vessel trajectories from PIL simulation showing successful collision avoidance with three target ships.

To quantify real-time performance, we recorded the execution time for both the LLM decision
cycle and the control loop during PIL simulation. Fig. presents the execution time over
approximately 140,000 iterations. The upper panel shows the LLM execution time with a mean of
0.6403 s. The occasional spikes exceeding 1 s are attributed to network latency variability and API
server load. It should be noted that this study represents an early demonstrator, and a significant
proportion of the latency arises from cloud-based interaction with OpenAI’s servers. In practical
applications, a locally deployed LLM would operate with considerably lower execution time.
Furthermore, we believe that specialised LLMs or potentially Small Language Models (SLMs)
should be developed for such domain-specific tasks, which would further reduce computational
requirements. The lower panel shows the control loop execution time with a mean of 3.0 ms,
confirming stable operation well within the 10 ms budget for 100 Hz control. These results

demonstrate that CORALL operates comfortably within real-time constraints.

E. Ablation Study

To evaluate the contribution of individual components in the CORALL framework, we con-
ducted ablation experiments by systematically removing or isolating specific elements across

three categories: risk calculation metrics, prompt engineering, and vessel prioritisation. For risk
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Fig. 15. PIL simulation results: heading response (upper) and actuator torque (lower).

calculation, we tested six variants: the full composite metric combining D¢ep 4, Topa, and Range;
removal of individual components (without D¢sp 4, without T-p4, without Range); and isolated
metrics (Dgopa-only, Topa-only). Additionally, we evaluated a minimal prompt configuration
with reduced instruction detail and an alternative vessel prioritisation scheme based on highest

risk selection. The study tested these eight configurations across two representative scenarios:
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Case 1 (head-on encounter) representing simple geometry, and Case 15 (overtaking with multiple
crossing vessels) representing complex multi-vessel interactions. Accuracy is measured as the
percentage of correct LLM decisions.

Fig. presents the mean accuracy grouped by ablation category. Risk calculation achieves
the highest mean accuracy (88.8%), followed by prompt engineering (84.2%) and vessel priori-
tisation (81.7%). All categories exceed the 80% acceptability threshold indicated by the dashed

line, demonstrating system robustness across design variations. The error bars reveal that risk
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calculation exhibits the largest variance, indicating sensitivity to metric selection, while prompt
engineering yields more consistent performance with smaller deviation.

Fig. provides a detailed case-wise comparison across all eight configurations. Configura-
tions C1 and C2 represent the prioritisation and minimal prompt variants respectively, while
C3-C8 represent the six risk calculation variants (D¢cpa-only, full composite, without Depa,
without 7¢p 4, without Range, and T¢-p4-only). Case 1 (blue bars) consistently achieves higher
accuracy than Case 15 (orange bars) across all configurations, with the risk-based configurations
reaching approximately 97% accuracy on Case 1. Notably, removing individual risk components
or using isolated metrics produces nearly identical performance to the full risk formulation,
suggesting the LLM can compensate for missing information using geometric relationships. The
performance gap between cases (approximately 12-17%) indicates that scenario complexity is
a more significant factor than configuration choice.

The relatively small performance differences observed between several ablation configurations
suggest that the LLM is capable of implicitly leveraging geometric and contextual relationships
present in the navigation inputs, even when certain explicit risk metrics are removed. This
indicates that the reasoning capability of the LLM contributes meaningfully to the overall de-
cision-making process beyond deterministic risk-threshold evaluation alone. However, the com-
plete composite risk formulation provides improved consistency and robustness in more complex
multi-vessel encounter scenarios, where multiple interacting risk factors must be considered
simultaneously.

The accuracy heatmap in Fig. 20| visualises performance across all configuration-case combina-
tions. Two patterns emerge: horizontal banding confirms case complexity as the dominant factor,
with Case 1 achieving 88.3-96.7% and Case 15 achieving 75.0-85.0%, and vertical uniformity
across risk configurations (C3—C8) demonstrates metric interchangeability, as all achieve 96.7%
on Case 1. The full composite configuration (C4) achieves the best Case 15 performance at
85.0%, suggesting that while individual metrics are interchangeable for simple scenarios, the

complete formulation provides marginal benefits in complex encounters.
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Fig. 18. Decision accuracy by configuration for Case 1 (head-on) and Case 15 (multi-vessel).
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Fig. 19. Mean decision accuracy by ablation category. Error bars indicate standard deviation across configurations within each
category. Dashed line represents the acceptability threshold.

V. CONCLUSION

This paper has presented CORALL, a novel framework that integrates large language models
with risk-aware decision-making for autonomous maritime navigation. Our approach successfully
addresses three fundamental challenges in autonomous vessel operation: the interpretation of
qualitative COLREGs rules, the maintenance of consistent risk awareness, and the generation of
explainable navigation decisions. Through comprehensive evaluation across the 22 standardised
Imazu test scenarios, CORALL has demonstrated robust performance in real-time COLREGs
interpretation, effective risk-aware decision-making in complex multi-vessel encounters, gener-
ation of clear explanations for all navigation decisions, and consistent behaviour across varying
maritime situations. The integration of CORALL reasoning with traditional risk assessment
metrics enables direct translation of qualitative maritime regulations into quantitative actions,

whilst maintaining dynamic adaptation to varying risk levels. Real-time feasibility was verified
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Fig. 20. Accuracy heatmap across configurations (C1-C8) and test cases. Horizontal banding indicates case complexity dominates
performance and vertical uniformity demonstrates metric interchangeability.

through Processor-in-the-Loop (PIL) simulation using an embedded Jetson Orin Nano platform,
achieving mean LLM execution times of 0.6403 s. Furthermore, the system provides human-
interpretable explanations for all decisions, ensuring transparency in autonomous navigation
whilst demonstrating scalable handling of multiple vessel encounters.

These contributions represent a meaningful step forward in bridging the gap between regulatory
compliance and practical autonomous navigation systems. The CORALL framework not only
demonstrates technical efficacy but also addresses the need for explainable Al in safety-critical
maritime applications, establishing a foundation for future developments in autonomous vessel

technology.

A. Limitations

While CORALL demonstrates promising results, several limitations should be acknowledged.
First, the current implementation has been evaluated in simulation environments with idealised
sensor data, and deterministic vessel behaviour. Real-world maritime operations involve addi-
tional challenges including sensor measurement uncertainty, communication latency, and unpre-
dictable behaviour from human-operated vessels that may not strictly adhere to COLREGs.

Second, although the simulation results indicate consistent COLREGs-compliant behaviour,

the evaluation relies on empirical testing rather than formal verification. The absence of formal



663

664

665

666

667

668

669

670

671

672

673

674

675

677

678

679

680

681

682

683

684

685

686

687

688

39

proofs of rule compliance means that edge cases or subtle rule violations may not be detected
through simulation alone.

Third, the seamanship quality of the generated manoeuvres warrants consideration. While
the trajectories achieve collision-free navigation, the course alterations may not fully reflect how
experienced mariners typically interpret and apply COLREGs in practice. Rule 8 emphasises that
actions should be “positive, made in ample time and with due regard to the observance of good
seamanship,” encompassing not only collision avoidance but also predictability and acceptability
to other navigators. The current implementation prioritises safety margins and rule compliance,

but the resulting manoeuvres have not been validated against expert mariner judgement.

B. Future Work

Future research should address the identified limitations through several directions. First, whilst
Imazu’s test cases are widely accepted within the maritime COLAV community, a more rigor-
ous evaluation approach employing Monte Carlo simulations and diverse scenario generation
should be pursued to ensure robust performance testing. Second, formal verification methods
such as model checking or theorem proving should be explored to provide rigorous compliance
guarantees beyond empirical validation. Third, verification under realistic operational conditions
incorporating sensor noise, environmental disturbances, and mixed-traffic scenarios is essential
for practical deployment.

Beyond validation, several technical extensions merit investigation. Demonstrating real-time
implementability with quantified latency bounds is a promising avenue, which our early studies
indicate is feasible. The application of Small Language Models (SLMs) or domain-specific fine-
tuned models could reduce computational burden whilst improving COLREGs-specific reasoning.
Finally, incorporating feedback from experienced navigators would ensure that autonomous ma-
noeuvres align with established bridge practices and are readily interpretable by human operators.
The insights provided by this research establish a foundation for continued development of

explainable and intelligent decision-making in MASS applications.
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